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ABSTRACT

With the advance of new technologies in the entertainment industry, the Free-
Viewpoint television (TV), the next generation of 3D medium, is going to give users a
completely new experience of watching TV as they can freely change their viewpoints.
Future TV is going to not only show but also let users “live” inside the 3D scene. A simple
approach for free viewpoint TV is to use current multi-view video technology, which uses
a system of multiple cameras to capture the scene. The views at positions where there is a
lack of camera viewpoints must be synthesized with the support of depth information. This
thesis is to study Depth Estimation Reference Software (DERS) of Moving Pictures Expert
Group (MPEG) which is a reference software for estimating depth from color videos
captured by multi-view cameras. It also provides a method, which uses stored background
information to improve the depth quality taken from the reference software. The
experimental results exhibit the quality improvement of the depth maps estimated from the
proposed method in comparison with those from the traditional method in some cases.

Keywords: Multi-view Video Coding, Depth Estimation Reference Software,
Graph Cut.
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TOM TAT

Vi su phat trién ctia cong nghé méi trong nganh cong nghiép giai tri, ti vi goc nhin
tir do, thé hé tiép theo ciia phuong tién truyén thong, s& cho ngudi dung mot trai nghiém
hoan toan méi vé ti vi khi ho c6 thé tu do thay dbi goc nhin. Ti vi twong lai s& khong chi
hién thi hinh anh ma con cho ngudi dung “sdng” trong khung canh 3D. Mot hudng tiép
can don gian cho ti vi da goc nhin 1a st dung cong nghé hién c6 cta video da gdc nhin véi
ca mot hé thong may quay dé chup lai khung canh. Hinh anh ¢ cac géc nhin khong c6
camera phai dugc téng hop véi su hd tro cua thong tin d0 sau. Luan van nay s¢€ tim hiéu vé
Depth Estimation Reference Software (DERS) cua Moving Pictures Expert Group
(MPEG), phan mém tham khao dé uéc lugng d6 siu tir cac video mau chup bdi cac may
quay da goc nhin. Pong thoi khoa ludn cling s& dua ra phuong phap méi st dung luu trix
thong tin nén dé cai tién phan mém tham khao. Két qua thi nghiém cho thay su cai thién
chat luong anh d6 sau ciia phuong phép duoc dé xuat khi so sanh véi phuong phap truyén
thdng trong mot sb truong hop.

Tw khéa: Nén video da gbéc nhin, Phan mém Udc luong DY sau Tham khao, Cit
trén Do thi
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Chapter 1

INTRODUCTION

1.1. Introduction and motivation

The concept of free-viewpoint Television (FTV) was first proposed by Nagoya
University at MPEG conference in 2001, focusing on creating a new generation of 3D
medium which allows watchers to freely change their viewpoints [1]. To achieve this goal,
MPEG has been conducting a range of international standardization activities divided into
two phases: Multi-view Video Coding (MVC) and 3D Video (3DV). Multi-view Video
Coding, the first phase of FTV, was started in March 2004 and completed in May 2009,
targeting on the coding part of FTV from the ray captures of multi-view cameras,
compression and transmission of images to synthesis of new views. On the other hand, the
second phase 3DV started in April 2007 was about serving these 3D views on different
types of 3D displays [1].

In the basic configuration of FTV system, as shown in the Figure 1, 3D scene is
fully captured by a multi-camera system. The captured images are, then, corrected to
eliminate “the misalignment and luminance differences of the cameras” [1]. Then,
corresponding to each corrected image, a depth map is estimated. Along with the color
images, these depth maps all are compressed and transmitted to the user side. The idea of
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calculating the depth maps at sender sides and sending them along with the color images
helps reducing the computational work of the receiver. Moreover, it allows FTV system to
be able to show the infinite number of views based on the finite number of coding views
[2]. After being uncompressed, the depth maps and existing views are used to generate new
views, which fully describe the original 3D scene from any viewpoints which the users
want.

) - . MVC MVC View 2D/3D
‘Vldeo Captmel—{ Correction }— Encoder Decoder Generation Display
=) —
S
) Captured Corrected Reconstructed Ray Free
Multi-Camera Images Images Images Space Viewpoint
Images

Figure 1. Basic configuration of FTV system [1].

Although depth estimation only works as an intermediate step in the whole coding
process of MVC, it actually is a crucial part, since depth maps are the key idea to interpolate
free viewpoints. In the sequences of MVC standardization activities, Depth Estimation
Reference Software (DERS) was introduced to MPEG as a reference software for
estimating depth maps from sequences of images captured by an array of multiple cameras.
At first, there is only one fully automatic mode in DERS; however, as in many cases, the
inefficiency of depth estimation of the automatic mode of DERS leads to the low quality
of synthesized views, new semi-automatic modes were added to improve the performance
of DERS and the quality of the synthesized views. These new modes, nevertheless, share
a same feature which is that a very good frame having manual support but poor
performance in the next ones.

