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Abstract

Nowadays, image and video compression are well developed fields of signal

processing. Modern state-of-the-art coders allow better compression with bet-

ter quality. A new field in signal processing is representation of 3D scenes.

3D visual scenes may be captured by stereoscopic or multi-view camera set-

tings. The captured multi-view video can be compressed directly or converted

to more abstract 3D data representations such as 3D dynamic meshes (mesh

sequences) and efficiently compressed. In any case, efficiently compressed vi-

sual data has to be transmitted over communication channels, such as wireless

channels or best-effort networks. This raises the problem of error protection,

since most of these channels are error-prone.

A common approach to error protection is to consider it as a pure chan-

nel problem, separate from the source compression problem. This approach

is based on Shannon’s work, which states that in principle source and chan-

nel coding tasks can be carried out independently with no loss of efficiency.

However, this cannot be achieved in practice due to delay requirements and

other problems. As an alternative, one can tolerate channel losses. Assuming

that not all the data sent has reached the decoder, one can concentrate on

ensuring efficient decoding of the correctly received data only. One way to

achieve this is to use multiple description coding (MDC). The source is en-

coded into several descriptions, which are sent to the decoder independently

over different channels. The decoder can reconstruct the source with lower

yet acceptable quality from any description received. Better reconstruction

quality is obtained from more descriptions.

This thesis investigates MDC of images, video, stereoscopic video, and 3D

meshes thus validating MDC as an error resilience tool for various types of

multimedia data. The thesis consists of four main chapters.

Chapter 2 deals with MDC of images. It introduces an MDC algorithm
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iv Abstract

based on a 2-stage compression scheme employing B-spline-based image resiz-

ing which is used to split the image into the coarse and residual parts. The

coarse part is included in both descriptions while the residual part is split into

two parts. A bit allocation algorithm optimizes the scheme for a given bit

budget and probability of description loss.

Chapter 3 addresses MDC of video. It presents a 3D-transform-based MD

video coder targeted for mobile devices. The encoder has low computational

complexity and the compressed video is robust to transmission errors. The

chapter estimates the scheme’s encoding complexity and introduces an opti-

mization procedure which minimizes the expected reconstruction distortion

subject to the packet loss rate.

In Chapter 4, MDC of stereoscopic video is addressed. Two MDC schemes

are introduced, one based on spatial scaling and another based on temporal

subsampling. A switching criterion makes it possible to decide, which scheme

is more advantageous for the sequence being encoded.

Chapter 5 discusses MDC of 3D meshes. It introduces two MDC ap-

proaches for coding highly detailed 3D meshes. The schemes are able to pro-

duce multiple descriptions and are easily adaptable to changing packet loss

rate and bit budget. The proposed D-R curve modeling significantly decreases

computational load at the preparatory stage.
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Chapter 1

Introduction

1.1 Motivation for multiple description coding

Nowadays, image and video compression are well developed and widely used

fields of signal processing. Modern state-of-the-art coders provide better com-

pression with better quality. This is particularly true for video, as a video

sequence possesses correlation in both spatial and temporal domains. The

most efficient video compression schemes use motion estimation and compen-

sation algorithms that exploit prediction to remove the correlation in temporal

domain. The correlation in spatial domain is usually removed by methods sim-

ilar to those of image compression.

A new field in signal processing is representation of 3D scenes. Recently, it

has drawn significant attention of industry and research community. 3D visual

scenes may be captured by stereoscopic or multi-view camera settings. The

captured multi-view video can be compressed directly or converted to more

abstract 3D data representation such as 3D dynamic meshes (mesh sequences)

and efficiently compressed.

In any case, the efficiently compressed visual data has to be transmitted

over communication channels, such as wireless channels or best-effort net-

works. This raises the problem of error protection, since most of these chan-

nels are error-prone. Compressed images and especially video sequences are

vulnerable to transmission errors. If the error occurs in a video frame, it may

propagate further into subsequent frames because of motion-compensated pre-

diction. Contemporary multi-view video compression methods utilize compre-

hensive temporal and inter-view prediction structures and therefore channel

1
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errors occurring in one view can propagate not only to the subsequent frames

of the same view but also to the other views.

A common approach to error protection is to consider it as a pure channel

problem, separate from the source compression problem. This approach is

based on Shannon’s work, which states that in principle the source and chan-

nel coding tasks can be carried out independently with no loss of efficiency.

Following this approach, raw source sequences are processed in a way which

reduces the data rate as much as possible. Reliable transmission of the bit-

stream to the receiver is provided then by a channel coder. The transport

mechanism has to be perfect since a single error in the compressed bitstream

might severely damage the reconstructed signal. According to the noisy chan-

nel coding theorem, a near-perfect transmission can be achieved if the data rate

does not exceed the channel capacity. However, this can be hardly achieved

in practice.

Widely used error-protection methods operate at the transport layer of

the OSI model [68], e.g. the TCP protocol. There, error-free transmission

is achieved by retransmitting packets that have been lost or corrupted. A

problem with such a mechanism is that it causes delays and thus requires

larger memory buffers. The delay is at least a packet round-trip time. A second

problem arises when packet losses are caused by network congestions. Trying

to retransmit lost packets generates extra data traffic and makes the network

even more congested. Furthermore, retransmissions are virtually impossible

in digital broadcasting. During broadcasting, loss of even a single packet may

cause the transmitter to receive multiple retransmission requests, an effect

called a feedback implosion.

Another approach for reliable transmission over lossy channels is so-called

forward error correction (FEC). The compressed bitstream data is distributed

between packets and protected by block channel codes. The data from the lost

packets can be reconstructed from the received packets. The choice of the block

code length is important. In terms of efficiency, long blocks are preferred since

short blocks generate bitstreams with a relatively large number of additional

symbols. The law of large numbers also dictates the choice of longer blocks

since the number of errors is predicted more easily by long sequences. Just as

with the previous approach based on retransmissions, a problem of delays and

large memory buffers exists, this time caused by long blocks.
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Two above-mentioned approaches tolerate no errors. They assume that

all the data transmitted is correctly received. Consequently, they spend a

considerable amount of resources to guarantee this. These expences grow with

the amount of data to be transmitted. One may consider multi-view video as

a case of such a growing amount of data compared to single-view video. Pure

channel coding approaches might not be quite feasible in such cases. As an

alternative, one can tolerate channel losses. Assuming that not all data sent

has reached the decoder, one can concentrate on ensuring efficient decoding of

the correctly received data. In this case, one needs to change the source coding

accordingly and, more broadly, to consider the error protection problem as a

joint source-channel problem.

Multiple description coding (MDC) is a coding approach for communi-

cating a source over unreliable channel. The source is encoded into several

descriptions, which are sent to the decoder independently over different chan-

nels. A certain amount of controlled redundancy is added to the compressed

descriptions to make them useful even when received alone. The decoder can

reconstruct the source from one description with low, yet acceptable quality.

The more descriptions received, the higher is the reconstruction quality. Usu-

ally, the descriptions are balanced ; that is, the descriptions are of equal rate

and importance. In that case, the reconstruction quality depends on the num-

ber of received descriptions only and not on which particular descriptions are

received.

The simplest MDC framework (Figure 1.1) considers communication over

two independent channels. The encoder codes the source X into two redundant

and mutually refining descriptions, which are sent separately over Channel 1

and Channel 2. There are three decoders at the receiver side. The central

decoder (Decoder 0 ) outputs an estimate X̂0 of the source X based on two

received channels, while the side decoders (Decoder 1 and Decoder 2 ) receive

one channel each and output estimates X̂1 and X̂2 accordingly. The channels

have two states: “on” (working) or “off” (failing). Then, the decoder receives

information either from one or two channels, depending on their states.

When transmitted over a packet network, each description is placed in a

separate packet protected with a block code. The packet in the receiver is

considered either correctly received or lost. Increasing the number of descrip-

tions increases the probability that at least one packet (i.e. one description)

reaches the decoder. However, it also increases the coding redundancy and
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Figure 1.1: Scenario for MD coding with two channels and three receivers.

the decoder complexity.

In summary, MDC is an attractive coding approach as it provides reli-

able source reconstruction using only part of the data sent to the decoder

and employs no priority network transmission mechanisms. MDC is espe-

cially advantageous in short-delay media streaming scenarios such as video

conferencing and when broadcast over unreliable channels where it provides

acceptable reconstruction quality and prevents feedback implosions in case of

numerous packet losses.

1.2 Overview of the thesis

This thesis consists of four parts, which describe MDC of images, video, stereo-

scopic video and 3D meshes. In this way, the reader can follow the develop-

ment of MDC and its applications, from less complex data (as two-dimensional

images) to more complex (like 3D meshes).

Chapter 2 deals with MDC of images. First, it surveys MDC approaches

to coding of random variables and images. Next, it presents an MDC algo-

rithm, which is based on the 2-stage compression scheme employing B-spline-

based image resizing in order to split the image into the coarse image and

the residual. Then, we provide a scheme analysis and present a bit allocation

algorithm, which optimizes the scheme for a given bit budget and probability

of description loss.

Chapter 3 addresses MDC of video. Along with a survey of MD video

coding methods, it presents a 3D-transform-based MD video coder targeted

for mobile devices. The encoder has low computational complexity and high
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robustness to transmission errors. The proposed scheme is an adaptation to

video coding of the 2-stage method described in Chapter 2. The chapter also

estimates the encoding complexity of the scheme and provides an algorithm

for optimal bit allocation in case of varying description loss rate.

In Chapter 4, we address a new problem of MDC of stereoscopic video. To

our knowledge, no previous research has been done on this topic. We propose

two prediction schemes which are capable of creating two descriptions. Later,

we state a switching criterion that makes it possible to decide, which scheme

to apply for the sequence being encoded. It is possible to switch between the

schemes “on the fly”.

Chapter 5 discusses MDC of 3D meshes. First, we survey approaches to 3D

mesh compression including MDC of 3D-meshes. Then, we describe in detail

two MD approaches for coding highly detailed 3D meshes. The schemes are

able to generate multiple descriptions and are easily adaptable to the changing

packet loss rate and the total bit budget. The chapter also introduces D-R

curve modeling, which significantly decreases the computational load at the

preparatory stage.

1.3 Author’s contributions

The author’s contributions to multiple description coding are mostly reflected

in the following publications, denoted as P1, P2, . . . , P8. The author has

accomplished the publication tasks with the co-authors and supervisor of the

thesis. The co-authors have seen this description and agree with the author.

P1 A. Norkin, A. Gotchev, K. Egiazarian, and J. Astola, “Multiple descrip-

tion image coders using whitening transforms: analysis and comparative

study”, in Proc. TICSP Workshop SMMSP’2004, Vienna, Austria , pp.

225–232, Sept. 2004.

P2 A. Norkin, A. Gotchev, K. Egiazarian, and J. Astola, “Two-stage mul-

tiple description image coders: analysis and comparative study”, Signal

Processing: Image Communication, vol. 21/8, pp. 609–625, Sept, 2006.

P3 A. Norkin, A. Gotchev, K. Egiazarian, and J. Astola, “A low-complexity

multiple description video coder based on 3D-transforms”, in Proc. EU-

SIPCO 2006, Florence, Italy , Sept. 2006.
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P4 A. Norkin, A. Gotchev, K. Egiazarian, and J. Astola, “Low-complexity

multiple description coding of video based on 3D block transforms”,

EURASIP Journal on Embedded Systems, vol. 2007, Article ID 38631,

11 pages, 2007. doi:10.1155/2007/38631.

P5 A. Norkin, A. Aksay, C. Bilen, G. Bozdagi Akar, A. Gotchev and J. Astola,

“Schemes for multiple description coding of stereoscopic video”, in Proc.

MRCS 2006, Istanbul, Turkey. LNCS, Multimedia Content Representa-

tion, Classification and Security, vol. 4105, pp. 730–737, Sept. 2006.

P6 A. Norkin, M. O. Bici, G. Bozdagi Akar, A. Gotchev, and J. Astola

“Wavelet-based multiple description coding of 3-D geometry”, VCIP2007,

in Proc. SPIE, vol. 6508, pp. 65082I, 10 pages, Jan. 2007.

P7 M. O. Bici, A. Norkin, G. Bozdagi Akar, A. Gotchev and J. Astola, “Mul-

tiple description coding of 3D geometry with forward error correction

codes”, in Proc. 3DTV-CON2007, Kos, Greece, May 2007.

P8 A. Norkin, M. O. Bici, A. Aksay, C. Bilen, A. Gotchev, G. Bozdagi Akar,

K. Egiazarian, and J. Astola, “Multiple description coding and its rele-

vance to 3DTV”, chapter in edited book “Three-dimensional television:

capture, transmission, and display”, Editors: H. M. Ozaktas and L. Onu-

ral, Springer, Heidelberg, 2007.

Publication P1 addresses MDC of images. The author has proposed and

developed a modified MDC scheme based on whitening transform. The author

wrote the necessary program code and performed all the simulations showing

the efficiency of the proposed approach.

Publication P2 extends the results of P1. There, the author has done

the performance analysis of the 2-stage scheme and derived a sub-optimal

bit allocation formula based on the given probability of the description loss

and the total bit budget. The author has studied the effect of using DCT

and LOT for residual image coding. For DCT, the author has proposed a

postprocessing algorithm for the side reconstruction images. The author has

done the programming and simulations and written the publication.

The subject of publication P3 is MDC of video. The research has been done

in the joint VCMode project between the Transforms and Spectral Techniques

Group and the research group of Prof. Jarmo Takala from the Institute of
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Digital and Computer Systems, TUT. The author of the thesis has adapted

the method described in P1 and P2 to coding of video. A simple 3D-DCT

coder has been obtained from VCMode project and modified by the author of

the thesis to the 2-stage encoding scheme providing MDC capabilities. The

author has performed the complexity estimation of the encoder and done all

the experiments and writing.

Publication P4 continues the research on MDC of video published in P3.

The author has done the necessary derivations and performed optimization

of the scheme for varying channel conditions. The author has also performed

simulations of video transmission over the network with packet losses and has

written the publication.

Publication P5 is a result of the joint work between the Institute of Signal

Processing of Tampere University of Technology (TUT), Finland and Multime-

dia Research Group (MMRG) of Middle East Technical University (METU),

Turkey in the framework of 3DTV Network of Excellence. The author has pro-

posed two MDC schemes for stereoscopic video. A multi-view video coder has

been provided by MMRG group and necessary modifications of the software

have been done by Anil Aksay and Cagdas Bilen from MMRG. The author

has also proposed a criterion to switch between these schemes and done most

experimental and writing work in this publication.

Publication P6 is a joint work between Institute of Signal Processing, TUT

and MMRG, METU. The works is a result of collaboration between the author

of the thesis and M. Oguz Bici, METU. The author has proposed to apply the

scheme with duplication of wavelet coefficients to MDC of 3D meshes. The

author has implemented a bit allocation algorithm for multiple descriptions,

has proposed and realized D-R function modeling, done part of simulations

and main part of the writing work. The realization of SPIHT algorithm for

3D meshes and some other parts of the software have been done by M. Oguz

Bici.

Publication P7 is also a result of joint work between the author and M.

Oguz Bici. It presents the MDC scheme for 3D meshes based on MD-FEC.

In P7, the author has introduced D-R function modeling, has done part of

experimental work, and has been heavily involved in preparing the publication.

Publication P8 surveys MDC algorithms and their application to images,

video, stereoscopic video, and 3D meshes. The author has prepared and writ-
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ten the sections on MDC rate-distortion region, MDC of images, MDC of

video, introduction, and conclusions and has completed the final text assem-

bling and editing.



Chapter 2

Multiple Description Coding

of Images

A typical transform-based image coder consists of the following blocks: a

transform, which maps the spatial domain image representation to the trans-

form domain for better decorrelation; a quantizer, which scans and quantizes

the transform coefficients to achieve lossy compression; and an entropy coder,

which removes the remaining statistical redundancy between quantized coef-

ficients in a lossless manner. When an MDC module is to be added to such

a scheme to achieve channel error protection, a first and crucial problem is

where to include it. MDC methods utilize various possibilities for adding

controllable redundancy. Some employ subsampling in spatial or transform

domain, while others employ transforms to create interleaved patterns to be

distributed among descriptions or special scanning and quantization of trans-

form coefficients [100].

This chapter is organized as follows. In Section 2.1, we review the most

common MDC approaches and practical existing schemes. Rather than being

very comprehensive, this survey introduces principles of MDC of images and

describes state-of-the-art MDC schemes. In Section 2.2, we introduce a two-

stage MD image coder. Next two sections present the details about each of

two stages: Section 2.3 addresses the coarse approximation coding stage while

Section 2.4 deals with the residual image coding stage. Section 2.5 provides

the analysis of the proposed scheme and introduces a bit allocation algorithm.

Section 2.6 presents the numerical results and comparisons with other MDC

methods, and Section 2.7 concludes the chapter.

9
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2.1 Survey of multiple description image coding ap-

proaches

2.1.1 Multiple description scalar quantization

A simple way to add error-protecting redundancy to the compressed image

bitstream is to do it at the quantization stage, i.e. the stage where loss of

insignificant information occurs. This idea has been extensively developed in

the works of Vaishampayan, who has suggested a theory of multiple description

scalar quantizers addressing cases of fixed-rate quantization [145] and entropy-

constrained quantization [148].

Multiple description scalar quantization (MDSQ) works as follows. Two

side (coarse) quantizers with overlapping cells operate in parallel at the quan-

tization stage. The quantized source can be reconstructed from the output

of either quantizer with lower quality. When the outputs of two quantizers

are combined, they produce higher quality reconstruction due to the resulting

smaller quantization cells. In a practical scheme, the encoder first applies a

regular scalar quantizer, mapping the input variable x to a quantization in-

dex I [145]. Then, an index assignment is done, mapping each index I to a

codeword index pair (i, j) in a codebook.

Figure 2.1 (a) [145] presents the index assignment matrix for the case of

“staggered” index assignment. The cells of the quantizer corresponding to the

index I are numbered in the matrix from 0 to 14. The row and column indices

of the index assignment matrix form the index pair (i, j). Index i is included

in Description 1 whereas index j is included in Description 2. The central

decoder reconstructs the exact value of index I and the corresponding value

X̂0. The side decoders estimate X as the expected value when one of the

indices is fixed. Thus, the quality of the side reconstruction is determined by

the number of diagonals in the index assignment matrix. In Figure 2.1 (a), only

15 out of 64 cells in the index assignment matrix are occupied. Unoccupied

cells constitute coding redundancy. Figure 2.1 (b) shows the index assignment

with three diagonals filled and lower redundancy.

The high-rate analysis of MDSQ has been presented in [147]. The perfor-

mance of MDSQ has been compared to Ozarow’s rate-distortion bound [107]

for squared error distortion measure and the memoryless Gaussian source and

a 3.07 dB gap between the product of the average central and side distor-
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Figure 2.1: Index assignment: (a) Staggered quantization cells; (b) Higher
spread quantization cells.

tions d0d1 has been identified [147]. It has been conjectured that this gap is

caused by the non-spherical form of quantization cells [130]. Therefore, the

gap can be closed by constructing quantizers with more “spherical”-like cells;

that is, cells with a smaller normalized second moment than a hypercube.

Several solutions have been proposed, including trellis-coded quantization [76]

and multiple description lattice vector quantizer (MDLVQ) [150]. It has been

shown [150] that MD vector quantizers are capable of closing the 3.07 dB gap

when the vector dimensions tend to infinity (N → ∞). An improvement of

0.3 dB is achieved in the two-dimensional case using an MD hexagonal lattice

quantizer [130].

Originally, MDLVQ was limited to the balanced case (equal rates R1 = R2

and equal distortions D1 = D2). Diggavi et al. [38] generalized this method to

asymmetric multiple description vector quantizers that cover the entire spec-

trum of the distortion profile, ranging from balanced to successively refinable

descriptions. The improvements for MDLVQ provide more operating points

and more flexible rate-distortion trade-off by the slight increase in complex-

ity [55,81]. A generalized MDVQ for more than two descriptions has also been

designed [47].

One of the first multiple description image coders was proposed by Vaisham-

payan [146]. Multiple description scalar quantization is applied to DCT co-

efficients of JPEG coder. The indices obtained are entropy-coded separately

in both descriptions. The descriptions are sent to the destination in different

packets. An MD image coder based on MDSQ has been proposed by Servetto

et al. [131, 132]. In this coder, MDSQ is applied to each coefficient of the



12 Multiple Description Coding of Images

wavelet transform. Thus, two descriptions of the wavelet coefficients are cre-

ated. Each description is then coded independently with a single description

coder (e.g. SPIHT). Different MD scalar quantizers are applied to different

subbands to achieve better redundancy allocation.

2.1.2 Multiple description transform coding

Another MD approach considers adding redundancy immediately after the

stage of transform coding by means of so-called pairwise correlating transform

(PCT) [154]. The general framework is the following. First, the input signal is

decorrelated using a proper transform (e.g. DCT). The resulting coefficients

are ordered according to their variances and coupled into pairs. These pairs

undergo the correlating transform, i.e. two uncorrelated coefficients at the

PCT input give rise to two correlated coefficients at the PCT output. One

transform coefficient is sent to Description 1 and the other is sent to Descrip-

tion 2. By the explicitly added redundancy within the pairs of coefficients, a

lost coefficient from the pair can be estimated from the received one. When

both descriptions are received, the exact values of variables can be determined

by taking the inverse transform. This method has been extended to more

general orthogonal [106] and non-orthogonal transforms [152,155].

Consider at the input two independent Gaussian random variables A and

B with variances σ2
a and σ2

b , respectively, σ2
a > σ2

b [106]. The output random

variables C and D with variances σ2
c and σ2

d, respectively, are related to A and

B by a unitary matrix T

[C D]t = T [A B]t. (2.1)

The transform T controls the redundancy by varying the correlation between

C and D. For example, T can be parametrized by an angular parameter. The

example of the orthogonal transform is [106]

T =

[
cos θ sin θ

− sin θ cos θ

]
(2.2)

and the optimal non-orthogonal transform is [155]

T =




√
cot θ

2

√
tan θ

2

−
√

cot θ
2

√
tan θ

2


 (2.3)
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where the parameter θ relates to the amount of correlation introduced by T .

After being correlated, the outputs C and D are quantized and entropy-coded.

The non-orthogonal transform is generally more efficient than the orthogo-

nal transform as it can work on a larger redundancy interval. Further improve-

ment of non-orthogonal transforms has been introduced in [155,156]. The basis

vectors of the optimal non-orthogonal transform have the same length and are

rotated with the same angle in opposite directions from the axis corresponding

to the variable with higher variance. The suggested non-orthogonal transform

outperforms the orthogonal transform. The orthogonal and non-orthogonal

transforms yield the same results only in two points: with zero redundancy

and maximum redundancy for orthogonal pairing [106].

A similar correlating transform has been obtained independently by Goyal

et al. [56–58]. Generalizing the work of Orchard et al. [106], a transform-

based approach was developed for producing M descriptions of an N -tuple

source. Several transform optimization results were presented for memoryless

Gaussian sources, including a complete solution for the N = 2, M = 2 case

with arbitrary weighting of the descriptions.

