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Abstract

3D video is gaining its popularity recently. In addition to the conventional left-right view 3D
pictures, new forms of 3D video such as free viewpoint TV (FTV) and augmented reality (AR)
are introduced. The Depth Image-based Rendering (DIBR) technique is one enabling
rendering technique behind these applications. Typically, it uses multiple views with depth
information to generate the intermediate view at any arbitrary viewpoint. We can use the
DIBR techniques to produce new stereo videos with background substitution.

Given two sets of videos captured by two sets of multiple cameras, we like to combine
them to create a new stereo scene with the foreground objects from one set of video and the
background from the other set. We will study a few mismatch issues between two scenes such
as camera parameter mismatch and camera orientation mismatch problems in this thesis. We
propose a floor model to adjust the camera orientation. Once we pick up the landing point (of
foreground) in the background scene, we need to adjust the background camera parameters

(position etc.) to match the foreground object, which enriches the freedom of composition.



In contrast to the conventional 2D composition methods, the depth information is used in
the above calculation. Thus, the new background scenes may have to be synthesized based on
the calculated virtual camera parameters and the given background pictures. The depth
competition problem is another issue to maintain the inter-occlusion relationship in the
composite new scene. If we extend this 3D composition form still pictures to motion pictures,

we need the camera movement information too. The camera motion is estimated for

individual scene to solve the C H scenes. Plausible results are

demonstrated using 2d algorithms.
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Chapter 1. Introduction

1.1 Background

The newly developed 3D visual effect offers a whole-new visual experience to human beings,
such as 3DTV [1][2], free-viewpoint TV [3] (FTV), and 3D movies. Thanks to more and more
matured advanced video compression .coding technique, they are included in the new
Multi-view Video plus Depth (MVD) format specified by the international 1ISO-MPEG/ITU-T
standard committee in 3D video coding. Examples are 3DV-ATM (Advance Video Coding
Test Model) and 3DV-HTM (High Efficiency Video Coding Test Maodel), which are AVC
(Advance Video Coding) based and HEVC (High Efficiency Video Coding) based reference
software of 3D video coding, making 3D home entertainment feasible. However, the
production of 3D content is rather difficult compared to that of the conventional 2D
multimedia.

Combining two sets of 3D scenes into a set of 3D new scene is a very challenging task.
Thanks to the progress of computer computational ability and computer vision techniques, the
production of 3D movie is feasible. Yet, the production still needs heavy manual effort. Take
“Life of Pi” directed by Ang Lee for example, the special effect company R&H takes
thousands of people working around the clock to make the post-production of the movies to

achieve such an outstanding special effect.

1.2 Motivations and Contributions

This work is inspired by the conventional video composition video on Youtube [4], which
demonstrates some post-production special effect in the movies and dramas. It shows several
video composition techniques such as chroma key and scene completion. The video

composition technology allows one to substitute whatever scene he/she wants into another
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sequence as background as in the video clip [4]. We extend the similar idea to the stereoscopics
by integrating two or more MVD (Multi-view Video plus Depth) sequences into one 3D video.
We wish to develop techniques that can produce a new 3D scene in a semi-automatic way. The
goal is to make the creation and manipulation of composition as simple and effortless as

possible.

1.3 Organization of Thesis

In this thesis, we first review the stereo geometry basics in chapter 2. \We then introduce the
image rendering techniques in chapter 3. We will also briefly introduce some existing image
composition examples In_chapter 3. The proposed virtual-view-based stereo video
composition system except. for. color balancing and segmentation (which are discussed in
Appendix) will be described in chapter 4. The intermediate and final results are also shown in

chapter 4. Finally, conclusions and future work will be mentioned in chapter 5.



Chapter 2. Stereo Geometry Basics

2.1 Camera Model

An image is formed by mapping the 3D world (object space) to a 2D image through camera
devices. Due to the simplicity, here we only introduce the most specialized and simplest

camera model, which is the basic pinhole model. More detail can be found in [5].

2.1.1 The Basic Pinhole Model

For simplicity, first we let the centre of projection be the origin of a Euclidean coordinate
system. Consider the plane z = f, which is called the image plane or focal plane. Based on this
model, a point in 3D world coordinate X=(X;, Y, Z)" is mapped to the point ( fX/Z, fY/Z, f) on
the image plane.

A

I

|
\ 7
principhl axis f

camera

centre image plane

Figure 1 : Pinhole camera geometry [5].

In homogeneous coordinates, we have

X X
X f
Y Y
= fY |= f 0 (1)
Z Z
Z 1
1 1

Thus, we define projection matrix P which shows how a 3D point projects to the image plane.
X =PX , where P=diag(f,f,1X||Q] (2)

Here, we assume the origin of coordinates in the image plane is at the principal point. In

general, there is a mapping

Y



X +zp, f P, i(
(X,Y,Z)| Y +2p, |=| f p, 0 . =K[110]X,, (3)
y 1 .

where K is called camera calibration matrix or intrinsic matrix. Xc,, denotes the point

located in this camera image coordinate system.

yC am

yO I pe =
X cam

X(J

<\

Figure 2: Principal point offset.
Practically, consider the skew parameter and the possibility of non-square pixels (in CCD

camera), the most general expression of the intrinsic parameter is of the form

f s ppy
K = f, oo, |, (4)
1

where f, and fy refers to the focal length in the X and y direction, and ppy and ppy refers to the
principal point offset. Both of them are defined in terms of pixel unit. In this form, the camera

calibration matrix builds the model for the finite projective camera.

Y

cam

Figure 3: Change of Euclidean coordinate
In general, the camera coordinate may not be aligned with your assumed coordinate. In

other words, points in space are expressed in terms of Euclidean coordinate frame or world
4



coordinate frame. Relative to the camera coordinate frame, we can relate the two with a

rotation and a translation. We may write )anm = R()Z —C~3), where the “~” symbol refers to a

point located at the world coordinate frame. C represents the coordinates of the camera

centre, and R is a 3x3 rotation matrix. In the homogeneous coordinates, we have

)anm= R —-RC X
0 1

Putting them together and we obtain
x =KR[I |-C]X.. (6)

Here, the projection matrix P, which shows how a 3D point is mapped to the image plane has
been derived in our familiar way,

Xx=PX , where P=K][R]|t], (7)

and t=—RC stands for translation vector. We can see that the translation actually comes

from the camera centre in the world coordinate system and goes through a rotation due to the

change of Euclidean coordinate.

2.2 Stereo Geometry

Based on the finite projection camera model, we can further describe the relationship between
two images. Typically we are interested in the two images at different views at the same time
(Figure 4), or at an identical view at different time slots such as two consecutive frames in a

video shot by a still camera (Figure 5).



Figure 5: Different views of the same scene (camera motion and scene structure)

2.2.1  Relation Between Two Images

Consider the cases in Figure 6, if two cameras take pictures at different views, we can exploit

the 3D geometry relationship to obtain the information of this space.