1.2. Objectives

The objectives of this thesis are about understanding and learning technologies in
the Depth Estimation Reference Software (DERS) of MPEG. Moreover, in this thesis, |
introduce a new method to improve the performance of DERS called background
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enhancement. The basic idea of this method is storing the background of the scenes and
using them to estimate the separation between the foreground and the background. The
color map and depth map of background are stored overtime from the first frame. Since the
background does not change too much over the sequence, these maps can be used to support
the depth estimation process in DERS.

1.3. Organization of the thesis

Chapter 2 is spent describing the theories, structures, techniques and modes of
DERS. Among them, there is a temporal enhancement method, based on which, I
developed a method to improve the performance of DERS. My method will be described
clearly in Chapter 3. The setup and the results of experiments to compare the method with
the original DERS is illustrated in Chapter 4 along with further discussion. The final
Chapter, Chapter 5, will conclude the overall information of this thesis.



Chapter 2

DEPTH ESTIMATION REFERENCE
SOFTWARE

2.1. Overview of Depth Estimation Reference Software

In April 2008, Nagoya University for the first time has proposed the Depth
Estimation Reference Software (DERS) to the 84" MPEG Conference in Archamps,
France in the document [3]. In this document, Nagoya has provided all the specification
and also the usage of DERS. The initial algorithm of DERS, nonetheless, had already been
presented in previous MPEG documents [4] and [5]; it included three steps: a pixel
matching step, a graph cut and a conversion step from disparity to depth. All of these
techniques had already been used for years to estimate depth from stereo cameras.
However, while a stereo camera consists of only two co-axial horizontally aligned cameras,
a multi-view camera system often includes multiple cameras which are arranged as a linear
or circular array. Moreover, the input of DERS is not only color images but also a sequence
of images or a video, which requires a synchronization for the capture time of cameras in
the system. The output of DERS, therefore, is also a sequence which each frame is a depth
map corresponding to a frame of color sequences. Since the first version, many
improvements have been made in order to enhance the quality of depth maps: Sub-pixel
precision at DER1.1, temporal consistency at DERS 2.0, Block Matching and Plane Fitting
at DER 3.0... However, because of the inefficiency of traditional automatic DERS, in
DERS 4.0 and 4.9, semi-automatic modes and then reference mode have been respectively
introduced as alternative approaches. In semi-automatic DERS (or SADERS), manual
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input files are provided at some specific frames. With the power of temporal enhancement
techniques, the manual information is propagated to next frames to support the depth
estimation process. On the other hand, reference mode takes an existing depth sequence
from another camera as a reference when it estimates a depth map for new views. Until the
latest version of DERS, new techniques have been kept integrating into it to improve the
performance. In July 2014, DERS software manual for DERS 6.1 has been released [6].

Left, right and
center Image

Sub-pixel precision

Segmentation (Optional)

Depth map of
previous frame

(Optional)

Matching cost

Reference
depth

Update error cost

(Optional)

Graph cut Manual input

Plane fitting

(Optional)

Post processing

(Optional)

Depth map

Figure 2. Modules of DERS
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After six versions of DERS have been released, the configuration of DERS has
become more and more intricate with various techniques and methods. Figure 2 shows the
modules and the process of depth estimation of DERS.

As it can be seen from Figure 2, while most of modules are optional, there are still
two modules (matching cost and graph cut) that cannot be replaceable. As mentioned
above, these two modules have existed from the initial version of DERS as the key for
estimating depth. The process of estimating depth starts at each frame in the sequence with
three images: left, center and right images. The center image is actually the frame at the
center camera view and also the image we want to calculate the corresponding depth map.
In order to do so, it is required to have a left image from the camera in the left of the center
camera and a right image from the camera in the right of the center camera. It is also
required that these images are synchronized in the capture time. These images are, then,
passed to an optional sub-pixel precision module, which us interpolation methods to double
or quadruple the size of the left and right images to increase the precision of depth
estimation. The matching cost module, as its name, finds a value to match the pixel of the
center image with those of left or right images. Although there are several methods to
calculate the matching cost, values from these share a same property that the smaller they
are, the higher chance two pixels are matched. These matching values are then modified as
some additional information is added to them before it goes to the graph cut module. A
global energy optimization technique, graph cut, is used to label each pixel to a suitable
depth or disparity based on the matching cost values, additional information and the
smoothness property. Segmentation can also be used to support the graph cut optimization
process as it divides the center image into segments, pixels in each of which are likely to
have the same depth. After the graph cut process, a depth map has already been generated,;
however, for better depth quality, the plane fitting and post processing steps can be
optionally used. While the plane fitting method smoothens depth values of pixels in a
segment by considering it as a plane in space, the post processing, which appears only in
the semi-automatic modes, reapplies the manual information into the depth map.



Figure 3. Examples of the relation between disparity and depth of objects
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2.2. Disparity - Depth Relation

All algorithms to estimate depth for multi-view coding or even for stereo camera
are all based on the relation between depth and disparity. “The term disparity can be looked
upon as horizontal distance between two matching pixels” [7]. The Figure 3Error!
eference source not found. can illustrate this relation. The three images in Figure 3 from
top to bottom are taken respectively from Camera 37, 39 and 41 of Sequence Champagne
of Nagoya University [8]. It can be seen that objects, which are further to the camera
system, tend to move horizontally to the left less than the nearer ones. While the girl and
the table, which is near the capture plane, moves over views, the furthest speaker nearly
stays at its position in both three images. This phenomenon can be explained by camera
pinhole model and mathematics with the Figure 4.

