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Abstract
Due to the fast development in 3D technology during recent decades, many approaches

in 3D representation technologies have been proposed worldwide. In order to get an accurate

information to render a 3D representation, more data need to be recorded compared to normal

video sequence. In this case, how to find an efficient way to transmit the 3D representation

data becomes an important part in the whole 3D representation technology.

Recent years, many coding schemes based on the principle of encoding the depth have

been proposed. Compared to the traditional multiview coding schemes, those new proposed

schemes can achieve higher compression efficiency. Due to the development of depth captur-

ing technology, the accuracy and quality of the reconstructed depth image also get improved.

In this thesis we propose an efficient depth data compression scheme for 3D images. Our

proposed depth data compression scheme is platelet based coding using Lagrangian opti-

mization, quadtree decomposition and quadratic curve fitting. We study and improve the

original platelet based coding scheme and achieve a compression improvement of 1-2 dB

compared to the original platelet based scheme.

The experimental results illustrate the improvement provided by our scheme. The quality

of the reconstructed results of our proposed curve fitting based platelet coding scheme are

better than that of the original scheme.
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Chapter 1

Introduction

1.1 3D Representation Technology

3D representation technology tries to show the viewer a new experience of viewing an image

or a video. As one of the most important part of realizing this technology, efficient compres-

sion algorithm makes transmission possible. Recent years, lots of efforts have been made to

achieve a high quality level of compression results. The size of the representation data will

be different due to the differential used in different 3D equipments. Up to now the represen-

tation methods can be divided into two main directions. One is direct data presentation, such

as Multiview video, video with associate data and the other is 3D mesh data [1].

The 3D mesh representation technologies are used to show the shape of the objects, no

matter whether it is static or dynamic. This kind of technology is usually used in the computer

technology. 3D mesh representation technology uses polygon meshes to represent the objects

in the view. And one of the most important properties that indicates the calculation ability of

a GPU in the computer system is the amount of polygon meshes it can generate every second.

Three-dimension triangle meshes are used to form the targets’ shapes on the screen. However,

1



Chapter 1. Introduction 2

although the 3D mesh representation technology can represent the shape of the target, it is

very difficult to represent the distance of the target to the screen. What the technology can

present to the viewer is still a 2D image or video.

The other representation method is the direct data presentation method. This kind of

representation method tries to imitate the Human Visual System (HVS), represent two or

more views at the same time and allow viewer to see a real “3D” image.

Figure 1.1: Multiview video sequence.

The Human Visual System uses two different views (eyes) to tell the location of the target

and inform a 3D space to make the viewer think “this object is closer to me than that one”.

That is why many 3D videos are represented by different scenarios. It is captured originally

by using several cameras to get the full information of the object and then transmitted to

the receiving terminal. The receiving terminal receives those sequences and merges it to a

stereoscopic image or video. This technology is commonly used in movie industry to film a

3D movie. The simplest case is the classical stereo video with only two cameras, which can

be considered as an imitation of human eyes. But in order to capture as much information

of the target as possible, more complicated system will contain 8, 16 or even more cameras.
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This system captures a Multiview video sequence. The Multiview Video Sequence can be

simply represented in Figure 1.1.

After generating those multiview video sequences, system will encode and transmit those

video data to the receiving side. Decoder at the receiving side receives all this encoded

bitstream and decodes them into different scenarios. Finally the rendering module generates

a 3D represented video and presents this video to the viewer. The whole system is illustrated

as in Figure 1.2

Figure 1.2: Multiview representation system.

1.2 Multiview Video Coding Technology

Using Multiview Video Sequence to transmit to the customer is a direct method in 3DTV

broadcast system. The principle of encoding a set of Multiview Video Sequences is quite s-

traight forward. It is by encoding all the video sequences of different view positions indepen-

dently using the state-of-art codec algorithms such as H.264/AVC. However, the Multiview

Video Sequences contain large amounts of inter-view dependence. The relative position of

these cameras is fixed. This feature can be exploited for an encoding strategy combined of

temporally and inter-view prediction. This encoding strategy is illustrated in Figure 1.3.

As illustrated in Figure 1.3, B-frames are not only predicted from temporally neighboring

frames but also from adjacent view frames at the same time. It has been proved that using

this method can get a significant compression rate improvement [2][3]. Thus compared to

the direct “encode all the video sequences independently” coding scheme, the coding scheme
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Figure 1.3: Multiview Video Coding (MVC) scheme.

of MVC only needs to encode the I-frame, the motion vector and the disparity vector. This

method significantly reduces the number of bits that are used to encode the Multiview Video

Sequence.

Even though these state-of-art MVC algorithms can achieve a relatively higher coding

efficiency compared to the direct “encode all the video sequences independently” way, the

compression cost and complexity are still very high. Thus an alternative represent method is

introduced to represent the 3D video or image. That is using associate data such as depth data

to present the locations of the objects. In the transmitting procedure, system only needs to

transmit the original video sequence and its corresponding depth data. The stereo video can

be reconstructed from the video and the depth data at the receiving terminal. The depth data

is stored as a grey level image which varies from 0 to 255. Because it only shows the distance

information of the target object to the viewer’s position, it has no relation to the texture of the

object. This feature of the depth map makes high compression rate possible.

Several algorithms have been developed to efficiently compress the depth information.

The European ATTEST project, which is stands for the Advanced Three-dimension Televi-
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sion System Technologies, has proved that the depth data can be very efficiently compressed

if embedding the depth data into the luminance channel of the video stream [4]. According

to Smolic’s conclusion [1], only 10% to 20% of the bit rate which is necessary needed to

encode the color video is sufficient to encode the depth. An algorithm using depth-image-

based rendering (DIBR) was proposed in 2004 by Fehn [5]. In his paper he also introduces

the advantages over the classical approach of the stereoscopic video.

The earliest proposed algorithms encode the depth map data using the general video codec

such as MPEG-4 or H.264/AVC. In 2005, Morvan et al. proposed a novel coding technique

specific designed for depth images [6]. Depth image has a very important feature that the

value of each pixel has no relation to the texture of the object at the same pixel. So even

the original image could contain complex texture, its corresponding depth map can be very

simple, as shown in Figure 1.4(a) and Figure 1.4(b).

(a) Color image:Venus (b) Depth image:Venus

Figure 1.4: Color image and its corresponding depth image.

We can notice that the original Venus image is made up with several newspapers and

magazines, and the texture of this image is very complicated. But even though the texture

on the newspaper and magazine is so complicated, the generalized depth image can be easily
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divided into four main parts, two for the newspaper and magazine in the front, one for the

background and one for the left part of the image. And for all four parts, it does not contain

complex texture information such as the pictures or scripts on the newspaper. Thus the depth

image is relatively simpler than the original image. Encoding the depth image can achieve

higher efficiency than encoding the original image. By using this feature we can find an

algorithm which is specifically designed to depth map and achieve a high compression ratio.

Another important feature of the depth data is that the depth image is linearly varied from

the background to the foreground. This makes modeling the signal using piecewsie linear

function possible. In 2005, Morvan divided the depth image with a quadtree decomposition

principle and used functions selected from an independent linear function set to model each of

the subdivided blocks. Morvan further developed his coding strategy in 2006 by introducing

arithmetic coding technology into his previous work [7]. Generally the result of his coding

algorithm outperforms a JPEG-2000 encoder by 1-2 dB.

Obviously Morvan and his work had shown a new direction in depth image coding aspect.

Compared to other depth image coding scheme, Morvan’s platelet based coding scheme uses

the maximum statistical property of the depth map. Also his coding scheme can outperform

the JPEG-2000 encoder at all level of the compression rate, while most of the other proposed

depth map coding schemes cannot achieve such stability. Morvan’s platelet based coding

scheme can be considered as one of the most efficient coding schemes in depth image coding.

However there still exists some disadvantages in Morvan’s algorithm.

• First of all, in order to reduce the algorithm complexity, Morvan uses straight line to

subdivide a complex block. This compromises the preservation of edge information of

the reconstructed depth image. We can see in Figure 1.5(b), the ears of the teddy bear

have been reconstructed as an artificial triangle. Even though the PSNR value of this

reconstructed image is very high, less accuracy of object’s edge such as this could still
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cause serious quality loss in the rendered image or video in the rendering procedure of

this 3D image or video.

(a) Teddy:Original (b) Teddy:Decoded

Figure 1.5: Groundtruth depth image and its decoded image by Morvan’s scheme [7].

• Secondly, when searching the separating lines of each block, Morvan uses an exhaus-

tive searching method. Exhaustive searching means system will test every possible

combinations of the two points on the edge of the block to form the separating lines,

and selects the best combination that fits the actual division of the block. For an input

block with size of 16 × 16, exhaustive searching equals to 120 iterations of the test-

ing procedure. The number grows even larger when the size is bigger. This searching

method enlarges both the complexity and operation time of the algorithm.

In order to improve the performance of Morvan’s work, we choose to use his work as the

basis and try to solve those disadvantages. After studying the scheme proposed by Morvan,

we found that those two disadvantages are caused by using the straight line to separate a com-

plex block. In 2011, Guo et al. published her research result showing that using quadratic

curve instead of straight line in compressing the haptic data can reach a higher compression

rate and accuracy [8]. Haptic data is more complex than the separating information in the

depth image. Thus we were wondering if Morvan’s original work could be improved by
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using quadratic curve fitting instead of straight line in his original scheme. After conduct-

ing several experiments using the new scheme of the quadratic curve fitting technology and

platelet based coding technology, we proved that Guo’s research can also be effective in depth

data compression.

1.3 Contributions of This Thesis

In this thesis, we first introduce the platelet based compression method proposed by Morvan

in 2006, and then we make an implementation of his scheme according to our understanding.

Morvan does not mention any detailed description of implementation in his original paper,

so our work makes contributions by analyzing each techniques he proposed and explaining

how to implement each step of his scheme. In the first part, we will give a clear explanation

of how each step affects the implementation result, how to set and adjust the parameters and

what we will do to deal with some specific situations.