X
L}
epipolar plane TT \
j x X:
/ ‘.
C C

epipolar line
for x




Figure 6: Epipolar constraints [5]
A point X shows up in two camera’s view, and is projected to two image planes as x and
x’. Typically, there are three questions that will be addressed:

(1) Correspondence geometry. For a point shown up in the first view, can we find the
point X’ in the second view accurately?

(i)  Camera geometry (motion). If.we know a set of points in the two views
corresponding with each other, can we retrieve the projection matrix for each of
the two views?

(ili)  Scene Geometry (structure). In addition to the set of corresponding points and the
two projection matrix, can we say something about the position of X in
3D-space?

In this thesis, we focus more on the first two issues but the last since we are not going to

construct the 3D model. For the first two issues, we need to exploit the stereo geometry.

In Figure 6, the points X, C, and C’ form a common plane called epipolar plane.

Supposedly, only projected points x and x’ are known. \We may determine the plane along
with baseline. A certain point x in one image corresponds with an epipolar line in another

image plane as I”.

Figure 7: Epipolar lines for the two corresponding points

This fact limits the range for searching the correspondence of a particular point in one of



the image planes in another view. And it thus tremendously reduces the complexity and

calculation amount. We will explain its property in 2.2.2.

2.2.2 Fundamental Matrix

The fundamental matrix is an algebraic representation of the epipolar geometry. As mentioned
above, any particular point projected on the image plane corresponds to an epipolar line in
another image. Actually, the fundamental matrix satisfies the condition that for any pair of
corresponding points x <> X' in a homogeneous system of the two images: X'Fx =0.

We can verify by seeing that x’ lies on the epipolar line
I'=exx'=[e] x'.* (8)
And we know that there exists-a 2D homography H_ mapping each x’ to x such that

X'=H_x, where H_is the mapping function from one image to another via any virtual plane

.

Figure 8: Homography transform for the projective transform of the points on the same 3D

plane.

! [a], refers to the skew symmetric matrix for vector a. Cross product between a and any vector can be written

in terms of inner product’s form. ie. axb= [c’:l]X b.



So I'=[e].H, x=Fx, and the collinear relation of x” and I’ made x'Fx=0. Actually, F is a
3x3 rank2 matrix, with (degree of freedom) d.o.f. = 7.

2.2.3  Projective Geometry and Transformations

The following table is the summary of the 2D transformations:

similarity O projective
translation

/J

-
Euclidean /
affine >

X

Figure 9: Various transformations of 2D [5]

Table 1: List of 2D transformations

| Name | Matrix | #D.OF. | Preserves: | Icon |
translation Tt . 2 otientation +--- | ||
rigid (Euclidean) | [ R | ]H 3 lengths + - - O
similarity Rt 4 angles + - - - O
affine (Al 6 | parallelism+---| / /
projective H, 8 | straight lines Q

Note that the table is listed in a hierarchy order (The lower classes contain those upper)
with increasing d.o.f.. The most important one is the projective transform, which accounts for

the change of view?.

% The symbol H represents the Homography transform. Usually it has 8 d.o.f..
9



For 3D transformations:

Table 2: List of 3D transformations

Group Matrix Distortion Invariant properties
Projective At Intersection and tangency of sur-
- T faces in contact. Sign of Gaussian
15 dof vi v
curvature.
Parallelism of planes. volume ra-
Affine AT ¢ tios, centroids. pThe piane at infin-
12 dof o' 1

iy, oo

Similarity sR ¢t The absolute conic, Q..
7 dof 0" 1

Euclidean R t
6 dof

Volume.

The table is also listed in a hierarchy order. The lower class of transformation is a

particular case of the upper one.

p=AXYrzZl

Figure 10: Projective transformation

Generally, for the change of view as in the left figure, the two images relates with each
10



other with a projective matrix (d.o.f. = 15). Yet, if the points p in 3D space lies on the same
plane as the right figure, the projected points on the two image planes relate with each other
by a homography transform (d.o.f. = 8). Similarly, if the two cameras have the same centre

but different rotation, the two images are related by a homography transform. We can see that

by assuming d=0.

I1,:
(0,0,0,1)-p=0

iTO - (XO:J’?O; U) fl - (xli,}}lz’ l)

RlO

Figure 11: Homography transform for the pure rotation of the camera around its centre
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Chapter 3. Virtual View Synthesis and Chroma Keying

3.1 View Rendering Basics

Laserscannlng

Active Time-Of-
Flight(TOF)
Model based
Rendenng
Pasmve

Image-based
Rendering

Figure 12: Rendering Methods Taxonomy

Mnect

Light Field
Rendering

Rendering
methods

Depth -image
based Rendenng

Most view synthesizing methods can be classified into two groups, Model-Based Rendering
(MBR), and Image-Based Rendering (IBR) [6]. The former tries to reconstruct the 3D model
of scene or objects, and then project to the virtual view. Based on how the model is
reconstructed, both active and passive methods are used. The active methods use laser-scanning,
time-of-flight (TOF), or Kinect devices, to measure the 3D scene. In contrast, the passive
methods aim to search the corresponding feature points like edges or corners. From the
correspondence information within images, we can estimate the stereo information (depth).
While MBR tries to reconstruct the 3D model, IBR exploits the relationship among
cameras to do view interpolation in the image texture domain. The most well-known methods
are Light Field Rendering [7] and Depth Image-Based Rendering (DIBR) [6][8]. Light
Field Rendering uses Plenoptic function to directly interpolate the virtual view; nevertheless, at

the cost of a very large amount of data. DIBR, in contrast, only needs a few two-dimensional

12



texture images and depth images, so the amount of data is relatively small. But it often has the
holes and occlusion problems.

In our work, we adopt the View Synthesis Reference Software (VSRS) as the basis
framework for image synthesis, which is mainly based on the DIBR method. More detailed

description of DIBR and VSRS is given in section 3.2.