Z
y ® P = (xp,yp,2p)
XR
_If Img fI
I B l x

Figure 4. The disparity is given by the difference d = x;, — xg, where x; is
the x-coordinate of the projected 3D coordinate x, onto the left camera image
plane I'm; and xy is the x-coordinate of the projection onto the right image plane
Img [7].

From the Figure 4, [7] has proved that the distance of images of an object (or
disparity) is inversely proportional to the depth of that object:



= 1)

where

d is the disparity or the distance of images of object-point P captured by two
cameras,

x,, xg are the coordinates of images of object-point P
f is the focal length of both cameras,
21 is the distance between two cameras,

zp is the depth of the object-point P.

As it was proved that the depth and the disparity of an object is inversely
proportional, the problem of estimating the depth turned into that of calculating the
disparity or finding a matching pixel for each pixels in the center image.

2.3. Matching cost

To calculate the disparity of each pixel in the center image, it is required to match
those pixels with their correspondences in the left and the right images. As mentioned
before, input images of DERS are all corrected to eliminate difference of illumination and
synchronized in capture time. We, therefore, can assume that intensities of matching pixels
of same object-points are almost similar. This assumption is also the key to estimate
matching pixels.

To reduce the complexity of computation, cameras are aligned horizontally.
Moreover, the image sequences are all rectified, which makes the matching pixels align in
a same horizontal level. In other words, instead of looking all over the left or right images
for a single matching pixel, we only need to find it in one horizontal row.



Using two mentioned above ideas, matching cost or error cost functions are formed
to help find the matching pixels. They all share the property that the smaller value the
function responds the higher chance it is the matching pixel we are looking for.

2.3.1. Pixel matching

The pixel matching cost function is the simplest matching cost function in DERS.
It appeared in DERS from the initial version introduced by Nagoya University in [4]. For
each pixel in the center image and each disparity in a predefined range, DERS evaluates
matching cost function by calculating the absolute intensity difference between the pixel
in the center image and those in the left and right images respectively and choosing the
minimum value. Therefore, the smaller result is that the more similar intensities of pixels
and the more likely those pixels are matching. For more specific, we have the below
formula:

C(x,y,d) = min(C,(x,y,d), Cr(x,y,d)), (2)
where
CL(x!yrd) = |IC(x)y) - IL(x + d;y)l

CR(x;y;d) = |IC(x)y) _IR(x_ d;y)l

2.3.2. Block matching

To improve the performance of DERS, the document [9] presented a new matching
method called block matching. While a pixel matching cost function compares pixel to
pixel, the block matching cost function works with window comparison. For more specific,
when matching two pixels with each other, the block matching method concerns about
comparing windows containing those pixels. The main advantage of this method over the
pixel matching method is that it reduces noise sensitivity. However, this advantage comes
along with a disadvantage, which is loss of detail and more computation when a bigger
window size is selected [7]. DERS, therefore, only uses 3x3 windows with matching pixels
at their center:
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C(x,y,d) = min(C,(x,y,d), Cx(x,y,d)), (3)

Where

x+1 Y+1

Gy d =g D Y )~ LG+ d, )l

i=x-1 j=y-1

x+1 Y+1

1
Crley.d) =5 D D G~ Igl = d.))]

i=x—-1j=y-1

For pixels at the corners or edges of images, where the 3x3 windows do not exist,
pixel matching or smaller block matching (2x2, 2x3 or 3x2) are used.

2.3.3. Soft-segmentation matching

Similar to the block matching, soft-segmentation matching method also uses
aggregation windows in comparison [10]. However, each pixel in the block window is
weighted differently by its distance and intensity similarity to the center pixel; this feature
resembles to the bilateral filtering technique [7]. Moreover, the size of window of soft-
segmentation in DERS can be changed in the configuration file and it is normally quite
large as the default value is 24x24. Soft-segmentation matching, therefore, takes much
more time for computing than block matching and pixel matching. Below is the formula of
soft-segmentation matching cost function:

C(x,y,d) = min(CL (x,y,d),Cr(x,y, d)),
where

Z(i,j)e W(x,y) WL(iJj) X, :V)WC(I' + dljlx + d, }’)llc(l;]) - IL(l + d;])l
Z(i,j)ew(x,y) WL(i'j! X, y)WC(l + d!j!x + d! y)

CL(x,y; d) =

11
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Z(i,j) ew(x,y) WR(ier er)WC(l - derx - d! Y)Ilc(l']) - IR(I' - d;.])l

Cr(x,y,d) = — : :
i 2aij)ewey) Wr(l, j,x, YW (i —d, j,x —d,y)

and
w(x,y) is a soft-segmentation window center at (x, y)

W(i,j,x,y) is the weight function for the pixel (i,j) in the window centered at
(x,y):

|I(x'y)_l(lr])| |(xry)_(l'])|
W(i,j' X, y) =e Yc Ya

2.3.4. Epipolar Search matching

As mentioned above, all images are rectified to reduce the complexity in searching
for matching pixels since we only have to make a search in a horizontal line instead of the
whole image. However in document [11], authors from Poznan University of Technology
pointed out that “in the case of sparse or circular camera arrangement”, rectification
“distort the image at unacceptable level” as in Figure 5Error! Reference source not
found..