An important tool for evaluating performance of MD codes is the redun-

dancy rate-distortion (RRD) function [106]. The redundancy is determined

as ρ = R − R∗. Here, R is the resulting rate of the MD coder with the cen-

tral channel distortion D0, and R∗ is the rate of the best single description

coder for the given distortion D0. Thus, ρ is the additional bitrate needed for

one-channel reconstruction. The RRD function is then defined as ρ(D1;D0),

where D1 is the averaged one-channel distortion. Usually, ρ depends weakly

on D0. Hence, the RRD function could be written as ρ(D1) [106].

The performance of the JPEG-like MD coder using correlating transforms

was compared with the performance of the coder using MDSQ [156]. It was

shown that PCT exhibits very good performance in the small redundancy

region but fails to achieve good reconstruction quality for higher redundan-

cies. Poor performance for high redundancies is due to the fact that the RRD

curve of correlating transform converges to a nonzero value σ2
B/2 [156] (in a

region with redundancy close to zero it shows super exponential decay). The

performance of multiple description transform coding (MDTC) for higher re-

dundancies has been improved in Generalized MDTC (GMDTC) proposed by

Wang et al. [155, 158]. This scheme uses the explicit redundancy to correct
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the error resulting from reconstruction from a single description. For higher

redundancies, GMDTC includes in the description carrying the coefficient C

some information C⊥, an orthogonal complement of C in the Hilbert space

spanned by (C,D) [155]. This orthogonal complement information is the pure

redundancy and is used only in case of reconstruction from a single description.

If total redundancy is below a critical point ρ∗, all the redundancy is allocated

to the transform. Thus, this hybrid scheme combines super-exponential de-

cay in the low redundancy region and near-exponential decay in the higher

redundancy region.

2.1.3 MD-FEC

A general approach is to use FEC codes to create multiple descriptions [3,95].

Its basic idea is to assign unequal numbers of FEC symbols to different parts

of the compressed bitstream, depending on the importance of these parts and

their contribution to the overall reconstruction quality. This idea is best ap-

plied to so-called “progressive” bitstreams, where the bytes of the compressed

source are ordered according to their importance. The wavelet-based SPIHT

encoder is an example of compression algorithm generating an embedded bit-

stream [123]. Its first bytes are the more important ones and any subsequent

byte refines the decoded image. Thus, the bitstream can be truncated based

on the given bit budget leaving the reconstruction still possible. In connection

with FEC, the first bytes should be better protected than the later bytes.

We illustrate how MD-FEC works by means of an example. Seventeen

data symbols are coded using eight FEC symbols; thus, a total of 25 symbols

is to be transmitted, with these broken into five codes, as shown in Table 2.1.

FEC is implemented by means of Reed-Solomon (RS) codes. Stronger RS

codes are applied to the data located at the beginning of the bitstream, i.e. to

the more important data. Namely, (5,2)-codes are applied to symbols 1 and 2,

(5,3)-codes are applied to symbols 3 to 8, (5,4)-codes are applied to symbols 9

to 12, and symbols 13 to 17 are left unprotected. Then, the symbols including

the FEC ones are grouped vertically into multiple descriptions (packets). Each

packet is protected with a parity code enabling error detection and sent to the

receiver.

At the receiver side, the decoder detects erroneous descriptions and uses

RS codes to reconstruct the lost data. As (5,2) RS code can sustain a loss
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D1 D2 D3 D4 D5

Code 1 1 2 FEC FEC FEC
Code 2 3 4 5 FEC FEC
Code 3 6 7 8 FEC FEC
Code 4 9 10 11 12 FEC
Code 5 13 14 15 16 17

Table 2.1: Example of MD-FEC. In this example, Dj means Description j, and
Code i means RS code (n, ki) with n = 5 and ki equal to the number of non-FEC
symbols in the i-th row.

of three symbols. Receiving any two descriptions makes it possible to decode

symbols 1 and 2. Similarly, receiving any three descriptions makes it possible

to decode symbols 1 to 8. When no descriptions are lost, all 17 symbols are

reconstructed. For reconstruction with RS codes, it does not matter which

descriptions are lost, only the number of lost descriptions matters. Thus,

MD-FEC generates inherently balanced descriptions (having the same size

and resulting in the same distortion when lost).

MD-FEC is an attractive technique as it can be applied to any coder which

generates the embedded bitstream. The method can also be applied to the

non-embedded bitstream, after parts of the bitstream are rearranged in order

of importance.

2.1.4 Other MD coding approaches

An MDC approach developed by Goyal et al. exploits quantized overcomplete

frame expansions for generalized multiple description coding [59,60]. The au-

thors propose to use linear transforms from R
N to R

M with M > N followed

by scalar quantization, in the quantized frames (QF) system. Each quantized

coefficient may be considered as a description. This approach is similar to

block channel codes with swapped order of the transform and quantization

operations [60]. Due to this interchanged order, the MDC system behaves dif-

ferently from the conventional block channel code in the presence of erasures.

A channel-code system with (M,N)-code would not show any degradation of

reconstruction quality until the number of erasures exceeded N − M . If the

number of erasures exceeds M − N , a so-called “cliff-effect” characterized by

fast loss of reconstruction quality appears. In contrast, the QF system shows

mild degradation of quality when the number of erasures is higher than M−N .
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Figure 2.2: Example of polyphase transform when original image of size 4 × 4
is partitioned into 4 blocks [122].

Each transform coefficient brings some independent information, even those in

excess of N coefficients [54]. Moreover, frame expansions have “quantization

noise reduction” property [61], yielding better quality than conventional block

channel coding when all the descriptions are received.

Several MDC schemes are based on spatial image subsampling, exploiting

the fact that natural images possess a high degree of spatial correlation [49,

122]. Subsampling in 2D space may lead to different polyphase components,

depending on the geometry of subsampling lattice applied. Figure 2.2 shows

a subsampling scheme generating four polyphase components.

Polyphase subsampling is an attractive choice since it can be adjusted

for an arbitrary number of descriptions making the coder easily tunable for

changing channel conditions. At the receiver, pixels corresponding to the lost

descriptions can be interpolated from the received neighbouring pixels. The

redundancy is due to the spatial subsampling which decreases the interde-

pendencies between the neighboring pixels thus making the compression less

efficient. Additional redundancy can be added in the form of redundant copies

of polyphase components [122]. In that case, each description contains a fully-

coded copy of one polyphase component and several redundant copies of other

polyphase components coded at lower rates. If the main copy of the polyphase

component is lost, the decoder uses the available highest rate redundant copy

of the same component included in the other description. An optimized bit al-
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Figure 2.3: Preprocessing block [49].

location algorithm chooses the number of redundant copies and their bitrates

for each polyphase component [122].

The redundancy can also be added at the preprocessing stage before the

polyphase transform [49]. Such pre-processing procedure is shown in Figure

2.3. The input image is DCT-transformed to the array of size D × D, which

is padded with zeros to the size of (D × M)(D × M). The obtained (D ×
M)(D × M) representation is transformed back to the spatial domain, where

it is split into multiple descriptions by polyphase subsampling. Clearly, the

redundancy can be adjusted by changing the padding parameter M .

Polyphase subsampling can be done in the transform domain as well. In

wavelet domain, such schemes are based on inter and intra-scale dependen-

cies between wavelet coefficients [10, 78]. For lapped orthogonal transforms

(LOT), such schemes have been generated by interleaving blocks of transform

coefficients [30–32]. LOT blocks of transform coefficients are split between two

descriptions in such a way that neighboring blocks are included in different de-

scriptions. If a description is lost, missing coefficients are replaced with zeros,

resulting in spatial interpolation due to overlapping reconstruction functions.

To control the amount of redundancy, different LOT bases have been devel-

oped [32]. These bases trade off the coding gain against the reconstruction

gain.

Miguel et al. have proposed a SPIHT-based MD image coder [94]. The

coder can produce a flexible number of descriptions N . Spatially disperse

wavelet coefficient trees are grouped into N sets. Each tree set is independently
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coded with SPIHT algorithm. Each description consists of one tree set coded

at a higher rate and M − 1, M ≤ N redundant tree set copies coded at lower

rates. Thus, the redundancy is formed by duplicating the coefficient trees.

If the description is lost, the missing trees are obtained from the received

redundant copy that has the highest rate [94]. Bit allocation is optimized for

the target bitrate and the probability of description loss.

An MD coder producing two balanced descriptions compatible with JPEG

2000 [75] is proposed by Tillo et al. [142]. The algorithm generates two JPEG

2000 streams coded at rates R1 and R2 such that R1 > R2. Rate allocation

in JPEG 2000 is based on code-block (CB) truncation, so that Stream 2 has

CB’s truncated at a lower rate than CB’s from Stream 1. To generate balanced

descriptions, CB’s from Stream 1 are mixed with CB’s from Stream 2, yielding

two descriptions with the rate approximately equal to (R1 + R2)/2.

2.2 Two-stage multiple description coding

Multiple description transform coding [156] has been described in Section

2.1.2. After a decorrelating block transform, variances of the transform co-

efficients are estimated along blocks. Coefficients with higher variances are

paired with coefficients with lower variances and undergo a pair-wise corre-

lating transform (PCT). This yields two cross-correlated descriptions. If one

description is lost, the correlation introduced in the known manner helps to

estimate the lost coefficient from its counterpart in the pair. This requires

knowledge, i.e. transmission, of the coefficient variances to the decoder. To

ensure more accurate variance estimation, transform blocks can be separated

into classes (e.g. predominantly horizontal details, predominantly vertical

details, smooth, etc.) and variances are calculated separately within each

class [156]. However, this increases the amount of side information.

The above-mentioned problems have been addressed in [29] in the light of

whitening the transform coefficients prior to PCT. Whitened coefficients have

close variances that can be considered as equal. Hence, there is no need to

estimate and transmit those variances as they cancel in the estimator formula.

The whitening transform is approximated by a subtraction of a downsampled

and coarsely coded image from the original image [29]. Then, PCT as in [106] is

applied to the coefficients of the residual (whitened) image. The resulting two

descriptions of the residual image are combined with the duplicated version of
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Figure 2.4: General scheme of method from [29].

the coarse image.

However, for the variables with equal variances, PCT does not introduce

any redundancy. Thus, side reconstruction cannot have the distortion lower

than σ2/2, where σ2 is the coefficient variance. We adopt the idea of 2-

stage image coding. We refuse using PCT in the second coding stage as it

does not introduce the redundancy in representation of the residual signal.

We also suggest modifications in the coarse approximation stage and in the

residual image stage aimed at improving the quality for a given bit budget by

a better redundancy management. We present an algorithm, which optimizes

the expected distortion based on channel conditions.

The general scheme of the method suggested in [29] is shown in Figure 2.4.

The initial image is downsampled by two and then JPEG coded. Its decoded

and interpolated version is subtracted from the initial image to approximate a

whitening transform. DCT is applied to the residual image to get uncorrelated

coefficients with the approximately equal variance. They undergo pairwise

correlating transform (PCT) outputting two bitstreams. The JPEG coded

coarse approximation is called shaper and is included into both descriptions.

The redundancy in this method is mostly determined by duplicating the shaper

as PCT introduces little redundancy when applied to the variables with similar

variance. The authors [29] claim their method to produce better results than

the method in [156].

We modify the above-mentioned method as shown in Figure 2.5. In the

proposed scheme [101,103], the shaper (blocks bordered by the dashed line) is

generated by decimation with the arbitrary down-scaling factor of M followed

by the JPEG coder (see Figure 2.5 (a)). We pay special attention to the way

how the image is decimated and interpolated. We favor a B-spline-based least
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Figure 2.5: Varieties of proposed scheme: (a) shaper is obtained by spline
resizing and JPEG coding; (b) shaper is obtained by SPIHT coding.

squares image resizing (biorthogonal projection) as it ensures the minimum

loss of information [97]. Thus, the most important information is concentrated

in the decimated image and included in both descriptions. For the decimated

image, a DCT-based coder is a reasonable choice. Alternatively, the shaper

can be generated by a wavelet-based coder, e.g. SPIHT (Figure 2.5 (b)). In

this case, the biorthogonal projection is inherently included in the scheme.

The proposed scheme (Figure 2.5) is similar to one-level Laplacian pyra-

mid [24]. The major difference is that in our coder the quantization of the

base layer is performed before obtaining the residual image. We have found

that the proposed scheme achieves better compression efficiency compared to

Laplacian pyramid with the employed transform, quantization, and entropy

coding. However, compression artifacts from the shaper are present in the

residual image and affect its compression. Hence, the interpolation algorithm

requires special attention.

In our modification, the residual image is coded by a JPEG-like coder

using a block transform (denoted by T ). It can be either DCT or lapped

orthogonal transform (LOT). The transform coefficients are finely quantized
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with the uniform quantization step (Qr). Then, transform blocks are directly

split into two parts in the checkerboard manner and entropy-coded. One part

together with the shaper form Description 1 while the second part combined

again with the shaper form Description 2. Thus, each description consists

of the coarse image approximation and half of the transform blocks of the

residual image. Therefore, no extra redundancy is added in the residual image

coding while generating two descriptions instead of one.

The proposed coder provides balanced descriptions both in terms of PSNR

and bitrate. The amount of redundancy is also easily adjustable. The algo-

rithm of optimal bit allocation subject to probability of the description loss

is also provided. The following two sections explain in detail each stage of

the coder. Also we give reasoning for using one or another method for each

particular stage.

2.3 Coarse image approximation

The idea of this stage is to concentrate as much information as possible into

the shaper within strict bitrate constraints. We would also like to reduce the

artifacts which appear in the reconstructed coarse approximation and conse-

quently in the residual image. To realize this idea we explore two alternatives:

1) Least squares image resizing prior to JPEG coding; 2) Wavelet-domain

SPIHT coding.

2.3.1 Least squares spline-based resizing and JPEG coding

A JPEG coder with a limited bit budget would use coarse quantization applied

to the coefficients of the original image thus causing unacceptable blocking

artifacts. A better alternative, especially for low bitrate coding, is to decimate

the image and to apply JPEG with moderate quantization factor. The original

image resolution is reconstructed by interpolation as a post-processing step.

It has been proven by an analytical model and numerical analysis that by this

approach the bit budget is kept the same while the visual quality and PSNR

are higher [22]. The method in [29] also makes use of this approach as follows.

The decimation by the factor of two in each direction is achieved by averaging

over two pixels along columns followed by the same operation along rows. The

original resolution is reconstructed by the nearest neighbor interpolation. This
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interpolation introduces blocking artifacts in the coarse approximation and as

a result the residual image gets blocking artifacts as well.

In an attempt to concentrate more information in the coarse approximation

and to make the residual signal closer to white noise, we identify the need of a

better interpolation and decimation method. Spline-based interpolation meth-

ods have shown their superiority in terms of quality and computational com-

plexity [52,141]. In the spline formalism, a continuous image model is fit over

the discrete pixels, involving B-spline or other optimized piecewise-polynomial

basis functions. It allows resampling the initial image at any arbitrary finer

grid. As far as the image decimation is concerned, it has to be performed

using functions being biorthogonal to the chosen interpolation function. This

is the biorthogonal projection or least squares paradigm, which ensures image

decimation with a minimum loss of information [52,97]. Our practical imple-

mentation uses a near least squares method for image decimation proved to

be effective for a wide range of decimation ratios [53].

The redundancy in our coder is only determined by the size and quality of

the shaper. Generally, there are two factors controlling the size of the shaper

(and hence the redundancy). The first one is scaling (or interpolation) factor

and the second one is the JPEG quantization factor. Using larger downsam-

pling and quantization factors one can get lower level of redundancy, hence,

lower quality of side reconstruction (reconstruction from only one description).

Alternatively, using smaller downsampling and quantization factors, one can

obtain higher quality side reconstruction. The quality of the two-channel re-

construction is determined mostly by quantization step used for quantization

of LOT coefficients in the residual image.

2.3.2 Wavelet-based coding

An alternative to JPEG coding in obtaining good low bitrate image approx-

imation is some wavelet-based coding scheme. In general, wavelets provide

smooth reconstruction of compressed images even for low bitrates. As they

are functions for multiresolution analysis, there is no need of a preliminary

decimation step. In fact, the wavelet decomposition is precisely an orthogo-

nal or biorthogonal projection into the space of synthesizing (reconstruction)

wavelet functions. Moreover, the best wavelets for compression have been gen-

erated via splines, e.g. the famous 9/7 synthesis/analysis wavelet pair. In our
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(a) Residual image (b) Description 1 (c) Description 2

Figure 2.6: Checkerboard splitting of residual image (in case of DCT).

scheme we have involved the SPIHT coding and quantization algorithm [123].

2.4 Residual image coding

Our approach relies on the quality versus bit budget compromise achieved at

the coarse approximation stage. We speculate that our coarse approximation

is as good as possible for the given bit budget. Thus, the residual signal is

less informative, and there is no need to introduce redundancy to this signal.

Respectively, the total redundancy is added by only duplicating the base layer

(shaper). We essentially aim at avoiding redundancy in the residual image

coding.

The residual image coding in our method is done by a block transform,

e.g. blocks of 8 × 8 coefficients are considered. In coding the residual image,

no redundancy is added provided that the proper block transform has been

chosen. To generate MDC, the blocks are simply split into two descriptions in

the checkerboard manner (see Figure 2.6).

We explore LOT and DCT as block transforms well suited for the residual

image coding.

2.4.1 Coding the residual signal with block DCT

The residual image is transformed using 8 × 8 DCT. Then, all transformed

blocks are finely quantized with a scalar quantizer using a constant quantiza-

tion step Qf . The transform blocks are split between two descriptions in the

checkerboard manner and entropy coded separately.
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2.4.2 Coding the residual signal with LOT

LOT is the alternative to DCT when the quality of the shaper is not good

enough. In such cases some blocking artifacts can be encountered if the image

reconstruction is based on only one description. LOT can efficiently smooth

block borders due to the overlapping blocks it uses.

In LOT, each signal block of size N is mapped into a set of N basis func-

tions, each of them is longer than N samples, i.e. overlapping over adjacent

blocks [92]. For the 2D case the LOT’s are implemented in a separable manner.

In our coder we use Malvar’s LOT [92]. The overlapped blocks of the

size 16 × 16 in a spatial domain correspond to 8 × 8 blocks in the transform

domain. Next steps, i.e. quantization by a uniform quantization step Qr and

checkerboard-like splitting into two parts are essentially the same like in the

case of DCT block coding.

2.4.3 Reconstruction when one description is lost

When the decoder receives both descriptions, the reconstruction is straightfor-

ward. In case of one-channel reconstruction, the lost coefficients are just filled

with zeros. Then, the inverse quantization and inverse transform are applied.

The shaper can be obtained from the received description and added to the

reconstructed residual image.

It is obvious that this kind of reconstruction is appropriate when using

DCT for coding of the residual image. It has been also found that it is the

most appropriate way of reconstruction when using LOT for the residual image

coding.

In [31,66], it was shown that when reconstructing the original image from

only one description, setting the lost coefficients equal to zero produces severe

artifacts. Thus, [31,66] present methods for estimation of the lost coefficients.

In [66], the lost LOT coefficients are estimated as the mean of corresponding

coefficients in the neighboring blocks. In [31], it was proposed to use an itera-

tive procedure using maximally smooth recovery method. Moreover, a family

of LOT transforms with advanced reconstruction capabilities was presented

in [66]. However, it was found that for coding the residual zero-mean signal

these methods work worse than just filling the lost coefficients with zeros.

We suggest that this fact is connected with the high frequency nature of the
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residual signal that does not allow estimation of the lost LOT block from the

neighboring blocks.

2.4.4 Postprocessing for one-channel reconstruction

When DCT is used in the residual image coding, the image reconstructed from

one description consists of the blocks, which have different quality. Thus, low

bitrate of the shaper causes visible blocking artifacts. There are basically two

types of blocking artifacts: artifacts in flat areas of the image and artifacts in

the areas with high-frequency content. Artifacts in the flat areas of the image

look similar to artifacts caused by coarse quantization. These artifacts are

formed by the offset corresponding to the lost DC coefficient in the residual

image and can be reduced by linear filtering across the block borders. In the

areas with high-frequency content, high-quality blocks usually have texture

while the blocks obtained solely from the shaper are flat. In these parts of the

image, visual quality can be improved by smoothing the border between the

flat and textured blocks.

Postprocessing in our coder is based on the deblocking filter of MPEG-

4 [71, 87], which we modify according to our needs. The deblocking filter

operates in two separate modes depending on the pixel behavior around the

block boundary. In each mode, one-dimensional filtering operations are per-

formed across the block boundaries along horizontal and vertical directions

(see Figure 2.7). In Figure 2.7, we assume that filtering is performed in hor-

izontal direction across the vertical block boundary. The block on the left is

reconstructed with higher quality, and the block on the right is reconstructed

from the shaper and has lower quality.

The following procedure is used to find a smooth region with blocking

artifacts due to the small DC offset caused by the loss of the DC coefficient

in the residual image. The flatness of the region is examined by the following

measurement [87]:

F (v) =

8∑

i=0

φ(vi − vi+1) (2.4)

where

φ(δ) =

{
1, |δ| ≤ T1

0, otherwise.
(2.5)

If F (v) ≥ T2, the block is classified as smooth and smooth region mode is
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Figure 2.7: Block boundaries.

applied. Otherwise, the block is non-smooth and the default mode is applied.

The thresholds are chosen as T1 = 2 and T2 = 6. In the smooth region mode,

our filter is the same as the deblocking filter of MPEG-4. In this mode, 1-D

nine-tap smoothing filter is applied across the block boundaries, as well as

inside the block. Filtering is performed on eight pixels, four on each side of

the boundary. The filter coefficients are h(n) = 1
16{1, 1, 2, 2, 4, 2, 2, 1, 1}.

The default mode is modified compared to the MPEG-4 deblocking filter.

In the default mode of MPEG-4 deblocking filter, two pixels are modified,

each one from its side of the border. In our coder, the pixels from higher-

quality block should not be modified. Instead, we modify only pixel v5 from

the lower-quality block. This is done in the following way. Let us define a0,1,

a1,1, a2,1, and a3,1 as the four-point DCT coefficients of the pixel array S1 (see

Figure 2.7). The high-frequency coefficient a3,1 is the major factor, affecting

the blocking artifact. It is found [87] that the adjustment of this term helps

to reduce the blocking artifact. In our coder, the high frequency component

is modified by a factor between 0 and 1, resulting in

a′3,1 = a3,1
min(|a3,0|, |a3,1|, |a3,0|+|a3,2|

2 )

|a3,1|
(2.6)

where a3,0 and a3,2 are defined similarly to a3,1 for the pixels arrays S0 and

S2, respectively. In (2.6), the expression
|a3,0|+|a3,2|

2 is used rather than |a3,2|
as in [87] for the reason that a3,2 corresponds to “over-smoothed” block of the

image.
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The coefficient a3,1 can be found as

a3,1 = [k3 − k1 k1 − k3] · [v3 v4 v5 v6]
t

where

k1 =
1√
2

cos
π

8
,

k3 =
1√
2

cos
3π

8
.

If the coefficient a3,1 is modified to a′3,1, pixel v5 has to be modified as

v′5 = v5 +
1

k1
(a′3,1 − a3,1). (2.7)

The clipping operation is applied to the value of v′5 in order to keep it between

0 and 255. The filtering is performed separately in vertical and horizontal

directions. The proposed filtering method improves both the subjective and

objective quality of one-channel reconstruction of the image. The simulation

results for the proposed postprocessing method can be found in Section 2.6.