Then we will also propose our compression method based on platelet coding and quadrat-

ic curve fitting technology. In our scheme, an automatic method based on platelet coding and

quadtree decomposition principle is introduced. We use edge detection instead of exhaustive

searching to get the edge information of each target block. This can significantly reduce the

time consumption of the algorithm. And we apply quadratic curve instead of straight line to

fit the extracted edge information. This can achieve a better preservation of edge information

compared to Morvan’s work. In addition, when compared to Morvan’s scheme, our proposed

scheme can also achieve a higher PSNR value at the same compression ratio.

The performances of our proposed scheme are impressive. From the experimental result

we can see that our proposed compression scheme can compress the depth image at high

compression ratio while remaining high quality. The final results of our proposed scheme
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shows the higher compression efficiency, the better preservation of the silhouette of the depth

information, and a faster operation time cost.

We believe further development of our proposed platelet based coding scheme could

achieve higher compression efficiency and faster operation time. We hope our work could

provide enough support to make the platelet based coding method to be used in high quality

real-time 3D video coding.

1.4 Thesis Structure

The rest of this thesis is organized as follows. In Chapter 2 we will introduce the curren-

t development and recent technology of the 3D compression technology; In Chapter 3, an

introduction to the platelet-based coding method will be presented; Chapter 4 describes our

proposed platelet coding scheme using quadratic curve fitting technology; Chapter 5 illus-

trates our experimental results, analyses of our proposed scheme and gives comparison to the

original scheme; Chapter 6 concludes the thesis and gives some suggestions for our future

work.



Chapter 2

Literature Review

2.1 Multiview Video Coding Technology

3D video compression technology focuses on improving the coding efficiency and the bi-

trate control technique of the compression algorithm. Several algorithms of Multiview Video

Coding have been introduced to improve the compression efficiency and lower its complexi-

ty. The advantage of Multiview Video Coding technology is that it is based on the standard

video compression schemes such as H.264/AVC or MPEG-4. The multiview video sequence

can be treated as a set of several video sequences of cameras shooting the same object at the

same time but with the different position. So the statistical features of each video sequence

could be studied in order to improve the coding efficiency.

During the year 2006 and 2007, several research groups developed inter-view/temporal

prediction structures to exploit all the statistical dependencies within the multiview video se-

quences so that they can make improvements on the performance of the MVC coding scheme.

Most of their approaches are based on H.264/AVC video coding standard.

In 2006, Kalva et al. proposed a 3DTV video system based on H.264 view coding [9][10].

10
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Similar scheme can also be found in Bilen’s work [11]. Socek et al. presented an alternative

way to transform coding and arithmetic coding used to code motion compensation residu-

als in H.264/AVC to decrease the encoding and decoding complexity [12]. Schwarz and

his group investigated the H.264/MPEG4-AVC coding with hierarchical B-pictures and pro-

posed a motion-compensated temporal filtering based coding scheme. Their scheme could

achieve the structure coding gains of 1 dB at the expense of increasing coding delay [13].

Also two Korean researcher Oh and Ho proposed a novel lattice-like pyramid GOP structure

based MVC coding scheme in 2006, their scheme performance also has about 1 dB gain

compared to the H.264 anchor coding scheme [14]. These algorithms are all based on the

H.264/MPEG4-AVC syntax and proved to have a better performance. Because all of those

coding schemes are based on research result of the statistical dependencies between temporal

and inter-view pictures, the achievable gain of those schemes strongly depends on the content

and some experiment properties such as camera distance, frame rate and complexity of the

content.

In 2007, Merkle et al. proposed a similar compression scheme to achieve high com-

pression efficiency [15]. His compression method is developed from the multiple reference

picture technique in the H.264/AVC video coding standard. Merkle’s proposed scheme ex-

ploits the statistical dependencies from both temporal and inter-view reference pictures for

motion-compensated prediction. Average gains of 1.4 dB PSNR are reported by implement-

ing Merkle’s coding scheme. His scheme then was selected as the MVC standardization

draft.

Other approaches focus on improving the motion estimation and disparity estimation al-

gorithms to reduce the compression time. Disparity estimation illustrates the relation between

different adjacent cameras. A fast motion estimation method is introduced by Li et al. in 2008

to reduce the estimation complexity and coding operation time [16]. Shen et al. studied the
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complexity of the disparity vector estimation and built up a view-adaptive estimation scheme

to save estimation time [17]. Its experimental results show although a small loss is occurred

on the PSNR value of the reconstructed sequence (average 0.04 dB loss), this algorithm can

significantly reduce the encoding time by 86% on average.

In recent years, research on the Multiview Video Coding technology focuses on the Scal-

able Multiview Video Coding technique. The SMVC is developed based on the view scal-

ability that enables the multiview video coding bitstream to be displayed on a multitude of

different terminals and transmitted over network with varying performance attributes. Early

research in this aspect is made by Japanese researchers. Shimizu et al. proposed a view scal-

able multiview video coding using 3D warping with depth map in 2007 [18]. Their proposed

scheme uses techniques from the field of image-based rendering to predict the target pictures.

The experimental results showed that the proposed scheme can achieve about 40% bit reduc-

tion. Garbas and Kaup showed their interest in enhancing coding efficiency in spatial scalable

multiview video coding with wavelets [19]. They proposed a scheme that first uses motion

compensated temporal filtering and disparity compensated view filtering to de-correlate the

multiview data, and then applies a spatial wavelet transform for the spatial decorrelation.

They can enhance the quality of the reconstructed video by up to 3 dB. In 2010, Zhang et

al. proposed a new joint multiview video coding scheme by combining the Scalable Video

Coding standard with the MVC standard together [20]. The scheme can achieve about 10 to

20% saving bitrate compared with conventional MVC-based coding scheme.

Recent MVC technology has achieved a good performance in keeping a high compression

efficiency. However, due to the development of the depth capturing technology, the captured

depth data contains more accurate location information, and more efficient coding schemes

based on encoding the depth information have been proposed.



Chapter 2. Literature Review 13

2.2 Depth Map Coding Technique

As we have introduced in the first chapter, other approaches on efficient 3D video data cod-

ing without using MVC coding scheme focus on finding an efficient way to encode the 3D

associate data such as the depth data.

The depth data contains information that directly shows the distance of the target pixel

to the viewer’s position. The value of the depth data is stored as a grey level image that

varies from 0 to 255. This feature allows some specific coding schemes of grey level image

to be applied to encode the depth data. Those schemes are designed to achieve high efficient

coding performance. Compared to the performance of the MVC technique, depth map coding

technique could be more efficient and adaptive.

During coding the depth map image, several important features of the depth map should

not be forgotten. First the depth maps have large homogeneous regions within scene objects.

The other important feature is that at object boundaries, the grey value of the depth could be

sharply changed [21]. In the procedure of 3D image rendering, one key factor that affects the

quality of the rendered image is the accuracy of its corresponding depth map. It is because

the depth information shows the exact location information of this 3D image. This means

in a depth signal, the high frequency signal is as important as the low frequency signal and

should not be omitted in the compressing procedure.

Early proposed algorithms used to encode the depth map data are still based on standard

codec such as JPEG-2000 for still images and MPEG-4 or H.264 for video. For a 3D video

with depth data sequence, its relative depth data could be treated as an independent and

simpler video sequence. Thus we can use existing video codec structure to encode the depth

data sequence. How to find an efficient way to encode the whole depth data sequence then

becomes equivalent to finding an efficient way to encode the intra-frame of the depth data
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sequence. First attempts are made by using JPEG-2000 compression scheme.

Early in 2001, Krishnamurthy et al. proposed a compression and transmission scheme of

depth map for image-based rendering [22]. However, the compression performance improve-

ment of their coding scheme was limited compared to the standard JPEG-2000 encoder. The

average improvement in terms of PSNR could reach 1.1 dB. They made two improvements

in their proposed coding scheme. One is using region-of-interest coding to obtain more accu-

rately depth information, the other is reshaping the dynamic range of the depth map to reduce

the errors in the areas of smaller depth. They also made the contribution of integrating their

research result into a standard JPEG-2000 decoder.

The European ATTEST project is initiated to design a backwards-compatible, flexible and

modular broadcast 3D-TV system in 2002 [23]. The projects ends in 2004 with proposing

a multi-use 3D video processing chain. Some accurate 3D rendering technology have also

been proposed. For example in 2004, Fehn proposed a depth map encoding and rendering

based 3DTV technique [5].

More approaches in this direction have been proposed recently. In 2011, Fan et al. pro-

posed a new approach to 3D depth map motion estimation and compensation for 3D video

compression. Their work achieves a good performance in compressing 3D video with the

format of signal view plus depth data [24]. Last year, a novel rate control technique is pre-

sented by Liu et al. to accurately control the bitrate in order to satisfy the requirement of

different 3D-video systems [25].

In 2005, Morvan et al. introduced a novel platelet based coding scheme specificly de-

signed for the depth image and improved the coding efficiency compared to the traditional

JPEG-2000 encoder [6]. In 2006 he went further to achieve an improvement of 1-2 dB com-

pared to the JPEG-2000 encoder [7].

Morvan’s work is based on a quadtree image segmentation technique and use the advan-
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tage of the feature of the depth image that it contains large homogeneous regions within scene

objects. This innovative attempt starts a new method to efficiently code the depth image. Re-

cent years, those researches on image segmentation based compression of the depth image

have reached great compression efficiency.

Zanuttigh and Cortelazzo proposed a similar image segmentation based compression

scheme in 2009 [26]. They can reach an improvement of 3-5 dB for medium-high bitrates

when compared to the standard JPEG-2000 scheme. And their proposed scheme not only

offers the significant gain over JPEG-2000 but also produce high quality depth map without

edge artifacts. However, their coding scheme still has limitations at low bitrates. In 2010,

Graziosi et al. proposed an improved compression scheme using multiscale recurrent pattern

image coding technique, which can significantly improve the PSNR for some specific depth

image [27]. In one test image, their proposed scheme could reach a 10 dB improvement in

PSNR compared to standard coding schemes. However this excellent performance could not

be generally achieved. In some other experiments conducted by them, the performance of

this scheme is not so excellent, the improvement is less than 1 dB in PSNR. In 2012, a faster

compression scheme based on Morvan’s work is presented by Sebal et al. [28]. Sebal rises

the searching speed of the boundary in the depth map by using the edge detection technique.