Figure 5. Exampled rectified pair of images from “Poznan_Game”
sequence [11].
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They, therefore, suggested that instead of applying rectification to images before
matching, DERS should do all kinds of matching methods (pixel, block or soft-
segmentation) along epipolar lines which can be calculated based on camera parameters
[11] like in Figure 6.

Center View Referene view i.e. right view

Figure 6. Explanation of epipolar line search [11].

2.4. Sub-pixel Precision

Normally, a depth map is a grayscale image, whose pixels have values in range from
0 to 255. However, the disparity value is only an integer staying in a range from 0 to no
more than 100, which makes the disparity value and the depth value do not map injectively.
In other words, in some cases, the integer disparity value does not match with the
requirements of the depth value. That is why sub-pixel technique was brought to DERS in
document [12]. The idea of sub-pixel technique is that estimating the disparity value
accurately at sub-pixel precision by interpolating the left and right images on sub-pixel
positions using bi-linear or bi-cubic filter (Figure 7). So that the half-pixel doubles the
number of possible disparity values while the quarter-pixel quadruples it. Although sub-
pixel precision approach create a more accurate depth map, it required more computation
as the size of the left and right images are multiplied (Figure 8). Moreover, in the case of
epipolar line search matching method, since the search runs along epipolar line not only
the horizontal row, not only the width but also the height of the left and right images are
interpolated to double or quadruple of their sizes.
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Left View Matching Center View

meger [ [ [ ] [ 1] () [IIITJIIT]

—
Disparity search region \ pixel

Half HEN HNEEEEEEE

Half-pixels are inserted

Quarter | HEEEREEER

g

Quarter-pixels are inserted

Figure 7. Matching precisions with searching in horizontal direction only [12]

Left View Center View
Epipolar Line
Matching
Integer ﬂ <4 [TIITTTTT1T1]
\ pixel
Y . . .
Disparity search region
=~ half-pixels
Half 4— areinserted T
|
<— quarter-pixels
Quarter are inserted

momam g

Figure 8. Explanation of vertical up-sampling [11].

Although sub-pixel technique provides a more accurate depth map, in document
[13], two authors Olgierd Stankiewicz and Krzysztof Wegner from Poznan University of
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Technology have made experiments to prove that “Pixel-precision mode in Depth
Estimation Reference software has no impact on quality of synthesized views” (the final
target of MVC). However, this mode is still kept as a part of DERS.

2.5. Segmentation

Unlike other process which affects directly to the center images in its path of
transforming to depth images, segmentation is only a support step. For more specific,
segmentation is applied to the center image to divide the image into segments, pixels of
which have similar color values; this result, then, is provided to Graph Cut or Plane Fitting
modules to create and improve the depth map. Segmentation technique is used because of
the likelihood of similar intensities of pixels in a same object. In DERS, segmentation is
implemented by wusing one in three segmentation functions of OpenCV:
cvPyrMeanShiftFiltering, cvPyrSegmentation and cvKMeans2. Figure 9 is an example of
segmentation:

(b) Method B

Figure 9. Color reassignment after Segmentation for invisibility. From (a) to
(c): cvPyrMeanShiftFiltering, cvPyrSegmentation and cvKMeans2 [9].

However, the idea of using segmentation to support depth estimation also comes
with a negative influence since the color segments are not always consistent with the depth
areas.
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2.6. Graph Cut

Existed in DERS from the very initial version, Graph Cut is unarguably the most
important step in the whole process of depth estimation of DERS. Graph Cut is a global
optimization method which estimates disparities of all pixels of the center image at once
by minimizing a single energy function formed by matching costs, relations between pixels
and other additional information [7].

2.6.1. Energy Function

In stereo research, there are two groups of methods to tackle the problem of
assigning disparity values to each pixel. One of them is the group of local methods which
estimates the disparity values only based on information in a neighborhood area around the
pixel. On the other hand, the other group of global methods, which Graph Cut is one of
them, tries to determine the disparity values of all pixels at once by using all information.
All pixels are linked to each other in a single energy function that when it is optimized, it
gives us the disparities of all pixels. This energy function consists of two terms: data term
and smooth term:

E(d) = Edata (d) + )\Esmooth (d) (5)
where

d is the disparity map and d(x, y) is the disparity at pixel (x,y) and

A is the configurable coefficient to balance values of data term and smooth
term.