2.5 Scheme analysis

2.5.1 Optimization

For the proposed scheme, we present an algorithm, which optimizes bit allo-

cation subject to probability of the description loss under bitrate constraints.

Our scheme exploits DCT transform and quantization. Thus, it is difficult to

achieve exact bit allocation as in the case of progressive coders (e.g. SPIHT).

However, approximate bit allocation can be performed.

Let p denote probability of the description loss and R a target bitrate. Rs

is the bitrate of the shaper (coarse image approximation) and Rr is the bitrate

of the residual image. The central distortion is D0, and the side distortions

are D1 and D2. As we consider balanced descriptions, D1 = D2. Then, our

task is to minimize

2p(1 − p)D1 + (1 − p)2D0 (2.8)
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subject to

2Rs + Rr ≤ R. (2.9)

Consider checkerboard DCT-based coding of the residual image. The side

distortion (D1) is formed by the blocks, half of which are coded with the

distortion D0, and another half is coded with the distortion of the shaper Ds.

Consequently, we can approximate D1 as follows:

D1 =
1

2
(Ds + D0). (2.10)

Expression (2.10) can also be used in the case of LOT coding of the residual.

As LOT is by definition an orthogonal transform, the mean-squared error

distortion in the spatial domain is equal to the distortion in the transform

domain. However, side distortion in the transform domain is determined by

the loss of half of transform coefficient blocks. Thus, the expression (2.10) is

also valid in case of LOT.

Then, the constrained minimization (2.8) can be transformed to the un-

constrained minimization with the Lagrangian

L(Rs, Rr, λ) = p(1 − p)(Ds(Rs) + D0(Rs, Rr))

+ (1 − p)2D0(Rs, Rr) + λ(2Rs + Rr − R). (2.11)

For higher bitrates, D0 only weakly depends on Rs. It will be shown further

in the simulation results. Hence, we can write D0(Rr). The minimization task

is then simplified to

L(Rs, Rr, λ) = p(1 − p)(Ds(Rs) + D0(Rr))

+ (1 − p)2D0(Rr) + λ(2Rs + Rr − R). (2.12)

Generally, we are able to find experimentally the distortion-rate functions

D0(Rr) and Ds(Rs) to carry out the minimization task.

A closed-form solution can be found for i.i.d Gaussian random source. The

distortion-rate function of the Gaussian source with variance σ2 is

D(R) = σ22−2R. (2.13)
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Hence,

Ds(Rs) = σ22−2Rs . (2.14)

It is shown [44] that Gaussian source is successively refinable with respect to

the squared-error distortion measure. Hence, we can write

Dr(Rs, Rr) = σ22−2(Rs+Rr). (2.15)

Consequently, our task transforms to the unconstrained minimization of the

function

L(Rs, Rr, λ) = σ2p(1 − p)(2−2Rs + 2−2(Rs+Rr))

+ σ2(1 − p)22−2(Rs+Rr) + λ(2Rs + Rr − R). (2.16)

We differentiate the Lagrangian with respect to Rs, Rr, and λ and solve the

system of equations. The obtained optimal Rs and Rr are

R∗
s =

1

2
R +

1

4
log2(p),

R∗
r = −1

2
log2(p). (2.17)

The rate allocation (2.17) is, however, sub-optimal because the results were

obtained for the case of Gaussian random variable. The “true” optimal al-

location must use rate-distortion characteristics of the particular image and

solve the optimization task (2.12) or (2.11). Instead of using RD function of

the Gaussian source (2.13), one can use another RD curve model of the form

D(R) = a2bR + c. In this case, Eq. (2.11) can also be solved analytically as-

suming that the source is successively refinable. The example of such solution

is given in Sub-section 3.4.2 for our 2-stage video coder.

One can notice that the optimal bit allocation (2.17) has the same form

as that for the copies of polyphase components in [122] if we substitute R0 =

Rs + Rr, and R1 = Rs. This result is expected. In fact, our approach and the

approach from [122] are based on the same principle. When all the descriptions

are received, all pixels are reconstructed with fine quality. If some descriptions

are lost, the pixels in corresponding spatial locations are reconstructed with

lower quality. Thus, the results of the optimal bitrate allocation in terms of

mean-squared error are expected to be the same.
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2.5.2 Redundancy range

As it was mentioned earlier, the redundancy of the proposed method is ρ = Rs.

Thus, optimal redundancy ρ∗ is

ρ∗ = R∗
s =

1

2
R +

1

4
log2(p). (2.18)

We can see from (2.18) that optimal redundancy depends on the target bitrate

R and the probability of description loss p. However, for R ≤ −1
2 log2(p),

optimal redundancy ρ∗ is zero or negative. We interpret this result in the

following way. For these values of R and p, one should not use multiple

description coding. Instead, single description coding has to be used. In other

words, when p ≤ 22R, redundancy is set to zero, and single description coding

is used. However, these results can differ from the actual values obtained by

optimization using “true” RD characteristics of particular source. Thus, in

practical implementation of the proposed bit allocation algorithm we use the

following scheme. If the obtained value of Rs is less than 0.05, we fix Rs = 0.05

and Rr = R − 2Rs.

One can see from (2.18) that the upper limit for redundancy is obviously

R/2. It corresponds to Rr = 0. In this case, all the bit budget is allocated to

shaper, which is duplicated in both descriptions. This is achieved when p = 1,

the situation when the channel is not functioning. Thus, when probability

of the description loss is approaching unity, bit allocation algorithm simply

duplicates the data in both descriptions.

2.5.3 Practical bit allocation

In the previous Sub-section we have solved the problem of optimal bit alloca-

tion. It is easy to code the shaper to the given rate Rs with SPIHT or another

embedded coder. However, it is difficult to achieve the exact target bitrate

when coding the shaper with JPEG coding. Fortunately, the approximate

bitrate can be estimated.

Coding the shaper

Down-scaling for better transform compression at low bitrates was studied

in [22] by Bruckstein et al. The authors presented an algorithm which finds
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the optimal down-scaling factor for the given bitrate. The optimal down-

scaling factor is found based on the target bitrate and the second-order image

statistics. Thus, using the algorithm proposed in [22] one can find the appro-

priate down-scaling factor to code the given image with bitrate R∗
s .

Coding the residual signal

It was mentioned earlier that subtracting the coarse image approximation

has the effect of applying whitening transform to the original image. As the

residual signal resembles white noise, the DCT coefficients of the residual

image have approximately the same variance. Thus, the same quantization

step is used for all DCT coefficients. The compression ratio and the bitrate

of the residual signal are determined by the variance of the residual image σ2
r

and the quantization step Qr.

Let us model the DCT coefficients of the residual image as i.i.d. Gaussian

random variables with variance σ2
r . DCT is an orthogonal transform. Thus,

variance of DCT coefficients σ2
r can be estimated as the variance of pixel values

in the residual image.

The rate-distortion function of the Gaussian source is

R =
1

2
log2

σ2

D
. (2.19)

Under the assumption of fine quantization (which is valid for the residual

coding stage) the squared-error distortion of the uniform quantization is [62]

D ∼= 1

12
Q2 (2.20)

where Q is the quantization step. Hence,

Rr
∼= 1

2
log2

12σ2
r

Qr
(2.21)

and the quantization step for the residual image is chosen as

Qr = ⌈2
√

3σr2
−Rr⌉ (2.22)

where ⌈·⌉ denotes rounding to the nearest integer towards positive infinity.



32 Multiple Description Coding of Images

Basic coding algorithm

Briefly, the encoding is done as in the following. Having the probability of

the description loss, we find the optimal rates R∗
s and R∗

r according to (2.17).

Then, we estimate the optimal down-scaling factor using the procedure from

[22]. Another alternative is to use SPIHT coder for bitrate R∗
s. Then, we

decimate the original image with the estimated down-scaling factor and code

the decimated image with JPEG to fit the shaper bitrate (R∗
s). Then, we

obtain the residual image as the difference between the original image and the

shaper. From the residual image, we estimate the variance of its pixels σ2
r . We

apply (2.22) to find the quantization step Qr, and code the residual image.

2.6 Simulation results

In this section, varieties of our method are explored and compared between

themselves and with other MDC algorithms. For the evaluation, first, we

applied our method to the test images Lena (512 × 512, 8 bpp), Stream and

Bridge (512×512, 8 bpp), and Boat (256×256, 8 bpp). For most experiments,

we generated two rate-distortion curves. The first curve shows the reconstruc-

tion PSNR versus bitrate under the assumption that both descriptions are

received. The second curve illustrates the case, when one description is lost.

It is obtained by taking the mean result of two descriptions used separately

to reconstruct the image.

The proposed coder has been tested for the gray-scale images. However,

it can be easily extended to coding the color images in a way similar to JPEG

coding. In this case, the color representation is converted from RGB to YCbCr

followed by down-scaling the chrominance components Cb and Cr by factor

2 in both vertical and horizontal directions. Then, the luminance component

Y and the chrominance components Cb and Cr are compressed independently

with the proposed coder. The Huffman tables should be adjusted for each

color component.

2.6.1 Proper decimation and interpolation

In the first experiment, we compare different decimation and interpolation

methods to produce the shaper. As for the residual image coding, we fix it to

perform block transform coding, involving Malvar’s LOT [92]. We apply three
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decimation/interpolation methods. The first is based on decimation by 2 by

averaging over four nearest points and nearest neighbor interpolation, similarly

to [29]. Second is DCT-based decimation and interpolation [163], and the

third is a near least squares B-spline-based decimation and interpolation [53].

Those three approaches have been combined with the JPEG coder to obtain

the shaper. Additionally, the shaper is obtained by a wavelet-domain SPIHT

coding. Figure 2.8 shows the reconstruction results when both descriptions

have been received (central PSNR) and averaged PSNR for reconstruction

from one description (mean side PSNR). As can be seen from Figure 2.8,

among JPEG methods proper anti-aliasing decimation and interpolation give

substantial improvement. There, splines and global DCT are quite competitive

as pre- and post-processing functions. However, the spline-based method is

computationally less costly. Among all methods, wavelet-based SPIHT gives

superior results.

In our experiments we have used linear splines for interpolation and their

biorthogonal counterparts for decimation. Higher order splines would give

better results in a pure decimation/interpolation setting. However, the JPEG

quantization generates artifacts and the subsequent higher-order interpolation

makes them better visible. Linear interpolation plays an additional smoothing

effect to these artifacts. What is more important is the least squares setting

where the image is properly decimated subject to the chosen interpolation

method.

Figure 2.9 shows interpolation results for Lena image. The original 512 ×
512 Lena image is downsampled with biorthogonal splines to the resolution

128 × 128. The downsampled image is then quantized and coded with the

JPEG algorithm. Then, quantized downsampled image is interpolated to the

original resolution with linear splines. One can see that R = 0.085 allows to

reconstruct this image with Ds = 26.73 dB.

Figure 2.10 compares the performance of the Spline-LOT method with

that of the method introduced in [29] (denoted by WCT) for the same shaper

quantization factor. Spline-LOT coder clearly outperforms WCT coder both

for central and side reconstruction mainly due to the adequate decimation and

interpolation.
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Figure 2.8: Image Lena. Comparison of different interpolation methods.
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Figure 2.9: Image interpolation results. (a) Original image 512 × 512 pixels;
(b) Image downscaled to 128 × 128, JPEG-coded and interpolated to original
resolution, D = 26.73 dB, R = 0.085 bpp.

2.6.2 Shaper scaling and quantization

Next, we explore how the shaper quality influences the total reconstruction

quality. Again, our residual image coder is the LOT-based one while the

shaper coder is based on least squares spline decimation/interpolation and

JPEG with different quantization factor (this scheme is denoted as Spline-

LOT). The shaper quantization factor Qs is determined as a multiplication

factor applied to DCT coefficients before their quantization. The results are

shown in Figure 2.11.

One can see a higher shaper quantization factor slightly reduces the PSNR

for central reconstruction but at the same time increases the PSNR when

one description is lost. Using the finer quantization we thereby provide more

bitrate to the shaper. Thus, we introduce more redundancy that improves the

side reconstruction.

In addition, the rate-distortion curves for central reconstruction have much

steeper slope than the rate-distortion curves for the side reconstruction. It

evidences that finer quantization of the residual image results in better central

reconstruction but has little influence on the single description reconstruction.

This effect is cased by the form of the side distortion D1 = (D0 + Ds)/2. As

Ds ≫ D0, Ds contributes more to D1. Thus, finer quantization of the residual

image will decrease D0 but will not significantly decrease D1. In order to

decrease D1, one has to allocate more bits to the shaper. This will decrease

Ds/2 component in D1.
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Figure 2.10: Image Lena. Comparison of Spline-LOT and WCT coder.
Qs = 0.7.
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Figure 2.11: Image Lena. Rate-distortion performance of Spline-LOT coder
for different values of Qs.
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The next algorithm uses variable down-scaling factor for coding the shaper.

The results are parameterized by the shaper resolution and are shown in Fig-

ure 2.12. Decreasing the shaper resolution makes it possible to achieve low

bitrates.
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Figure 2.12: Image Lena. Rate-distortion performance of Spline-LOT coder
for different shaper resolutions.

2.6.3 Residual signal coding

In the next set of experiments, the shaper is obtained by linear B-spline down-

sampling followed by JPEG-coding. The residual signal is coded as in the fol-

lowing. In the first coder, the residual image is coded by the method from [29]
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involving DCT followed by PCT (this method is denoted Spline-PCT). The

second coder exploits block-wise DCT followed by splitting the blocks be-

tween two descriptions (this method is denoted Spline-DCT). The third coder

(Spline-LOT) uses LOT for coding the residual. For the Spline-DCT coder,

mean side reconstruction results are obtained with and without postprocess-

ing. Postprocessing is based on the deblocking filter described in Section 2.4.4.

Figure 2.13 compares the rate-distortion performance of the mentioned

coders for central and mean side reconstruction for test image Lena. Figure

2.14 shows the simulation results for image Stream and bridge.
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Figure 2.13: Image Lena. Comparison of Spline-DCT, Spline-LOT, and Spline-
PCT coders for different values of Qs.
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Figure 2.14: Image Stream and bridge. Comparison of Spline-DCT, Spline-
LOT, and Spline-PCT coders for different values of Qs.
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One can see from the figures that for both low-frequency (Lena) and high-

frequency (Stream and bridge) images, DCT shows slightly better performance

than LOT and PCT. The results are similar for both low-frequency and high-

frequency images. Surprisingly, in terms of PSNR, Spline-DCT coder is com-

petitive and even better than expected to be superior, Spline-LOT coder.

While the latter is showing less blocking artifacts, it is not as efficient as DCT

in compressing the high-frequency residual image. We suppose that this result

is connected with the fact that originally, LOTs have been optimized to com-

press low-frequency signals [92]. However, the residual image mostly contains

high frequencies. One can speculate that using transforms which are opti-

mized for higher frequency content images could give certain improvement in

the presented scheme.

The experiments with DCT in the residual image coding emphasize once

again the importance of good shaper coding. If we keep the quality of the

shaper low to achieve smaller redundancy, the blocking (checkerboard-like)

artifacts are more visible. This is caused by reconstruction of neighboring

blocks with different quality. However, if the shaper quality is high then, for

most of the images, those kinds of artifacts are not visible. At least, they

do not look visually more annoying than the artifacts caused by coding the

residual image by LOT or PCT. Blocking artifacts due to DCT-based coding

can be further reduced by postprocessing.

Figure 2.13 shows that postprocessing is beneficial for wide range of bi-

trates and different redundancies, especially for low-frequency images like

Lena. For high-frequency images, postprocessing gives some advantage when

the shaper quality is low. However, postprocessing does not improve the side

reconstruction of the high-frequency image when the shaper has higher quality.

This result is expected, as it is difficult to reconstruct high-frequency content

of the block from its neighborhood.

Figures 2.15 and 2.17 show the images reconstructed from one and two

descriptions by the Spline-DCT coder together with the images reconstructed

from one and two descriptions by the Spline-LOT coder. Figures 2.16 and 2.18

are show the enlarged sub-image areas from Figures 2.15 and 2.17, respectively.

One can notice that DCT and LOT produce different visual artifacts when the

image is reconstructed from a single description. In particular, DCT causes

blocking artifacts caused by different reconstruction quality of neighboring

blocks. One can see this checkerboard-like pattern in Figures 2.16(b), 2.18(b),
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when the blocks that have details (texture) are neighboring with the low-pass

filtered blocks that belong to shaper. In case of LOT, these patterns are

smoothed that can be observed from Figures 2.16(d) and 2.18(d). In case

of DCT, the edges may be broken (like tree branches in Figure 2.18(b)). In

case of LOT, the checkerboard pattern is smoothed or disappeared (Figure

2.18(d)).

Figure 2.15: Reconstructed image Lena, spline interpolation and DCT coding of
shaper. DCT coding of the residual (R = 0.623 bpp, ρ = 28%): (a) reconstruction
from two descriptions, D0 = 35.24 dB; (b) reconstruction from Description 1,
D1 = 31.84 dB. LOT coding of the residual (R = 0.632 bpp, ρ = 27.5%): (c)
reconstruction from two descriptions, D0 = 34.80 dB; (d) reconstruction from
Description 1, D1 = 30.78 dB.

Figure 2.19 shows the effect of postprocessing for one-channel reconstruc-

tion of the Spline-DCT coder. Although postprocessing does not reconstruct
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(a) DCT. Both descriptions (b) DCT. Description 1

(c) LOT. Both descriptions (d) LOT. Description 1

Figure 2.16: Reconstructed image Lena. Magnified area of image in Figure
2.15.
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Figure 2.17: Reconstructed image Stream and bridge, spline interpolation and
DCT coding of shaper. DCT coding of the residual (R = 1.700 bpp, ρ = 14.7%):
(a) reconstruction from two descriptions, D0 = 32.10 dB; (b) reconstruction
from Description 1, D1 = 26.52 dB. LOT coding of the residual (R = 1.705
bpp, ρ = 14.7%): (c) reconstruction from two descriptions, D0 = 31.58 dB; (d)
reconstruction from Description 1, D1 = 25.63 dB.
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(a) DCT. Both descriptions (b) DCT. Description 1

(c) LOT. Both descriptions (d) LOT. Description 1

Figure 2.18: Reconstructed image Stream and bridge. Magnified area of image
in Figure 2.17.
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the lost high-frequency content of the lower-quality blocks, it increases both

the subjective and objective quality of the image reconstructed from one de-

scription. The results of postprocessing for one-channel reconstruction for

wider range of redundancies can be found in Figure 2.21 and Tables 2.2 and

2.3. The results show that postprocessing is beneficial for wide range of re-

dundancies.

(a) Before postprocessing (b) After postprocessing

(c) Before postprocessing (d) After postprocessing

Figure 2.19: Effect of postprocessing on one-description reconstruction; D0 =
35.81 dB, 0.636 bpp: (a) Not filtered, D1 = 28.78 dB; (b) Filtered, D1 =
29.88 dB; (c) Magnified area of image in (a); (d) Magnified area of image in
(b).
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2.6.4 Bit allocation

This section shows the results of bit allocation algorithm proposed in Sub-

section 2.5.3. Test image is Boat (256 × 256, 8 bpp). The bit allocation

algorithm is given the desired bitrate and the probability of the description

loss. Bit allocation procedure exploits the closed-form solution (2.17). One

has to remember that this bit allocation is suboptimal as it does not use the

“true” rate-distortion characteristics of the source.

Figure 2.20 shows the RD curves obtained with the bit allocation algorithm

for different probabilities of description loss. The coder in these experiments

exploits linear splines for decimation and interpolation, and DCT for residual

signal coding. This figure shows the desired behavior of the rate allocation

algorithm. In particular, higher probability of description loss results in bit

allocation, which produces higher side PSNR and lower central PSNR.

2.6.5 Comparison with other MD image coders

In the above, we compared our coder with the WCT coder of [29]. Figures

2.10(a) and 2.10(b) prove that our coder clearly outperforms the WCT coder.

We suggest that this is due to proper decimation/interpolation.

Here we compare our 2-stage coder with other MD image coders based on

JPEG. The 2-stage coder exploits B-splines and JPEG for coding the shaper.

The residual image is coded with DCT. Two modifications of this coder are

used for comparison: with and without postprocessing described in Section

2.4.4. These coders are called 2-stage+post-filt and 2-stage, respectively. We

compare our 2-stage coder with two MD coders presented in [156]. One of

those coders is a JPEG-based MDTC image coder. Correlating transform

is applied to the pairs of DCT coefficients. The correlation added by this

transform helps to estimate the value of the lost coefficient from the received

coefficient. Another coder (MDSQ) is based on applying multiple description

scalar quantization [145] to DCT coefficients of the JPEG coder. Test image

Lena (512 × 512, 8 bpp) is used for comparison.

The central distortion for MDTC and MDSQ coders is D0 = 35.78 dB.

The central distortion for our 2-stage coder ranges from 35.80 dB to 36.00 dB.

Figure 2.21 represents the RD curves for one-channel reconstruction for the

2-stage, 2-stage+post-filt, MDTC, and MDSQ coders. Different operating

points for the 2-stage coder are obtained by varying the down-sampling factor

for the shaper.
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Figure 2.20: Image Boat. Bit allocation for different values of p.
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Figure 2.21 demonstrates that even without postprocessing, 2-stage coder

substantially outperforms MDTC coder for the whole range of redundancies.

The difference is even larger for low redundancies. We suggest that the su-

perior performance of the 2-stage coder in the low redundancy region is due

to down-sampling before JPEG coding of shaper. This down-sampling before

compression helps to obtain higher PSNR for low bitrates compared to the

conventional JPEG compression. The 2-stage coder also performs better than

MDSQ coder or comparable with it for higher redundancies. For moderate re-

dundancies, our coder works better than MDSQ. Moreover, our coder is able

to achieve smaller redundancies than the coders based on MDSQ and MDCT.

One can notice that the 2-stage coder is able to produce meaningful side re-

construction even with the redundancy less than 5%. Figure 2.21 shows that

postprocessing can improve both the subjective and objective quality, espe-

cially for low bitrates. The increase in PSNR due to the postprocessing is up

to 1 dB.

The simulation results for the 2-stage coder with and without postprocess-

ing for image Lena are given in Table 2.2. The simulation results for image

Stream and bridge can be found in Table 2.3.
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Figure 2.21: RD performance of different coders; image Lena (512 × 512).
Reconstruction from a single description. For MDTC and MDSQ, D0 = 35.78
dB. For 2-stage and 2-stage with postprocessing, D0 ≈ 35.80 – 36.00
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Bitrate Mean side Mean side Central Shaper Redun-
(bpp) PSNR PSNR (post- PSNR PSNR dancy

(dB) filtering) (dB) (dB) (dB) (%)

0.617 27.053 28.383 35.834 24.340 4.6
0.636 28.714 29.776 35.813 26.149 8.8
0.663 29.998 30.832 35.792 27.600 13.7
0.694 30.984 31.658 35.828 28.751 19.1
0.737 32.138 32.559 35.839 30.169 26.4
0.807 33.458 33.743 35.983 31.871 38.6
0.878 34.006 34.104 35.953 32.667 45.3

Table 2.2: Performance of 2-stage coder. Image Lena (512 × 512, 8 bpp).