His proposed scheme shows significant gain in shortening the encoding delay of the whole

coding process. However it also sacrifices the coding efficiency. Compared to Morvan’s o-

riginal scheme, Sebal’s scheme could be about 2 dB less when it encodes the depth image at

the same bitrate.

Other approaches to improving the quality of depth data have also been made. In 2009,

Sarkis and Diepold proposed a new scheme based on compressed sensing data to compress

the depth map. This scheme preserves the sharp edge of the depth map and ensures the

smoothness elsewhere [29]. Their proposed scheme leads to lower error rate at high com-
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pression ratio when compared to the traditional JPEG or JPEG-2000 standard image coding

scheme. Last year, De Silva et al. studies the method to minimize the compression artifacts

which are caused by using existing codecs. By using an adaptive bilateral filtering technique

at the decoder to pre-process the compressed depth image, the scheme successfully mini-

mizes the artifact caused by those codecs. The average quality improvement compared to the

state-of-art technique could reach up to 1.7 dB [30].

After comparing those proposed depth image compression schemes, we found that the

performance of the scheme proposed by Morvan is most stable and efficient under most of the

conditions. Zanuttigh’s scheme does not perform well in low bitrate condition and Graziosi’s

work cannot be effective on every image. Thus we select to improve Morvan’s scheme to

seek further improvement.



Chapter 3

Platelet-based Coding Method

This chapter describes the principles and implementation of Morvan’s scheme. Morvan’s

research studies the unique feature of depth image compared to normal gray level images.

His experimental results show that the platelet-based coding method is a very efficient way to

encode the depth image. His implementation provides us a better understanding of the depth

image compression technology.

Morvan’s scheme mainly consists of three important principles: the Rate-Distortion Op-

timization, the platelet-based modeling and the quadtree decomposition. Generally Morvan

used quadtree decomposition to decompose the input depth image into several sub-blocks.

And for each sub-block Morvan assigned a best modeling function choosing from a preset

modeling function set. The total number and size of the sub-blocks were decided by the

Rate-Distortion Optimization. All these three technologies will be introduced in detail one

by one in this chapter. In this thesis, we use the depth image called Teddy as Morvan used in

most of his papers. The size of this depth image is 450× 375, and we pad it to 512× 512 for

easier quadtree decomposition.

The Rate-Distortion Optimization method we use is based on the principle for indepen-

17
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dent condition, which is first introduced by Ortega and Ramchandran in 1998 [31]. We

consider our optimization problem as independent case because the selection of modeling

function in each block has no relation with other blocks. And in the quadtree decomposition

procedure, we also make some adjustments to reduce the number of iterations needed in the

whole decomposition procedure.

3.1 Rate-Distortion Optimization

The system Rate-Distortion Optimization method for image and video compression was first

introduced by Ortega and Ramchandran in 1998 [31]. In Ortege’s paper, he illustrated varies

kinds of Rate-Distortion Optimization methods for all kinds of possible data sets. He divid-

ed the optimal problems into two categories: the independent problems and the dependent

problems.

In the independent case, the rate rij and the distortion dij can be measured independently

for each coding unit. That is the rate and distortion result of coding one sub-block i has no

relation to affect the result of coding another sub-block i+1. One example of the independent

Rate-Distortion Optimization case is DCT image coding. When allocates bits to different

blocks in the DCT image coding scheme, each block is individually quantized and entropy

coded, the coding result of one block will never affect the coding result of other blocks.

Obviously our platelet based coding scheme models each single block independently, the

results of our modeling operation on block A will never affect the result of modeling block

B. Thus we consider our platelet based coding scheme as the independent case. In this thesis

we will focus on demonstrating the optimization method used for the independent case.

While in the dependency case, the prediction of each coding unit may depends on other

coding units. The specific relation between each coding units can be different. For example,
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if we assume that each coding unit i is predicted from its previous coding unit i − 1, then

when we build the predictor for this case, we need to use the past quantized data such as the

prediction result of unit i − 1. The dependent case is also widely considered. For example,

when we consider the optimization method for some classic statistical condition such as the

Markov chain, we need treat it as the dependent condition.

As illustrated in this thesis, the coding rate and distortion are measured independently

for each block, so we will only discuss the Rate-Distortion Optimization problem under the

independent case in this thesis. Further information for dependency optimization problems

can be found in Ortega’s paper [31].

Back to the independent case, the only fact that can change the optimization operation

is the different constraint conditions. It is obvious that the constraint condition could vary

depending on researcher’s requirements. There always exists a storage constraint optimiza-

tion problem when researching a new compression scheme. When optimizing a compression

problem, the compression rate of a scheme is constrained by the maximum number of bits

that can be used in this scheme. Then we can consider total number of bits available as the

budget R of the optimization problem. So what we need to consider in this case becomes how

to distribute those limited bits into different coding units while minimizing the overall distor-

tion. It brings us a more specific optimization problem in optimizing compression problem -

the budget constrained allocation problem.

3.1.1 Budget Constrained Allocation

Typically the budget constrained allocation problem can be re-stated in mathematical way as

follows.

To find an optimal quantizer, or operating point, x(i) for each coding unit i so that
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N∑
i=1

rix(i) ≤ R, (3.1)

and some metric for the distortion of each block f(d1x(1), d2x(2), . . . , dNx(N)) is minimized

[31]. For each coding unit i, its optimal quantizer could be and only be one. So if we consider

x is the set of optimal quantizers, x(i) is representing the operating quantizer which is chosen

for unit i. Thus in Equation (3.1), rix(i) is representing the bitrate and dix(i) is representing

the distortion for each coding unit i at this optimal quantizer x(i). R is representing the

maximum number of bits can be used (budget).

The metric for the distortion of each block can be different considering user’s require-

ments. For example, if we are interested in minimizing the overall distortion of the target

signal (noted that the signal could be a voice, a video or an image, etc., but in our thesis we

mainly focus on solving the optimizing problem of an image signal), we can have a metric

like this:

f(d1x(1), d2x(2), . . . , dNx(N)) =
N∑
i=1

dix(i). (3.2)

Or if we are just interested in minimizing the maximum distortion of each sub-block, Equa-

tion (3.2) can be changed into:

f(d1x(1), d2x(2), . . . , dNx(N)) = max
i=1:N

(dix(i)). (3.3)

In both Equation (3.2) and Equation (3.3), dix(i) is representing the distortion of each

coding unit i. The optimal approach of using Equation (3.2) is called the minimum average

distortion problem (MMSE). Some of the most widely used measurements such as PSNR can

be considered as this kind of approach. The MMSE approach optimizes the overall perfor-
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mance of the target scheme. The optimization results of this approach show the best quality

under the restrict of certain number of bits. Other compression schemes also use Equation

(3.3) to encode the image, such as Schuster’s work in 1997 [32][33]. Those approaches are

called the minimax approach (MMAX). The MMAX approach optimizes the scheme by com-

paring the best result each different method can reach. The optimization results of this kind

of approach show the best quality the target scheme could reach. Those two optimization

approaches are simple and most widely used in the optimization problems under independent

case.

As an extension to the MMAX approach, lexicographically optimal (MLEX) approach-

es which compare two solutions by sorting their distortion or their quantization indices are

proposed [34]. This kind of method first considers which quantizer can get the minimum dis-

tortion and then sort the quantization indices of all the coding units from largest to smallest

(consider the smaller the quantizer is, the finer the distortion is). Then it compares the sorted

lists of these quantizers. We say that the one presented by the smallest “NUMBER” is the

best solution in the MLEX approach.

For example, for each of the 4 coding units, we have four quantizers 1, 2, 3 and 4 to encode

them. Then we have the following two allocations (2, 1, 3, 4) and (3, 2, 3, 3). So after sorting

those two allocations we obtain the rearranged lists (4, 3, 2, 1) and (3, 3, 3, 2). Obviously

3332 < 4321, which gives us the conclusion that the second allocation is better than the first

one in the MLEX approach. This kind of approach considers not only the encoding cost, but

also the global distortion it may reach. In some circumstances it can successfully avoid some

redundancy of the bit allocation by some global assignment methods. As we just mentioned

in this MLEX approach, the encoding cost of a “3332” distortion blocks may be smaller than

the cost of the “4321” distortion blocks, even though in the MMSE approach the “4321”

shows a better distortion.



Chapter 3. Platelet-based Coding Method 22

3.1.2 Lagrangian Optimization

In our platelet based scheme, the most important factor to be considered are the accuracy

and quality of the overall reconstructed depth image. Thus the MMAX approach which only

illustrates the best quality one method could reach is not fit for our requirement. In fact, a

classical solution for the budget constrained allocation problem described in Equation (3.1) is

introduced even earlier than the time when the MMAX or the MLEX constrained conditions

are begun to be considered. It was first introduced by Everett in 1963 [35]. His solution was

based on the discrete version of Lagrangian optimization method. After being proposed, this

optimization method has been used by numerous number of authors. In this section we will

describe how this Lagrangian optimization scheme works.

Everett’s basic idea is as follows. He introduces a non-negative real number Lagrange

multiplier λ ≥ 0 to the Lagrangian cost function

Jij(λ) = Dij + λ ·Rij, (3.4)

where Dij stands for the distortion of reconstructed block i when using the quantizer qj and

Rij stands for the corresponding bitrate it use under this condition.

The rate-distortion location of each quantizer for a coding unit i is clearly shown in Figure

3.1. The dash lines shows a “plane wave” of slope λ from left to right. So the procedure

of minimizing the Lagrangian cost function Equation (3.4) can be equivalent to finding the

point in this R-D characteristic plane that is “first hit” by this wave. The final result (which

quantizer should be chosen) is clearly shown in the figure.

