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Abstract:

We present a simple and efficient scheme that combines multiple descriptions coding with wavelet

transform under JPEG2000 image coding architecture. To reduce packet losses, controlled amounts of redun-

dancy are added to the wavelet transform coefficients to produce multiple descriptions of wavelet coefficients

during the compression process to produce multiple descriptions bit-stream of a compressed image. Even if a

receiver gets only parts of descriptions ( other descriptions being lost), it can still reconstruct image with ac-

ceptable quality. Specifically, the scheme uses not only high-performance wavelet transform to improve com-

pression efficiency, but also multiple descriptions technique to enhance the robustness of the compressed image

that is transmitted through unreliable network channels.
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INTRODUCTION

JPEG2000 ( Lawson and Zhu, 2002) is a
newly published still image-coding international
standard. Its introduction meant that for the first
the discrete wavelet transform ( DWT )
would be used for the decomposition and recon-

time»

struction of images together with an efficient cod-
ing scheme. In the JPEG2000 coder> before any
wavelet decomposition is performed, the image is

These

tiles are of equal size except possibly for those

partitioned into non-overlapping tiles.

adjacent to the image boundary. Then wavelet
transform is applied to transform the image into a
multi-resolution representation on a tile-by-tile
basis. After transformation, a uniform quantiza-
tlon matrix is applied, which is performed within
each subband with different levels of quantiza-
tion. After quantization. quantized wavelet coef-
ficients are entropy encoded into bit-stream;
packed> and transmitted to networks. Fig. 1
shows the block diagram of the JPEG2000 coding
and decoding process.

Current JPEG2000 coding system typically
generates bitstream in a progressive mode for
network delivery purpose. Generally, low-reso-
lution coefficients of multi-resolution representa-
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tion within tiles are gathered, entropy encoded
and filled into data packets, which are transmit-
ted through networks first. Then the high-resolu-
tion coefficients are encoded, packed and trans-
mitted following them .
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Fig.1 The JPEG2000 coding and decoding process

Most networks today are based on an ex-
change of packets. UDP is a main protocol that
controls the transmission of the packets. In some
cases; such as congestion and transmission er-
rors, the packets will be possibly dropped at ran-
dom and the networks will not take any action on
this situation. We know that once packets con-
taining low-resolution coefficients are losts a
successful reconstruction cannot be achieved at
the receiver end at all even if the following pack-
ets containing the high-resolution coefficients are
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received safely. To gunarantee receiving, some
applications use TCP protocol to control the
transmission of the packets. Unfortunately, also
in congestion and error cases, TCP-based deliv-
ery may suffer from stalls because the delay in
receiving retransmitted packets may be much
longer than the normal inter-arrival time between
received packets. Furthermore, that TCP trans-
mission requires a feedback channel is not al-
ways true.

It seems that present networks cannot provide
a satisfactory data delivery solution. We have to
devise a new way to provide high efficiency and
robust data delivery service.

Joint source-channel coding is a useful solu-
tion. But due to its high cost and uncertainty of
network conditions, it is also unsuitable for ap-
plication. We have to turn to image source cod-
ing itself to solve the problem. It is known that
packets erasure networks are often modeled
through generalized multiple descriptions coding
(MDC) (Wang et al .» 20000, in which the en-
of the

source datas each exactly filling certain packets.

coder produces multiple descriptions
Using this concept> we developed an algorithm
that adds controlled amounts of redundancy to
the image wavelet transform coefficients to pro-
duce multiple descriptions of wavelet transform
coefficients. Then these multiple descriptions
transformed coefficients are regrouped, encoded;
packed and delivered independently through di-
verse network channels. If all packets from all
channels are received, a high-quality reconstruc-
tion can be achieved, while a lower but accept-
able quality can be achieved from a subset of the
packets. the advantages of MDC

are:

Obviously,

1. Robustness against loses: even if a re-
ceiver gets only parts of descriptions Cother de-
scriptions being lost), it can still reconstruct an
image with acceptable quality;

2. Enhanced quality: if a receiver gets more
descriptions; it can combine them together to
produce a better reconstruction than that pro-
duced from their subset.