Bitrate Mean side Mean side Central Shaper Redun-
(bpp) PSNR PSNR (post- PSNR PSNR dancy

(dB) filtering) (dB) (dB) (dB) (%)

1.577 24.026 24.630 32.383 21.345 3.1
1.612 25.271 25.661 32.391 22.703 6.5
1.659 25.895 26.152 32.396 23.400 9.6
1.748 26.538 26.656 32.396 24.131 14.3
1.833 26.954 26.995 32.403 24.612 18.1
1.911 27.25 27.228 32.415 24.957 21.3
1.950 27.373 27.323 32.419 25.101 22.7

Table 2.3: Performance of 2-stage coder. Image Stream and bridge (512× 512,
8 bpp).

2.7 Chapter conclusions

This chapter has surveyed MDC approaches to coding random variables and

images. Image coders consist of several typical blocks, e.g. transform, quan-

tization, coefficient scanning and entropy coding. Multiple descriptions can

be generated at one of these blocks, introducing a controlled amount of re-

dundancy which allows reconstruction from any single received description.

For example, redundancy can be added at the transform (MDTC, quantized

frames), quantization (MDSQ, MDLVQ), scanning process, or even at the pre-

processing stage (polyphase transforms) and the channel coding stage (MD-

FEC).

We have developed a practical MDC method that improves the two-stage

scheme proposed previously in [29]. The first stage of our coder employs
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spline interpolation in order to obtain the image with lower resolution, which

is then coded and sent to both channels. This coarse image is coded this

way in order to have a lower bitrate, yet providing smooth reconstruction.

Then, properly interpolated, this image is subtracted from the original one,

yielding the residual image. We spend no redundancy in dividing it into two

descriptions. To achieve this, a checkerboard splitting of block transform

coefficients is applied.

Two block-transform coders have been compared for coding the residual

image. The simpler DCT-based coder has shown the results competitive to

the LOT-based coder. While the latter was expected to yield reconstructed

images with less blocking artifacts, the good results for the former prove that

we have succeeded to make the residual image as high-frequency (noisy-like)

as possible and correspondingly better compressible by DCT. The improved

performance is due to the adequate decimation/interpolation scheme we have

applied, which is based on biorthogonal projection (either spline or wavelet).

The postprocessing in case of the DCT-based coder reduces blocking artifacts

and increases the side reconstruction quality.

Our MDC method shows better performance comparing to the method in

[29] both for reconstruction from one and two descriptions. It also outperforms

the MD coders from [156].





Chapter 3

Multiple Description Coding

of Video

Recent video coding standards employ motion-compensated prediction to ef-

ficiently remove the temporal correlation in video sequences and to split the

video information into the form of prediction error and motion vectors. Conse-

quently, typical MDC for video has to address coding of both prediction errors

and motion vectors. In addition, special attention has to be given to the syn-

chronization between the encoder and decoder. Encoding the prediction error

into multiple descriptions can be handled exactly as in the case of images; that

is, by subsampling in spatial or transform domain, and/or by proper scanning

and quantization of transform coefficients. The correlation in the temporal

domain can be utilized by suitable temporal domain subsampling.

This chapter is organized as follows. Section 3.1 addresses the most im-

portant problems of MDC of video by surveying the relevant papers. For more

extensive treatment of the topic, we refer to the excellent overview paper by

Wang et al [157]. Sections 3.2-3.7 describe the proposed MD video coding

scheme. Section 3.2 gives an overview of the encoding and decoding process in

general while Section 3.3 describes each block of the proposed scheme in de-

tail. Section 3.4 presents the analysis of the proposed scheme and Section 3.5

discusses its computational complexity. Section 3.6 offers a packetization strat-

egy. Section 3.7 presents the simulation results. Finally, Section 3.8 concludes

the chapter.

53
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3.1 Survey of MD video coding methods

3.1.1 Prediction loops mismatch control

One general problem connected with multiple description video coders based

on motion-compensated prediction is the mismatch between the states of the

encoder and decoder when the description is lost. This problem can be solved

either by generating extra prediction loops for any potential loss of description,

or by embedding the prediction in each description separately.

An MDC approach using three prediction loops in the encoder to mimic

different description loss scenarios was proposed by Reibman et al. [115,116].

In this approach, motion vectors and headers are simply duplicated in both

descriptions. I-frames and prediction errors in P-frames are coded using one

of the previously developed MD image coding approaches, e.g. pairwise cor-

relating transform [106, 155]. The coder uses the central (two-channel-based)

reconstruction as a reference picture in motion-compensated prediction. To

deal with the prediction loop mismatch, the encoder has three different pre-

diction loops, emulating three possible decoding scenarios: both descriptions

received or either of the descriptions lost [115,116].

A general diagram of the MD video coder based on three prediction loops

is shown in Figure 3.1. The encoder stores three previous frames P0, P1, and

P2 reconstructed from both descriptions, Description 1 and Description 2, re-

spectively. For each block X, the decoder forms the corresponding block from

the previously reconstructed frames through motion-compensated prediction.

The residual R (the motion-compensated difference) in the central predic-

tion loop (assuming both descriptions are available) is coded using a general

MD image coder (labelled in the scheme as MDC encoder). The MDC en-

coder produces two descriptions R̃1 and R̃2 which are sent to Channel 1 and

Channel 2. The encoder also has the MDC decoder block, which receives R̃1

and R̃2 and produces R̂1 and R̂2: two estimates of R from Description 1 and

Description 2, respectively. If the decoder gets only one of R̂1 and R̂2, the

reconstruction in the absence of any additional information is Pi + R̂i. The

side loop prediction errors M1 = X −P1 − R̂1 and M2 = X −P2 − R̂2 are also

coded by the single description encoders and included in the corresponding

descriptions. Coding the M1 and M2 controls the mismatch between the pre-

diction loops in the encoder and decoder in the case of description loss. Three
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Figure 3.1: Framework for 3-prediction-loop MDC in P mode [116].

different algorithms for mismatch signal coding were proposed [115]. Algo-

rithm 1 completely codes the mismatch error to the precision of quantization

error. Algorithm 2 uses partial control of the mismatch error. Algorithm 3

does not use side prediction loops at all. Instead, it allocates more redundancy

to the single-channel reconstruction of signal R. The decoder never uses the

mismatch error signal when both descriptions are received [115].

The matching-pursuits multiple description coding (MP-MDC) of Tang et

al. [138] is also based on the 3-loop scheme described earlier. This approach

modifies DCT structure to the matching pursuits framework, where the re-

dundancy in multiple descriptions is controlled by the number of shared basis

functions. Unlike the approach of Reibman, where the side loops are con-

sidered as pure redundancy, the approach of Tang uses maximum likelihood

estimation in order to improve the reconstruction quality of the central decoder

by using the side loop mismatch error signal.

The three-prediction-loop architecture, as illustrated by Figure 3.1 [115],

is constrained to have only two descriptions for the reason that the number

of drift-compensating contributions grows exponentially with the number of

descriptions. The independent flow MD video coder (IF-MDVC) introduced

in [48] exploits polyphase transform to create two or more descriptions. The

input video undergoes a polyphase transform, providing N independent flows.

Motion-compensated prediction is performed in each flow separately and is

followed by the entropy coding. When one description is lost, the lost samples

are interpolated from the received samples [48]. This coder does not require
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any drift compensation as the prediction is made in each description separately.

The redundancy in this coder is due to the reduced coded efficiency caused by

breaking the cross-dependencies in the original video sequence.

An approach called mutually refining DPCM (MR-DPCM) solves the prob-

lem of prediction loop mismatch by using two independent prediction loops

in the encoder [145]. Each description uses its own prediction loop, where

the reference frame is the single description reconstruction. The DCT coef-

ficients of motion-compensated differences are quantized with shifted quan-

tizers (MDSQ) described in Sub-section 2.1.1. When the decoder receives

both descriptions, it combines them to produce a higher quality reconstruc-

tion. Regunathan and Rose have enhanced the MR-DPCM scheme by using

an estimation-theoretic approach [113].

A drift-free multiple description coder has been introduced by Boulgouris

et al. [18]. This coder has one prediction loop. Only the information com-

mon for both descriptions is used for motion-compensated prediction. This is

achieved by coding the prediction error with a wavelet coder. Wavelet coeffi-

cients from the lower subbands are duplicated in both descriptions and used

in a reference frame. The coefficients from higher subbands are split between

two descriptions and are not used in motion-compensated prediction.

A simple MD video coder has been introduced by Reibman et al. [114].

Motion vectors and header information are duplicated in both descriptions.

DCT coefficients higher than the optimal threshold for this block are dupli-

cated in both descriptions, while lower coefficients are alternated between two

descriptions. Thus, the decoder can decode a single description with an H.263

compliant decoder. When two descriptions are received, the decoder simply

merges them into one H.263 stream. The drift in the case of description loss

is corrected when receiving the I-frame.

3.1.2 Coding motion vectors

Motion vectors are essential for video sequence reconstruction. Thus, the full

MDC system has to take into account coding of the motion vectors. A straight-

forward approach in treating the motion information is to duplicate the motion

vectors in all the descriptions in order to protect the motion information in

the case of channel losses. However, motion vectors can take a substantial

part of the target bitrate, especially in low-bitrate budgets. This justifies the
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Figure 3.2: VRC with two threads and three frames per thread [160].

necessity for efficient motion vector coding in MDC of video [84,85].

The approach of Kim and Lee [85] exploits overlapped block motion com-

pensation (OBMC) [105], which generates a smoother motion field than the

conventional block-based motion compensation. Blocks from the motion vec-

tor field are partitioned into two coarse fields using quincunx subsampling and

are split between two descriptions. The decoder reconstructs a fine motion

field if both descriptions are received, and a coarse motion field if only one

description is received. The redundancy in this algorithm is minimal, which

may cause high side distortions. The coder in [85] does not code the predic-

tion mismatch between the encoder and decoder prediction loops. However,

a combination with the 3-loop motion compensation scheme as in [115] is

possible.

Another MDC approach generates two descriptions from a mesh-based

motion compensation field [159]. Motion vectors are associated with the nodes

of the mesh and then split between two descriptions using quincunx subsam-

pling. If both descriptions are received, a fine motion mesh is generated. When

one description is lost, a coarse motion mesh is generated.

3.1.3 Temporal subsampling

Motion information is treated by applying temporal subsampling in an ap-

proach known as video redundancy coding (VRC) [160]. Temporally subsam-

pled frame sequences (threads) are formed and processed in parallel, thus

becoming independently decodable. In a fixed time, the threads converge to

the Sync frame. Even if some of the threads are damaged, the other threads

can be used to correctly reconstruct the Sync frame. This minimizes the num-

ber of I-frames as there is no need for complete resynchronization. Figure 3.2

illustrates VRC with two threads and three frames per thread.

As each thread is a subsampled version of the original video along the
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Figure 3.3: Lost frame reconstruction in balanced multi-state video coding [9].

temporal axis and the prediction is done independently of the other threads,

the motion vectors estimated from two consecutive P-frames may be longer

and the prediction error may be greater. This adds a substantial penalty to the

coding efficiency. Another source of redundancy in VRC are the Sync frames

coded multiple times [160]. In the H.264 video coding standard [74], one can

use SP-frames instead of VRC Sync frames [79]. This would eliminate the

drift caused by inaccurate frame reconstruction from different Sync frames.

The VRC approach has been adopted and further developed by Apos-

tolopoulos [7] into the approach referred to as multiple states. The novelty of

the Multiple States approach is that it uses the data from multiple streams

to recover the lost state. The frame reconstruction process is illustrated in

Figure 3.3. The lost frame can be reconstructed with sufficient quality to be

used as a reference frame in the decoding of the stream it belongs to. Thus,

the source video can be efficiently reconstructed to its full rate without using

VRC Sync frames.

A multiple description motion compensation (MDMC) approach has also

been motivated by VRC. MDMC reduces redundancy in VRC by utilizing a

second-order predictor, i.e. by predicting the current frame from two previ-

ously decoded frames [152, 153]. A motion-compensated block of the frame i

has two motion vectors. The first motion vector MV1 points to the frame

i − 1. The second vector MV2 points to the frame i − 2. Both the central and

side prediction errors are coded by DCT followed by the entropy coding [153].

When both descriptions are received, motion compensation is performed as

the weighted sum of two compensated pictures. When only one description is

received (e.g. containing odd frames), the decoder predicts the current frame

from the previous frame of the same description. The mismatch between the

predicted frames at the encoder and frames at the decoder is explicitly coded

with a lower accuracy, following the three-prediction-loop approach [115] (see

Sub-section 3.1.1). The predictor and the quantizer of the mismatch signal
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Figure 3.4: Lost frame reconstruction in unbalanced multi-state video coding
[9].

can be adjusted to control the redundancy and reconstruction quality. Thus,

unlike VRC, which has only few operational points in its redundancy rate-

distortion region, MDMC operates over a wide range of redundancy.

A similar approach, called double-vector motion compensation (DMC), has

been proposed in [25]. It uses a weighted superposition of two blocks in two

previous frames without coding the mismatch signal.

3.1.4 Unbalanced multiple description coding

Most MDC approaches produce balanced descriptions (D0 < D1, D0 < D2,

D1 = D2, R1 = R2). Thus, lower quality reconstruction can be obtained

from each description separately and high quality reconstruction is obtained

from both descriptions together. However, some applications may require un-

balanced descriptions. An unbalanced MDC (UMDC) is especially beneficial

when combined with multiple-path transport. In multi-path transport, each

description is transmitted to the receiver over a separate link. If those links

have different probabilities of packet losses, UMDC can improve the average

reconstruction quality at the receiver [9]. In particular, UMDC assumes that

one description has higher rate and is more important than the other descrip-

tion. An example of unbalanced video coding is given in Figure 3.4. The

descriptions in this approach have different frame rate.

Another approach to UMDC gives high priority to one description, while

the other description is considered as pure redundancy [34, 35, 133]. More

specifically, the encoder creates a high resolution (HR) description and a low

resolution (LR) description, where the central distortion is assumed equal to

the higher quality side distortion (D0 = D1 < D2). The low-quality descrip-

tion is obtained by spatial downsampling of the original sequence and used

only when the high-resolution description is lost. An erasure recovery algo-

rithm [50,133] is used to estimate the lost samples in the HR sequence.
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3.1.5 MD-FEC for video

Sub-section 2.1.3 has described how the MD-FEC scheme can be applied to

the output of the SPIHT coder. MD-FEC has also been applied to the output

of the MC-based video coder [51]. To generate a progressive bitstream, the

output of the MC-based video coder is rearranged in such a way that more

important information is transmitted in the beginning of the stream. The

bitstream is split into groups of pictures (GOP) of a predefined size; each

GOP is rearranged independently of the other GOPs. In the rearranged GOP,

I-frame goes first and the other important data (such as header information

and motion vectors) is transmitted next. Finally, VLC codewords from each

block corresponding to k-th DCT coefficients are grouped together (the groups

are ordered from low to high frequency content) [51]. MD-FEC algorithm is

applied to the rearranged bitstream similarly to as it is described in Sub-

section 2.1.3. Nevertheless, reordering does not make the bitstream truly

embedded. MD-FEC algorithm can also be used with data partitioning of the

H.264 standard [74]. Quite naturally, MD-FEC can be applied to 3D wavelet

coders such as 3D-SPIHT.

3.1.6 3D transform based coding

Yet another approach to video coding is three-dimensional subband coding (3D-

SBC) using wavelet transforms. Motion compensation can be incorporated

into 3D-SBC using motion-compensated lifting [128]. This implementation,

called motion-compensated temporal filtering (MCTF), can be used with any

wavelet kernel and any motion model; it also enables temporal scalability in

video coding. In the MDC scheme based on MCTF, low-frequency frames

are duplicated in both descriptions and high frequency frames are divided

between two descriptions. When reconstructing from a single description,

missing frames are estimated using motion vectors [125].

Another MD video coding method with a flexible number of descriptions is

based on interframe wavelet-based scalable video coding [2]. Motion-compensa-

ted temporal filtering and 2D spatial wavelet filtering are used to perform the

3D wavelet transform. The MD algorithm generates N descriptions from the

spatio-temporal code-blocks coded at M different rates. A code-block copy

with a higher rate goes to one description while the redundant copies with

lower rates are included in other descriptions to facilitate reconstruction in
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case of description loss. Motion vectors and the lowest frequency code-blocks

in both time and space are duplicated in all descriptions at a higher rate.

A number of other MD and error resilient video coders based on 3D-

transforms (including wavelets, LOT, and DCT) have been proposed [86, 93,

135,166].

3.2 2-stage 3D-DCT transform coding scheme

Nowadays, video is more often being encoded in mobile devices and transmit-

ted over less reliable wireless channels. Traditionally, the objective in video

coding has been to achieve high compression, which was attained with the cost

of increasing encoding complexity. However, portable devices, such as camera

phones, still lack enough computational power and are energy-consumption

constrained. Besides, a highly compressed video sequence is more vulnerable

to transmission errors, which are often present in wireless networks due to

multi-path fading, shadowing, and environmental noise. Thus, there is a need

of a low-complexity video coder with acceptable compression efficiency and

strong error-resilience capabilities.

Lower computational complexity in transform-based video coders can be

achieved by properly addressing the motion estimation problem, as the motion

estimation is the most complex part of such coders. In case of high and mod-

erate frame rates ensuring smooth motion, motion-compensated prediction

can be replaced by a proper transform along the temporal axis to handle the

temporal correlation between the frames in the video sequence. Thus, the

decorrelating transform adds one more dimension, becoming a 3D one, and if

a low complexity algorithm for such transform exists, savings in overall com-

plexity and power consumption can be expected compared to traditional video

coders [11,23,26,124]. Discrete cosine transform (DCT) has been favored for

its very efficient 1D implementations. As DCT is a separable transform, effi-

cient implementations of 3D-DCT can be achieved too [20, 23, 124]. Previous

research on this topic shows that a simple (baseline) 3D-DCT video encoder is

three to four times faster than the optimized H.263 encoder [72], for the price

of some compression efficiency loss, quite acceptable for portable devices [88].

A great number of multiple description (MD) video coders surveyed in Sec-

tion 3.1 are based on MC prediction. However, MC-based MD video coders
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risk having a mismatch between the prediction loops in the encoder and de-

coder when one description is lost. The mismatch can propagate further in the

consequent frames if not corrected. The solutions of this problem include three

separate prediction loops at the encoder [115], a separate prediction loop for

every description [7,48,149], or prediction from a coarser reference frame [18].

However, all these approaches decrease the compression efficiency and the ap-

proach in [115] also leads to increased computational complexity and possibly

to increased power consumption.

In this monograph, we investigate a two-stage multiple description coder

based on 3D-transforms, denoted 3D-2sMDC. This coder does not exploit

motion compensation as initially proposed in [102] and developed further in

[104]. Using 3D-transform instead of motion-compensated prediction reduces

the computational complexity of the coder, meanwhile eliminating the problem

of mismatch between the encoder and decoder. The proposed MD video coder

is a generalization of our 2-stage image MD coding approach [103] to coding

of video sequences [102, 104]. Designing the coder, we are targeting balanced

computational load between the encoder and decoder, the ability to work at

very low redundancy introduced by MD coding, and competitiveness with

MD video coders based on motion-compensated prediction (H.263) in terms

of compression ratio.

3.2.1 Encoder operation

In our scheme, a video sequence is coded in two stages as shown in Figure 3.5.

In the first stage (dashed rectangle), a coarse sequence approximation, called

shaper, is obtained and included in both descriptions. The second stage pro-

duces enhancement information, which has higher bitrate and is divided be-

tween two descriptions. The idea of the method is to get a coarse signal ap-

proximation which is the best possible for the given bitrate while decorrelating

the residual sequence as much as possible.

The operation of the proposed encoder is described in the following. First,

a sequence of frames is split into groups of 16 frames. Each group is split

into 3D cubes of size 16 × 16 × 16. 3D-DCT is applied to each cube. The

lower-frequency DCT coefficients in the 8× 8× 8 cube are coarsely quantized

with quantization step Qs and entropy-coded (see Figure 3.6(a)) composing

the shaper, other coefficients are set to zero. Inverse quantization is applied
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Figure 3.5: Proposed encoder scheme.

(a) (b)

Figure 3.6: Coding patterns: (a) 3D-DCT cube for shaper coding: only coeffi-
cients in the gray volumes are coded, other coefficients are set to zero; (b) Split
pattern for volumes of a residual sequence: ”gray” - Description 1 ; ”white” -
Description 2.

to these coefficients followed by the inverse 3D-DCT. An optional deblocking

filter serves to remove the block edges in spatial domain. Then, the sequence

reconstructed from the shaper is subtracted from the original sequence to get

the residual sequence.

The residual sequence is coded by a 3D block transform (DCT or a hy-

brid transform) and transform coefficients are finely quantized with a uniform

quantization step (Qr), split into two parts in a manner shown in Figure 3.6(b),

and entropy-coded. One part together with the shaper form Description 1,

while the second part and the shaper form Description 2. Thus, each descrip-

tion consists of the shaper and half of the transform volumes of the residual

sequence.

The shaper is included in both descriptions to facilitate successful recon-

struction when one description is lost. Thus, the redundancy of the proposed

coder is only determined by the shaper bitrate, which is controlled by the



64 Multiple Description Coding of Video

Figure 3.7: Decoder scheme. Central reconstruction. Side reconstruction (from
Description 1 ) when the content of the dashed rectangle is removed.

shaper quantization step Qs. A larger quantization step corresponds to lower

level of redundancy and lower quality of side reconstruction (reconstruction

from one description). Alternatively, a smaller quantization step results in

higher quality side reconstruction. The quality of the two-description recon-

struction is controlled by the quantization step Qr used in coding the residual

sequence. As the residual volumes are divided into two equal parts, the en-

coder produces two balanced descriptions both in terms of PSNR and bitrate.

3.2.2 Decoder operation

The decoder (Figure 3.7) operates as follows. When the decoder receives two

descriptions, it extracts the shaper (Xs) from one of the descriptions. Then,

the shaper is entropy-decoded and inverse quantization is applied. The 8×8×8

volume of coefficients is zero-padded to the size 16 × 16 × 16, and the inverse

DCT is applied. The deblocking filter is applied if it was used in the encoder.

In case of central reconstruction (reconstruction from two descriptions),

each part of the residual sequence (X1 and X2) is extracted from the corre-

sponding description and entropy decoded. Then, volumes of the correspond-

ing descriptions are decoded and combined together as in Figure 3.6(b). The

inverse quantization and the inverse transform (inverse DCT or inverse hybrid

transform) are applied to coefficients and the residual sequence is added to

the shaper to obtain the reconstructed sequence.

The scheme of the side decoder (e.g. reconstructing from Description 1 )

can be obtained from Figure 3.7 if the content of the dashed rectangle is

removed. In this case, the shaper is reconstructed from its available copy in

Description 1. The residual sequence, however, has only half of the coefficient

volumes (X1). The missing volumes X2 are simply filled with zeros. After
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that, the decoding process is identical to that of the central reconstruction.

As the residual sequence has only half of the coefficient volumes, the side

reconstruction has lower, however, still acceptable quality. For example, the

test sequence Silent voice coded at 64.5 kbps with 10% redundancy can be

reconstructed with PSNR D0 = 31.49 dB from two descriptions, and D1 =

26.91 dB from one description (see Table 3.2).