There also exists an extreme condition when λ = 0. Under this condition the Lagrangian

cost function in Equation (3.4) is changed to Jij(0) = Dij . This is equivalent to minimize

the distortion only. As condition changes, the optimal result also changes. For example, if
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Figure 3.1: Rate-Distortion location of each quantizer for a coding unit i.

the four quantizers are still located at the same place in Figure 3.1, the best quantizer that

minimize our new Lagrangian cost function should be chosen as the point closest to the Rate

axis instead of the “Min(D+λ ·R)” point. And conversely, minimizing the Lagrangian cost

function when λ becomes arbitrarily large is equivalent to minimizing the rate, i.e. selecting

the point closest to the Distortion axis in Figure 3.1.

If the optimal quantizer x(i) of each coding unit i = 1, 2, · · · , N in this Lagrangian

optimization method minimizes the expression:

N∑
i=1

dix(i) + λ · rix(i), (3.5)

where λ represents the Lagrangian Multiplier, this quantizer set x(i) is also the optimal so-

lution to the budget constrained problem in Equation (3.1). The total budget RT in this
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condition is the sum of the bitrate of those coding units, it can be expressed by Equation (3.6)

RT =
N∑
i=1

rix(i). (3.6)

This Lagrangian optimization method could constrain the global distortion of the whole

coding object. The maximum global distortion will be no more than the sum of distortion of

each coding units.

Using this classical solution based on Lagrangian optimization can successfully minimize

the compression cost when the distortion is constrained.

In our proposed platelet coding scheme, this Lagrangian cost function (Equation (3.4))

is used when decompose the target image. During the quadtree decomposition step, the

Lagrangian cost function is used as the necessary and sufficient condition in deciding whether

the inputting block should be decomposed or not.

3.2 Platelet-based Fitting

Due to the feature that the grey value of the depth map has no relation to the texture of the

objects and the feature of perspective, we can use a novel way instead of traditional MPEG-4

or H.264/AVC video coding method to encode the depth data.

All the functions used in this platelet based modeling scheme can be categorized into two

classes: a class of piecewise-constant function and a class of piecewise-linear functions. First

of all, the piecewise-constant function can be used to model some flat surfaces in the depth

image. Those flat surfaces are used to indicate that this part of object is located with the same

distance to viewer’s position. The second class of functions can be used to approximate other

regions which contain smooth change of the grey value. If the target block can be modeled

by any function from those two classes, it can be represented by just a few coefficients. By
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combining the modeling functions in this section and the Lagrangian optimization method

introduced in the last section, we can efficiently decompose the depth image by a quadtree

decomposition technique.

In this framework we use four modeling functions to predict the input block. Described

as follows:

• Modeling Function f̂1: Use a constant function to approximate the block

• Modeling Function f̂2: Use a linear function to approximate the block

• Modeling Function f̂3: Divide the block into two regions and approximate each region

with a constant function (wedgelet function)

• Modeling Function f̂4: Divide the block into two regions and approximate each region

with a linear function (platelet function)

Note that in this thesis, our main improvement compared to Morvan’s scheme is using a

quadratic curve instead of a straight line to represent the separating line in modeling function

f̂3 and modeling function f̂4. In order to illustrate how these modeling functions work in the

implementation, we will use Morvan’s scheme to demonstrate the framework in this section.

Later in the next chapter, we will introduce our method’s advantage and difference compared

to Morvan’s scheme.

3.2.1 Modeling Functions

The first modeling function f̂1 can be used to approximate some smooth blocks. The model-

ing function can be simply represented as a constant function f̂1(x, y) = α0.
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The second modeling function f̂2 is also used to approximate a smooth block. The differ-

ence between function f̂2 and function f̂1 is that function f̂2 use a piecewise-linear function

to approximate the block. Modeling function f̂2 can be represented as

f̂2(x, y) = β0 + β1x+ β2y, (x, y) ∈ Block, (3.7)

where {β0, β1, β2} represents the coefficient value of this modeling function. When it comes

to a more complex condition, i.e. the target blocks include boundaries or edge, the third

modeling function and the fourth modeling function can be used to model the input blocks.

When using the third modeling function to model the input blocks, the block is separated into

two regions A and B by a straight line. The sub-division line can be decided by listing all the

possible lines in this block, then choosing the best one that can fit the boundary of the two

regions.

Figure 3.2: Illustration of how to represent the separating line.

For example, as illustrated in Figure 3.2, first of all, the system will label all the pixels

located on the edge of the block one by one in a clockwise direction. Then it will choose two
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pixels to form a separating line. Figure 3.2 shows how the separating lines would be when

choose the combination of pixel 5 and 21 (straight line), or the combination of pixel 3 and

18 (dash line). The system only chooses one combination at one time. Obviously at this time

the best combination fits the edge of the two regions is (5, 21. So when the system chooses

the combination of (3, 18), it will move forward to test the next possible combination. This

process will be stopped only after exhaustively searching all the possible combinations and

finding out the best combination which fits the edge.

After determining the separating line, system will apply the first modeling method to each

region of the block. The final modeling function can be represented as:

f̂3(x, y) =


f̂3A(x, y) = γ0A if(x, y) ∈ A

f̂3B(x, y) = γ0B if(x, y) ∈ B
. (3.8)

where {γ0A, γ0B} represents the coefficients used to model each sub-region A and B by this

function. Equation (3.8) is called the wedgelet function, it can be used as the third modeling

function in this scheme.

Similar to the wedgelet function, if applying the second modeling function f̂2 instead of

the first modeling function f̂1 to each region of the block, the final modeling function can be

represented as:

f̂4(x, y) =


f̂4A(x, y) = δ0A + δ1Ax+ δ2Ay if(x, y) ∈ A

f̂4B(x, y) = δ0B + δ1Bx+ δ2By if(x, y) ∈ B
(3.9)

where {δ0A, δ1A, δ2A} and {δ0B, δ1B, δ2B} represent the coefficients used to model each sub-

region A and B, respectively. That gives us the fourth modeling function, platelet function.

Equation (3.9) shoes the platelet function. It can be used as the last modeling function in this
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scheme to model the most complicated condition.

Finally, in order to give a full understanding of those four modeling functions, Figure 3.3

shows the examples of these functions.

(a) Function f̂1 (b) Function f̂2 (c) Function f̂3 (d) Function f̂4

Figure 3.3: Examples of those four modeling functions.

It is clear that for a certain input block, the reconstructed results of using those four

different modeling functions are different. The coding scheme selects the modeling function

based on only one rule. That is, the least bit cost is used to achieve the best quality.

After modeling the depth image block by block by using these modeling functions, the

depth image can be represented only by the coefficients of those functions. The encoder only

needs to encode the coefficients.

3.3 Quadtree Decomposition

In this section we will provide detailed information about how to implement the quadtree

decomposition by using the optimal solution introduced in section 2.1. After implementing

the quadtree decomposition, we can obtain an optimal result of several sub-blocks. The

size of each sub-blocks are not the same, but each of them has been assigned to one of the

modeling functions best fits the rate-distortion condition. Then those decomposed blocks will

be sent to the encoder.
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The most commonly used quadtree decomposition technique is called the bottom-up tree-

pruning technique. This technique is proposed by Chou et al. in 1989 [36]. Detailed imple-

mentation method can be described like a true tree-pruning procedure. In our implementa-

tion we reverse the whole procedure to make the “pruning” technique becomes a “sprouting”

technique. The principles of these two techniques are the same, so in this section we will in-

troduce the principle of the pruning technique and at the end of this section we will introduce

the difference between the pruning technique and the sprouting technique.

3.3.1 Pruning Technique

The pruning technique first fully segments the target image into a pixel level quadtree de-

composition. All the segmented blocks have the same size of 1 × 1. Then the quadtree

decomposition module will prune the nodes in this fully quadtree level by level to obtain an

optimal quadtree decomposition of this image.

Figure 3.4: Illustration of the bottom-up pruning technique.

This technique is applied from the bottom of the tree to the top. As illustrated in Figure

3.4, the algorithm can be described by the following steps:

1. Choose four children nodes Nc1, Nc2, Nc3 and Nc4 generated by the same parent node



Chapter 3. Platelet-based Coding Method 30

Np.

2. For each child node a Lagrangian cost (DNck
+ λRNck

), k ∈ 1, 2, 3, 4, is calculated.

Similarly the Lagrangian cost of the parent node, DNp + λRNp , can also be calculated.

3. Compare the Lagrangian cost between the children nodes and the parent node. The

four children node should be pruned if the sum of the four coding cost functions is

higher than the cost function of the parent node. That is the children nodes we choose

this time should be pruned when the condition in Equation (3.10) is met

4∑
k=1

(DNck
+ λRNck

) > DNp + λRNp . (3.10)

The pruning procedure is designed as an iteration procedure starting from bottom to top.

Note that during the iteration, if the selected node keeps its children nodes, then this node

and its parent node will not be considered any more in the following iterations. Using this

principle can significantly reduce the calculation time and cost. Finally one example of the

pruned quadtree and its corresponding decomposition result of the target block are shown in

Figure 3.5.

3.3.2 Sprouting Technique

The “sprouting” technique we used in this thesis uses the same principle illustrated in the

previous section. The differences between implementing a sprouting technique and a pruning

technique are as follows:

1. System selects one node as the parent node in one iteration, the corresponding children

nodes of this selected node are then generated by the system temporarily. After gen-

erating those children nodes, the system will judge if the children nodes can be kept.
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Figure 3.5: Pruned Quadtree and its corresponding decomposition result of the target block.