The data term measures the dissimilarity of d with existing information, while the
smooth term concerns about the discontinuity of values between adjacent pixels in the
disparity map. In the simplest version Graph Cut, the data term is a total aggregation of
pixel matching costs at each pixel position and the smooth term is the absolute differences
of adjacent pixels:
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Edata(d)= z C(x,y,d(x,y)) (6)

xy)€elc

Ecmootn(d) = Z Z Vix,v,i,j,d(x,y),d(ij)) @)

(i,j) (x,y) adjacent (i,j)

where
V(x,y,i,j,dd) = |d—d|

The smooth term in the newer version is improved with the help of segmentation.
As mentioned above, the segmentation based on pixel color can be used as support
information for disparity estimation since the pixels on a same object likely have similar
color:

Egmootn(d) = z Z V(x,y,i,j,d(x,y),d(,j)) (®)
(i,)) (x,y) adjacent (i,j)

where
V(x,y,i,j,d,d) =Bld—d

{ B =1if segment(x,y) = segment(i,j)
0 < B < 1if segment(x,y) # segment(i, )

With the improvement of matching cost functions, the data term also changes from
the sum of pixel matching costs to that of block matching costs or that of soft-segmentation
matching costs. Moreover, as MVC uses a multi-view camera system to record a 3D scene
in sequences of images, the correlation between frames and frames, between images from
different cameras can be used to have better estimation. The information from correlation
between frames in a sequence, or temporal information, will be discussed in the Temporal
Consistency Section of this Chapter. The usage of the information from different cameras
is in the reference mode of DERS. However, | will not discuss more about it in this thesis.
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2.6.2. Optimization

Once the energy function has been built, minimizing values of this function will
give us the small dissimilarity of disparity values with observed data (matching costs) and
with other disparity values, which basically shows a good depth map. In order to optimize
energy function, in [14], Graph Cut solution based on maximum flow/ minimum cut
algorithm has been introduced. Although two approaches a — f swap and a —
expansion were presented, only @« — expansion was used in DERS,

Figure 10. An example of G, for a 1D image. The set of pixels in the image is
V = {p,q,7,s} and the current partition is P = {P;, P,, P,} where P; = {p},
P, ={qr}, and P, ={s}. Two auxiliary nodes a = ap, ., b = ap are
introduced between neighboring pixels separated in the current partition. Auxiliary
nodes are added at the boundary of sets P, [14].

At first, every pixels in the disparity map is set as 0. In each loop, every possible
disparity values in our predefined range are used to apply @ — expansion. To optimize
energy function, in each application of @« — expansion, the whole center image is turned
into a graph which has pixels as its vertices. Two more nodes, a source and a sink, are
added into the graph and are connected to other nodes. The source is the @ node while the
sink is &. For each pair of adjacent pixels, if two pixels have already shared the same
disparity value, there will exist an edge between two corresponding vertices in the graph;
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if not, a new additional node is put in and linked to both of them and also to the sink. The
Figure 10 illustrated this idea of Graph Cut. The edges of the graph are weighted differently
based on the current labels of its terminals, which is shown in Table 1.

Table 1. Weights assigned to edges in Graph Cut.

Edge Weight For
ty o0 p(x,y) € P,
ty C(x,y,d(x,y) p(xy) € Py
ty Clx,y, ) p(x,y) €P
€{p,a) Vx,y,i,j,d(x,y), a) p(x,y) adjacent q(i, )
la.q} Vx,y, i, a,d(i,))) d(x,y) # d(i,))
te Vx,y, i, j,d(x,y),d(,j))
p(x,y) adjacent q(i, j)
C.a) V(x,y,1,j,d(x,y), ) o
d(x,y) = d(i,))

With the source, the sink and all the weights of edges, we can apply the minimum
cut/maximum flow algorithm to find a cut through the graph. Figure 11, a smaller version
of the graph after different kinds of cut are applied, has shown us a different way to divide
two nodes into two group of a disparity or not. As the minimum cut/maximum flow
algorithm gives us optimal cut, it is guaranteed that each a — expansion turns makes the
energy function smaller. However, as it required a lot of computation work, normally only
two loops are run.
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Figure 11. Properties of a minimum cut C on G, for two pixel p,q such that
d, # d,. Dotted lines show the edges cut by Cand solid lines show the edges in the
induced graph G(C) = (V,E — C) [14].

2.6.3. Temporal Consistency

In order to use the temporal information, some methods have been introduced to
DERS, for example [15] and [16]. Nevertheless, only [16] has been kept in DERS 6.1. The
depth map and color center image of the previous frame are kept as references in estimating
the current frame. In Update Error module, when consistency of temporal information is
required, a block motion size 16x16 is used to compare two color center images of adjacent
frames. The motion search algorithm is applied only to target finding unchanged areas,
which are called “background” in [16]. If the sum of absolute differences of corresponding
pixel intensities between frames of all pixels in a 16x16 block is smaller than a specific
threshold, the area of the block is considered as containing no motion. For all pixels in
these unchanged areas, a new term is added into the data term of the energy function as:

Fgarae@ = )" C(6,3,dC07)) + Cromporar(r,y,dCx, ), )

(xy)elc

where
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Ctemporal(xr y,d(x, y)) = a|d(x' y) - dprev(xf y)l

And

dprev(x,y) is the disparity value of pixel (x,y) in the previous frame.