3.3 Detailed system description

3.3.1 Coarse sequence approximation

The idea of the first coding stage is to concentrate as much information as

possible into the shaper within strict bitrate constraints. We would also like

to reduce artifacts and distortions appearing in the reconstructed coarse ap-

proximation. The idea is to reduce spatial and temporal resolution of the

coarse sequence approximation in order to encode it more efficiently at lower

bitrate [22]. Then, the original resolution sequence can be reconstructed by

interpolation as a post-processing step. A good interpolation and decimation

method would concentrate more information in the coarse approximation and

correspondingly make the residual signal closer to white noise in a similar way

to our 2-stage image coder described in Section 2.2. However, when designing

a video coder for mobile devices, we also have to consider the computational

complexity of the encoding process. A computationally inexpensive approach

is to embed interpolation in the 3D-transform.

The downscaling factor for the shaper was chosen equal to two in both

spatial and temporal directions. The proposed scheme is able to use other

downscaling factors equal to powers of two. However, the factor 2 has been

chosen as the one producing the best results for QCIF and CIF resolution.

To reduce computational complexity, we combine downsampling with forward

transform (and backward transform with interpolation). The original sequence

is split into volumes of size 16 × 16 × 16, and 3D-DCT is applied to each

volume. Pruned DCT is used in this stage that allows to reduce computational

complexity (see Figure 3.6(a)). The transform size of 16 × 16 × 16 has been

chosen as a compromise between the compression efficiency and computational

complexity.

Only 8× 8× 8 cubes of low-frequency coefficients in each 16× 16× 16 co-
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efficient volume are used; other coefficients are set to zero (see Figure 3.6(a)).

The AC coefficients of the 8 × 8× 8 cube are uniformly quantized with quan-

tization step Qs. The DC coefficient is quantized with the quantization step

QDC .

In the 8×8×8 volume, we use coefficient scanning described in [164], which

is similar to a 2-D zigzag scan. Although there exist more advanced types of

quantization and scanning of 3D volumes [21, 26], we have found that simple

scanning performs quite well. An optional deblocking filter can be used to

reduce blocking artifacts caused by quantization and coefficient thresholding.

The DC coefficients of the transformed shaper volumes are coded by DPCM

prediction. The DC coefficient of the volume is predicted from the DC coeffi-

cient of the temporally preceding volume. As the shaper is included in both

descriptions, there is no mismatch between the states of the encoder and de-

coder when one description is lost.

First, the DC coefficient prediction errors and the AC coefficients undergo

zero run-length encoding (RLE). It combines runs of successive zeros and the

following non-zero coefficients into two-tuples where the first number is the

number of leading zeros, and the second number is the absolute value of the

first non-zero coefficient following the zero-run.

Variable-length encoding is implemented as a standard Huffman encoder

similar to one in H.263 [72]. The codebook has the size 100 and is calculated

for the two-tuples which are the output of RLE. All values exceeding the

range of the codebook are encoded with the “escape” code followed by the

actual value. Two different codebooks are used: one for coding the shaper

and another for coding the residual sequence. Six codebooks are used in case

of color video coding.

3.3.2 Residual sequence coding

The residual sequence is obtained by subtracting the reconstructed shaper

from the original sequence. As the residual sequence consists of high-frequency

details, we do not add any redundancy at this stage. The residual sequence

is split into groups of 8 frames in such a way that two groups of 8 frames

correspond to one group of 16 frames obtained from the coarse sequence ap-

proximation. Each group of 8 frames undergoes the 3D block transform. The

transform coefficients are uniformly quantized with the quantization step Qr
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and split between two descriptions in a pattern shown in Figure 3.6(b).

Two different transforms are used in this work to code the residual se-

quence. The first transform is 3D-DCT and the second is a hybrid transform.

The latter consists of the lapped orthogonal transform (LOT) [92] in vertical

and horizontal directions, and DCT in temporal direction. Both DCT and

the hybrid transform produce 8× 8× 8 volumes of coefficients, which are split

between two descriptions. Using LOT in spatial domain smoothes blocking

artifacts when reconstructing from one description. In this case, LOT spa-

tially spreads the error caused by loosing transform coefficient blocks. One

can also apply LOT in along the temporal direction in order to reduce block-

ing artifacts in the temporal domain. However, in our coder, we avoid using

LOT in temporal direction because of the additional delay it introduces in

the encoding process. The calculation of the residual sequence coefficients re-

quires first to process the temporally subsequent block. Namely, the encoder

would have to wait until the subsequent batch of 16 frames is obtained, then to

calculate and interpolate the shaper in order to obtain the residual sequence.

This would increase the memory requirements of the scheme as the encoder

would have to keep M residual frames preceding to the group of frames being

processed, where M is the overlap parameter in LOT. For this reasons, we

use the hybrid transform with DCT in temporal domain. Blocking artifacts

in temporal domain are smoothed by optional post-filtering at the decoder.

As will be demonstrated in Section 3.7, the hybrid transform outperforms

DCT in terms of PSNR and visual quality. Moreover, using LOT in spatial

dimensions gives better visual results compared to DCT. However, blocking

artifacts introduced by coarse coding of the shaper are not compensated by

coding the residual sequence with the hybrid transform. Therefore, the de-

blocking filter is applied to the reconstructed shaper (see Figure 3.5) prior

to subtracting it from the original sequence. In the experiments, we use the

deblocking filter from the H.263+ standard [72].

In the residual sequence coding, the transform coefficients are uniformly

quantized with the quantization step Qr. DC prediction is not used in the

second stage to avoid the mismatch between the states of the encoder and

decoder if one description is lost. The scanning of coefficients is 3D-zigzag

scanning [164]. The entropy coding is RLE followed by Huffman coding with

the codebook different from the one used for coding the coarse sequence ap-

proximation.
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3.4 Scheme analysis

3.4.1 Redundancy and reconstruction quality

Denote by D0 the central distortion (distortion when reconstructing from two

descriptions), and by D1 and D2 the side distortions (distortions when recon-

structing from one description). In case of balanced descriptions, D1 = D2.

Denote as Ds the distortion of the video sequence reconstructed from the

shaper. Consider 3D-DCT coding of the residual sequence. The side distor-

tion D1 is formed by the blocks, half of which are coded with the distortion

D0, and half with the shaper distortion Ds. Similar to (2.10), we can write

D1 =
1

2
(Ds + D0). (3.1)

Expression (3.1) can also be used when the hybrid transform is used for coding

the residual. As LOT is by definition an orthogonal transform, mean-squared

error distortion in spatial domain is equal to the distortion in the transform

domain. The side distortion in the transform domain is determined by loss

of half of residual transform blocks. Thus, expression (3.1) is also valid for

the hybrid transform. The shaper’s distortion Ds depends on the bitrate Rs

allocated to the shaper. Then, we can write (3.1) as

D1(Rs, Rr) =
1

2
(Ds(Rs) + D0(Rr, Rs)) (3.2)

where Rr is the bitrate allocated for coding the residual sequence and Rs is

the bitrate allocated to the shaper. For higher bitrates, Ds(Rs) ≫ D0(Rr),

and D1 mostly depends on Rs.

The redundancy ρ of the proposed scheme is the bitrate allocated to the

shaper, ρ = Rs. The shaper bitrate Rs and the side reconstruction distortion

D1 depend on the quantization step Qs and the characteristics of the video

sequence. The central reconstruction distortion D0 is mostly determined by

the quantization step Qr.

Thus, the encoder has two control parameters: Qs and Qr. By changing

Qr, the encoder controls the central distortion. By changing Qs, the encoder

controls the redundancy and the side distortion.
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3.4.2 Optimization

The proposed scheme can be optimized for changing channel behavior. Denote

by p the probability of the packet loss and by R the target bitrate. Then, in

case of balanced descriptions we have to minimize

2p(1 − p)D1 + (1 − p)2D0 (3.3)

subject to

2Rs + Rr ≤ R. (3.4)

Taking into consideration (3.1), expression (3.3) can be transformed to the

unconstrained minimization task with the Lagrangian

L(Rs, Rr, λ) = p(1 − p)(Ds(Rs) + D0(Rs, Rr))

+ (1 − p)2D0(Rs, Rr) + λ(2Rs + Rr − R). (3.5)

It is not feasible to find the distortion-rate functions D0(Rs, Rr) and Ds(Rs)

in real-time to solve the optimization task. Instead, the distortion-rate (D-R)

function of a 3D-coder can be modeled as

D(R) = b2−aR − c (3.6)

where a, b, and c are parameters, which depend on the characteristics of the

video sequence. Hence,

Ds(Rs) = b2−aRs − c. (3.7)

Assuming that the source is successfully refinable with respect to the squared-

error distortion measure (e.g., this is true for i.i.d Gaussian source [44]) we

can write

D0(Rs, Rr) = b2−a(Rs+Rr) − c. (3.8)

Then, substituting (3.7) and (3.8) into (3.5) and differentiating the resulting

Lagrangian with respect to Rs, Rf , and λ, we can find a closed form solution

of the optimization task (3.5). The obtained optimal Rs and Rr are

R∗
s =

1

2
R +

1

2a
log2(p),

R∗
r = −1

a
log2(p) (3.9)
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where R∗
s and R∗

r are the rates of the shaper and the residual sequence, re-

spectively.

Hence, the optimal redundancy ρ∗ of the proposed scheme is

ρ∗ = R∗
s =

1

2
R +

1

2a
log2(p). (3.10)

The optimal redundancy ρ∗ depends on the target bitrate R, the proba-

bility of packet loss p, and parameter a of the source D-R function. It does

not depend on D-R parameters b and c. We have found that the parameter a

usually takes similar values for video sequences with the same resolution and

frame rate. Thus, one does not need to estimate a in real-time. Instead, one

can use a typical value of a to perform optimal bit allocation during encoding.

For example, sequences with CIF resolution and 30 frames per second usually

have the value of a between 34 and 44 for bitrates under 1.4 bits per pixel.

One can notice that for values R ≤ − 1
a log2(p), the optimal redundancy ρ∗

is zero or negative. For these values of R and p, the encoder should not use

MDC. Instead, single description coding has to be used. It is seen from (3.10)

that the upper limit for redundancy is R/2, which is obtained for p = 1. That

means that all the bits are allocated to the shaper, which is duplicated in both

descriptions.

3.5 Computational complexity

To perform a 3D-DCT of an N × N × N cube, one has to perform 3N2 one-

dimensional DCTs of size N . However, if one needs only the N/2×N/2×N/2

low-frequency coefficients, as in the case of the shaper coding, a smaller amount

of DCTs need to be computed. Three stages of separable row-column-frame

(RCF) transform require [N2 +1/2N2 +1/4N2] = 1.75N2 DCTs for one cube.

The same is true for the inverse transform.

The encoder needs only the 8 lowest coefficients of 1D-DCT. For this rea-

son, we use pruned DCT as in [127]. The computation of the 8 lowest coeffi-

cients of the pruned DCT II [112] of size 16 requires 24 multiplications and 61

additions [127]. That gives 2.625 multiplications and 6.672 additions per point

and brings significant reduction in computational complexity. For comparison,

full separable DCT II (decimation in frequency (DIF) algorithm) [112] of size

16 would require 6 multiplications and 15.188 additions per point.
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Transform Pruned 3D VR RCF 3D VR RCF
16 × 16 × 16 16 × 16 × 16 16 × 16 × 16 8 × 8 × 8 8 × 8 × 8

Mults/point 2.625 3.5 6 2.625 4.5
Adds/point 6.672 15.188 15.188 10.875 10.875
Mults+adds

point
9.297 18.688 21.188 13.5 15.375

Table 3.1: Operations count for 3D-DCT II. Comparison of algorithms.

The operation count for different 3D-DCT schemes is provided in Ta-

ble 3.1. The adopted “pruned” algorithm is compared to fast 3D vector-

radix decimation-in-frequency DCT (3D VR DCT) [20] and row-column-frame

(RCF) approach, where 1D-DCT is computed by DIF algorithm [112]. One

can see that the adopted “pruned” algorithm has the lowest computational

complexity. In terms of operations per pixel, partial DCT 16 × 16 × 16 is

less computationally expensive than the full 8 × 8 × 8 DCT used to code the

residual sequence.

In [88], a baseline 3D-DCT encoder is compared to the optimized H.263

encoder [165]. It was found [88] that the baseline 3D-DCT encoder is up to

four times faster than the optimized H.263 encoder (3.7 times on average). In

the baseline 3D-DCT encoder [88], DCT was implemented by RCF approach,

which gives 15.375 operations/point. In our scheme, the forward pruned 3D-

DCT for the shaper requires only 9.3 op/point. Adding the inverse transform,

one gets 18.6 op/points. The 8 × 8 × 8 DCT of the residual sequence can be

implemented by the 3D VR DCT [20], which requires 13.5 op/point. Thus, the

overall complexity of the transforms used in the proposed encoder is estimated

as 32.1 op/point that is twice higher than the complexity of the transforms

used in the baseline 3D-DCT encoder (15.375 op/point).

The overall computational complexity of the encoder includes quantization

and entropy coding of the shaper coefficients. However, the number of coeffi-

cients coded in the shaper is eight times lower than the number of coefficients

in the residual sequence as only 512 lower DCT coefficients in each 16×16×16

block are coded. Thus, quantization and entropy coding of the shaper would

take about 8 times less computations than quantization and entropy coding

of the residual sequence. Thus, we estimate that the overall complexity of

the proposed encoder is not more than twice the complexity of the baseline

3D-DCT encoder [88]. This means that the proposed coder has up to two

times (factor of 1.85 on average) lower computational complexity than the
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optimized H.263 [165]. The difference in computational complexity between

the proposed coder and H.263+ with scalability (to provide error resilience

analogous to the proposed method) is even greater. Being less computation-

ally complex, the proposed coder has single description performance similar

or even higher than H.263+ [72] with SNR scalability, as shown in Section 3.7.

3.6 Packetization and transmission

The bitstream of the proposed video coder is packetized as follows. A group of

pictures (16 frames) is split into 3D-volumes of size 16 × 16 × 16. One packet

should contain one or more shaper volumes, which gives 512 entropy-coded

coefficients (due to thresholding).

In case of single description coding, one shaper volume is followed by eight

spatially corresponding volumes of the residual sequence, which have the size

8 × 8× 8. In case of multiple description coding, a packet from Description 1

contains a shaper volume and four residual volumes taken in the pattern shown

in Figure 3.6(b). Description 2 contains the same shaper volume and four

residual volumes, which are not included into Description 1. If the size of

such group (one shaper volume and four residual volumes) is small, several

groups are packed into one packet.

The proposed coder uses DPCM prediction of DC coefficients in the shaper

volumes. The DC coefficient is predicted from the DC coefficient of the tem-

porally preceding volume. If both descriptions containing the same shaper

volume are lost, DC coefficient is estimated as the previous DC coefficient

in the same spatial location or as an average of DC coefficients of the spa-

tially adjacent volumes. This concealment may introduce a mismatch in the

DPCM loop between the encoder and decoder. However, the mismatch does

not spread out of the border of this block. The mismatch is corrected by the

DC coefficient update which can be requested over the feedback channel or

may be done periodically.

To further improve the robustness against burst errors, the bitstream can

be reordered in a way that descriptions corresponding to one 3D volume are

transmitted in the packets which are not consecutive. It will decrease the

probability that both descriptions are lost due to consequent packet losses.

Another solution to improve the error resilience is to send the packets of De-
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scription 1 over one link, and packets of Description 2 over another link.

3.7 Simulation results

This section presents the comparison of the proposed MD coder with other MD

coders. The experiments are performed on sequences Tempete (CIF, 30 fps,

10 s), Silent voice (QCIF, 15 fps, 10 s), and Coastguard (CIF, 30 fps). We mea-

sure the reconstruction quality by using the peak signal-to-noise ratio (PSNR).

The distortion is the average luminance PSNR over time, all color components

are coded. We compare our scheme mainly with H.263-based coders as our

goal is low-complexity encoding. Apparently, the proposed scheme cannot

compete with H.264 in terms of compression efficiency. However, the H.264

encoder is much more computationally complex than the proposed scheme.

It is difficult to compare the computation complexity of the H.264 encoder

with that of our encoder as we can talk only about the particular realization

of the encoders on the same platform. However in [89], the computational

complexity of the optimized H.264 encoder (actually the H.26L prototype cor-

responding to the H.264 baseline profile with one reference frame) has been

found 3.8 times higher than that of analogously optimized H.263. Therefore,

we could estimate the computational complexity of our coder as at least 7

times lower than the complexity of the H.264 baseline profile. In the subse-

quent subsections, we mostly compare the proposed coder with H.263, which

has the complexity comparable with our coder.

3.7.1 Single description performance

Figure 3.8 plots PSNR versus bitrate for the sequence Tempete. The compared

coders are single description coders. 3D-2stage coder is a single-description

variety of the coder described above. The shaper is sent only once, and the

residual sequence is sent in a single description. 3D-DCT is a simple 3D-DCT

coder described in [26, 88]. H.263 is the Telenor implementation of H.263.

H.263-SNR is the H.263+ with SNR scalability, implemented at the University

of British Columbia [36, 119]. We also show the results for the H.264 coder

(baseline profile) using one reference frame. The encoder used is the JM 11.0.

We can observe that H.264 outperforms all other coders. However, one should

also take into account that the H.264 encoder, even the baseline profile, is
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Figure 3.8: Sequence Tempete, single description coding.
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Figure 3.9: Sequence Tempete coded at 450 kbps, single description coding.

more computationally complex than all the other encoders compared. From

the remained coders, the best performance is shown by H.263. Our 3D-2stage

has approximately the same performance as H.263+ with SNR scalability and

looses half to one dB to H.263+. Simple 3D-DCT coder shows the worst

performance from all the compared coders.

Figure 3.9 shows PSNR of the first 100 frames of Tempete sequence. The

sequence is encoded to target bitrate 450 kbps. Figure 3.9 demonstrates that

3D-DCT coding exhibits temporal degradation of quality on the borders of 8-

frame blocks. These temporal artifacts are caused by block-wise DCT and per-

ceived like abrupt movements. These artifacts can be efficiently concealed with
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postprocessing on the decoder side. In this experiment, we applied MPEG-4

deblocking filter [87] to block borders in the temporal domain. As a result,

temporal artifacts are smoothed. The perceived quality of the video sequence

has also improved. Some specialized methods for deblocking in temporal do-

main can be applied as in [121]. Postprocessing in temporal and spatial do-

main can also improve the reconstruction quality in case of description loss.

In the following experiments, we do not use postprocessing in order to have

fair comparison with other MDC methods.

3.7.2 Performance of different residual coding methods

In the following, we compare the performance of MD coders in terms of side

reconstruction distortion, while they have the same central distortion. Three

variants of the proposed 3D-2sMDC coder are compared. These MD coders

use different schemes for coding the residual sequence. Scheme 1 is the 2-

stage coder, which uses hybrid transform for the residual sequence coding and

deblocking filtering of the shaper. Scheme 2 employs DCT for coding the

residual sequence. Scheme 3 is similar to Scheme 2 except that it uses the

deblocking filter (see Figure 3.5). We have compared these schemes with a

simple MD coder based on a simple 3D-DCT video coder and MDSQ [145],

which we call 3D-MDSQ. MDSQ is applied to the first N coefficients of 8×8×8

3D-DCT cubes. Then, MDSQ indices are sent to the corresponding descrip-

tions, and the rest of 512 − N coefficients are split between two descriptions

(even coefficients go to Description 1 and odd coefficients to Description 2 ).

Figure 3.10 shows the result of side reconstruction for the reference se-

quence Tempete. The average central distortion (reconstruction from both

descriptions) is fixed for all encoders, D0 = 28.3 dB. The mean side distortion

(reconstruction from one description) versus bitrate is compared. One can see

that Scheme 1 outperforms other coders, especially in the low-redundancy re-

gion. One can also see that deblocking filtering of the shaper (Scheme 3) does

not give much advantage for the coder using 3D-DCT for coding the residual

sequence. However, deblocking filtering of the shaper is necessary in Scheme 1

as it significantly enhances the visual quality. Deblocking filtering in the pro-

posed coder requires twice less operations than in H.263+ because the block

size in the shaper is twice larger than that in H.263+. All three proposed

coders outperform the simple 3D-MDSQ coder to the extent of 2 dB.
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Figure 3.10: Sequence Tempete, 3D-2sMDC, mean side reconstruction.
D0 ≈ 28.3 dB.

3.7.3 Network performance of the proposed method

Figure 3.11 introduces performance of the proposed coder in the network en-

vironment with error bursts. In this experiment, bursty packet loss behavior

is simulated by the two-state Markov model. These two states are G (good)

when the packets are correctly received and B (bad) when the packets are

either lost or delayed. This model is fully described by transition probabilities

pBG from state B to state G and pGB from G to B. The model can also be

described by average loss probability PB = Pr(B) = pGB/(pGB + pBG) and the

average burst length LB = 1/pBG.

In the following experiment, the sequence Tempete (CIF, 30 fps) has been

coded to bitrate 450 kbps into packets not exceeding the size of 1000 bytes

for one packet. The coded sequence is transmitted over two channels modeled

by two-state Markov models with PB = 0.1 and LB = 5. Packet losses in

Channel 1 are uncorrelated with errors in Channel 2. Packets corresponding

to Description 1 are transmitted over Channel 1 and packets corresponding

to Description 2 are transmitted over Channel 2. Two channels are used in

order to guarantee that packet losses are not correlated between the descrip-

tions. Similar results can be achieved by packet interleaving. When both

descriptions are lost, error concealment described in Section 3.6 is used. Opti-

mal redundancy for Tempete sequence found with (3.10) for bitrate 450 kbps

(0.148 bpp) is 21%.
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Figure 3.11: Network performance, packet loss rate 10%. Sequence Tempete,
coded at 450 kbps. Comparison of 3D-2sMDC and 3D-2sMDC with posfiltering.
Performance of single description coder without losses is given as reference.

Figure 3.11 shows network performance of 3D-2sMDC and 3D-2sMDC with

postrocessing (temporal deblocking). The performance of a single description

3D-2stage coder in a lossless environment is also given in Figure 3.11 as a

reference. One can see that using MDC for error resilience helps to maintain

an acceptable level of quality when transmitting over the network with packet

losses.

3.7.4 Comparison with other MD coders

The next set of experiments is performed on the reference sequence Coastguard

(CIF, 30 fps). The first coder is the proposed 3D-2sMDC coder Scheme 1. The

H.263 spatial method exploits H.263+ [119] to generate layered bitstream. The

base layer is included in both descriptions while the enhancement layer is split

between two descriptions on a GOB basis. The H.263 SNR is similar to the

previous method with the difference that it uses SNR scalability to create two

layers.

Figure 3.12 plots the single description distortion versus bitrate of the

Coastguard sequence for the three coders described above. The average central

distortion is D0 = 28.5 dB. One can see that 3D-2stage method outperforms

the other two methods.

The results indicate that the proposed MD coder based on 3D-transforms

outperforms the simple MD coders based on H.263+. For the coder with SNR
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Figure 3.13: Sequence Silent voice, mean side reconstruction. D0 ≈ 31.53 dB.

scalability, we were not able to get the bitrates as low as we have got with our

3D-2stage method.