Fig.2 can clarify the above description. X
(k) is the input source, which is encoded as
Description 1 and Description 2. When only De-
scription 1 or Description 2 is received, X;( KD
or X,(K) can provide low but acceptable recon-

structions quality at the receiver end. When both

Description 1 and Description 2 are received . X,
(KD provides better reconstruction. Compared to
nothing we can get in conventional systems, the
proposed scheme is a better solution obviously.
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Fig.2 Multiple descriptions coding structure

MULTIPLE DESCRIPTION CODING

Multiple descriptions coding has been used
before in the context of robust image coding. The
first MD image coder that we are aware of was
proposed by Vaishampayan and consisted of an
extension of a JPEG coder using MD scalar
quantizers ( Vaishampayan, 1996). Wang ez al .
proposed another MD extension of a JPEG coder,
using a class of pairwise correlating transforms to
create the MD’ s (Wang et al .» 1997) . In these
documentations, MD scalar quantization and MD
correlating transform were two typical MDC tech-
niques. But it seemed that the MDC was con-
ducted only in DCT domain,
wavelet domain. Sergio (Servetto et al ., 1998)

not considering

studied MD scalar quantizers in wavelet domain,
but did not consider correlating transforms in
wavelet domain. So in this context, we mainly
study the multiple descriptions correlating trans-
form coding in wavelet domain, which is a blank
in the research area at present.

Multiple descriptions correlating transform coding

In our proposed scheme; after wavelet trans-
each block

nearly independent, zero-mean wavelet transform

formation and quantization, of n

coefficients with different variances is trans-
formed into a block of n transformed coefficients
with an added statistical correlation between
them. Then, the transformed coefficients are re-
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encoded and distributed to different
So in the case of packet loses, the lost

grouped>
packets.
coefficients can be estimated from the received
coefficients. The redundancy comes from the rel-
ative inefficiency of scalar entropy coding of cor-
related coefficients. For simplicity of analysis,
we pick up only two coefficients with different
variances to have a pairwise correlating transform
at a time and produce two descriptions bitstreams
in the end.

According to Wang’ s ( Wang et al ., 1997)
method, the MD character is achieved with a
linear correlating transform that introduces statis-
tical correlation between a pair of random vari-
ables.

x,] are assumed to be independent, zero-mean

The pair of random variables x = [ x,,

Gaussian components with variances o1 and o3
respectively. Without loss of generality, we as-
sume o7 = o3 . The pairwise correlating transform

T produces descriptions y; and y, through y =

[9’1] = T(x), where>
Y2

7=[% °]. wihdaT=1. (D
¢ d
Then>
yi = CTx) = axy + bxs
2>
yr = CTx )y = exy + dasy
After correlating transform, some statistical
correlation is added to the two random variables,
i.e. y; and y, have some certain statistical cor-
relation between them. We can estimate one
variable of y; or y, from another using the statis-
tical correlations between them. Suppose y; is
received and y, is losts to minimize the MSE
(mean- square error ) distortion, the reconstruc-

= E[x/y]]

Since x and y; are jointly Gaussian, the condi-

tion at the first side decoder is x

tional variable x/y, is also Gaussian and compu-
tations of x' is simple. Noting that [ y,, y, 1" is

a linear function of x, then

A

) = T"][Xl], where
Y2

El:ylyzj _ CLCU%'deU%
E[y%] = a’st + bzagyl )
(3>

5’2 = EE}’z/%]:

Similarly, if v; is lost and y, is received, the
reconstruction at the second side decoder is:

2 _ T"l[yl] s where
Y2

aco? — bds?
o2 2+d2 2Y2-

(4>

If the correlating transform is balanced, with the

E[ylhj
E[y%] 2=

Y1 = E[Dfl/yz:|=

condition of Eq. (1), we can get
(2a)~

T - [ a (s
¢ —a g~
In no erasure casess the reconstruction uses
a a

In one description loss cases the reconstruction
uses Eq. (3) or Eq.(4), which then becomes

the following expressions respectively:

s e P ] 7
v T 4a*s? + o3 i

2 2
v el b

As a changes, different amounts of redun-
dancy are added to the two source random vari-

ables. R” 5 the

average rate of output variables is R, then the

If the source base-coding rate is

redundancy is
p=R-R"

R:(R1 +R2)/2’ R] :H(yl)’ R2:H<y2).
9

Using Eq. (7Y and Eq.(8), we can com-
pute D; and D,, which are the distortions per