3.2 Depth Image-Based Rendering (DIBR) and View Synthesis

Reference Software (VSRS)

DIBR is one of the most well-known methods in virtual view synthesis. The basis idea is to
project the texture of the known view to a virtual view, by way of view warping technique.
The warping technique retains the disparity when the depth information is obtained. The

disparity refers to the difference in image location of the same object in two images.
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Figure 13: Proposed advanced system concept for 3DTV [1]
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3.2.1  Texture Warping

Texture warping is an essential technique in Image-based Rendering. In the early methods,
only H3x3 transformation matrix is used, with the assumption that the object in the image can
only be on a plane. Recently Depth Image-based Rendering (DIBR) has been developed.
DIBR uses the information of depth to project the reference texture to the virtual view, which

is described as follows.

x r
Y |=2,Q,7Y v, |+c, (9)
Z 1
u, X
z,|v, |=Q,|| Y |—-C, (10)
1 YA

The subscription r and v stand for reference view and virtual view, respectively.- QI | -C]

(or K[th]) refers to the camera parameters. (u, v) denotes the image coordinate and (X, Y,

Z) is for the 3-D world coordinate. Combining eq.(9) and (10), we have,

uV ul’
Z\vy =2, AV, |[+b, A=QQ,", b=Q,(c, ~¢c,) (11)
1

By eq.(11), we can project the texture from ( ur, v¢) to ( uy, W ) with the assistance of depth
information. According to the depth’s reference, two kinds of warping are proposed. Forward
warping uses the depth of reference and project to the virtual view, while backward warping
uses the virtual depth image to obtain the texture of the corresponding coordinate in the
reference images. Generally speaking, the backward warping works better than forward
warping in consideration of pixel rounding problem and artifacts along the boundaries. These

problems are illustrated in below.
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3.2.2  Depth Image-based Rendering

We have discussed the 3D projection theory. But practically, in a complete process of view
synthesis, we have to deal with several problems including pixel rounding, mapping
competition, black-hole, pixel-intensity accuracy problem, etc. The key to judge whether
an algorithm is good depends heavily on how it solves these problems.

When warped from the reference view, the corresponding pixels in the target view may
locate in non-integer positions and some cracks in images may appear due to rounding. These
cracks are rather small so they are removed by the simple median filter. However, careless
uses of the filter will erode the black-hole region.

Mapping competition is caused by the inter-occlusion of the objects. This problem can
also be regarded as “many-to-one” problem since it happens when multiple points are warped
to the same target pixel in the virtual view. To solve this problem, we usually adopt the
z-buffer method, also named as “front-most scheme”. We store all the depth values of the
competitors and compete with one another each time. During each competition, we keep the
one with the nearer depth value to ensure the relation of inter-occlusion can be maintained.

Black-hole problem is also due to the occlusion problem, but it is just totally the reverse
of the mapping competition problem. Black-hole problem can also be regarded as
“none-to-one” problem. As the baseline among the cameras is too sparse, some points in the
virtual view cannot be warped by the points in the reference view, and thus a hole is formed.
Figure 14 shows the problem. Since there is no information at the black-hole region, it can
only be repaired by some image inpainting techniques of computer graphics. The most
popular ways are to extend the background, or to use more complicated inpainting methods by
the assumption of strong spatial correlation. This formidable problem drastically degrades the
visual quality. To alleviate the problem, most view synthesis utilized at least two (left and

right) reference views such as VSRS (shown in Figure 15).
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The reference image is usually stored in the accuracy of integer-pixel. The non-ideal
sampling rate may cause small pin-holes around depth discontinuity, even with perfect depth
map. The problem is shown in Figure 16. “Splatting” is a well-known technique in the field of
computer vision to combat such problems. With splatting, each pixel in the virtual view may
refer to several pixels (by average of weighting) warped from the reference view. However,
the process is a low-pass filter and will blur the texture. So in the VSRS, it detects the

boundary region of depth-map first and uses splatting only for these region.
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Figure 14: Occlusion problem: Each blank is a pixel filled with its disparity when warping

from Cam_L to Cam_R. Note that the black holes are only emerged in the new view.
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Figure 15: View Synthesis Reference Software (VSRS) [10].
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Figure 16: Pixel-Intensity problem: certain pixels are filled with wrong intensity due to the

non-ideal sampling.
3.23 VSRS

For the 3D video and Free-Viewpoint TV (FTV) project, the 3D video group within MPEG
(ISO/IEC Moving Picture Expert Group) [9] has developed software for depth estimation and
view-synthesis: DERS (Depth Estimation Reference Software) and VSRS. We use VSRS
version 3.5 as our framework previously downloaded from MPEG website, which is the final
version updated at 27 August, 2009. A description of implemented algorithm can be found in
[6]. The OpenCV [11] (Open Source for Computer Vision) library is required. In this thesis,
slightly changes have been made for our purpose. We will explain more detail in the chapter

4.

3.3 Introduction to Image Composition

Thanks to search engines and social networking sites, such as Google, Flickr, and Bing, a
large number of images are available on the Internet. Using these materials, we have the
opportunity to create composite images. Composition of images can be created by combining

parts from two or more images to create a single image.

3.3.1 Chroma key

Chroma key is a special technique for compositing (layering) two images or video streams

together based on color hues (chroma range). It has been used in TV and movie industry for a
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long time. Specifically, it has been used extensively as a post-production or special effect in
newcasting, motion pictures, video games and movie industry mainly for segmentation or
background substitution. Chroma key composition is also called color keying,
colour-separation overlay (CSO), green screen, or blue screen, in various terms for specific
color-related variants. Chroma keying can be implemented with backgrounds of any color that
are uniform and distinct from the objects. Blue backgrounds are commonly used because it
differs most distinctly in hue from most human skin colors. In consideration of blue color is

popular in cloths like pants, green backgrounds are recently used more often.

Figure 17: Chroma keying [12]: An example for replacement of the background behind a
foreground object by green-screen
3.3.2 Image composition

Many composite techniques combine parts from two or more images to create a single image.
18



Depending on the source of materials, it can be mainly divided into two classes: pure and
mixed composition techniques. Pure composition is made from real images, while mixed
composition is created from both real and synthetic images.

An example of pure composite technique is shown in Figure 18. The city skyline (upper)
part from top-left image is combined with the lower part from the bottom-left image and their
composite image is shown on the right. Another example is Photo Clip Art, which is shown in
Figure 19. Its database collects thousands of images from the net. The system selects the best
matching texture from the database by considering geometry and illumination (global lighting
condition), and local context of the inserted object and the scene. Specifically, photo clip art
computes. the approximate 3D structure of the input image and is suitable for obtaining
geometrically consistent composite images.

A mixed composition example is shown in Figure 20. The accurate 3D structure of the
foreground objects is constructed by multiple-view videos (around the object). Once we have
3D geometry, a simulation of fluids interacting with the foreground objects can be rendered.
Figure 20 shows one frame of the video where the baby is drenched with artificial water and

honey.
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Figure 18: An example of pure composite technique [13]: Content-based Image Synthesis

Figure 19: An example of pure composite technique [14]: Photo Clip Art
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Figure 20: An example of mixed composite technique [15]: Left figure (A) shows input frame

on the left and 3D geometry of the baby (foreground object) on the right (B).

3.3.3  Other Issues

Images can be combined in various other fashions. Some compositing techniques take specific
parts from the input images. For example, they can take colors from one image and the
content from another. Figure 21 shows an composite example using the color transfer
technique in augmented reality application and images, where colors from one image are

transferred to modify the color of another image.

&’é% 2

Rendered (%bjects :

Tracked Colors balancing

Augmented Image

Figure 21: An example of the implicit composition using color information[16].
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Chapter 4. VSRS Framework based Stereo Video

Composition System

First, we will explain the purpose and the flow of our system in sec. 4.1. Then, we are going
to describe the proposed 1-D Floor-adjustment Model and depth update function in 4.2. Next,
we develop the camera orientation alignment algorithm with the user-selected landing point in
4.3. In 4.4, we will explain the image rendering process in our system and the modification
we made to the VSRS. Depth competition and hole-filling will be discussed in 4.5. Finally,

the extension to video is outlined in 4.6.