Another set of experiments is performed on the reference sequence Silent

voice (QCIF, 15 fps). The proposed 3D-2sMDC coder is compared with

MDTC coder that uses three prediction loops in the encoder [115, 116]. The

3D-2sMDC coder exploits Scheme 1 as in the previous set of experiments.

The rate-distortion performance of these two coders is shown in Figure 3.13.

The PSNR of two-description reconstruction of 3D-2sMDC coder is D0
∼=

31.47 − 31.57 dB and central distortion of MDTC coder is D0 = 31.49 dB.

The results show that the proposed 3D-2sMDC coder outperforms the
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MDTC coder, especially in a low-redundancy region. The superior side recon-

struction performance of our coder can be explained by the following. MC-

based multiple description video coder has to control the mismatch between

the encoder and decoder. It can be done, for example, by explicitly cod-

ing the mismatch signal, as in [115, 116]. In opposite, MD coder based on

3D-transforms does not need to code the residual signal, thus, gaining advan-

tage of very low redundancies (see Table 3.2). The redundancy in Table 3.2

is calculated as the additional bitrate for MD coder comparing to the single

description 2-stage coder based on 3D block transforms.

A drawback of our coder is relatively high delay. High delays are com-

mon for coders exploiting 3D-transforms (e.g., coders based on 3D-DCT or

3D-wavelets). Waiting for 16 frames to apply the 3D transform introduces ad-

ditional delay of slightly more than half a second for the frame rate 30 fps and

about one second for 15 fps. The proposed coder also needs larger memory

than an MC-based video coder, as it needs to store the 16 frames in the buffer

before applying the DCT. This property is common for most 3D transform

video coders. We suppose that most mobile devices nowadays have enough

memory to perform the encoding.

Figures 3.14 and 3.15 show frame 13 of the reference sequence Tempete

reconstructed from two descriptions and from Description 1 alone. The se-

quence is coded by 3D-2sMDC (Scheme 1) encoder to bitrate R = 880 kbps.

Comparing Figure 3.15(a) reconstructed from two descriptions with Fig-

ure 3.15(b) reconstructed from one description, one can notice two types of

visual artifacts. The first type of artifacts is characterized by blurred areas

caused by lost residual sequence volumes. These artifacts can be noticed when

comparing the green leaves in Figures 3.15(a) and 3.15(b). Another type of

artifacts appears in fast moving objects like the gray leaf in the upper-right cor-

ner of Figures 3.15(a) and 3.15(b). The fast moving object is not present in the

shaper due to thresholding the transform coefficients in the temporal domain.

Therefore, when reconstructing from one description, the checkerboard-like

pattern is observed (see Figure 3.15(b)) because of lost residual sequence vol-

umes. This problem could be solved by not scaling the shaper in the temporal

direction. However, this would increase the coding redundancy due to greater

size of the shaper. One can also see from Figure 3.15 that there are no spatial

blocking artifacts when using LOT for coding the residual sequence. One can

notice some ringing artifacts in Figures 3.15(c) and 3.15(d). Although the
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Central PSNR Mean-side PSNR Bitrate Redundancy
(dB) (dB) (kbps) (%)

31.49 26.91 64.5 9.8
31.51 27.34 65.5 11.4
31.51 27.83 66.8 13.7
31.57 28.47 70.3 19.6
31.52 29.05 74.2 26.3
31.47 29.54 81.2 38.2
31.53 29.97 89.2 51.8

Table 3.2: Reconstruction results. Sequence Silent voice.

image reconstructed from one description has the artifacts described above,

the overall picture is smooth and pleasant to the eye.

3.8 Chapter conclusions

A general problem connected with multiple description video coders based

on motion-compensated prediction is the mismatch between the states of the

encoder and decoder when the description is lost. This problem can be solved

either by generating extra prediction loops for any potential loss of description,

by embedding the prediction in each description separately, or by using less

efficient prediction from the lower quality reference frame.

We have proposed an MDC scheme for video which does not use motion-

compensated prediction. The proposed coder exploits 3D transforms to remove

correlation in video sequence. Coding is done in two stages: the first stage

produces coarse sequence approximation (shaper) trying to fit as much infor-

mation as possible in the limited bit budget. The second stage encodes the

residual sequence, which is the difference between the original sequence and

the shaper-reconstructed one. The shaper is obtained by pruned 3D-DCT,

and the residual signal is coded by 3D-DCT or hybrid 3D-transform. The

redundancy is introduced by including the shaper in both descriptions. The

amount of redundancy is easily controlled by the shaper quantization step.

The scheme can also be easily optimized for suboptimal bit allocation. This

optimization can run in real time during the encoding process.

The proposed MD video coder has low computational complexity, which

makes it suitable for mobile devices with low computational power and limited

battery life. The coder has been shown to outperform MDTC video coder and
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some simple MD coders based on H.263+. The coder performs especially

well in the low-redundancy region. The encoder is also less computationally

expensive than the H.263 encoder.
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(a) Reconstruction from two descriptions, D0 = 28.52.

(b) Reconstruction from Description 1, D1 = 24.73.

Figure 3.14: Sequence Tempete, frame 13.
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(a) Two descriptions (b) Description 1

(c) Two descriptions (d) Description 1

Figure 3.15: Sequence Tempete, frame 13. Magnified areas of frame in Fig-
ure 3.14.





Chapter 4

Multiple Description Coding

of Stereo Video

In this chapter, we introduce some recent methods developed for multiple

description coding of stereoscopic video. A straightforward way to compress

the stereo sequence is simulcast coding, where the left-eye view and the right-

eye view are encoded independently (see Figure 4.1). However, this approach

does not exploit efficiently the correlation between two sequences. In order to

exploit this correlation, one can use the joint coding structure, as shown in

Figure 4.2. In the joint coding scheme, prediction in the left sequence employs

only motion estimation and prediction in the right sequence employs both

motion and disparity estimation.

Figure 4.1: Reference structure of simulcast stereo video coding. Left- and
right-view sequences are encoded independently.

Chapter 3 addressed multiple description coding of monoscopic video. Sim-

ilar ideas can be applied to MD coding of stereoscopic video. Compressed

stereoscopic video is also vulnerable to transmission errors. Moreover, due to

more complicated structure of the prediction path, errors in the left sequence

can propagate to the subsequent left frames and also to the right frames.

Designing an MDC scheme for stereoscopic video, one has to keep in mind

85
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Figure 4.2: Reference structure of joint stereoscopic video coding. Left se-
quence is coded independently; frames of right sequence are predicted from either
right or left frames.

that the depth information is essential in stereoscopic video and should be

maintained in each description.

This chapter is organized as follows. Section 4.1 surveys state-of-the-art

approaches to stereoscopic video coding and standardization activities in this

area. Section 4.2 briefly describes a multi-view video coder which has been

used to build the proposed MDC schemes. Section 4.3 presents the spatial

scaling-based approach to MDC of stereoscopic video, whereas Section 4.4 in-

troduces the approach based on temporal subsampling. Section 4.5 discusses

the experimental results and offers a criterion for switching between the pro-

posed schemes. Section 4.6 concludes the chapter.

4.1 Survey of stereo video coding

In stereo video, a 3D scene is captured by two cameras positioned at view-

points with the distance between them corresponding to the distance between

the human eyes. As the video sequences from two cameras share common con-

tent, better compression ratio can be achieved when encoding the sequences

jointly in comparison to simulcast coding. This adds the fourth (the inter-

view) compression dimension to video coding. Thus, the efficient scheme for

stereo video compression exploits the combination of temporal and inter-view

prediction. However, the gain in compression efficiency of the joint scheme

compared with simulcast coding is usually limited because temporally neigh-

boring pictures are typically more similar than spatially neighboring pictures.

The research on stereo video compression has continued into several di-

rections, including optimum joint bit allocation for two channels or designing

more efficient prediction structures. A joint coding method shown in Figure 4.2

has been developed further by interpolating the right sequence frames from the

motion- and disparity-compensated frames. This makes it possible to achieve
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the increased compression performance. In [43], frames of the right sequence

are predicted as a weighted sum of the motion- and disparity-compensated

frames. In [162], the B-frames in the right sequence are not transmitted to

the decoder. Instead, these frames are interpolated at the decoder from the

I- and P-frames of the right sequence and frames of the left sequence. This

makes it possible to encode stereo video with only 8 to 30 % additional bi-

trate over a single-view stream. In [39], a stereo video coding system employs

block prediction from motion- and disparity-compensated blocks by choosing

the appropriate weighting function. Fast ME algorithm for the right sequence

and mode pre-decision before ME decrease the system complexity. A stereo-

scopic H.264-based video coder based on the joint prediction scheme has been

developed in [12]. This coder has been further improved in [13] by adding

the parallel encoding of left and right video sequences in order to increase the

encoding speed on the parallel virtual machine architecture. The prediction

of the right sequence frames has also been improved by using more reference

frames from the left sequence (including the subsequent frames). Apart from

the methods mentioned above, a compression method based on the human

visual system (HVS) has been developed in [109]. This compression method

is referred to as hybrid HVS coding and is not compatible with video coding

standards. In this system, the left sequence is coded with the lower quality

by a hybrid 3D-/2D-DCT coder based on HVS model. The right sequence

frames are encoded with higher quality by disparity compensation and coding

the difference frames.

A predictive stereo video encoding system consists of several stages such as

motion and disparity estimation and compensation, transform, quantization,

and entropy coding. Using bit allocation and quantization strategies optimized

for stereo coding increases the overall system performance. Several stereo

image and video coding optimization schemes have been developed [41, 161].

These approaches minimize the total distortion measure while staying within

the overall bit budget for both the left and right pictures.

The research on stereo video coding has resulted in video coding standards.

A standard specification H.262 / MPEG-2 video, the Multiview Profile [73]

has been developed [134]. In this standard, the left video sequence is en-

coded with standard MPEG-2 without reference to the right sequence frames.

Therefore, the left-view bitstream can be separately decoded to display con-

ventional video providing backward compatibility with the Main Profile of
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MPEG-2. The right view exploits both the inter-view prediction and tempo-

ral prediction (similar to Figure 4.2). The standardization efforts have later

been directed to multi-view video coding (MVC), which has recently received a

lot of attention. ISO/MPEG and ITU/VCEG decided developing a dedicated

MVC specification [151]. This standard will be an extension of H.264/AVC.

An alternative to classical stereo video coding is to transmit a video signal

and a per sample depth map. From the video and depth information, the

decoder can render a stereo pair [45,46]. The depth range is linearly quantized

thus specifying a depth map. The depth map can be treated as a grey scale

image. In [144], two methods were evaluated for coding the isolated depth

maps using the JPEG coding technique and a wireframe model for coding the

depth map information. In case of stereo video coding, a sequence of depth

map images can be processed by any state-of-the-art video codec.

A number of depth/disparity coding techniques have been evaluated in the

European ATTEST project [46]. The results have shown that even very low

bitrate coding of depth images can produce stereoscopic images with accept-

able quality since the coding distortions of the depth images do not affect so

much the synthesized views. These research efforts have resulted in a new ap-

proach for 3DTV [46]. The approach uses a layered bitstream syntax. A base

layer contains conventional single-view video encoded with MPEG-2 and can

be processed by any MPEG-2 compatible decoder. An advanced layer carries

the encoded depth map. Stereoscopic systems may decode the depth stream

and generate a sequence of stereo-pairs. This concept specifies just a high-level

syntax, so that the decoder interprets the video streams as video and depth.

This approach has been adopted by MPEG as a container format “Represen-

tation of Auxiliary Video and Supplemental Information” and is known as

MPEG-3 Part 3, for video plus depth data [69,70,134]. The H.264/AVC [74]

is also able to transmit the depth data using its auxiliary picture syntax. This

approach is backward compatible with any H.264/AVC video decoder.

4.2 MMRG H.264 multiview extension

An MMRG multi-view H.264 extension has been proposed and implemented

by Multimedia Research Group (MMRG) of Middle East Technical University,

Turkey [16]. MMRG coder is based on H.264. This coder exploits correla-

tion between the views in order to achieve higher compression ratio than in
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simulcast coding.

MMRG coder utilizes H.264 motion estimation and compensation. Several

modifications have been done to original H.264 reference software [65]. The

input/output multiplexing/demultiplexing blocks are added in order to mul-

tiplex frames from different cameras into one stream. A decoded picture buffer

(DPB) and the referencing conditions of H.264 are also modified to provide

more efficient motion and disparity estimation. Depending on the encoding

parameters, a list of reference frames is formed from the frames in DPB in

such a way, that the temporally and spatially closest frames are placed first

in the list [16]. MMRG H.264 multiview extension can provide different ref-

erence modes for multi-view video. In the stereoscopic case, the encoder has

an H.264-compatible mode thus making it possible to decode the frames from

the left camera with any standard H.264/AVC decoder.

The MMRG coder has been used to implement the MD schemes for stereo

video coding which will be introduced in Sections 4.3 and 4.4.

4.3 Spatial scaling stereo-MDC

MDC has a number of similarities to stereoscopic video coding. In MDC,

several bitstreams (descriptions) are generated from the source information.

The resulting descriptions are correlated and have similar importance. De-

scriptions are independently decodable at the basic quality level. The more

descriptions are received, the better is reconstruction quality. MDC is espe-

cially beneficial when combined with multi-path transport [8], i.e. when the

descriptions are sent to the decoder over the separate paths.

It is believed that coding distortions can be less perceivable in stereo image

pairs than in single images [28, 126]. If the distortion is only due to low-pass

filtering one of the sequences then the perceived image quality is determined

by the higher quality image [136,137]. In case of distortion caused by MPEG-

2 [73] quantization, the perceived image quality is the average of the qualities

of the left and right sequences [137].

In general, the overall distortion measure (D) of a stereo-pair can be com-

puted as a linear combination of the individual distortions of the left and right

images DL and DR, respectively [161]:

D = DL + αDR. (4.1)
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There are two theories about the effects of unequal bit allocation between

the left and the right images in a stereo-pair. Those theories are suppression

theory and fusion theory [40, 161]. In fusion theory, it is believed that the

total bit budget should be equally distributed between two views. According

to suppression theory, the overall perception in a stereo-pair is determined

by the highest quality image in the case when one of the images is low-pass

filtered. Therefore, one can compress the target image as much as possible to

save bits for the reference image, so that overall distortion is the lowest.

Our SS-MDC approach is based on these two theories. In [1], the percep-

tion performance of spatial and temporal down-scaling for stereoscopic video

compression has been studied. The obtained results has indicated that spatial

and spatiotemporal scaling provide acceptable perception performance while

reducing the bitrate. It gave us the idea of using scaled stereoscopic video as

the side reconstruction in our MD coder.

4.3.1 Prediction scheme

Figure 4.3 presents the spatial scaling stereo-MDC (SS-MDC) scheme. This

scheme exploits spatial scaling of one view [98]. In Description 1, left frames

are encoded separately, and right frames are predicted using both motion and

disparity compensation. Left frames are encoded with the original resolution;

right frames are downsampled prior to encoding. Description 2 is encoded

symmetrically to Description 1. In Description 2, right frames are encoded

with the original resolution and left frames are downsampled before compres-

sion.

Figure 4.3: Spatial scaling stereo-MDC (SS-MDC).

When both descriptions are received, left and right frames are recon-
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structed in full resolution. If one description is lost due to channel failures, the

decoder reconstructs the stereoscopic video pair where one view is low-pass

filtered. A stereo-pair where one view has the original resolution and another

view is low-pass filtered provides acceptable stereoscopic perception. After

the channel starts working again, the decoding process returns to the central

reconstruction (with both views having full resolution) when the IDR picture

is received.

The proposed scheme can be easily done standard compatible. If each

description is coded with standard compatible mode of MMRG coder [16]

then the standard H.264 decoder can decode the original resolution sequence

from each description. The proposed scheme produces balanced descriptions

because the left and right frames usually have similar characteristics and are

encoded with the same bitrate and visual quality. The proposed SS-MDC

scheme is drift-free, i.e. it does not introduce any mismatch between the

states of the encoder and decoder in case of description loss.

4.3.2 Downsampling

Downsampling is done by low-passed filtering the frame followed by decima-

tion. The following filters are used:

13-tap downsampling filter:

{0, 2, 0,−4,−3, 5, 19, 26, 19, 5,−3,−4, 0, 2, 0}/64

11-tap upsampling filter:

{1, 0,−5, 0, 20, 32, 20, 0,−5, 0, 1}/64

Filters are applied to luma and both chroma components in both horizon-

tal and vertical directions, and picture boundaries are padded by repeating

the edge samples. These filters are used in scalable video coding (SVC) exten-

sion of H.264 [117] and explained in [129]. Downsampling is done for factors of

2 in both dimensions. In the downsampled sequence, the disparity estimation

exploits downsampled reference frames to ensure proper estimation.

4.3.3 Redundancy of SS-MDC

The bitrate generated by the SS-MDC coder is R = R∗ + ρsim + ρd, where

R∗ is the bitrate obtained with the single description coding scheme providing
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the best compression, ρsim denotes the redundancy caused by using simul-

cast coding instead of joint coding, and ρd is the bitrate spent on coding the

downscaled sequences. Thus, the redundancy ρ = ρsim + ρd of the proposed

method is low-bounded by the redundancy of the simulcast coding ρsim. The

redundancy of the simulcast coding ρsim depends on characteristics of the

video sequence and varies from one sequence to another. The redundancy ρd

of coding two downsampled sequences can be adjusted to control the total

redundancy ρ by changing the scaling factor and the quantization parameter

QP of the downscaled sequence.

4.4 Multi-state stereo-MDC

The multi-state stereo-MDC (MS-MDC) scheme is shown in Figure 4.4 [98].

Stereoscopic video sequence is split into two descriptions. Odd frames of both

views belong to Description 1, and even frames of both views belong to De-

scription 2. Motion compensated prediction is done separately in each de-

scription. In Description 1, left frames are predicted from the preceding left

frames of Description 1, and right frames are predicted from the preceding

right frames of Description 1 or from the left frames corresponding to the

same time moment. The idea of this scheme is similar to video redundancy

coding (VRC) [160] and multi-state coding [7], which are described in Sub-

section 3.1.3.

Figure 4.4: Multi-state stereo MDC.

If the decoder receives both descriptions, the original sequence is recon-

structed with the same frame rate. If one description is lost, stereoscopic video
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is reconstructed at half of the original frame rate. Another possibility is to

employ a frame concealment technique for the lost frames. As one can see

from Figure 4.4, a missed frame (e.g. the odd frame) can be concealed by

employing motion vectors of the next (even) frame, which uses the previous

even frame as a reference in motion-compensated prediction.

In this MDC scheme, the redundancy cannot be adjusted and is determined

by characteristics of the video sequence. However, for some video sequences,

this prediction scheme is able to reach bitrates lower than the bitrate of simul-

cast coding Rsim = R∗ + ρs. Another two advantages of MS-MDC are the

following. This scheme can easily be generalized for more than two descrip-

tions. MS-MDC also does not introduce any mismatch between the states of

the encoder and decoder in case of description loss.

4.5 Simulation results

In the experiments, we compare side reconstruction performance of the pro-

posed MDC schemes. The results are provided for four stereoscopic video

pairs: Train and tunnel (720 × 576, 25 fps, moderate motion, separate cam-

eras), Fun-fair (360 × 288, 25 fps, high motion, separate cameras), Garden

(960 × 540, 25 fps, low motion, close cameras) and Xmas (640 × 480, 15 fps,

low motion, close cameras). Both algorithms are applied to these videos. In

all the experiments, I-frames are inserted every 25 frames.

The reconstruction quality measure is PSNR. PSNR value of the stereo-

pair is calculated according to the following formula, where DL and DR rep-

resent the distortions in the left and right frames [19,161]:

PSNRpair = 10 log10
2552

(DL + DR)/2
.

In the experiments, average PSNRpair is calculated over the sequence. Redun-

dancy is calculated as the percentage of additional bitrate over the encoding

with the minimal bitrate R∗, i.e. the bitrate of the joint coding scheme.

To examine characteristics of the video sequences, we code them by joint

coder and simulcast coder for the same PSNR. The results are shown in Ta-

ble 4.1. One can see that Train and tunnel and Fun-fair sequences show low

inter-view correlation, and sequences Garden and Xmas show high inter-view

correlation. Thus, Garden and Xmas have high redundancy of simulcast cod-
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ing ρsim, which is the lower bound for the redundancy of SS-MDC coding

scheme.

4.5.1 Comparison of the proposed schemes

The SS-MDC scheme is tested for downsampling factors 2 and 4 in both verti-

cal and horizontal directions. For each downscaling factor, we change quanti-

zation parameter (QP) of the downscaled sequence to achieve different levels

of redundancy.

The results for the second scheme (MS-MDC) are given only for one level

of redundancy. The reason is that this method does not allow to adjust re-

dundancy since the coding structure is fixed as in Figure 4.4. The redundancy

of MS-MDC method takes only one value and is determined by characteristics

of the video sequence.

Figure 4.5 shows the redundancy-rate distortion (RRD) curves [106] for

SS-MDC. The results are presented as PSNR of the side reconstruction (D1)

vs redundancy ρ. The results for SS-MDC are given for scaling factors 2 and

4. The central reconstruction distortions D0 can be found in Table 4.1. For

Xmas sequence, simulation results for scaling factor 4 are not shown, as PSNR

is much lower than for scaling factor 2.

Figure 4.6 visually compares the performance of SS-MDC and MS-MDC for

the same experimental data. One can see from the figure, that SS-MDC per-

forms better than MS-MDC for the sequences Train and tunnel and Fun-fair.

On the contrary, MS-MDC performs better than SS-MDC for the sequences

Garden and Xmas.

The simulation results show that reconstruction from one description can

provide acceptable video quality. The SS-MDC method can work in a wide

range of redundancies. Downscaling with factor 2 provides good visual qual-

ity with acceptable redundancy. However, the performance of SS-MDC de-

Sequence D0, dB R∗ = Rjoint, Kbps Rsim, Kbps ρsim, %

Train and tunnel 35.9 3624 3904 7.7
Fun-fair 34.6 3597 3674 2.2
Garden 35.6 5444 7660 40.7
Xmas 38.7 1534 2202 43.5

Table 4.1: Joint and simulcast coding.
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Figure 4.5: Side-reconstruction distortion D1 vs redundancy ρ for SS-MDC.

pends to a great extent on characteristics of the sequence. This method can

achieve very low redundancy (less than 10%) for sequences with lower inter-

view correlation (Train and tunnel, Fun-fair). However, it has relatively high

redundancy when applied to stereoscopic video sequences with higher inter-

view correlation (Xmas, Garden). The perception performance of SS-MDC is

quite good as the stereo-pair perception is mostly determined by quality of

the high-resolution picture.

The MS-MDC coder performs usually with 30-50% redundancy and can

provide acceptable side reconstruction even without error concealment algo-

rithm (just by copying the previous frame instead of the lost frame). MS-

MDC should be used for sequences with higher inter-view correlation, where

SS-MDC exhibits high redundancy.
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Figure 4.6: Comparison of SS-MDC and MS-MDC for various test sequences.
Side-reconstruction distortion D1 vs redundancy ρ.