If and only if their Lagrangian cost fit the new judging equation described in Step 3 of

this section, the children nodes can be kept;

2. Instead of applying a bottom-up iteration, the sprouting technique iterates from top

level to the bottom level. For example, as illustrated in Figure 3.5, the iteration will

start from Level 1 to Level 4;

3. After we calculate the Lagrangian cost value of all the parent node and children nodes,

the children nodes can be kept if Equation 3.11 is met

4∑
k=1

(DNck
+ λRNck

) ≤ DNp + λRNp ; (3.11)

4. If the selected node does not generate children nodes during an iteration, then in the

next iterations this node or its corresponding children nodes will no longer be consid-

ered as a parent node.
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Even though the sprouting technique and pruning technique are different, the optimal

pruned tree we get from both techniques can be the same. The advantage of the sprouting

technique is that it requires less memory to store temporary data during the implementation.

Because the pruning technique is a bottom-up procedure, initial iterations require relatively

more memory to store the information of nodes.

For example, when applying pruning technique to a full quadtree to get a pruned tree like

Figure 3.5, the algorithm requires information of all 64 nodes of Level 4 as children nodes

and all 16 nodes of Level 3 as parent nodes during the first iteration. So in order to implement

the first iteration, pruning technique requires a minimum memory for storing 64 + 16 = 80

nodes. During the next iteration we need 4 nodes of Level 3 as children nodes and 1 node

of Level 2 as the parent node. The pruning technique does not require extra memory to store

these nodes in this iteration. Thus the minimum memory requirement for pruning technique

is 80 nodes. However, if we apply the sprouting technique, the first iteration of Level 1 needs

information of only 1 node, the second iteration of Level 2 needs 4 nodes, the third iteration

of Level 3 needs 12 nodes. The total memory requirement is just 1 + 4 + 12 = 17 nodes.

During each iteration of implementing the quadtree decomposition by sprouting tech-

nique, each node of the current level has two status, one is the node needs to be further split

and the other is it does not need to. Only the nodes do not need to be further split are our

interested ones and need to be stored in the final result.

So after each iteration we only store the nodes labeled with “no-further split” tag to the

final split result. Using the example pruned-tree in Figure 3.5, after first iteration only node

No.21 is labeled with “no-further split” tag, so our algorithm will restore the information of

block node 21 represented in the image (block size and upper-left point location).

An example of the fully optimized pruned quadtree of the Teddy image is shown in Figure

3.6. The Lagrangian Multiplier λ we choose in this condition is 100.
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Figure 3.6: Split Teddy image at Lagrangian Multiplier value of 100.

For different Lagrangian Multiplier, the split results are different. The higher the value of

the Lagrangian Multiplier is, the less the total number of the nodes of the optimized pruned

tree has. In conclusion, by controlling the Lagrangian Multiplier, we can control the quality

and size of the reconstructed depth image.



Chapter 4

Quadratic Curve Fitting based Platelet

Coding Scheme

In this chapter we will describe in detail our proposed coding scheme based on quadratic

curve fitting technology. According to Guo’s research, using quadratic curve to fit the haptic

data can improve data reduction rate and signal approximation precision [8]. This supports

our goal to achieve a better preservation of the edge information of each block of the depth

image. Also Guo’s research supports one conclusion that when using quadratic curve to fit the

target data, the number of curve segments will be less compared to the number of segments

of using traditional straight line.

4.1 Algorithm Summary

Our proposed scheme uses these two advantages of quadratic curve fitting technology. This

new proposed platelet coding scheme is based on the original scheme proposed by Morvan.

The detailed encoding steps can be represented as the follows:

34
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1. The two inputs to this scheme are, the depth image that needs to be encoded and a

weight factor λ. This weight factor λ is used to indicate how important the compression

rate R is in the Lagrangian cost equation. As illustrated in Section 2.1.2, if λ = 0, the

Lagrangian cost based optimization will only minimize the distortion. As the value

of λ becomes larger, the optimizer will consider the effect from the compression rate

more.

2. Decompose the input depth image by using quadtree decomposition technique. The

Lagrangian cost optimizer (λ) is used to determine the level of the decomposition. If

we consider more effect from the compression rate, the level of quadtree decomposition

will be less.

3. Approximate each of the decomposed sub-blocks by the four modeling functions f̂1,

f̂2, f̂3 and f̂4. The output of this step is the approximated coefficients that needs to be

encoded. While approximating the target blocks by wedgelet function (f̂3) and platelet

function (f̂4), a faster edge detection technique is introduced.

4. Store the approximated coefficients generated from each block and encode them with

high efficiency arithmetic coding scheme, then send the encoded bitstream through

transmission channel.

The decoding procedure is almost the same as the encoding procedure. The bitstream that

transmitted by the transmission channel contains the following information:

1. Size of each block. In order to decompose the original depth image more easily, we

pad the original image into a square size image. Thus each block in the decomposition

results are also with square size. We only need one number to present the size of each

block;
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2. Coefficients for each block. Those coefficients are key information to reconstruct the

gray value of each block, this part of information includes both the coefficient used

to fit the gray value of the block and the coefficients used to fit the separate curve in

wedgelet function and platelet function. Detailed information about the coefficients

can be found later in Table 4.2;

After receiving the bitstream at the decode terminal (customer terminal), decoder will

decode the bitstream block by block and reconstruct the whole depth image.

In summary, the scheme structure can be represented in Figure 4.1.

Figure 4.1: Summary of the codec structure.

In the rest part of this chapter, we will introduce our improvements in the quadratic curve

fitting based platelet coding scheme compared to the original coding scheme.

4.2 Quadratic Curve Fitting

Quadratic curve fitting is used to achieve a high approximation precision. When compared

to the result of using a straight line to fit the edge, the number of final nodes of quadtree is

reduced.
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Besides reducing the number of nodes, our quadratic curve fitting scheme also has oth-

er improvements compared to the original scheme. In our proposed quadratic curve fitting

scheme, we use a faster edge detection technique and achieve a better preservation of the

edge information.

4.2.1 Fast Edge Detection Technique

First of all, instead of exhaustive searching for the possible line to separate the block, we

use a new method based on edge detection method to improve the searching speed. Similar

scheme is proposed by Sebai et al. in 2012 [28].

In our scheme we choose to use the open operation to achieve a more accurate edge

detection result. The open operation can be defined in Equation (4.1).

A ◦B = (A	B)⊕B, (4.1)

where 	 represents the eroding operation and ⊕ represents the dilation operation. Equation

(4.1) shows the condition of using B to operate image A. Eroding operation and dilation

operation are defined in Equation (4.2) and Equation (4.3), respectively

A	B = {a|B[a] ⊆ A, a ∈ A}; (4.2)

A⊕B = {a|B[a] ∩ a 6= Ø}. (4.3)

Using different operator B results different edge detection result. Common operator

shapes can be rectangle (Figure 4.2(a)) or diamond (Figure 4.2(b)).

In order to choose a relatively more precise edge detection method, we compared the re-
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(a) Rectangle operator and its edge detection result

(b) Diamond operator and its edge detection result

Figure 4.2: Different operator shapes and its edge detection result.

sults obtained from different open operators. In Figure 4.3 we circled the differences between

the result generated by the rectangle operator and the result generated by the diamond oper-

ator. After comparison, we find the result generated by the rectangle operator is less smooth

than the result generated by the diamond operator. This may cause deviation when imple-

menting our fitting technique. So we consider the diamond operator based edge detection

method as the more precise detection method in our scheme.

We have also compared our edge detection method with the most commonly used one,

Canny method. As shown in Figure 4.4(c), the Canny edge detection method is too sensitive.

The edge detection result generated by Canny method keeps redundant edge information such

as those within the head of the Teddy bear. However what we are interested is only the silhou-

ette of the Teddy bear. We need to adjust the parameters of the Canny method to reduce those

redundant information. But for different blocks, the value of those parameters are different.
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(a) Rectangle operator result (b) Diamond operator result

Figure 4.3: Comparison of results by diamond operator and rectangle operator.

This sensitivity restricts the performance of the Canny edge detection method in this scheme.

So we select open operation method as our edge detection technique. Differences between

the open operation based edge detection result and Canny method based result can be found

in Figure 4.4.

(a) Original block (b) Open operation based result (c) Canny method based result

Figure 4.4: Comparison of results by open operation method and Canny method.

The edge detection result we obtained from using the Canny method contains redundancy

information. Even though we can adjust the parameter in Canny method, the parameter we

use to get an accurate detection result for one block could not be suitable with another block.

Thus the adjusted parameter cannot be generally accepted to obtain accurate edge information

in other blocks. After applying both two edge detection method we find using open operation
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method can avoid this problem.

In conclusion, in order to obtain a relatively precise edge detection result, we choose

the open operation method with diamond operator as our edge detection technique. The

detected edge information is stored as coordination information in order to be further fitted

by quadratic curve.

4.2.2 Preservation of Edge Information

One improvement of our proposed quadratic curve fitting scheme is the faster calculation

speed. The other improvement is that the results of our proposed scheme have a better p-

reservation of the edge information than the results of Morvan’s original scheme.

(a) Quadratic curve fitting

(b) Exhaustive straight line searching

Figure 4.5: Comparison of results by quadratic curve fitting and exhaustive straight line
searching.

The differences of those results are presented in Figure 4.5. Both of the figures indicate

the decoded depth image after compressing the original depth image at 0.12 bpp (equivalent
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to a compression ratio of about 66.7:1). Figure 4.5(a) has a PSNR of 36.35 dB, Figure 4.5(b)

has a PSNR of 36.1 dB.

It can be clearly seen from Figure 4.5 that our quadratic curve fitting method gets a bet-

ter preservation of the edge information. The silhouette of the bear reconstructed from our

method is clearer and more precise than the exhaustive straight line searching method when

both of the reconstructed images are at the similar compression ratio and quality.

Also as illustrated by Guo’s research, when considering the same condition, which means

the same dataset, the same perception threshold and the same linear prediction method, a

quadratic curve fit provides a more accurate and smoother result than the linear prediction.

The approximation precision can be significantly improved by using curve fitting technology.

According to her experimental results, the MSE of curve fitting result could reach 5.00 ×

10−5 while the MSE of linear fitting result under the same condition is 4.76 × 10−4. The

improvement of precision in the reconstructed data is almost ten times larger.