4.1 Stereo Composition System Overview

4.1.1 Composition of Natural Scenes

As mentioned earlier, we try to merge two or more 3D contents into a single image. One similar
application in 2D is augmented reality (AR). With the help of AR technology (combining
computer vision and object recognition techniques), we can insert extra object information into
the image of the surrounding real world. The user can interact and manipulate these artificial
objects. The extra information of the environment and objects can be overlaid on the real world
image.

In an AR application, we often need to calculate the camera orientation and movement so
that a synthetic object (typically produced by computer graphics) can be properly inserted into
a scene. In contrast, we are interested in combining two or more natural videos, where both
scenes consist of time-varying natural objects. Because both scenes are not generated by
computer, constructing a 3D model of natural objects based on limited views is often difficult
(if not impossible). Also, 3D modeling usually requires high computational complexity and a

large amount of memory.
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Here, we adopt the virtual view synthesis technique to generate the background scenes
(and sometime foreground objects) that match the scene geometry of the user selected
viewpoint. The extension of the technique to video requires camera trajectory recovery related

techniques.

4.1.2  Limitation of Conventional Compaosition

The conventional composition such as inserting images into another image with photo realism
imposes a number of challenges. The formidable challenges of composition are to satisfy
camera geometric consistency and photo content consistency. Figure 22 shows a simple
composition where we paste a segmented horse (extracted from a scene) into another street
scene without any adjustment.. There are several noticeable defects in the composite picture.
Despite the lack of horse shadow, the first problem you may notice is the size of the horse,
which seems to be too small. In addition, the slope of the grass (the horse originally stands on)
differs from that of the road. The standing pose of the horse does not seem naturally to match
the street floor. Furthermore, if we look at the 3D picture, the depth of house does not match

the depth of the ground where it stands.

Figure 22: Problems of composition without geometry
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There are many issues in producing a composed picture. In the conventional
composition methods, a firm creator may need to spent lots of efforts to adjust the size, or
specify an appropriate affine transformation on the background so that the horse stands on the
floor naturally. When the camera parameters, the true object size, and orientation are not all
available, these labor-intensive adjustments may not match the real scene.

Few researches have combined depth.information in 2-scene composition. Dimitropoulos
et al. [6] proposes an approach for 3DTV synthesis. Their work employs the chroma key
technique to decompose a scene into foreground and background. They estimate the depth
map using two views. Then, they can generate a new representation of the scene by
combining the foreground objects with any background, given two sets of color images and
their depth maps. However, this direct composition does not consider the mismatch between
the background scenes and the foreground scene. And the new scene creation is limited by the
straightforward background replacement.

The difficulty of 3D video compesition mainly lies on the mismatch of the two different
scenes. This mismatch may result in artifacts, causing imperfect perception in the compositing
images. The mismatch type can be mainly classified into “Camera Mismatch™ and “Scene
mismatch”. Camera mismatch refers to the mismatch of the capturing devices. It can be
further divided into “Camera Parameter Mismatch” and “Orientation Mismatch”.
Examples of the former are the camera intrinsic parameter such as focal length, resolution,
principal point offset, signal-to-noise ratio[17], etc. The latter comes from the differences in
the camera coordinates, baselines, and orientations, including the initial camera positions and
the following movements (zooming, rotation and translation).

The scene mismatch is mainly responsible for defective visual perception. The visual
reality is impaired as it differs from the way we are familiar with in the daily life. One

example is the color temperature mismatch. For instance, the background scene is captured in
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a sunny day, but the foreground object is pictured in a cloudy day. Another example is the

light source, which leads to different shadow or reflection of objects. Our main objective in

this study is the adjustment of camera mismatch in two 3D scenes. Table 1 lists the mismatch

types we tackle in the system:

Table 3: Mismatch type under consideration

Mismatch source Type Explanation/Cause

Focal length Camera Usage of different capture devices

Resolution parameter

Principal point offset

Skew factor

Baseline distance...

Initial position of camera Camera The user may assign the location of the object in

centre (relative to the orientation | background scene at his/her will.

assigned landing location)

Camera behavior Camera The two scene may be captured under different
orientation | camera trajectory (zooming is not considered).

Color temperature Scene Scene may be recorded under different light
mismatch sources.

Floor-slope Camera The target object may not be captured with the
orientation | same orientation (relative to the slope of the
Scene floor it lands on) of the background scene.
mismatch

4.1.3  System Definition

Since there are few related references on studying the above issues, here we propose some

terms:

® The “Target scene” or “Foreground scene” is composed of the target object with camera

moving (zooming has not been taken into account). Hence, camera motion recovery

(CMR) is needed, assuming there is no fiducial markers or special calibration objects.

The format can be MVD or non-compressed stereo pair.
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® “Target object” (“Foreground object”): A segmented moving object we are interested in,
which lies in the target scene.

® “Target view” (“Foreground view”): The camera captured the target scene.

® The “Background scene” is in the form of MVD images or non-compressed video.

® Merging is used to produce a new scene consisting of the target object embedded in the
background scene. The view is .determined by the target view. Specifically, the
background should fellow when the target view changes.

® Eventually, the system outputs a stereo-pair created as a new 3D.image/video.

To express our works in an easily digested manner, we will use these terms throughout the

thesis.

4.1.4 . Overall System Flowchart

The flowchart in Figure 23 shows our proposed 3D composition procedure. The right-side
remarks annotate the mismatch types to be tackled by each stage (block). At the moment, we
assume a person (the creator) is needed to assign key parameters in this procedure such as
marking the floor and picking up the landing points (in the background scene) of the

foreground objects.
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Figure 23: Overall system flowchart.

The processing stages are Input Data Stage, Pre-processing Stage, Floor-adjustment
Stage, Assigned Footed-site Alignment Stage, View Synthesis Stage and Depth Competition
Stage. This chapter will discuss the operations of each stages in the system. Since our main
objective in this study is the adjustment of camera mismatch in two 3D scenes, the
preprocessing stage (matting and color grading stage) for the system input is illustrated in
the appendix.

When looking at Figure 22, we can hardly notice the key objects in the scene. When
shooting a film, usually we focus more on the foreground object. Based on this assumption,

we use the camera view capturing the foreground scene as the primary view.