4.5.2 Criterion for switching the schemes

The encoder can decide which scheme to use by collecting the encoding statis-

tics. Table 4.2 shows the statistics of motion vectors (MVs) prediction for the

joint coding mode, SS-MDC, and MS-MDC. The statistics are collected for

P-frames of the right sequence. Values in Table 4.2 show the average value

ci, which is the fraction of motion vectors in the total number of motion and

disparity vectors in the right sequence frame. That is,

ci =
mi

mi + di
, (4.2)

where mi is the number of motion vectors for frame i, and di is the number of

disparity vectors in frame i. One can see that the average value of ci correlates
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Sequence Joint SS-MDC MS-MDC

Train and tunnel 0.94 0.78 0.90
Fun-fair 0.92 0.80 0.85
Garden 0.65 0.60 0.63
Xmas 0.66 0.56 0.61

Table 4.2: Ratio of MVs to sum of MVs and DVs in right sequence, ci,
Eq. (4.2).

with the redundancy of simulcast coding ρsim given in Table 4.1. The value ci

tells the decoder when to switch from SS-MDC to MS-MDC and vice versa.

Thus, the encoder operates as follows. Once the encoding mode has been

chosen depending on ci, the encoding process starts, and the statistics are

being collected. Before encoding the IDR picture, the encoder compares the

values ci−N , . . . , ci of the last N + 1 right frames with the threshold T = 0.7

and decides whether to switch to a different mode or not. Thus, the encoder

adaptively chooses between the SS-MDC or MS-MDC mode depending on

characteristics of the video sequence.

4.6 Chapter conclusions

Two MDC approaches for stereoscopic video have been introduced. The ap-

proach called SS-MDC exploits spatial downsampling of one view while the

MS-MDC approach is based on temporal subsampling. Both approaches pro-

duce balanced descriptions and provide stereoscopic reconstruction with ac-

ceptable quality in case of one channel failure for the price of moderate re-

dundancy (in the range of 10-50%). Both approaches provide drift-free re-

construction in case of description loss. The performance of these approaches

depends on characteristics of stereoscopic video sequence. The SS-MDC ap-

proach performs better for the sequences with lower inter-view correlation

while MS-MDC performs better for the sequences with higher inter-view cor-

relation. The criterion for switching between the approaches is used at the

encoder to choose the approach that provides better performance for this se-

quence.





Chapter 5

Multiple Description Coding

of 3D Geometry

Nowadays, the most common representation for 3D objects is a surface-based

triangle mesh [6]. Achieving high quality of 3D models requires large number

of triangles. Therefore, compressing mesh data is necessary due to storage

space and bandwidth limitations. A great number of 3D mesh compression

schemes have been proposed [110]. In multimedia applications such as virtual

presence, internet computer games, e-commerce, tele-medicine, object-based

video compression, 3DTV, 3D meshes need to be communicated in a net-

worked environment. However, in a typical network, packets may be lost or

delayed because of congestions and buffers overflow. For scenarios, in which

the mesh data is transmitted over the error-prone channel, error resilience can

be achieved by MDC of 3D geometry.

This chapter is organized as follows. Section 5.1 gives a short survey of

3D mesh compression approaches. Sub-section 5.1.3 surveys the approaches

to MDC of 3D meshes. In Section 5.2, we propose a novel method for MDC of

3D geometry. Section 5.3 describes the optimization of the proposed method.

Section 5.4 introduces MD-FEC of 3D geometry. Section 5.5 discusses the

computational complexity issues of the proposed methods and shows how the

complexity can be reduced by introducing D-R curve modeling. Finally, Sec-

tion 5.6 discusses experimental results and Section 5.7 concludes the chapter.

99
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5.1 Survey of 3D mesh coding

Among numerous types of geometry representation, triangular mesh is widely

used in graphic rendering hardware and for many simulation algorithms. For

this reason, a lot of research has been done on triangular 3D mesh compression.

A typical 3D mesh is determined by its geometry and connectivity information.

The geometry information includes the coordinates of the mesh vertices in the

3D space, while connectivity information includes the incidences between the

mesh vertices and is determined by the mesh topology. A typical mesh com-

pression algorithm compresses the connectivity and geometry data separately.

While the geometry information can be compressed in the lossy mode, connec-

tivity data describing the adjacency information between vertices is usually

coded in the lossless mode. In connectivity-driven compression, mesh con-

nectivity is compressed without regarding the geometry, and coding of the

geometry data is determined by underlying connectivity.

Earlier works on mesh compression considered single-rate coding of 3D

meshes. These works were originally intended to save bandwidth when trans-

mitting the geometry information from the CPU to the graphic card [110].

In single-rate coding, a 3D mesh can be rendered when the whole bitstream

has been received. Later works considered progressive mesh encoding, which

has been driven by popularity of the Internet. In progressive compression, a

mesh can be continuously reconstructed from the coarse to fine quality with

different level of details.

5.1.1 Single-rate compression

Connectivity compression

Taubin and Rossignac have proposed a topological surgery algorithm [140]. In

this algorithm, the mesh is cut along the set of cut edges in a way that the

resulting “flattened” mesh has the form of a planar polygon. In this way, the

mesh connectivity is presented in the form of two spanning trees: the vertex

spanning tree which represents the set of cut-edges, and the triangle spanning

tree, representing the planar polygon. Then, both spanning trees are run-

length encoded. In order to achieve better compression, mesh cutting into the

spanning tree is done in such a way that the resulting tree contains longer

runs. Vertex coordinates are encoded with a simple first order predictor. The
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prediction is done in the order provided by connectivity compression. Predic-

tion residuals are entropy-encoded. This method is applicable to triangular

manifold meshes. This algorithm is also a part of MPEG-4 standard [71].

The approach to triangle mesh coding proposed by Gumhold and Strasser

is called a cut-border machine (CBM) [63]. It is a triangle conquest approach,

in which the algorithm inserts a new triangle in the “conquered” area closed

by the cut-border. The insertion of a new triangle is done by using one of the

following building operations: new vertex, connect backward, connect forward,

border, split cut-border, close cut-border, and cut-border union. Another exam-

ple of the triangle conquest approach is the Edgebreaker algorithm introduced

by Rossignac [120]. The main difference between the CBM and Edgebreaker

is how they code the data associated with split operation. The operations

used by Edgebreaker are loop extension (C), left (L), right (R), end (E), and

split (S). The Edgebreaker algorithm gives the worst-case bound on connec-

tivity compression bitrate, which is 4 bits per vertex (bpv). However, the

Edgebreaker requires two decoding passes for decompression and has O(v2)

computational complexity, where v is the number of vertices. The CBM can-

not meet this worst-case bound but allows single-pass coding and decoding.

This makes it suitable for coding the large data sets. The Edgebreaker perfor-

mance and complexity have also been improved in a number of publications.

A valence driven approach has been proposed by Touma and Gotsman

[143] and is known as a TG coder. The TG algorithm is considered state-

of-the-art in single-rate 3D mesh compression. The algorithm is applicable

to orientable manifold triangle meshes. It is based on the fact that in the

orientable manifold, all the vertices incident to the chosen vertex may be

ordered. Thus, mesh connectivity can be encoded as a list of vertex valences

in a special order. The algorithm starts with the triangle, pushing its vertices

to the active list. Then, the algorithm pops up the vertex and tries to expand

the active list by conquering edges in the counter-clockwise direction. When

all the edges are exhausted, the algorithm proceeds to the next vertex in the

active list. The algorithm outputs the valences of the visited vertices. Since

the distribution of valences in a typical triangle mesh is around 6, the output

can be efficiently compressed by arithmetic coding. The resulting bitrates are

on average less than 1.5 bpv for connectivity information [110]. In [5], Alliez

and Desbrun have further improved the performance of TG algorithm. Their

coder performs better than TG coder, especially for irregular meshes.
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Geometry compression

Unlike the connectivity, which is usually encoded losslessly, the geometry is

coded using lossy compression methods. Although the geometry requires

more data in the compressed bitstream than the connectivity, most efforts

in the past have been applied to connectivity coding. Therefore, in most ap-

proaches geometry coding follows connectivity coding. To exploit correlation

between the vertices, most geometry compression schemes use a three-step ap-

proach: pre-quantization of vertex positions, prediction of quantized positions,

entropy-coding of prediction residuals [110]. The quantization techniques in-

clude scalar and vector quantization. Quantization can be globally uniform

or different quantization resolution can be applied to different parts of the

mesh. Typically, geometry coding quantizes each coordinate uniformly at the

precision of 8 to 16 bits per coordinate.

Prediction of vertex coordinates exploits the correlation between the ad-

jacent vector coordinates. Usually, the prediction schemes are the special

cases of the linear prediction scheme [110]. Among the proposed prediction

methods are delta prediction [37], linear prediction [140], and parallelogram

prediction [143].

5.1.2 Progressive mesh compression

When transmitting complex meshes over the network, a progressive mesh com-

pression is beneficial. First, the coarse mesh is transmitted and rendered.

When the refinement data are transmitted, mesh can be rendered at a higher

resolution. In this case, the user does not need to wait until all the mesh data

are downloaded and may even cancel the transmission if the level of detail

(LOD) is high enough. To achieve progressive compression, the original mesh

is simplified step-by-step until the coarse mesh is obtained. If the inverse op-

eration to mesh simplification exists, it is possible to obtain the original mesh

from the coarse mesh and several levels of details. However, having several

levels of details usually decreases the compression efficiency.

The progressive mesh compression approaches can be split into two groups:

connectivity-driven techniques, which usually provide lossless mesh compres-

sion, and geometry-driven techniques which are usually lossy. In the latter

case, mesh connectivity can even be changed to provide better compression of

the original geometry.
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Lossless compression

The concept of progressive mesh (PM) coding has been first introduced by

Hoppe [67]. In this method, the coarse mesh is obtained from the original

mesh by a sequence of edge collapses. The edge is collapsed by merging its

endpoints into one point. The two triangles which share this edge are removed

and all vertices connected to the previous vertices are reconnected to the

merged vertex. The vertex split is the inverse operation to the edge collapse.

Thus, the original mesh can be represented as a coarse mesh and a sequence

of vertex split operations. The order of mesh collapses is important. Hoppe

uses the energy function which is determined by the distortion caused by edge

collapse operation. The energy values are assigned to each edge, with edges

carrying smaller energy values corresponding to lower distortion. The edges

with smaller energy values are collapsed first. The PM method is not very

efficient from the compression viewpoint.

The PM approach [67] has two restriction. First, it is applicable only to

orientable manifold meshes. Second, edge collapse operation always preserve

the original mesh topology. Therefore, Popovic and Hoppe [111] have pro-

posed a method based on more general mesh simplification operation called

a progressive simplicial complex (PSC). The basic operation merges two ver-

tices, which do not have to share an edge. Four different vertex configurations

are possible. The inverse operation is the generalized vertex split. PSC is

capable of dealing with arbitrary mesh topology. However, this approach may

demand more bits than PM for connectivity coding. Both PM and PSC use

delta prediction for geometry coding.

The progressive forest split (PFS) technique [139] enhances the PM’s tech-

nique. In this approach, Taubin et al. have achieved the improved compression

efficiency at the expense of worse granularity. In this approach, the difference

between two successive levels of detail consists of a group of vertex splits that

is realized by PFS operation. The PFS operation assigns the mesh edges to

the forest of trees. Then, the trees are cut through the edges and the result-

ing crevices are filled by the triangulation process. A single PFS operation

can double the number of triangle in the mesh. Each PFS operation encodes

the forest structure, triangulation information and subsequent vertex trans-

lations. The forest trees can be encoded as it is done in topological surgery

approach [140]. Minimizing the number of LOD’s, one can achieve higher
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compression ratios. PFS has been adopted by MPEG-4 [71].

Pajarola and Rossignac [108] proposed a compressed progressive mesh (CPM)

approach, which also improves the performance of PM scheme [67] by the cost

of decreased granularity. The edge collapses are grouped into a series of inde-

pendent sets. The location of each vertex in the set is marked by two-coloring

the mesh, which results in the overhead of 1 bpv per set. The prediction of

the new vertex positions is done in a way similar to the butterfly subdivision

scheme [42]. The CPM approach requires about half of the bitrate of PFS.

A valence-driven approach has been proposed by Alliez and Desburn [4].

The key observation used in this method is the following. The entropy of mesh

connectivity depends on the distribution of mesh valences. Removing the ver-

tex with valence more than six increases the connectivity entropy. In contrast,

removing the vertex with valence less than three, decreases the entropy. There-

fore, a valence-driven decimation is applied, which is done in two passes. In

the decimation pass, the mesh is divided into patches around the vertices and

vertices with valence less or equal six are removed. Vertex removal is followed

by the retriangulation procedure, which fills the patches. During the cleaning

pass, only the vertices with valence three created in the retriangulation pro-

cess, are removed . The algorithm outputs a sequence of vertex valences that

is compressed by the arithmetic coder. Geometry is encoded with barycentric

prediction combined with a local coordinate frame. The approach has average

compression ratio about 1.1 time larger than TG coder [143] even though it is

fully progressive. This makes it one of the state-of-the-art lossless compression

schemes.

Progressive Geometry Compression (PGC)

The approaches described above encode the connectivity and geometry in-

formation separately; connectivity is usually compressed losslessly. However,

a mesh is just an approximation of the original geometry. The mesh rep-

resents the original geometry with some fidelity depending on sampling and

discretization errors Es and Ed. One can consider a 3D mesh as consisting of

the geometry, connectivity, and parameter information [83]. Consider a vertex

in a highly sampled mesh. Moving the vertex in the direction normal to the

surface will result in changing the geometry. However, slightly moving this

vertex within the surface will not change the geometry; only the parameter
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information will change. The most important idea of the Khodakovsky’s [83]

work is to treat the geometry and parameter information separately. High

compression ratios can be achieved by eliminating the parameter and connec-

tivity information while compressing the geometry information.

The progressive geometry compression (PGC) scheme [83] accepts arbi-

trary 2-manifold triangular meshes. The scheme consists of three main blocks:

remeshing, a wavelet transform, and a zero-tree coding algorithm. In the

first step, a smooth global parametrization is computed with the MAPS algo-

rithm [90]. This makes it possible to compute successive approximation of the

original mesh with semi-regular connectivity. The sequence of approximations

at different levels of detail builds a multiresolution hierarchy. The approxi-

mations are obtained from the irregular coarse mesh by the face subdivision

process (see Figure 5.1). The connectivity information in a semi-regular mesh

depends only on the base mesh and the number of subdivisions. Hence, con-

nectivity information can be compressed efficiently. Although the parametriza-

tion error Er can be made arbitrarily small, it does not make sense to make

it smaller than the discretization error Ed. Otherwise, the semi-regular mesh

will be just a better approximation of the input mesh and not necessarily of

the original geometry. The equality Er = Ed usually holds when triangles of

the semi-regular mesh are approximately of the same size as the triangles of

the input mesh [83].

The subsequent wavelet transform replaces the original mesh with the

coarsest mesh and a sequence of wavelet coefficients, which represent the dif-

ference between the successive levels. Khodakovsky et al. use Loop wavelet

transform in their scheme [91]. The coarsest level connectivity is irregular;

it is coded by the TG coder [143]. The distribution of wavelet coefficients is

centered about zero and their magnitudes decay at finer levels. This justifies

using the zero-tree coder for compressing the wavelet coefficients.

Wavelet coefficient trees are coded with SPIHT algorithm [123]. The main

difference from the SPIHT for images is how the coefficient trees are formed.

In images, coefficients are associated with quadrilateral faces. Thus, it is easy

to form quad trees. In meshes, vertices do not have the tree structure, but

the edges do. Each edge is a parent of four edges of the same orientation in

the finer mesh (see Figure 5.1). Every edge of the base domain forms a root

of the wavelet coefficient tree. This grouping is consistent for an arbitrary

semi-regular mesh [83]. Thus, usual SPIHT can be applied to the coefficients.
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Figure 5.1: Coarse edge (left) is parent to four finer edges (right) [83].

The wavelet coefficients are vector-valued. The x, y and z components

exhibit high degree of correlation. To reduce the correlation between the

components, a local frame induced by the surface tangent plane is used [167].

In a smooth semi-regular mesh, the normal component is much larger than the

tangential component. The former is also more important for the geometry.

All vector components are quantized and coded with SPIHT separately, with

quantization cells for the tangential component four times larger than for the

normal component [83]. The output of the SPIHT coder can be compressed

even further with arithmetic coding, although SPIHT itself provides good

compression.

For better progressivity, a predetermined number of bit-planes of the coars-

est level geometry can be transmitted initially with the coarsest level connec-

tivity. The refinement bit-planes can be transmitted as the SPIHT coder

descends a given number of wavelet coefficient bit-planes [83]. The approach

reportedly provides a 12 dB better quality than CPM for the same bitrate.

Another wavelet coder has been proposed by Khodakovsky and Guskov

[82]. This coder is based on normal meshes [64]. The normal meshes rep-

resent wavelet details as a scalar offset in the normal direction relative to

the coordinate frame. Consequently, wavelet coefficient is represented with a

scalar value instead of three-dimensional vectors like in [83]. Therefore, im-

provement of 2-5 dB can be achieved compared to [83]. The unlifted butterfly

scheme [42] has been used as a wavelet predictor as it is also used in normal

remeshing [64].

5.1.3 MDC of 3D meshes

Several MDC methods have been proposed for 3D mesh coding. The first

approach, called partitioning vertex geometry is based on the idea that the

geometry information may be coded in a lossy manner while the connectiv-
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ity information is of a vital importance and should be coded in a lossless

manner [77]. In this approach, 3D mesh vertices are split between different

descriptions while the connectivity information is included in all descriptions.

Loosing a description causes loss of geometry coordinates of some vertices. In

this case, the locations of missing vertices can be estimated from the available

vertices. The connectivity information is always available and undistorted thus

helping to estimate missing vertices. Duplicating the connectivity information

in the descriptions is not costly since the size of compressed connectivity is

much smaller than the size of the compressed geometry [77]. The connectiv-

ity is compressed with the topological surgery approach [140]. The geometry

compression uses prediction of the vertex coordinates followed by arithmetic

coding of prediction residuals. In the description, the vertices are predicted

from the preceding vertices of the same description in order to ensure suc-

cessful reconstruction when one description is lost. In order to minimize the

loss in compression efficiency due to this prediction strategy, a surface-based

prediction scheme is used [77].

Multiple description scalar quantization (MDSQ) [145] has been described

in Sub-section 2.1.1. The 3D-geometry coding approach using MDSQ has been

proposed in [14]. This method is based on Khodakovsky’s PGC scheme [83],

which has been described in Sub-section 5.1.2. After the mesh geometry is

transformed into the wavelet domain, the MDSQ is applied to each wavelet

coefficient producing two sets of MDSQ indices. Then, each set of indices is

compressed with SPIHT. Each description contains a set of MDSQ indices

compressed with SPIHT and the TG-coded coarsest-level mesh. Since the size

of the coarsest-level mesh is small, the redundancy introduced by duplicating

the coarsest-level mesh does not significantly affect the overall compression

performance. The redundancy in this method can be adjusted by changing

the number of diagonals in the MDSQ index assignment matrix.
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5.2 Tree-based mesh MDC (TM-MDC)

In this section we present a tree-based mesh MDC (TM-MDC) scheme [99].

The proposed scheme is based on PGC [83], which is a progressive compression

technique for arbitrary topology, highly detailed and densely sampled meshes

arising from geometry scanning. PGC is described in Sub-section 5.1.2 and

consists of remeshing, wavelet transform, and SPIHT coding of wavelet coef-

ficients.

To obtain multiple descriptions from wavelet coefficients, we adapted the

ideas from MD image coding [78, 94]. Suppose that the coder generates N

descriptions. In our coder (Figure 5.2), wavelet coefficient trees are split into

several sets Wi, i = 1 . . . N and coded by SPIHT algorithm at high bitrate.

These sets are included in the descriptions in the following way. Each descrip-

tion contains M copies of different tree sets (M ≤ N). Namely, Description

i contains a set Wi coded at rate Ri,0 and M − 1 sets of redundant trees

Wj , j 6= i. These M − 1 tree sets represent coding redundancy and are coded

at the rates lower than Ri,0. That is Ri,0 > Ri,1 > . . . Ri,M−1. Rates Ri,j are

obtained as a result of optimization explained in Section 5.3.

If all the descriptions are received, the decoder uses for reconstruction

only the tree copies coded with rates Ri,0. The redundant copies are used

for the trees which higher-rate copies are lost. Thus, if some descriptions

are lost, the lost trees are recovered from their lower-rate copies from the

received descriptions. The compressed coarsest mesh C coded with the rate

RC is included in every description. Thus, the decoder can perform the inverse

wavelet transform even if only one description is received. Duplicating coarsest

mesh C in all descriptions also contributes to coding redundancy.

Figure 5.2: TM-MDC encoder scheme.

The manner of grouping the coefficient trees into sets is particularly im-

portant, since different sets are reconstructed with different quality in the case
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(a) PSNR= 50.73 dB (b) PSNR= 48.51 dB

Figure 5.3: Reconstruction from one description for different types of tree
grouping. (a) Grouping spatially disperse trees; PSNR = 50.73 dB. (b) Grouping
spatially close trees; PSNR = 48.51 dB. Group size is 10.

of description loss. Therefore, 3D mesh locations corresponding to different

tree sets will have different quality. To perform grouping of the trees into sets,

ordering of the coarsest mesh vertices is performed, as proposed in [17,80]. It

provides ordering of the vertices that has good locality and continuity prop-

erties. Then, the desired type of grouping the wavelet trees is obtained by

sampling the one-dimensional array, the output of the algorithm from [17,80].

Two types of grouping the trees have been compared: 1) grouping the

closely located trees together; 2) grouping spatially disperse trees. The spa-

tially close grouping is obtained by assigning successive vertices from the array

to the same group. The disperse grouping is obtained by sampling the array

in a round-robin fashion. It has been observed that the latter case yields an-

noying artifacts when only one description is received and that the former case

results in better visual perception of the reconstructed mesh. However, the

latter case gives better objective quality (PSNR).

This is illustrated in Figure 5.3. Model Bunny is encoded into four de-

scriptions and optimized for the description loss rate P = 15%. Two grouping

strategies are compared: grouping spatially disperse trees and grouping close

trees with group size equal to 10. The model is reconstructed from the De-

scription 1 alone. One can see that although grouping disperse trees achieves

lower objective distortion than grouping close trees, it produces annoying vi-

sual artifacts. Therefore, the remaining results of this work have been obtained

by grouping spatially close trees with group size 10.
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5.3 Optimizing bit allocation for TM-MDC

The redundancy of the proposed algorithm is determined by the number of

redundant tree copies, their rates, and the coarsest mesh size. Bit alloca-

tion has to minimize the expected distortion at the decoder subject to packet

(description) loss conditions on the network and the target bit budget.