1if Z |Ic(i,j) - Icprev(i»j)l < Thresmotion

a = (i) EW(x.y)

0 otherwise

This new term adding a dissimilarity value into the overall energy function if there
exists an inconsistency in the disparity values between frames. Graph cut itself will
optimize the energy function to add this into the final disparity results.

2.6.4. Results

After Graph Cut, the disparity map is directly converted to the depth map by using
the relation between depth and disparity. Figure 12 are examples of depth maps after Graph
Cut.

Figure 12. Depth maps after graph cut: Champagne and BookArrival [9].
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2.7. Plane Fitting

Although the support information from segmentation has already been used in
Graph Cut, Plane Fitting also uses this information again to improve the depth map quality.
Plane fitting basically uses the idea that it considers each segments from the segmentation
as a plane in the space and it fits the current depth map from Graph Cut module to models
of space planes. Each plane in space is modeled with a formula:

d(x,y) = ax + by + ¢ (10)
To calculate the coefficients (a, b, ¢) of the above formula, all the existed pixels of

the segments are considered as a point in space at (x,y, d). A least square fitting is used to
fit the point into a map and calculate the coefficients:

?i1xi2 XXy Yt xi i x;d
Z?ilxi.Vi ﬁlyiz i= 1371 [ 1 1yl [9] (11)
Din1 X =1 Yi ity 1

After having the coefficients (a, b, ¢) and the equation of the segment plane in
space, the depth of each pixel-point is recalculated so that it really stays inside the plane.

The result of the plane fitting is shown in Figure 13.
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(a) Method A (b) Method B (c) Method C

(a) Method A (b) Method B (c) Method C

Figure 13. Depth maps after Plane Fitting. Left to Right::
cvPyrMeanShiftFiltering, cvPyrSegmentation and cvKMeans2. Top to bottom:
Champagne, BookArrival [9].

2.8. Semi-automatic modes

Because of the inefficiency of the automatic mode of DERS, in [17], semi-automatic
DERS (SADERS) has been proposed. The objective of SADERS is to use additional
manual information to improve the accuracy of the depth map result. Until now, there are
three different modes of SADERS which has been integrated into DERS.

2.8.1. First mode

The first mode of SADERS is introduced as SADERS 1.0 in [17]. This mode targets
in using the temporal consistency technique to propagate information from manual depths
which can be created in some frames. Manual depth maps are provided at some frame
positions. When DERS goes the depth map at these positions, it uses the manual depth
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maps as results. In different frame positions, DERS uses these manual depth maps or

previous estimated depth maps as references in the temporal consistency mode of Graph
Cut. A flowchart of SADERS 1.0 is shown in Figure 14.

Center
View
Sequence

Previous Frame

Current Frame

Previous Depth Frame———»  Motion Estimation
(manual depth
or

Estimated depth) Motion Estimated
Current Frame
Y

Block matching -

Disparity errors

\
> Graph—Cut

;

Estimated Depth

Figure 14. Flow chart of the SADERS 1.0 algorithm [17].

2.8.2. Second mode

The second mode of SADERS is provided in [18]. The new version of SADERS
still uses the temporal consistency property to propagate manual information. However,
instead of providing a whole depth map for DERS, it provides two different kinds of
manual information (a manual disparity map and a manual edge map) which helps DERS

itself make a more accurate estimation; it also provides a manual static map to enhance the
temporal consistency (Figure 15).
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Read Left, Center and Right
camera views

2

Calculate matching-cost
for the center camera

manual dafa defined?

Y Y
Update data-term based Update data-term of static
on manual disparity initialisation pixels based on
automatically detected
v static areas
or
Update smoothing-term based if available,
on manual edge information manual static map.
\ /

Solve by graph-cut

Figure 15. Simplified flow diargram of the second mode of SADERS [18].

The manual disparity map contains areas with given disparity; however, not all the
pixels of the center image are provided with their disparities but only “where automatic
depth estimation fails to find an accurate value” [18]. This manual disparity map is used as
the initialization for the data term of Graph Cut. The manual static map, on the other hand,
shows areas whose depths are not changed over time so that the depths estimated by manual
information are preserved.

In initial stage:

C(x,y,d(x,y)) if MD(x,y) =0
Eqata(d) = 0 if MD(x,y) = d(x,y) (12)
2C(x,y,d(x,y))

In temporal stage:
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Edata (d)

0 if MS(x,y) = static and d(x,y) = dinit(x,y)
2C(x,y,d(x,y)) if MS(x,y) = static and d(x,y) * dimic(x,y)  (13)
a { C(x,y,d(x,y)) + Ctempoml(x, y,d(x,y)) if temporal consistency
kC (x, v, d(x, y)) otherwise
where

temporal consistency:¥.; jy e wey e (0 1) = Iepren (i )| < TRTeSmotion like (9)

The manual edge map is a binary map which is used to support the smooth term of
the energy function since it provides the separation between different depth areas. A new
scaling factor g is added into the smooth term wherever the manual edge map indicates an

edge.
Esmooth(d) = z Z V(X, Y, irj!d(x! y)!d(l’])) (14)
(i,j) (x,y) adjacent (i,j)
where

V(x,y,i,j,d,d) =pld—dl

{ B=1if ME(x,y) = 0and ME(i,j) =0
0<B<1if ME(x,y) =10r ME(i,j) =1

In comparison with the first mode of SADERS, this mode takes less time in

preparing manual information.