4.2 Camera Orientation Adjustment by 1-D Floor-adjustment
Model

4.2.1 Relative Works of Orientation Mismatch

Figure 24 shows the problems of the orientation mismatch, where the car does not seem to
28



rest on the floor. To solve this problem, the geometric information of objects is a must to
adjust the orientation of the camera (with respect to the ground-floor). However, in most cases,
the orientation is unknown. Lalonde et al. [14] try to use some computer vision techniques to
estimate the camera height and pose under certain assumptions. They tackle this problem by
proposing an automatic algorithm to estimate the camera orientation with respect to the
ground plane in each of the images. Assume that the object footing is visible and is not tilted
from side to side and roughly orthogonal to the ground, then the camera pose can be estimated
based on objects in the image with known heights. For instance, they set an object class
(human) with a known height distribution, so that they can estimate the probability

distribution of camera pose if the image contains a human.

Figure 24: Problems of the Orientation Mismatch [14].

29



4.2.2 Proposed 1-D Floor-adjustment Model

Figure 25: User marks lines on the floor (green line on the left and red line on the right) for

calculating the 1-D floor model. The left and right images are Lovebirdl and Poznan_Street,
respectively (MPEG test sequences).
Figure 25 shows two scenes captured by two sets of cameras. Their camera orientations are
not identical. If we use two persons in the left picture (Lovbirdl) as the Target Objects, how
do we adjust the orientation of the right picture camera to match that of the left camera? We
assume the ground (floor) is our horizontal reference. Figure 26 shows the geometric
relationship between the floor and the camera orientation. Let the optical axis of the camera
be horizontal, and the ground plane has an angle « relative to the optical axis. H represents
the distance from optical center to the floor, perpendicular to the optical axis. For each pixel
on the marked 1-D line (the green and red lines in Figure 25), z refers to its linear depth value,
@ stands for the angle of a pixel on the image plane relative to the optical axis, and X is the
row index along the vertical X-axis on the image plane, whose origin is at the same row of the
principal point on the image plane. For example, in Figure 26, the principal point has the same
row index as the green pixel. X of the three pixels from top to bottom (green-red-blue) is 0, 1,

and 2, respectively.
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Figure 26: 1D camera orientation vs. floor model.
In Figure 26, we can then observe that
H H
(12)

7= =
tan @ + tan ()f()+tana

In this case, the nonlinear regression problems can be moved to a linear domain by a suitable

transformation. Thus, we define the target t as inverse of z.

1 1 tana
o (X + (—=
X (fH) +( H ) (13)
and
1 @,
4 @,

If the depth z and pixel index X are given, based on the marked 1-D lines on the floor, we can
estimate the vector @ by the maximum likelihood regression in both the foreground and the

background scenes, respectively, which is achieved by eq.(15).
Oy = (@' D) D't (15 )

where @ is the design matrix®, and ®* =(® " ®)*®"is known as the Moore-Penrose

® Design matrix is a defined matrix formed by the data (samples) projected to various bases for the regression
problem.
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pseudo-inverse of the matrix @ .

Finally, the angle between the floor and the optical axis can be recovered by

@
f) (16)

a=tan™(
o,

Based on the 1-D floor model descried in the above model, we can compensate the camera

orientation mismatch in two scenes. Essentially, Ry ,, (1,1, 1,)is the 3-D rotation matrix
between the two camera orientations. Assume two camera are horizontally aligned, then

r=r=0, r=a,-ao ng,bg is the rotation around the X-axis to compensate the

y g-
mismatch of the orientation based on the common ground floor plane assumption in two

Scenes.

4.2.3 . Depth Correction under Rotation

However, the pure rotation changes the depth map because the depth value is the distance
projected to the axis. To maintain the fidelity of the depth image of the virtual view, we have

to correct the depth values. Figure 27 shows that the original depth value (zp) of a particular

3D point* P changes after a rotation transform ng,bg (2,0,0) is applied, which gives

2'=2,-1(6,a) (17)
Original
depth image
‘)—;‘_‘ 1) 20 S
e’ d \GP,pp

* In this paper, uppercase P stands for a 3D point, and the lowercase p for a 2D point, in the homogeneous
coordinates.
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Figure 27: Geometry relation of pure rotation

— O
cos(|@p. ,p, — H)
f(QPpp, a) = (18)
s}

where a is the rotated angle, z’ represents the new depth value, and z, is the original depth
value. &, _[9 6,]" is a two-dimensional vector consisting of the angles of the pixel P

with respect to the original camera principal point/axis (‘pp’) in the y and x direction. The
correction is achieved by multiplied with a scalar, which is decided by both the optical axis
(principal point offset) and the location of the target pixel. The depth correction function f in
eq.(18) can be interpreted as two steps. First, the denominator is to convert the original linear
depth value to the distance from the camera to the point P. Afterwards, the distance is then
projected to the new optical axis. Note that the depth value of each sequence should be scaled
to the same unit. For the MPEG test sequences, the unit information in each sequence can be
calculated from the given baseline distance.

An experiment is conducted for the validation of the 1-D floor-adjustment model by
using Kinect devices. The test are shown using Figure 28 to Figure 31. In Figure 28, we mark
the ground floor on the reference image (top) and the target image (bottom). The camera pose

and height indeed can be regained and warped to the target view.
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Figure 28: The top is the reference image, and the bott-c;fn is-the target image. The lines
indicated the referenced 1-D line, which is on the desktop (so-called the floor) the drink
stands on.

From the proposed model, we can derive « (camera pose) and H (Camera height) for
each scene. In Figure 29, Camera2 represents the target Kinect view, and Cameral for the
reference one. If we assume the optical axis of Camera2 be horizontal, and the floor has an
angle «,. Cameral is not parallel and originally looks downward. After homography matrix
Rficor, Cameral is rotated to be horizontal. As discussed earlier, the virtual view depth map
can be calculated by the homography transform of the original depth map with the depth
update formula (eq.(17)). The result of updated depth map is shown in Figure 30. The left

depth image is the virtual depth rotated from the reference view, and the right is the result
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with correction. The image height is enlarged to show the depth after the rotation. The origin

is on the left-top corner.

—

a2

Figure 29: Calibration for 1-D floor-adjustment model.

* A’ stands for the camera position.

Original depth of FG before floor-slope adjustment Corrected Depth of FG after floor-slape adjustment

Figure 30: Before (Left) and after (Right) applying the depth map updated formula.
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The difference of height is:
diffH =|H, —(H, cos(er, —a,) —H, sin(ar, —a; ) tana, + it tana, )| (19)

dt, and diffH respectively are the translations in z-direction and in y-direction. In this case,
which is created on purpose, the difference of the floor angle is 37 degree and diffH is
approximately 47.4cm. The result of view synthesis is shown in Figure 31. The right image is
the target image, and the left one is the warped texture from the source image. Holes are
shown in black and green color. The black region indicates the holes of the reference depth
map, and the green region indicates the holes result from the warping process. Despite the fact
that the drink appears tilted from side to side, we can see that through 1-D floor-adjustment
model, we not only regain. the camera pose and height, but compensate the orientation
mismatch quite successfully. In the above process, we did not use any calibration process. The
desktop (floor) that the drink stands on still has a rotation around z-axis. Since the model is

limited to 1-D, the synthesized view has a tilt that is not compensated

Figure 31: After warping to the identical relative position The left shows the synthesized view

using the information of camera pose and height. The right shows the target view.
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Also, we test our camera orientation adjustment in Figure 32. The synthesized pictures
with and without the floor-modeling and adjustment are shown. Because the camera
orientations of these two scenes are quite close, the compensation effect is not as obvious as

that in Figure 30. And the 1-D floor-model does improve the photo realism.