Both of our experimental results and Guo’s experimental results show that using the

quadratic curve fitting technology could actually improve the performance of achieving more

precise edge information. Better edge information preservation in the reconstructed depth

image means better performance when using this reconstructed depth image to render the

3D image. Thus in order to get a more precise reconstructed depth image, we choose the

quadratic curve fitting technique to restore the edge information in each block.

By using the quadratic curve fitting technique to fit and restore the separating line (edge)

of the original block, we can achieve more precise result with faster operation time. Also

due to the fact that we reduce the total number of sub-divided blocks, the total bytes we

used to store the coefficient of the quadratic curve could be less than the exhaustive straight

line searching method. This improvement in compression efficiency is supported by our

experimental result.
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4.3 Estimation of Coefficients

When approximating the quadtree decomposed blocks in step 3 of the encoding procedure,

we choose one of the four pre-defined modeling functions to get best approximating result.

The encoding system will only transmit the approximated coefficients of each block to the

arithmetic encoder.

4.3.1 Coefficient Estimation Method

The objective of this step is to obtain the best model and model coefficients to minimize the

error between the original block and its corresponding approximation.

Coefficient estimation is straight forward when using a simpler modeling function (f̂1 and

f̂2). The coefficient in f̂1 simply corresponds to the mean value of pixels of the original block.

This is the only way to minimize the error between original block and the reconstructed block

by one coefficient. Thus the coefficient for first modeling function of an n × n block can be

calculate by

α0 =
∑

(x,y)∈Block

Block(x, y)/(n× n). (4.4)

Secondly, in modeling function f̂2 is defined as in Equation (3.7), we need to estimate

three coefficients β0, β1 and β2. In order to approximate these three coefficients by the linear

function defined in Equation (3.7), we use the least-square optimization. Because the value of

pixel (x, y) in f̂2 is represented as β0 +β1x+β2y, we can use an equation set to calculate the

coefficient sets β0, β1 and β2. For an n × n block, this modeling coefficient set {β0, β1, β2}

should minimize the error
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Errorf̂2(β0, β1, β2) =
n∑

x=1

n∑
y=1

(β0 + β1x+ β2y −Block(x, y))2. (4.5)

The ideal situation is that the value of each pixel of the original block can be determined

by the same linear function f(x, y) = β0 +β1x+β2y. In this situation Equation (4.5) reaches

the minimum value 0, and the coefficients of this linear function are treated as the modeling

result of this block. Thus approximating the coefficient of the original block can be equivalent

to approximating the coefficient of this Ideal Block. This approximating equation set can be

specified as:


n2 v v

v t u

v u t




β0

β1

β2

 =


Block(x, y)

x ·Block(x, y)

y ·Block(x, y)

 , (4.6)

where v = n2(n+1)
2

, t = n2(n+1)(2n+1)
6

and u = n2(n+1)2

4
.

Thus if we have information of the size and pixel values of the original block, we can

easily obtain the coefficient set {β0, β1, β2} by using Equation (4.6). This least square min-

imization based linear estimation can be equivalent to the optimization problem that using a

linear plane to fit the original block.

And for the wedgelet modeling function and the platelet modeling function, we also need

to determine and use extra coefficients to store the separating line (edge) in the original block.

For each different separating line that separates the original block into two sub-region A

and B, we can calculate the approximation error by summing the errors of both sub-regions.

Our proposed quadratic curve fitting technique can find out the best coefficients that fit the

separating line. This method also avoids a dilemma which may be occurred in the estimation

procedure of this situation. That is, without knowing the subdivision boundary between the
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sub-regions, it is impossible to determine the estimation coefficients for each sub-regions,

but on the other hand, it is also not possible to identify the subdivision line as long as the

sub-region coefficients are unknown. (Indicated by Morvan [7]).

In our proposed scheme, we first use quadratic curve fitting technique to determine the

best separating line for the input original block, then we estimate coefficients for each sub-

region to get the optimized approximation result.

After determining the best separating line for the original block, we can achieve two sub-

regions. Then for each sub-region we can implement the same estimation method as modeling

function 1 or modeling function 2. If both of the coefficients of the sub-regions are obtained

by implementing modeling function 1, the final modeling function for the block is a wedgelet

function (f̂3). If both of the coefficients of the sub-regions are obtained by implementing

modeling function 2, the final modeling function is a platelet function (f̂4). In general, there

are two coefficients {γ0A, γ0B} for f̂3 and there are six coefficients for f̂4 which are divided

into two subsets {δ0A, δ1A, δ2A} and {δ0B, δ1B, δ2B}. According to what we have discussed

above, using this estimation method can minimize the approximation errors in each sub-

region. Because the original block is linearly combined by those sub-regions, minimizing the

approximation errors of both sub-regions is equivalent to minimizing the error of the original

block.

4.3.2 Summary

In summary, the coefficient estimation principle can be defined as in Table 4.1
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Table 4.1: Coefficient estimation principle.

Modeling function Coefficient estimation principle

Modeling Function f̂1 Average value of the original block

Modeling Function f̂2 Least square minimization based linear estimation

Modeling Function f̂3 Average pixel values calculate separately for both regionA and
B

Modeling Function f̂4 Least square minimization based linear estimation for both re-
gion A and B

Different modeling functions generate different number of coefficients. For the wedgelet

function and platelet function, we need extra bits to encode the coefficient of the separating

curve. Thus the total number of coefficients needs to be encoded is listed in Table 4.2.

Table 4.2: Number of coefficients needs to be encoded.

Modeling function Coefficient Coefficient for Separating line Total Coefficients

Modeling Function f̂1 1 0 1
Modeling Function f̂2 3 0 3
Modeling Function f̂3 2 3 5
Modeling Function f̂4 6 3 9

The total number of coefficients need to be encoded is the same as the total number

in the original platelet based compression scheme when using the modeling function 1 and

modeling function 2, and the total number of coefficients is one more when using modeling

function 3 and 4. However, because we have reduced the total number of sub-blocks, this

increase in coefficients will not increase the total bits requirement for compression.

4.4 Improvements Compared to Original Scheme

Using our proposed coefficient estimation technique can obtain a better reconstructed depth

image. Compared to Morvan’s original scheme, our proposed scheme improves the quality
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of the reconstructed depth image in many aspects. Those advantages we use make a more

precise 3D image or video rendering technique possible. Also by improving the quality of

the depth image we minimized the collimation error of the rendered 3D image.

(a) Original image (b) Our proposed scheme

(c) Original image (d) Morvan’s original scheme

Figure 4.6: Comparison of reconstructed depth image by our proposed scheme and Morvan’s
original scheme.

The comparison of the reconstructed depth image between our proposed scheme and

Morvan’s original scheme is illustrated in Figure 4.6. Both of these reconstructed images are

compared with the original Teddy image.

Both Figure 4.6(b) and Figure 4.6(d) are at the similar quality level (the PSNR value of

Figure 4.6(b) is 36.35 dB, slightly bigger than the PSNR value of Figure 4.6(d), 36.1 dB) and

with the same compression ratio. Both of the compression rate of Figure 4.6(b) and Figure
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4.6(d) are at 0.12 bpp, which is equivalent to a compression ratio of about 66.7:1.

It can be clearly told that even both of the reconstructed images are at the similar quality

level, our proposed scheme based reconstructed depth image reconstructed the original image

more precisely. Also in Morvan’s original scheme based reconstructed image, we can clearly

notice some “blocks” on the background. This artefact error will affect the accuracy of the

location information of the rendered 3D image. In our proposed scheme, the implementation

of coefficient estimation technique eliminates these artefact errors.
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Experimental Results

In our proposed platelet based coding scheme, we implement both the original platelet coding

scheme introduced by Morvan and our proposed platelet coding scheme with quadratic curve

fitting technique. Our original depth images are ground truth depth images obtained from the

database posted by Middlebury College [37]. Here we tested depth image “Teddy” and depth

image “Cones”. The “Teddy” image and “Cones” image are both grey level image at size of

450× 375.

We implement the whole encoding and decoding process of both two platelet coding

schemes and compare the performance of the decoded images at different compression rate.

By adjusting the Lagrangian Multiplier λ, we can control the quality and compression ratio of

decoded depth image. Different Lagrangian Multiplier determines different total number of

nodes the quadtree decomposition technique finally generates. It is obviously that the more

number of nodes the quadtree decomposition technique generates, the more precise and de-

tailed information each node would be contained. In other word, it means the quality of the

reconstructed depth image will be higher. Also the more number of nodes the quadtree de-

composition technique generates, the more coefficients the approximation step will produce,

48
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and more bits are needed to encode those coefficients.

It can be concluded that adjustment of the Lagrangian Multiplier would change the quality

and compression ratio of the decoded depth image. And the quality of the depth image

has negative relation with the compression ratio, i.e. the higher the quality is, the lower the

compression ratio it will be. In all of the experimental result we present in this thesis, we use

“bits-per-pixel (bpp)” as the parameter to represent the compression ratio. The relation of the

compression ratio and the bpp can be present as Compression Ratio = 8/bpp.

5.1 Experiments on Image “Teddy”

The original “Teddy” image and the ground truth “Teddy” depth image (obtained by cali-

brated camera set, contains accurate depth information of the original image) is presented in

Figure 5.1

(a) Teddy:Original (b) Teddy:Groundtruth

Figure 5.1: Original Teddy image and its corresponding ground truth depth image.

In the Lagrangian cost function LagCost = Distortion + λ · Rate, Distortion is rep-

resented by the MSE (Mean Square Error) value between the original depth image and the

reconstructed depth image. And Rate is represented by bpp, thus the compression rate of
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each input node can be normalized considering the actual size of block. Table 5.1 listed the

total number of nodes generated by both two platelet coding scheme when using the same

Lagrangian Multiplier λ. The results in column “Original scheme” are obtained from our

implementation of Morvan’s original scheme.

Table 5.1: Comparison of total number of nodes generated by our proposed scheme and
Morvan’s original scheme (Teddy).