Below are some results from the second mode:
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Figure 16. Left to right: camera view, automatic depth result, semi-automatic
depth result, manual disparity map, manual edge map. Top to bottom: BookArrival,
Champagne, Newspaper, Doorflowers and BookArrival [18].

2.8.3. Third mode

The third mode of SADERS is very same with the second one; it, however,
preserved completely static areas of the manual static map and the unchanged areas
detected by the temporal consistency technique by copying its depth value to next frames
instead of using Graph Cut.
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Chapter 3

THE METHOD: BACKGROUND
ENHANCEMENT

3.1. Motivation example

Although there are many modules and modes of DERS which is built to improve
the performance of depth estimation process, DERS still shows the poor quality in depth
estimation for low-textured area. The sequence Pantomime from [8] is an example for this
sequence type with low-textured background. As can be seen from Figure 17, most of the
background of Pantomime sequence is covered by dark black color. The low-textured area
is difficult to estimate the depth because the matching costs (pixel matching cost, block
matching cost or soft-segmentation matching cost) of pixels in this area are close to each
other when the disparity value parameter changes. The pixels of the low-textured area,
therefore, are easily affected by other textured pixels because of the smooth term of the
energy function. For example, in SADERS, the first depth map is estimated with the help
of manual information, which makes the depth of low-textured area quite accurate (Figure
19.a); however, pixels near the textured area in next frame are rapidly influenced by the
depth of their textured neighbors in next frames in Figure 18.b,c,d.

Although SADERS works great in the first frame, it is unable to accurately separate
the low-textured background with the textured foreground in the next frames. These
examples of Pantomime motivate the method to improve performance of the DERS
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Figure 17. Motivation example

a) FrameO b) Frame 10

c) Frame 123 d) Frame 219

Figure 18. Frames of Depth sequence of Pantomime. Figure a and b have

been processed for better visual effect.
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3.2. Details of Background Enhancement

The method which is called as Background Enhancement targets in improving the
performance of DERS in the low-textured background situation in Pantomime sequences.
Although with the help of manual information, DERS in semi-automatic mode has
estimated a high quality depth map at the positions of manual frames, it fails to keep this
success in the next frames (Figure 18). There are two reasons for this phenomenon. Firstly,
because the low-textured background has low differences between matching costs of
different disparity values, their smooth terms dominate their data terms in Graph Cut
process, which makes their estimated depth results easily affected by those of textured
pixels. Secondly, while the temporal consistency is the key to conserve the correct disparity
value of the previous frame, it fails when detecting some non-motion background area as
motion areas.

The Figure 19 shows the result of the motion search used by temporal consistency
techniques. White area illustrated the area without any motion, while the rest shows the
motion-detected area. As it can be seen that there are back pixels around the clowns, which
basically is the low-textured no-motion area. As motions are wrongly detected in these
pixels, temporal consistency term (Section 2.6.3) is not added to their data term. Since they
are low-textured, without the help of temporal consistency term, their data term is
dominated by the smooth term and the foreground depth propagates to them. In their turn,
they propagates the wrong depth result to their low-textured neighbors.

To solve this problem, the method focuses on preventing the depth propagation from
the foreground to the background by adding a background enhancement term into the data
term of background pixels around motion. For more specific, as the background of a scene
changes slower than the foreground, the intensities of pixels in the foreground do not
change much over frames. The detected background of the previous frame, therefore, can
be stored and used as the reference to discriminate the background from the foreground. In
the method, two types of background maps including background intensity map and
background depth map are stored over frames (Figure 20). To reduce the noise created by
falsely estimate a foreground pixel as a background one, an exponential filter is applied to
background intensity map.
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Figure 19. Motion search

1.(x,y) if d(x,y) < Threspgand Bl,,e,(x,y) =255  (15)

aBlyyey(x,y) + (1 — )l (x,y)if d(x,y) < Thres,y and Blyye,(x,y) # 255
Bl(x,y) = {
Blyrey(x,y) if d(x,y) = Thresyg

d(x,y) if d(x,y) < Thresy,

BD(x,y) = {
(x,y) BD(x,y) otherwise

(16)

Where

Thresy, is the depth threshold to separate the depth of foreground and that
of background.