Figure 32: Up‘pe_r_"im‘age's are the stereo composition results Withou;:ﬂoqr-qdju‘stment; Lower
ima'g'jes_'are. with floor-adjustment stage, which appears more natural.
4.3 Camera Orientation Alignment with Assigned Landing Point
Given the MVD format video, it offers possibility to render the view of the background scene
by the geometry information. The synthesis background view is determined by the “Landing

point”, indicating the location where the target (foreground) object places. The following

passage describes the detailed procedure.
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4.3.1 User-assistant Landing Point Selection

The user can place the object landing point at a properly selected location in the background

scene, on the reference view (left view). Py indicates the “toe” of the foreground object,

which is automatically selected from the lowest pixels of the object (the rightest, in our case).

Planging is the target landing point in the image of the background scene, which is manually

picked at one’s will. p|anding and Pioe have associated depth values (linear, not quantized)

drlanding and dl’toe, respectively. The warping parameters for the assigned landing point are

given below.
I::.O & ((ng)_l ) ptoehrtoe (20)
T 2.
I:)1 = ng.bg ((Kbg) ' plandingﬁrlanding (21)
dt,
dt

z
ng,bg is_the rotation derived from the previous floor-model, which records the camera

rotation mismatch around the x-axis. K is the camera intrinsic matrix for each scene and dt is
the alignment vector, which is the translation in x, y, and z directions. The warping parameter
aligns the “toe” of the target object with the assigned landing point in the 3D homogeneous
coordinate.

Figure 33 shows the result of a single view (left view) of several landing points. Once we

picked a landing point, we need to adjust the background scene, so that the depth dr,

anding

matches dr,,,. We thus need to move the camera (of the background scene) forward. In other
words, the alignment process first estimates the relative position of the foreground camera.
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The synthesized camera center locates at the virtual plane parallel to the adjusted background
floor. Due to the camera viewpoint shift, the new background scene is synthesized using
VSRS. We can see that certain selection of landing points may degrade the image quality of
the background due to the view synthesis process. The synthesized view becomes worse when

it is far from the reference view.
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Figure 33: Some examples of the picked landing points. The camera location needs to be

40




adjusted to match the assigned ground point. The top figure is the background scene. The red
dots in the background are the picked landing points. The result is shown in the order of red

points (landing point) from right to left.

4.3.2  Depth Prediction of the Landing Point when Occluded

When the user selects the landing point in the reference image, the interested landing point

may be occluded. For example, the user wants to have the couple in the lovebird_1 sequence
stand right behind the gray car in Figure 33. In this case, dl‘,anding Is estimated by the 1-D
floor model derived from the previous stage to calculate a reasonable depth value. The
technique enriches the freedom of composition. Specifically, derived from eq.(14 ), dﬁanding

is estimated as follows.

dr, = 2
landing — (23)
1xlanding + a)o

4.4 View Synthesis Stage

4.4.1 Virtual-view-based rendering by modified VSRS

The left view is used to select landing point and draw line mark on the floor plane; then the
left background view is synthesized using the rotation and translation matrices derived from
the previous stages. The right view of the background scene is treated as a 1-D parallel view
with a baseline distance identical to the foreground stereo pairs. We use VSRS (View
Synthesis Reference Software) version 3.5 as the view generation tool. From the given set of
multiple views, we pick up the nearest reference left and right views for better synthesis

quality. An example is shown in Figure 34.
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Figure 34: An example of final stereo composition result. The background is Pozna_CarPark

[18] (MPEG test sequences).

4.4.2  Virtual Depth Generation

We need to modify the software to generate the virtual-view depth map. As we have

mentioned in sec 3.2.1, the virtual depth map is generated by the following backward

warping.
uV Ur ur uv
_ -1
v, |=H(z,) v, g () (2)
1 1 1 1
Zq 1

H(z,)=A+[0-.0 1]® 1-(Zneaf—2faf1)+2fafl b

The subscript v is for virtual view and r for reference view. Zq refers to the quantized depth
value (intensity from 0 to 255, totally N discrete layers). [Znear Ztar] Stands for the range of
linear depth values. The warping process can be treated as a homography transform of the
quantized depth value from the reference view. In VSRS, its backward texture warping is
implemented by looking up to the pre-calculated homography table, which records H of N
discrete depth layers. Then, the virtual depth intensities are warped from the two reference

depth images (which are not with correct depth values). The depth intensities are used for the
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index when it looks up the table. To regain the correct virtual depth (for the depth competition
stage), we need to develop on our own.

In addition to the rotation Rsoor, there is dt as well. Note that dt, and dty, do not affect the
depth value. Similar to the depth updated function in pure rotation, but the function in terms

of the virtual view image index Xnew :
, — |0
2'=(zg-at,) £(6y '+ y X)) (26)

,where f is the update function identical to eq(18).

4.5 Inter-Occlusion of the Stereo Composition View

In comparison with the conventional composition without geometry information, we need to
maintain a valid inter-occlusion. relation. Therefore, we will discuss the depth competition

problem and solution in our system.

4.5.1 . Depth Competition under User-assistance

The foreground object can occlude, or be occluded by the background scene. Using VSRS, we
are able to regain the depth map of the virtual view. By cropping the synthesized background
scene around the principal point and converting the depth value to the same measuring unit,
the inter-occlusion relation can be regarded as a simple depth competition problem for each
pixel. We eventually choose the scene (pixel) with the nearer depth value. However, in the
camera orientation alignment stage, the landing point is arbitrarily assigned and it determines
the camera orientation, and this process may contain errors. In Figure 25, the left image shows
the automatic choice of the foreground (people) pixels and some pixels are missing. The
lower part of foreground is cropped, resulting in the wrong estimated depth value and dt,
Hence, we let the user to determine the occlusion threshold in this stage. It is an
interactive process. The user can see the real-time occlusion results after picking up a

threshold. One instant result is shown in Figure 35.
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Figure 35: Depth competition map under different racing threshold (top-left:no thresholding /

top-right: th=-2000 / bottom-left: th=-2500). Bottom-right is the bottom-left ‘s depth

competition result(th=-2500).

45.2 Hole Filling

Practically, the depth image of virtual view contains holes due to the warping process (the
reason is described in 3.2.2 D). An example is shown in Figure 36. There are several
existing algorithms for hole-filling. However, our case is slightly different. Most existing
hole-filling techniques aim for better quality in texture backward warping, while our depth

image is for the depth competition.
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Figure 36. Large holes appear due to warping process

Our hole-filling procedure is as follows.