λ Our proposed scheme Original scheme

10 4621 5806
15 4309 5407
20 4135 5200
25 4048 5011
30 3948 4807
35 3883 4672
40 3847 4585
45 3799 4498
50 3751 4399

100 3280 3730
200 2956 3220
300 2806 2911
341 2770 2866
400 2611 2647
424 2566 2638
500 2419 2452
700 1852 1885
900 1555 1567

1100 1273 1210

We can tell from Figure 5.2 that when λ gets smaller, which means the quality of the im-

age gets higher, the residual of the node number between these two platelet coding schemes

become larger. Because the information contained within each separate nodes of these two

schemes will tend to be the same when the reconstructed quality is low, the result of our pro-

posed scheme and the original scheme will also tend to be the same under this circumstance.

When using large value of Lagrangian Multiplier, the number of nodes generated by our
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Figure 5.2: Number of nodes generated by our proposed scheme and Morvan’s original
scheme (Teddy).

proposed scheme could be slightly more than the number generated by Morvan’s original

scheme. For example, as shown in Table 5.1, by using the Lagrangian Multiplier value of

1100, the number of nodes generated by our proposed scheme is 1273, while the number of

nodes generated by the original scheme is 1210. When the Lagrangian Multiplier is larger,

the Lagrangian optimization would consider the compression rate more. In our proposed

scheme, we added one more coefficient to fit the separating line. Thus when using Modeling

function 3 or Modeling function 4 to fit the inputting block, the compression cost of this

block by using our proposed scheme will be larger than the original scheme. Therefore under

this condition, we tend to use simpler modeling functions in our proposed scheme to save the

bitrate.

For example, assume that there exists an inputting block B which could be approximated

either by using modeling function 1 (f̂1) or by using modeling function 3 (f̂3). When approx-

imate it by using f̂1, we need to decompose the block first, then fit each sub-blocks by f̂1.

In this example we use LagCostour1 and LagCostour3 to represent the Lagrangian cost of

using f̂1 and f̂3 by our proposed scheme, respectively, and LagCostori1 and LagCostori3 to
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represent the Lagrangian cost by the original scheme. Thus we have the following situations:

1. Clearly LagCostour1 = LagCostori1 because the distortion, compression rate and La-

grangian Multiplier of our proposed scheme and the original scheme are the same;

2. When using f̂3 to fit the block, our proposed scheme needs 5 coefficients and the orig-

inal scheme needs 4 coefficients;

3. When using f̂1 to fit the block, both of our proposed scheme and the original scheme

use total 4 coefficients;

By choosing the fitting method which generates smaller Lagrangian Cost, our proposed

scheme will choose to use four f̂1, and the original scheme will choose to use only one f̂3. So

the decomposition result of this block by our proposed scheme is 4 and by the original scheme

is 1. That is the reason why when the Lagrangian Multiplier is very large, our proposed

scheme generates more nodes.

By following the principle that choosing the method which has smaller Lagrangian cost,

our proposed scheme and the original scheme will make different selection of the approxi-

mating method. Our proposed scheme will choose the approximating method with four f̂1

because the Lagrangian cost is less, and the original scheme will choose the approximating

method with only one f̂3. So the decomposition result of this block by our proposed scheme

is 4 and by the original scheme is 1. That is the reason why when the Lagrangian Multiplier

is very large, our proposed scheme generates more nodes.

When our proposed scheme generates more nodes than the original scheme, the com-

pression cost our proposed scheme used will be slightly higher than the original scheme. The

quality of the reconstructed depth image by our proposed scheme is still higher than the result

by the original scheme. When using the Lagrangian Multiplier value of 1100, the number of
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nodes generated by our proposed scheme and the original scheme is 1273 and 1210, respec-

tively. The quality of the reconstructed depth image by our proposed scheme is 29.3 dB at

0.0562 bpp, and the quality of the reconstructed depth image by the original scheme is 28.7

dB at 0.0511 bpp.

In conclusion, our proposed platelet based scheme can efficiently reduce the number of

quadtree decomposition when using the same Lagrangian Multiplier.

Figure 5.3: Comparison of Rate-Distortion performance of our proposed scheme and Mor-
van’s original scheme (Teddy).

In our experiments we compare the performance of our proposed encoder and the original

platelet encoder, results are illustrated in Figure 5.3. The experimental results in Figure

5.3 illustrate the PSNR values and bitrates of the reconstructed image by using Lagrangian

Multiplier (λ) varies from 1100 to 10. When λ = 10, the reconstructed image quality of

our proposed scheme is 40.3767 dB at 0.1865 bpp, and the quality of the original scheme

is 40.9002 dB at 0.2136 bpp. Our proposed scheme can also reach the bitrate of 0.21 bpp

when λ = 5, the quality of the reconstructed image is 42.0096 dB at 0.2164 bpp. And when

λ = 1100, the reconstructed image quality by using our proposed scheme is 29.2832 dB at

0.0562 bpp and 28.6572 dB at 0.0511 bpp by using the original scheme.
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We can concluded from Figure 5.3 that our proposed encoder consistently outperforms

the original platelet based encoder. The improvements can reach as high as nearly 2 dB or

0.05 bpp for the “Teddy” in condition of higher compression rate (more than 0.17 bpp).

When the bitrate becomes smaller, the performance of our proposed encoder and the

original encoder tends to be similar. If the bitrate is extremely low, the performance of our

proposed encoder could be slightly worse than the original encoder. However when the bitrate

is extremely low, the reconstructed depth image becomes heavily distorted (Figure 5.4). Such

a heavily distorted depth image does not have much value.

(a) Our proposed encoder (28.4dB,
0.049bpp)

(b) Original encoder (28.6dB, 0.050bpp)

Figure 5.4: Reconstructed image at low bitrate by our proposed scheme and Morvan’s origi-
nal scheme (Teddy).

Finally we compare four depth images together to illustrate the advantage of our pro-

posed encoder. Those four depth images are, the ground truth depth image, the depth image

reconstructed by our quadratic curve fitting based platelet coding scheme, the depth image re-

constructed by the original exhaustive searching based platelet coding scheme and the depth

image reconstructed by Morvan in his paper. All the reconstructed depth images are at com-

pression rate of around 0.11 bpp and PSNR of around 36 dB.

By comparing Figure 5.5(b) and Figure 5.5(c) we can conclude that our quadratic curve
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fitting based platelet coding scheme keeps a better silhouette of the bear (The left hand of the

bear in Figure 5.5(c) looks like to be “cut” by the encoder). By comparing Figure 5.5(b) and

Figure 5.5(d) we can tell that our proposed encoder not only keeps a better silhouette of the

image, but eliminates the artefact error occurring on the background of Figure 5.5(d).

(a) Original (b) Our proposed encoder (35.1dB, 0.10bp-
p)

(c) Original encoder (35.0dB, 0.11bpp) (d) Original paper (36.1dB, 0.12bpp)

Figure 5.5: Comparison of encoder performance of our proposed scheme and Morvan’s
original scheme (Teddy).

In the end of this chapter we illustrate all the results of our experiments on the depth

image “Teddy” to show how the scheme works from the most quality condition to the most

noisy condition (low quality) (Figure 5.13).
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5.2 Experiments on Image “Cones”

Compared to image “Teddy”, image “Cones” contains more geometry shapes and more com-

plicated. The original “Cones” image and its corresponding depth image are presented in

Figure 5.6

(a) Cones:Original (b) Cones:Groundtruth

Figure 5.6: Original Cones image and its corresponding ground truth depth image.

We also record the total number of nodes generated by the quadtree decomposition tech-

nique under different Lagrangian Multiplier. Detailed results are illustrated in Table 5.2 and

Figure 5.7. The results in column “Original scheme” are obtained from our implementation

of Morvan’s original scheme.

Figure 5.7 shows the similar result as in Figure 5.2, thus we can conclude that our pro-

posed scheme is also effective on the Cones image.

In order to prove that the advantages of our proposed scheme is not specific for the Teddy

image, we also conduct several experiments on the “Cones” image by using both our pro-

posed platelet based coding scheme and the original platelet coding scheme. The comparison

of the PSNR and compression rate result of both scheme are shown in Figure 5.8.

Figure 5.8 also illustrates the PSNR values and bitrates of the reconstructed image when

using Lagrangian Multiplier varies from 10 to 1100. When λ = 10, the reconstructed image

quality is 40.9922 dB at 0.2097 bpp by our proposed scheme and 39.7669 dB at 0.2497 bpp
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Table 5.2: Comparison of total number of nodes generated by our proposed scheme and
Morvan’s original scheme (Cones).

λ Our proposed scheme Original scheme

10 4708 6547
15 4522 6175
20 4312 5947
25 4141 5809
30 4057 5533
35 3973 5395
40 3913 5227
45 3847 5140
50 3811 5026

100 3280 4174
200 2602 3067
300 2089 2347
341 1996 2149
400 1882 1984
424 1708 1933
500 1657 1684
700 1330 1471
900 1162 1195

1100 970 1018

Figure 5.7: Number of nodes generated by our proposed scheme and Morvan’s original
scheme (Cones).
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Figure 5.8: Comparison of Rate-Distortion performance of our proposed scheme and Mor-
van’s original scheme (Cones).

by the original scheme. When λ = 1100, the reconstructed image quality is 28.7009 dB at

0.0501 bpp by our proposed scheme and 28.3677 dB at 0.0463 bpp by the original scheme.

Similar to Figure 5.3, the performance of our proposed scheme will be slightly worse than

the original scheme when the bitrate is extremely low.

Figure 5.8 shows that the improvement of the performance of our proposed scheme can

reach to about 3 dB or 0.08 bpp for the “Cones” image in condition of more than 0.15 bpp

compression rate. The improvement we get from the Cones image is even higher than the

improvement we get from the Teddy image.