As mentioned above, a background enhancement term is added into the data term
to preserve the correct depth of previous frames:

Egata(d)
0 if MS(x,y) = static and d(x,y) = dinit(x,y)
(ZC(x, y, d(x, y)) if MS(x,y) = static and d(x,y) # dinit(x,y) (17)
= { C (x, y,d(x, y)) + Ctempoml(x, y,d(x, y)) if temporal consistency
C (x, y, d(x, y)) + Cogonnance (x, y, d(x, y)) if background enhance
lC (x, y,d(x, y)) otherwise
where
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temporal consistency:¥.; jy e woe e (b)) = Iepren(i )| < ThTeSmorion like (9)
background enhance: not temporal consistency and

|1 (x,y) — BI(x,y)| < Thres

If there is the manual static map, it will be used firstly to change the data term. Then,
block motion search 16x16 is applied to find the no motion area, which temporal
consistency term is used to protect the depth of the previous frame. In detected motion area,
intensities of pixels are compared with the stored intensities of pixels of the background

intensity map to find the background of sequence and the background depth map is used
as the reference for the previous depth.

|
a) Background Intensity map b) Background depth map

}

Figure 20. Background Intensity map and Background Depth map
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Chapter 4

RESULTS AND DISCUSSIONS

4.1. Experiments Setup

As the lack of the resource of the ground truth of Champagne and Pantomime, the
experiments to test the result of new method base only the color input sequence. Figure 21
shows the idea of the experiments. The color sequences from camera 38, 39 and 40 are
used to estimate the depth sequence of Camera 39; those from camera 40, 41 and 42 are
used to estimate the depth sequence of camera 41. Based on the existing depth and color
sequences of camera 39 and camera 41, a color sequence from virtual camera 40 is
synthesized and compared with that from real camera 40. The Peak Signal Noise Ratio
(PSNR) index is calculated at each frame and used as the objective measurement for the
quality of depth estimation in these experiments.

maxllorigin(xJ’)l

_ (xy) 18
PSNR = 201log,, ——, (18)
Where
m-1n-1
2
MSE = Z Z(Iorigin(x;y) - Isyn(xiy))
x=0 y=0

and  I,yigin, Isyn IS the original and synthesized images, respectively

m, n is the width and height of both I,,,.;;, and Iy,
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“Greater resemblance between the images implies smaller RMSE and, as a result,
larger PSNR” [19]. The PSNR index, therefore, measured the quality of the synthesized
image. As all experiments used the same synthesize approach, implemented by the
reference program of HEVC, the quality of synthesized images shows the quality of depth
estimation.

The sequences Champagne, Pantomime and Dog from [8] are used to test in these
experiments. In the Champagne and Pantomime tests, the second mode of DERS are used,
while the automatic DERS mode is used in the Dog test. DERS with the background
enhancement method is compared with DERS without it.

Depth 39 Depth 41

0 IS N~ &
.

Figure 21. Experiment Setup

4.2. Results

The comparison graphs of Figure 22 and Table 2 shows the results of the tests based
on PSNR.
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Figure 22. Experimental results. Red line: DERS with background
enhancement. Blue line: DERS without background enhancement
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Table 2. Average PSNR of experimental results

Sequence PSNR of original DERS | PSNR of proposed method
Pantomime 35.2815140 35.6007700
Dog 28.5028580 28.5094560
Champagne 28.876678 28.835357

The sequence Pantomime test - the motivation example - shows a positive result
with the improvement of about 0.3 dB. In frame to frame comparison between two
synthesized sequences from the Pantomime test, it shows that in the first 70 frames, the
depth difference between foreground (two clowns) and the low-textured background is not
too big (Figure 24.a, b), which makes the two synthesized sequences very resembling. After
frame 70", the difference is large; the propagation of the foreground depth happens
strongly (Figure 24.d). The background enhancement method has successfully mitigate this
process as in Figure 24.c, which makes the PSNR result increase. However, Figure 24.e
shows that the background enhancement cannot stop completely this propagation process
but only slow it down. The results from the Dog test show only insignificant
improvement in the average PSNR of 0.007 dB. On the other hand, the Champagne test
shows a negative result. Although the Champagne sequence has a low-textured background
like the Pantomime, it has some features that the Pantomime does not have. Some
foreground areas in the Champagne are very similar in color with the background. This
leads to the wrong estimation these areas as background areas if we use background
enhancement (Figure 23).
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Figure 23. Failed case in sequence Champagne

‘. - -
¢) Background enhancement 123 d) Traditional DERS 123

i o ‘L ]

e) Background enhancement 219 f) Traditional DERS 219

Figure 24. Comparison frame-to-frame of the Pantomime test. Figure a and
b have been processed for better visual effect.
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Chapter 5

CONCLUSION

In my opinion, Free-viewpoint Television (FTV) is going to be the future of television.
However, there is still a long way to get there in both coding and display problems. The
solution for multi-view video coding plus depth, in some cases, has helped to solve the
problem of coding for FTV. However, it is still required more improvements in this area,
especially in the depth estimation as it holds a key role to synthesize views from any
viewpoints. MPEG is one of the leading group trying to standardize the Multi-view Video
Coding process (including depth estimation) with different versions of reference software
like Depth Estimation Reference Software (DERS) and View Synthesis Reference
Software (VSRS).

In this thesis, | have given the reader an insightful look into the structure, configuration
and methods used in DERS. Moreover, | have proposed a new method called background
enhancement to improve the performance of DERS, especially in the case of low-textured
background. The experiments have shown positive results from the method in low-textured
background area. However, it still has not successfully stopped the propagation of the depth
of the foreground to background like the first expectation and has not estimated correctly

foreground areas which have color similar to background.
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