1. Group the black pixels together if they are connected (4-neighbors).

2. For each hole (as in the lower figure of Figure 37), mark all its 4-neighbors (Pixels
around the hole).

3. Calculate the histogram.(as in Figure 38).

4. Eliminate those bins (of the histogram) whose values are too small.

5.  Select the depth value with the smallest (furthest) value.

We examine the histogram of pixels in a hole. If the pixel number of the same value is
too small, it may be an outlier (noise). Based on our experiments, we eliminate the bins less
than 5% of the total number of a connected hole. A histogram example with outliers is shown
in Figure 38. The leftiest bin is thus ignored (excluded). Afterwards, we will select the bins
with the smallest (furthest) depth value since in most cases, the background region is

occluded.
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Figure 37: Top figure shows all the connected holes. The lower figure is the enlarged region

marked by the red rectangle.

46



— i

0 50 100 150 200 250

Figure 38: Histogram of the neighboring pixels of a hole. The horizontal axis is depth value

from 0~255. The vertical axis is the pixel number.

Figure 39: Result after applying our hole-filling techniques
Essentially, we choose the furthest depth values of the neighbors of a hole pixel except

for the outliers. We observe that a large hole at the lower part of the image is filled with a
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small value (8 in Figure 39) as it connects to the background. This kind of hole results from
the rotation and translation in z-direction. It is not correct but it is fine because the region

usually belongs to the floor or the scene’s boundary. They are often occluded.

4.6 The Extension to Video

The 3D image compositing techniques can be further extended to video. One key is to
maintain the orientation relationship in the temporal domain. For example, if the foreground
camera is moving, the synthesized background should follow the camera movement. Another
issue is that the background is not captured by a static camera. In short, the composite video
shall jointly consider the behavior of both foreground and background cameras. We first try to

recover the camera trajectory and use it in our system.

4.6.1" Camera Matchmoving

This stage tries to recover the camera motion for the foreground view and/or the background
view. So far, we have estimated all the translation and merging parameters for matching two
scenes. Hence, if we can estimate the camera matchmoving, we can update these setting along
time axis from the first frame and use it in the following frames.

Camera matchmoving is also called ego-motion, camera motion recovery, or camera
trajectory recovery. Sometimes it is also called image registration or structure from motion
(sfm) studied from a different perspective (but shares similar ideas). There are mainly two
approaches. First, we convert the motion problem to a stereo problem and the correspondence
between a number of feature points (e.g., corners) in the image at time t to the image at time
t+dt. Second, we can compute the optical flow and use its inter-frame shifts to deduce three
dimensional information about the scene and the motion. The first approach, which leads to a
sparse 3D structure, is known as the matching methods, and the second approach, which leads

to a dense 3D structure, is known as the differential methods.
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We favor the matching methods because of its robustness and low computational
complexity. The procedure is as follows. First, a feature detection (Harris descriptor is used
here) followed by RANSAC (RANdom SAmple Consensus) to find the matching points

(inliers) in two frames to estimate the fundamental matrix.

49



Figure 40: Found putative matches from two images.

After estimating the fundamental matrix from the matching inliers, we decompose the relative

projection matrix by the SVD (or SR) decomposition to obtain the relative rotation and the
translation matrix. Consider a camera matrix decomposed as. P = K[R|t], and let x = PX
be appoint in the image. If the calibration matrix K'is known, then we may apply its inverse to

the point X to obtain the point in the normalized coordinate X = K "X. Then X =[R|t]X .

The camera matrix K™P =[R|t] is called a normalized camera matrix. Then, we consider a

pair of normalized camera matrices P =[1|0] and P'=[R|t]. The fundamental matrix
corresponding to the pair of normalized cameras is called essential matrix. It has the form
E=[t]R=R[Rt]. (27)
In fact, essential matrix follows the relationship with fundamental matrix as follows:
E=K'T FK (28)
The essential matrix E has only five degrees of freedom: both the rotation matrix R and the

translation vector t have three degrees of freedom, but there is an overall scale ambiguity.
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These steps as well as the extraction of camera parameters from the essential matrix can be
found in [5].

In this process, the reconstruction ambiguity problem occurs when we estimate the
translation vector. The problem is illustrated by Figure 41. Assume two images with a known
matching point. We can see that the two views can be in pair of {positionl, position2} or
{positionl, position2’}. In the latter case, the object is located at O’. This problem
(reconstruction ambiguity) is shown in Figure 42. We can interpret the problem in this way:
The box in the pictures may be a gigantic one, or it can be a tiny one. We have no exact idea
about the scale of each sequence’s translation vector, so usually we only obtain the

normalized translation vector.

I direction of camera motion
Object point
Q\H‘
\\\
\\ ~_
~
\ -
\ —e position 2
N
N\
0w
\\ m“‘x,m position 2’
\\‘

image plane
position |

Figure 41: Reconstruction ambiguity [5].
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Similarity

Figure 42: Reconstruction ambiguity even in the calibrated case: the actual 3D structure may

be under a similarity transform.

The disparity warping for parallel and identical intrinsic matrix is as follows:

disparity = % , (29)

r

fx is the focal length and At is the translation vector. Since the matching inliers can offer the
disparity information, and the depth value z, is also known from the input depth map. We can
estimate At by the maximum likelihood regression technique for minimum squared error
(MSE). To reduce estimation noises, we only take disparity of one of the direction component
(x or y), depending on which one is dominant. Eventually, the scale for translation vector is
determined by the dominant component of the estimated At. The result of motion
compensation by view synthesis is shown in Figure 43. However, the frame-by-frame motion
estimation is somewhat noisy. Hence, the compensated video looks shaking when playing

back.
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Number

Original Sequence

Motion Compensated Sequence

1

21

41

61
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81

Figure 43: Motion compensation result of Poznan_Hall2 sequence

Figure 44: Composition result by combing static foreground scene and moving background

scene. The top is the stereo pair in frame #1. The bottom is the stereo pair in frame #51.
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Chapter 5. Conclusion and Future Work

5.1 Conclusion

The goal of the proposed VSRS based stereo video composition system is to produce good
visual quality composite 3-D contents based on the available and estimated geometry
information. The challenge is to resolve various types of mismatches between two sets of
original 3D scenes. In this study, our focus is on the geometric relationship of the camera and
the scenes. We construct a 1-D floor model to aid the camera orientation adjustment. We
derive the geometric transforms for creating the new virtual viewpoint so that the new

background scenes can be synthesized to match the foreground objects.

5.2 Future Work

There are still several important future tasks on this subject. Some of them are listed below.

® Friendly GUI interface (with 2-D display) or HCI with depth sensor (with 3-D display).

® Video matting may be used for better extracting the foreground. Both the scene depth
and texture information can help in foreground segmentation.

® Use key frames for motion estimation instead of using the previous frame. This may

increase the motion estimation accuracy.
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Appendix

Our main focus in this thesis is the geometry consistency in composite scenes. To achieve this
aim, we also work on issues such as segmentation and photo realism (color). We describethese

tools in Appendix A & B.