Suppose that N descriptions are generated. Then, coefficient trees are

split into N sets, and M copies of tree sets are included in one description

(M ≤ N). Assume that the Pj , j = 0, . . . M are the probabilities that j-th

copy of the tree is used for reconstruction. In this case, P0 is the probability

of getting the full-rate copy of the tree set, and PM is the probability of not

receiving any copy of the tree set. We have to minimize the expected distortion

E[D] =

N∑

i=1

M∑

j=0

PjDij(Rij) (5.1)

where Dij is the distortion incurred by using j-th copy of a tree set i and Rij

represents bits spent for j-th copy of i-th tree set. Optimization is performed

under the following bitrate constraints

N∑

i=1

M∑

j=0

Rij + NRC ≤ R (5.2)

where R is the target bitrate and NRC is the rate of the coarsest mesh. The

rate of the coarsest mesh is constant with the geometry information quantized

to 14 bitplanes.

Probabilities Pj can be found from the packet loss model and the packeti-

zation strategy. In our experiments, we use a simple model of the memoryless

channel where probability of the description loss P is the same for each de-

scription and is independent of the previous channel events. In the following,

we assume for simplicity that one packet corresponds to one description. If

the description has to be fragmented into different packets, probability of the

description loss P can easily be found from the packet loss rate (PLR). For

this model, the probability P0 of receiving the main copy of the description is

obviously

P0 = 1 − P. (5.3)
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Then, the probability that the j-th copy is used for reconstruction is

Pj = (1 − P )P j (5.4)

and the probability that all the copies of the tree set are lost is

PM = PM . (5.5)

Optimizing bit allocation requires knowledge of D(R) relation for every al-

location step. Calculation of D(R) is a computationally expensive operation.

Each tree set contributes to total distortion D. Since each set of coefficient

trees corresponds to some separate location on the mesh surface (defined by

the root edges), the distortions corresponding to separate trees may be consid-

ered approximately additive. Therefore, the operational distortion-rate curve

Di(Ri) for the tree set i is obtained in advance. Calculations of Di(Ri) are

performed only once, before the optimization algorithm is used for the first

time. Then, D-R curves are saved and can be used every time to perform bit

allocation for the new values of R and P .

Optimization is performed with generalized Breiman, Friedman, Olshen,

and Stone (BFOS) algorithm [118]. BFOS algorithm first allocates high rate

for each copy of the tree set. In each iteration, the algorithm consequently

deallocates bits from the set where the D(R) curve shows the lowest decay

at the allocated bitrate. This process stops when the bit budget constraints

are satisfied. In case the optimization brings zero rates for some redundant

copies, these copies are not included in the descriptions. Simulations show

that the bit-allocation algorithm exhibits the desired behavior. The higher is

the packet loss rate, the more bits are allocated to redundant copies providing

more robustness to description losses.

5.4 MD-FEC for 3D mesh coding

The second method that we have used for error-resilient coding of 3D-meshes

is based on MD-FEC [15]. The MD-FEC for images is described in [95] and has

been already described in Sub-section 2.1.3. A principal idea of this algorithm

is to assign unequal amounts of FEC symbols to different parts of the progres-

sive bitstream according to their contribution to reconstruction quality. If the
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compression algorithm generates the embedded bitstream (e.g. SPIHT [123]),

the importance of the compressed data symbols corresponds to the order of

byte in the compressed bitstream.

A PGC-coded bitstream starts with the compressed coarsest mesh con-

nectivity which is the most important part since the whole mesh connectivity

depends on the coarsest level connectivity due to the semi-regular mesh struc-

ture. The next part of the bitstream contains a predetermined number of the

coarsest level geometry bit-planes. The rest of the bitstream consists of the

output of the SPIHT algorithm and remaining bitplanes of the coarsest level

geometry, which are inserted at the end of each refinement pass of the SPIHT

algorithm.

Then, the bit allocation algorithm assigns the optimum set of FEC sym-

bols in order to minimize the expected distortion subject to the packet loss

probability model. The channel is simulated by a simple packet (description)

loss model. Each description (packet) has the same probability of loss P ,

which is independent of the previous channel events. To optimize bit alloca-

tion, an approximately optimal assignment algorithm [96] has been used. The

first stage of this algorithm finds the convex hull of the D(R) curve of the

source. At the second stage, a globally optimal assignment of FEC codes is

found. This stage assumes that the RS codes are allocated fractionally. The

algorithms gets a set of (D,R) pairs, which form a convex hull of operational

D(R) curve, and the probability mass function (PMF) pX(x) of the number

of descriptions X received out of N generated descriptions. The algorithm

starts with zero rate allocation and moves from one (D,R) point to another

in the order of increasing R. At each iteration, the algorithm calculates the

ratios ∆Dk/∆Rk which correspond to changes in the distortion because of

protecting the new part of bitstream with (N, k) codes. These values are com-

pared to assignment of stronger codes to the earlier parts of the bitstream, and

the assignment resulting in the fastest decrease of distortion is chosen. The

algorithm terminates when it fills the total bit budget. Then, the last stage

removes the fractional RS codes assumption and converts the bit allocation to

the approximately optimal one. For the details of the algorithm, the reader is

referred to [96].

Table 5.1 shows the redundancies of MD-FEC obtained by bit allocation

algorithm for different D(R) curves and packet loss rates.
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Redundancy (%) for different P

Description loss rate P = 1% 3% 5% 10% 15% 20%

L2 distance 13 23 32 43 47 53
Approx. L2 distance 12 24 33 43 47 51

Weibull model 16 27 34 44 50 55

Table 5.1: MD-FEC. Model Bunny. Redundancy (%) obtained by different bit
allocation algorithms for different P .

5.5 Complexity issues and distortion-rate function

modeling

One of the most popular and robust objective distortion metric in 3D meshes

is L2 distance between two surfaces. L2 distance between the surfaces X and

Y is defined as

d(X,Y ) =

(
1

area(X)

∫

x∈X
d(x, Y )2dx

)1/2

. (5.6)

Since the distance is not symmetric, the metric is symmetrized by taking the

maximum of d(X,Y ) and d(Y,X). Metro tool [33] approximates this distance

by sampling vertices, edges, and triangles and taking root mean square value

of the shortest distances from points in the surface X to the surface Y . The

inverse wavelet transform has also to be taken before calculating the distance

between the surfaces. Therefore, long off-line computations are required to

obtain densely sampled operational D-R curves which allow bit allocation with

fine granularity.

To speed-up calculation of the D-R curves, we use D-R function modeling.

In our experiments, we use a Weibull model [27]. We have found that it can

efficiently approximate a D-R curve of the wavelet coefficient tree sets or D-R

curve of the whole compressed mesh. The Weibull model is

D(R) = a − be−cRd

(5.7)

where real numbers a, b, c, and d are parameters, which depend on the D-R

characteristics of the source and the bitstream. As there are four parameters

in the model (5.7), the parameters can be found by using at minimum four

points. This significantly decreases the amount of computations. The model
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can approximate both L2 and PSNR curves. We use nonlinear least-squares

regression to fit the model to D-R samples.

Figure 5.4 compares operational D-R curves in TM-MDC approach and

their Weibull models. The Weibull models are D(R) = 0.000169 −
0.002578e−0.8134R0.52805

and D(R) = 75.48 + 24.264e0.0153R0.675

for L2-distance

and PSNR respectively.

Figure 5.5 compares true operational D(R) curves of PGC bitstream and

their Weibull models. The models are D(R) = −640.48 + 640.48e0.413R−1.597

and D(R) = 88.95 − 553.93e−1.101R0.125

for L2-distance and PSNR.

One can see that the Weibull model closely approximates the real data.

Moreover, the Weibull model has a nice feature of convexity, which is desirable

for bit allocation algorithms [96, 118]. As the model needs only four samples

to approximate the D-R curve, only 4N D-R samples are required to generate

D-R curves in case of TM-MDC. MD-FEC requires computation of only 4

samples to approximate the D-R curve. However, the number of samples can

be increased to obtain the model which approximates the D-R curve more

precisely.

5.6 Simulation results

This section presents the simulation results for test models Bunny and Venus

head. The reconstruction distortion is relative L2 error, which is calculated

with Metro tool [33]. Relative error is calculated by dividing L2 distance to

the original mesh bounding box diagonal. The error is shown in the figures

in units of 10−4. We also provide the same numbers in PSNR scale where

PSNR = 20 log10 peak/d, peak is the bounding box diagonal, and d is the L2

error. When all descriptions are lost and no reconstruction is possible, we

calculate the distortion as the L2 distance between the surface of the original

mesh and a single point with coordinates (0, 0, 0).

Four different coders have been compared. The first coder is the tree-based

mesh MDC (TM-MDC). The second coder is the one based on MD-FEC. The

third coder is a simple MDC coder where the 3-D model is coded into four

descriptions. In this coder, each description contains the coarsest mesh and one

set of wavelet coefficient trees. This coder is identical to TM-MDC optimized

for P = 0 (for P = 0, no redundant trees are included in the descriptions).
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Figure 5.4: TM-MDC. Comparison between the Weibull model (10 samples)
and operational D-R curve (relative L2 error) of the Set 1 of wavelet coefficient
trees for Bunny model. (a) Relative L2 error in units of 104; (b) PSNR.
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Figure 5.5: PGC. Comparison between the Weibull model (4 samples) and
operational D(R) curve (L2 distance) for Bunny model. (a) Relative L2 error;
(b) PSNR.
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The sets of coefficient trees in both TM-MDC and simple MDC are formed

by spatially close groups of trees of size 10. The last coder is unprotected

PGC [83]. The distortion of unprotected PGC is calculated in the following

way. The output bitstream of PGC coder is divided into N parts of equal size,

where N is the number of descriptions in the MD coder that unprotected PGC

is compared to. PGC produces the embedded bitstream. Thus, the received

part can be used for reconstruction if all the packets containing earlier parts

of the bitstream have been received. For example, if parts one, two, and four

are received, only parts one and two are used for reconstruction. If part one

is lost, the reconstruction is not possible.

In the figures, the label L2 dist. in brackets after TM-MDC and MD-FEC

corresponds to bit allocation using the L2 distance obtained by the Metro

tool [33], and the label Weibull corresponds to using the D(R) curve obtained

by D-R curve modeling. If none of the labels is sown in the figure, the D-R

curve modeling has been used.

5.6.1 Reconstruction from different number of descriptions

Figures 5.6 and 5.7 show the average distortion for reconstruction with TM-

MDC from different number of descriptions for models Bunny and Venus head.

Model Bunny is coded at 22972 Bytes (5743 Bytes per each description) and

model Venus head at 24404 Bytes (6101 Bytes per each description). Bit

allocation is performed for each value of P . The corresponding value of re-

dundancy ρ is given in brackets. One can see that the coder optimized for

P = 1% shows the best performance when all the descriptions are received

while the coder optimized for P = 15% shows the best results for reconstruc-

tion from one, two, and three descriptions.

Figure 5.8 compares reconstruction from different number of descriptions

of TM-MDC and MD-FEC algorithms. The results are obtained for model

Bunny, coded at 22972 bytes. Both MDC coders are optimized for P =

5%. As one can see, both MD coders outperform unprotected PGC with the

exception of one case, when all the descriptions are received. The TM-MDC

achieves higher PSNR than MD-FEC for reconstruction from one description,

but lower PSNR for reconstruction from three descriptions. This is probably

connected with the fact that each description in TM-MDC includes the whole

coarsest level geometry while in case of reconstruction from one description
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Figure 5.6: TM-MDC. Reconstruction of Bunny model from different number
of descriptions. Results are given for bit allocations for different values of P )
Redundancy ρ is shown in brackets. (a) Relative L2 error in units of 104; (b)
PSNR.
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Figure 5.7: TM-MDC. Reconstruction of Venus head model from different
number of descriptions. Results are given for bit allocations for different values
of P ). Redundancy ρ is shown in brackets. (a) Relative L2 error in units of 104;
(b) PSNR.
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in MD-FEC, not all the bit-planes of the coarsest level geometry are present.

Different bit allocation algorithms used in TM-MDC and MD-FEC can also

be the reason for this difference in reconstruction PSNR. Another observation

from Figure 5.8 is that the results of L2 distance and Weibull model methods

are indistinguishable. This proves the success of the modeling proposed in

Section 5.5.

Figure 5.9 shows the average distortion for reconstruction from different

number of descriptions for model Bunny encoded into 8 descriptions at total

25944 Bytes. The curves are generated for TM-MDC coder with bit allocation

for P = 5, 10%. The results for unprotected PGC are also shown. One can

see that unprotected PGC achieves higher PSNR than TM-MDC just in one

case: when all the descriptions are received. When some descriptions are lost,

TM-MDC achieves much higher PSNR.

Figure 5.10 shows the trade-off between the central distortion D0 and

mean-side distortion (D1 + D2)/2. The plot is presented for model Bunny

coded into two descriptions at total 21486, 16486, and 11486 Bytes.

5.6.2 Network performance of the proposed metods

Figures 5.11 and 5.12 compare the network performance of TM-MDC with

the simple MD coder and unprotected PGC. The results are calculated for

P = 0, 1, 3, 5, 10, 15, 20%. The TM-MDC performs bit allocation for each value

of P . For the simple MD coder, the value of redundancy is always fixed. These

figures also compare the performance of TM-MDC using “true” operational

D-R curves for bit allocation and TM-MDC using D-R curve modeling. For

each P , we have performed 100000 simulations of packet loss patterns and

calculated the average distortion. For P = 0, TM-MDC and simple MD coder

show the same performance because the TM-MDC coder optimized for P = 0

is in fact the same as a simple MD coder. Unprotected PGC shows slightly

better performance than MD coders in the error-free environment (P = 0).

However, in the network with packet losses, performance of simple MDC coder

and unprotected PGC dramatically decreases while the reconstruction quality

of TM-MDC shows only mild degradation. For P = 20%, the PSNR of the

optimized TM-MDC coder is 10 dB higher than PSNR of the simple MD

coder and 30 to 40 dB higher than PSNR of unprotected PGC. Because of the

great difference in distortion values between the MD coders and unprotected
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Figure 5.8: Model Bunny. Comparison of TM-MDC and MD-FEC in recon-
struction from different number of descriptions. (a) Relative L2 error; (b) PSNR.
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SPIHT, the results for the latter are shown only in PSNR scale. TM-MDC

using Weibull model for D-R function shows very close performance to TM-

MDC using the real operational D-R curves. This again proves the validity

of D-R modeling. Therefore, D-R curve modeling can be used to decrease the

amount of computations at the preparatory stage without significant decrease

in network performance.

Figure 5.13 compares the network performance of TM-MDC, MD-FEC

(Weibull model), and unprotected PGC for model Bunny. As one can see from

Figure 5.13, MD-FEC slightly outperforms TM-MDC, and they both signifi-

cantly outperform unprotected PGC. MD-FEC slightly outperforms TM-MDC

for the following reason. In the memoryless channel model, loss patterns with

one description lost are more frequent than those with three descriptions lost;

and for the formers, MD-FEC achieves better reconstruction. The difference

in bit allocation of TM-MDC and MD-FEC may be connected with the fact

that only a part of coarsest mesh geometry bit-planes is transmitted in MD-

FEC in the beginning of bitstream. On the contrary, in TM-MDC, all the

coarsest mesh information is transmitted in the beginning of the bitstream.

5.6.3 Visual illustrations

Figures 5.14 and 5.15 show visual reconstruction results for TM-MDC. In

Figure 5.14, test model Bunny is encoded into four descriptions with the re-

dundancy ρ = 63% at total 22972 Bytes and reconstructed from one, two,

tree, and four descriptions. One can see from the figure that even the re-

construction from one description provides acceptable visual quality. Figure

5.15 shows the visual reconstruction results for Venus head model, encoded

into four descriptions with redundancy ρ = 53% at total 24404 Bytes. Both

models are encoded with spatially close trees grouping with group size 10.

5.7 Chapter conclusions and discussion

We have proposed two algorithms for coding 3D meshes. Both MD coders

are based on PGC scheme [83]. In PGC, wavelet transform is applied to

the semi-regular remeshed model, and wavelet coefficient trees are coded with

SPIHT algorithm. TM-MDC exploits the redundancy in the form of redundant

partially-coded trees of wavelet coefficients and the duplicated coarsest level
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Figure 5.11: Model Bunny. Comparison of network performance of TM-MDC
with simple MDC scheme and unprotected PGC. The results for TM-MDC with
D-R curve modeling are given as TM-MDC (Weibull). (a) Relative L2 error in
units of 104; (b) PSNR.
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Figure 5.12: Model Venus head. Comparison of network performance of TM-
MDC with simple MDC scheme and unprotected PGC. (a) Relative L2 error in
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mesh. Two strategies of grouping the trees were studied, and spatially close

grouping has been chosen as the one providing better visual quality. The

second proposed algorithm is MDC-FEC for 3D mesh coding. Stronger codes

are allocated to the beginning of SPIHT stream, while less or no FEC bits are

allocated to the end of bitstream.

Two methods have been proposed to obtain D(R) curves for bit alloca-

tion. From these two methods, L2 distance turns out to give slightly better

results in terms of the expected distortion. Modeling D-R curves performs just

slightly worse than using the real L2 distance. However, D-R curve modeling

significantly decreases the amount of computations at the preparatory stage.

We have observed that TM-MDC and MD-FEC demonstrate similar per-

formance in the network environment with losses. However, both methods

have their advantages and disadvantages with respect to each other. For ex-

ample, MD-FEC needs only one compressed bitstream to perform bit alloca-

tion for any number of descriptions while TM-MDC needs to generate different

compressed bitstreams in case the number of descriptions has changed. The

TM-MDC coder includes the whole coarsest level geometry in each description

whereas MD-FEC spreads bit-planes of the coarsest level geometry according

to their importance in the compressed bitstream. The TM-MDC can poten-

tially provide region of interest (ROI) coding of 3D meshes. In this case,

more important trees can be included in all the descriptions with higher bi-

trate. Moreover, one has to take into account that the results for TM-MDC

have been obtained with grouping spatially close trees. However, grouping

spatially disperse trees increases the PSNR on approximately 2 dB (see Fig-

ure 5.3). Therefore, various grouping strategies may be investigated.
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Figure 5.13: Model Bunny. Comparison of the network performance of the
MD-FEC and TM-MDC. (a) Relative L2 error; (b) PSNR.
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(a) (b)

(c) (d)

Figure 5.14: TM-MDC. Reconstruction of Bunny model from (a) one descrip-
tion (48.36 dB), (b) two descriptions (63.60 dB), (c) three descriptions (71.44
dB), (d) four descriptions (74.33 dB).
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(a) (b)

(c) (d)

Figure 5.15: TM-MDC. Reconstruction of Venus Head model from (a) one
description (53.97 dB), (b) two descriptions (65.18 dB), (c) three descriptions
(72.51 dB), (d) four descriptions (77.08 dB).





Chapter 6

Conclusions

This thesis has introduced new MDC schemes for images, video, stereoscopic

video, and 3D meshes. The motivation for using multiple description coding

arises from the vulnerability of the compressed bitstream to channel errors and

erasures when transmitting multimedia data over error-prone channels. The

goals of this thesis were to prove the validity of MDC as an error resilience

approach and demonstrate the application of MDC to different types of visual

data, from images to 3D meshes.

In Chapter 2, a two-stage approach has been developed for image coding.

The first stage of the method employs B-spline interpolation to obtain a coarse

image approximation (shaper) which fits as much information as possible in

the limited bit budget. The shaper is compressed and included in both descrip-

tions. Then, properly interpolated, the quantized coarse image is subtracted

from the original image, yielding a residual, which contains image details. A

checkerboard subsampling of block transform coefficients is applied to divide

the residual image between two descriptions.

Two block transforms have been compared for coding the residual image.

The DCT-based coder shows higher PSNR while the LOT-based coder pro-

duces the picture with less annoying artifacts when reconstructing it from

one description. The postprocessing algorithm in the DCT-based coder re-

duces blocking artifacts and increases the quality of side reconstruction. The

proposed bit allocation optimizes the coder performance with respect to the

target bitrate and probability of description loss. The proposed MDC method

outperforms two other MD coders based on JPEG [29,156].

In Chapter 3, we have proposed an MDC scheme for video coding which

131
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does not use motion-compensated prediction. The coder is targeted for mobile

devices. This scheme adapts the 2-stage image coding method to coding of

video. The proposed coder exploits 3D transforms to remove correlation in

the video sequence. Coding is done in two stages: the first stage produces

a coarse approximation (shaper) of the video sequence. The second stage

encodes the residual sequence. The shaper is obtained by pruned 3D-DCT and

the residual signal is compressed by 3D-DCT or a hybrid 3D block transform.

The redundancy is introduced by including the shaper in both descriptions.

The amount of redundancy is easily controlled by the shaper quantization

step. A simple bit allocation algorithm has been derived and a closed-form

solution of the optimization problem has been found. Thus, bit allocation

algorithm can be used in the encoder without a significant increase in the

encoding complexity.

The complexity of the proposed coder has been estimated. The results

state that the encoder is up to two times less complex than the optimized

H.263. As the proposed MD video coder has low computational complexity, it

can be used in mobile devices with low computational power and limited bat-

tery life. The coder has been shown to outperform the MDTC video coder [116]

and two simple MD coders based on H.263+. The coder performs especially

well in the low-redundancy region.

Chapter 4 has addressed MDC of stereoscopic video. Two drift-free MDC

approaches have been proposed. Both approaches produce balanced descrip-

tions and provide stereoscopic reconstruction with acceptable quality in case

of one channel failure for the price of moderate, in the range of 10-50%, redun-

dancy. The performance of these approaches depends on the characteristics of

the stereoscopic video sequence. The first approach, called SS-MDC, performs

better for sequences with lower inter-view correlation, while the MS-MDC ap-

proach performs better for sequences with higher inter-view correlation. A

criterion for switching between the approaches has been found and it is used

by the encoder to choose the approach that provides better performance for

the particular sequence or the part of the sequence.

Future research on this topic may include developing algorithms for the es-

timation of the lost frames in MS-MDC, optimization of the proposed schemes

subject to probability of packet loss and adapting the MDC algorithms to

multi-view video coding. The MS-MDC approach can be applied to multi-

view video. However, the inter-view prediction in multi-view video is less
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efficient compared to stereoscopic video due to the greater distance between

the cameras. This should be taken into account when designing MDC schemes

for multi-view video.

In Chapter 5, two MDC techniques for 3D meshes have been presented.

The proposed coders are based on progressive geometry compression, which is

efficient for highly detailed 3D meshes. The first approach, TM-MDC, exploits

the redundancy in the form of partially coded trees of wavelet coefficients and

the duplicated coarsest-level mesh. Two strategies of grouping the trees were

investigated, and spatially close grouping has been chosen as the one providing

better visual quality. The second algorithm is MD-FEC for coding 3D meshes.

Both algorithms have been shown capable of providing a flexible number of

descriptions and can be adjusted for the varying packet (description) loss rate.

Graceful degradation of reconstruction quality is observed when increasing the

description loss rate.

The D-R function modeling has been introduces for both 3D mesh coding

methods. The proposed modeling drastically decreases the amount of compu-

tations at the preparatory stage with the price of only slight decrease in the

averaged reconstruction distortion.

The plans for future research on TM-MDC include optimization of bit allo-

cation of the coarsest level mesh, investigating the possibilities for partitioning

the coarsest mesh geometry and searching for optimal patterns for grouping

wavelet coefficient trees.

This thesis has studied MDC of different types of visual information. Sev-

eral practical MDC schemes have been developed, which provide efficient er-

ror resilience in the lossy network environment. The proposed methods can be

used to facilitate error-resilient transmission of visual information over wireless

networks and the Internet.
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