Also we choose the reconstructed images of these two schemes by using the same La-

grangian Multiplier λ = 25 to compare (Figure 5.9). We can hardly tell the differences

between those two images from human visual. But both the PSNR value and compression

rate show our proposed encoder achieve a higher compression efficiency. Our proposed en-

coder uses less compression rate (0.186 bpp < 0.215 bpp) to reach a better image quality

(PSNR value 39.3 dB > 38.8 dB)

In the end of this chapter we also illustrate all the results of our experiments on depth
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(a) Original (b) Our proposed encoder (39.3d-
B, 0.186bpp)

(c) Original encoder (38.8dB,
0.215bpp)

Figure 5.9: Comparison of encoder performance of our proposed scheme and Morvan’s
original scheme (Cones).

image “Cones” to show how our scheme works from the most quality condition to the most

noisy condition (Figure 5.14)

5.3 Other Experimental Results and Summary

Besides the “Teddy” image and the “Cones” image, we also tested other depth image such

as the simple case “Venus” image (Figure 5.10(a)). The Venus image can be very efficiently

compressed by platelet based encoding schemes. We also implement both of our proposed

coding scheme and the original coding scheme to the image and compare their rate-distortion

performance.

Figure 5.10(b) illustrates the PSNR values and bitrates of the reconstructed image by

using several Lagrangian Multipliers varies from 10 to 400. When λ = 10, our proposed

scheme reconstructs the depth image at quality of 47.7320 dB and bitrate of 0.0222 bpp,

the original scheme reconstructs the image at quality of 43.5693 dB and bitrate of 0.0232

bpp. When λ = 400, our proposed scheme reach 43.0057 dB at 0.0117 bpp and the original

scheme is 41.0622 dB at 0.0101 bpp. Our proposed scheme can also reach 0.01 bpp when
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(a) Venus ground truth depth image (b) Comparison of Rate-Distortion performance of the
two schemes (Venus)

Figure 5.10: Depth image Venus and the comparison of Rate-Distortion performance of our
proposed scheme with Morvan’s original scheme (Venus).

λ = 500, the reconstructed image quality is 42.0676 dB at 0.0104 bpp. It can be observed

from Figure 5.10(b) that our proposed scheme performs very well. For this kind of simple

depth images, our improvement could be 5 dB higher even in a relative lower compression

rate condition.

(a) Tsubuka ground truth depth image (b) Horse ground truth depth image

Figure 5.11: Depth image Tsubuka and depth image Horse.

We also tested other depth images from the database such as the “Tsubuka” image, and

one computer-generated depth image the “Horse” image (Figure 5.11) [38]. The comparison
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of the performance of our proposed scheme and the original scheme is shown in Figure 5.12.

Our proposed platelet based coding scheme with quadratic curve fitting technology out

performs the original platelet based coding scheme (Figure 5.12). Also after comparing the

reconstructed image obtained from our scheme with the reconstructed image obtained from

the original paper, we also concludes that our proposed scheme reconstructed a better silhou-

ette of the objects in the depth image. And by using the quadratic curve fitting technique we

can reduce the total number of nodes generated by the quadtree decomposition method.

(a) Teddy (b) Cones (c) Venus

(d) Tsubuka (e) Horse

Figure 5.12: Comparison of Rate-Distortion performance by our proposed scheme and Mor-
van’s original scheme.

We also record the approximate time cost of our proposed scheme and our implementa-

tion of Morvan’s original scheme. The work platform we use to implement both schemes

is Intel(R) Core(TM) i7 M640 CPU at 2.80 GHz and Matlab 2011b. We use the “tictoc”

function in Matlab to record the time cost of each step. The most time consuming part of the

platelet-based coding scheme is the quadtree decomposition module. The time cost of other
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parts of the platelet-based coding scheme is less than 10 seconds. For different Lagrangian

Multipliers, because the number of blocks generated by the decomposition module is differ-

ent, the time cost of the decomposition module are also different. Generally the more number

of blocks it generates, the more time cost it will be. We recorded the time cost of three depth

images with different resolution (Image “Teddy” with resolution of 450×375, image “Venus”

with resolution of 434 × 383 and image “Tsubuka” with resolution of 382 × 282). Then we

calculate the average time cost of the decomposition module of those three images by our pro-

posed scheme and Morvan’s original scheme. Detailed time cost information can be found in

Table 5.3. We can see that by using our proposed coding scheme, we can significantly reduce

the time cost of the decomposition module.

Table 5.3: Comparison of time cost of the decomposition module by our proposed scheme
and Morvan’s original scheme

λ
Teddy(450× 375) Venus(434× 383) Tsubuka(382× 282) Average
Our
scheme

Original
scheme

Our
scheme

Original
scheme

Our
scheme

Original
scheme

Our
scheme

Original
scheme

10 453.23s 2374.37s 221.44s 837.01s 363.24s 1524.87s 345.97s 1578.75s
50 377.86s 2263.49s 193.46s 601.33s 269.73s 1375.29s 280.30s 1416.37s

100 337.24s 2135.38s 146.33s 586.74s 220.03s 1135.37s 234.53s 1285.83s
400 266.53s 1958.23s 105.13s 361.40s 173.86s 940.38s 181.84s 1086.67s

1100 183.94s 1729.37s 64.65s 103.58s 118.40s 883.46s 122.33s 905.47s

The experiment result also illustrates that the advantage of our proposed platelet based

scheme is not only effective on a complex condition (Teddy, Cones and Tsubuka), but can be

effective when the original depth image is quite simple (Venus and Horse). The experimental

results met our expectations. We use less quadtree decomposition nodes and achieve a higher

compression efficiency compared to the original scheme. Also when compared to the im-

age reconstructed by Morvan’s original scheme, our result has a better preservation of edge

information. This improvement also enhances the quality and accuracy of the rendered 3D
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image. In conclusion, our proposed platelet-based depth coding scheme successfully produce

a better compression result of the original depth image.
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(a) 41.7dB,0.204bpp (b) 39.8dB,0.169bpp (c) 38.6dB,0.157bpp

(d) 36.3dB,0.124bpp (e) 35.1dB,0.103bpp (f) 34.6dB,0.098bpp

(g) 34.4dB,0.097bpp (h) 33.7dB,0.092bpp (i) 33.6dB,0.088bpp

(j) 32.8dB,0.084bpp (k) 31.0dB,0.070bpp (l) 29.3dB,0.056bpp

Figure 5.13: Reconstructed depth image “Teddy” at different compression rates.
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(a) 41.0dB,0.210bpp (b) 39.3dB,0.187bpp (c) 38.9dB,0.175bpp

(d) 36.4dB,0.142bpp (e) 34.1dB,0.114bpp (f) 32.6dB,0.096bpp

(g) 32.3dB,0.092bpp (h) 31.9dB,0.088bpp (i) 31.2dB,0.082bpp

(j) 30.9dB,0.079bpp (k) 29.8dB,0.065bpp (l) 28.7dB,0.050bpp

Figure 5.14: Reconstructed depth image “Cones” at different compression rates.



Chapter 6

Conclusion and Future Work

3D representation technology is tending to occupy the movie market and change our tra-

ditional understanding of visual experience. It is important to achieve an accurate depth

generation technique, but transmitting the depth image at the most efficient cost is also im-

portant. Compared to the traditional Multiview Video Coding scheme, directly encode the

depth information could be more efficient and easy. In our thesis, a platelet coding scheme

based on quadratic curve fitting technology is proposed. This scheme is based on the platelet

coding scheme for depth map image firstly proposed by Morvan.

The scheme firstly proposed by Morvan is quite innovative. The platelet coding scheme

take advantage of specific features of the depth image so that it keeps relatively high image

quality when the compression ratio is very high. The performance of Morvan’s encoder has

2 dB or 0.1 bpp improvement compared to the JPEG-2000 encoder. However, Morvan’s

proposed platelet coding scheme has the following three shortages. First, it cannot keep

a precise silhouette of the object in the reconstructed image. Second, his implementation

generates artefact errors in the reconstructed image. Finally, his proposed scheme is time

consuming.

66
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In order to improve those shortages, we proposed our platelet based coding scheme. By

using quadratic curve fitting technique and changing to use a faster edge detection technique,

our proposed platelet coding scheme preserves a more accurate boundary information and

much less time consumption. Our proposed scheme mainly consists of three parts: the De-

composition part which is used to decompose the target image into proper sub-blocks to be

modeled, the Modeling part which uses four modeling functions to obtain corresponding co-

efficients of each block, and the Coding & Decoding part which uses efficient codec scheme

to improve the coding efficiency. Our proposed scheme further improved the quality and

compression efficiency when compared to the original platelet coding scheme. Our experi-

mental results show the performance of our proposed scheme has about 1 dB or 0.075 bpp

improvement compared to the original scheme. Our proposed scheme keeps the idea and

framework of the original scheme, and introduces a more effective and accurate method of

fitting the silhouette of the object.

The most challenging part of implementing the platelet coding scheme is how to decide a

proper factor as the judgement to generate the quadtree decomposition. Research by Ortega

et al. [31], Fisher et al. [39] and Shukla et al. [40] prove that using Lagrangian optimization

method is the most reliable factor to be the judgement in quadtree decomposition proce-

dure. In our implementation, we control the quality and compression rate by adjusting the

Lagrangian Multiplier in the Lagrangian optimization method. Also in order to reduce the

number of iteration in the quadtree decomposition procedure, we choose the sprouting tech-

nique instead of the traditional pruning technique to generate the quadtree decomposition.

The experimental result shows that our proposed scheme has better performance in many

aspects, such as the smaller number of nodes of the quadtree decomposition, the better quality

of the reconstructed depth image and the better preservation of the boundary of the objects.

More work will be done in the future. First, in our platelet based coding scheme, we can
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employ iterative algorithm to decompose every sub-block, which is quite time consuming.

So we wish to implement our scheme into a parallel computation framework such as CUDA

to further reduce the time consumption. Second, we expect to implement our image based

work into video coding schemes. Third, right now our proposed scheme does not have the

ability to fast decompose a high definition image (resolution of 1280 × 720 and more). By

improving the efficiency of our proposed scheme in the future, we hope our scheme could

decompose high definition image faster Finally, in order to further improve the compression

performance of the encoder, we expect to investigate the merging technique [41] to further

reduce the number of blocks needs to be approximated.
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