A. Segmentation and Matting

In firm working, the image composition system takes as input of segmented foreground
objects using chroma keying techniques. However, limited to the MPEG 3dvc dataset, we
have to do segmentation / matting by ourselves. We use the tool of Learning Based Digital
Matting method proposed by Yuanjie and Kambhamettu [20] to extract our target objects. We

will briefly introduce how matting works and illustrate our methods.
A.1 Matting

Digital matting refers to the process of extracting a foreground object image F along with its
opacity mask ¢ (typically called “alpha matte”) from a given digital image |, assuming that |

is formed by linearly blending F and a background image B using «: :
| =aF +(1-a)B (30)

The input and output of matting is shown in Figure 45. More detail can be found in [20]

Figure 45: Supervised image matting by using trimap. The left figure is the reference image.
The middle figure shows the trimap as input, which labels some region that is definitely

foreground (white) or background (black).The right figure shows its output (alpha matte),
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which is usually followed by a compositing process to create a new image by linearly
blending the extracted foreground object image and a new background image with the output

alpha matte.

A.2 Local Thresholding

Considering that we have depth. information, which can assist the supervised segmentation
problem. And since the target is video but image, we need an automatic method. Ting et al.
[19] proposes that tri-map can be automatically generated by assistance of depth-map as
shown in Figure 46. The user first draws a rectangular on the depth image. The edge (contour)

is then labeled, followed by morphological methods to automatically generate a tri-map.

NN N L

Preprocessed Initial Final Segmentation
depth map contour contour map

Color image

Denoise Generation of Erosion
and L_N| Confour :l> Contour | I\ :{>

TP : Segmentation and
Hole Filling /| Initialization Extraction / Map Dilation

Row depth iﬁap

Trimap

Figure 46: Flowchart of tri-map generation
However, there are challenges in our cases. The first problem is that when we try to use
thresholding methods for the depth image, the threshold value automatically generated by
Otsu’s method usually fails in telling the foreground and background.
Since the depth values of the foreground object nears the toe get closer and closer to that of
ground-floor, as shown in Figure 47, we cannot tell the contour simply by the depth image.
Our proposed row-by-row thresholding algorithm is described below. For the different region
of depth image:
» Upper part: Check if there are larger depth difference, if no, no binarization is done.

» Lower part: Check if there are larger depth difference, if no, no binarization is done.
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» The last row: Check if there are larger depth difference, to determine whether the foot

IS cropped.

Figure 47: Two examples using proposed row-by-row thresholding: The left image is the

selected original depth; the middle is the result using Otsu’s threshold; the right is the result

using our method.
A.3 Automatic Tri-map Generation

Here the algorithm branches for two conditions: the object’s lowest part is non-cropped and
cropped. It depends on if large depth difference exists for object and background. For example,
in Figure 47, we show two cases that the ballet dancer is not cropped, while the lovebirdl’s
couple are cropped.
For non-cropped mode (e.g., ballet dancer),
» Edge detection: Use sobel filter for grey channel defined as
Hx =[101;-202-101], Hy=[121,000; -1-2-1]; (31)

Followed by thresholding. (Figure 48)
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» Use binarized depth(Figure 47) as a mask. (Result in Figure 49: Left).
* Median filter (Figure 49: Middle).
* Morphological methods with hole-filling (Figure 49: Right).
* Erode and dilate the filled mask to produce the tri-map. (Figure 50).
For cropped mode (e.g., lovebirdl), Depth information is reliable, we simply use eroded and

dilated binarized depth for tri-map. An example is shown in Figure 51 and Figure 52.

Figure 48: Result of edge detection by sobel flter and thrsholding.

Figure 49: Temporary result of automatic tri-map generation.
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Figure 50: Result of ballet sequence(non-cropped mode)
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(

Figure 51: Temporary result of row-by-row thresholding of cropped mode (Lovebirdl): The
top left is the depth image; the top right is the binarized depth after row-by-row thresholding;

the bottom left is the tri-map and the bottom right is the output alpha matte.

Figure 52: Linear blending result with black background.

However, in ballet sequence, we found that the dancer moves around drastically, which
makes the rectangle chosen by the user throughout the whole video too large. So in our

experiment, we only use Lovebirdl sequence for better demonstration.

B. Color Grading
Here we try to solve the color temperature (or light condition) mismatch problem
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discussed in chapter 4.1.2  Limitation of Conventional Composition. The behind model of
the light condition can be regarded as a black box which is hard to control and predict. So
usually we fix the digital photography by post-processing algorithms. This problem is known
as color grading or color balancing. With today’s tools, like Photoshop, this process still
requires considerable human efforts, and is hard to adjust to a satisfied color as the dimension
of color space is three.

We follows the idea of the algorithm proposed by Oskam et al. [16]. Despite the fact that
the color temperature in the scene is unknown, we try to mimic the color tone of another

scene to tune our foreground scene. In the following, we’ll describe how it works.

B.1 Vector Space Color Balancing

Target Images Source Images

Our Results

Figure 53: Color balancing[16].

Given a sparse set of color correspondences, the goal-is to transform the color gamut of an
image such that

(i)  colors that have references get as close as possible to that point in the color space.

(i) colors, for which no references are available, are transformed in a plausible way.
We interpret the given color correspondences as vectors in the color space, as shown in Figure
54. To achieve the two goals above, the assigned correspondence colors act as a role of
support vectors, as in Figure 55, and other color tuning can be achieved by interpolation of

these support vectors. Assume there are given n color correspondences. For a given pair of
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color (c;,d;), in the three-dimensional CIE Lab space, we define ¢; as the support point. Vector

vi=||di-ci|l,and ¢ isthe basis function for each vi. Those support vectors of v;is annotated

in w;. The function is shown below.

1 n
Ve = Y hEw
> -

, Where the basis function

5,(¢;) = L+, —c, ) (3)

¢« ¢ j J I 6: o{

. 8l )

s o 1 j o'/” d'ﬂ/‘

—_— I I . o ?:/‘l’/

{1 ; L/ /‘/,.,»

I T I - // //" .//'

T I Q. L L ]
Image Gamut + Smooth Transformed
Correspondences Vector Field Image Gamut

Figure 54: Color gamut: each color is viewed as a vector in 3-D space.
In their works they show that the best basis function is normalized Shepard function with
e = 3.7975. The result of implementing their algorithm is shown from Figure 56 to Figure 57.
We can see that the result is plausible even in two different scenes and it let the color grading

as easy and effortless for the user to adjust the color.
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Figure 55: Marked color correspondence (marked as the circles with the same color by users).

Figure 56: The left shows the original image; the right shows the tuned result after the vector

space color balancing.
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Figure 57: Test with color calibration by using 7 sparse color correspondences. The left is the
reference image; the middle is the target image; the right is the adjusted result after the vector

space color balancing.
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