» where>

component in reconstructing from y; or v, alone.
So, the average distortion of reconstruction per
component at the receiver end is:

D =CD, + D,>/2, where

D, :%E[ | o= 2] (100
D2=%E[ | x—x2 [|2] GIP)

Simulation of two Gaussian random variables corre-
lating transform

In order to show the performance of the cor-



58 CHEN Hailin, YANG Yuhang

relating transform, we create a set of numerical
computations. Fig.3 considers two independent
Gaussian random variables with oy =150, =0.5
and mean-values 0. Their base-coding rate is R
= 2 bits/component. The robusiness is measured
by D, which is the average of side distortions at
the receiver end.
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Fig. 3 Redundancy-distortion curve for Gaussian
variables MDC

From the above plots we can see that added
small amounts of redundancy p> which is from O
to 2 bits per component, the average of side dis-
tortions D diminishes considerably, which means
that we can get acceptable reconstruction quality
even if only one description is received .

MDC IN WAVELET DOMAIN

The discussion before assumes that random
variables have Gaussian distribution, which is a
base condition for using correlating transform.
So> we have to be sure that the wavelet transform
coefficients fit Gaussian distribution .

Under JPEG2000 wavelet image coding ar-
chitecture, wavelet transform is applied to the
original image on a tile-by-tile basis. After
wavelet transformation, transform coefficients
can be assured to be independent of each other,
which is based on the primary properties of the
wavelet transform and the fact that the wavelet
transform “ nearly” decorrelates a wide variety of
combined

with our view of the signal as a random realiza-

signals and images. This property,

tion from a family of distribution of signals, leads
io the following simple model for an individual
wavelet Most

transform coefficient. wavelet

transform coefficients contain very little signal
information and hence have small,
ues.

random val-
A few wavelet transform coefficients have
large values that represent significant signal in-
formation. Thus we can model each wavelet
transform coefficient as being in one of two
states: “high”, corresponding to a wavelet com-
ponent containing significant dominant contribu-
tion of signal energy, or “low”, representing
components with little signal energy. If we asso-
ciate with each state a Gaussian probability den-
sity — say» a high-variance, zero-mean density
for the “high” state and a low-variance, zero-
mean density for the “low” state — the result is a
Gaussian mixture model for each wavelet trans-
In JPEG2000 wavelet image
coding process, after wavelet transformation on
tiles, DC  coefficients,
which are “high” state, require difference com-
putation. Then “high” state and “low” state can
be combined together and modeled by a simple
unified Gaussian distribution.

form coefficient.

before quantization,

In order to vali-
date our analysis» we give their histograms in
Fig.4 and Fig.5. From these histograms, we

500 1000 1500
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Fig.4 Histogram of DC coefficients
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AC coefficients values

Fig.5 Histogram of AC coefficients
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can see that the difference DC coefficients and
AC coefficients fit Gaussian distribution well.

Theoretically, Mallat (1989) proved that the
histograms of wavelet transform coefficients of
natural images could be modeled by a family of
Gaussian distribution:

pCx) = Ke~ (sl (12)

where @ models the width of the histogram peak
(variance)» K is a normalization constant to en-

sure thatjp(x)dx =1.

SIMULATIONS AND RESULTS

After we have proved the fitness of nearly
Gaussian distribution of wavelet transform coeffi-
cients> we can use multiple descriptions correlat-
ing transform within wavelet domain in a strong
base.

Our simulation is composed of the following
steps:

1. Input a test source image and apply wave-
let transform on a tile-by-tile basis on it.

2. Within each tile, a difference computa-
tion of DC wavelet coefficients is performed.

3. Using these transform coefficients as the
samples of random variables, we compute the
variance values and convert each coefficient to
zero-mean. Then these coefficients can be seen
as samples of corresponding variance Gaussian
random variables .

4. Then, the coefficients are uniformly
quantized at a given base rate.

5. Within each tile of image, we choose the
coefficient corresponding to largest variance and
the coefficient corresponding to smallest variance
as source random variable and apply multiple de-
scriptions correlating transform on the pair.

6. Output coefficients from each description
are grouped together and entropy encoded inde-
pendently. Go to 5th step until all coefficients
within tiles are processed.

7. Each description bitstream is packed and
sent independently through networks .

We discuss below our simulation results.

We input a 256 x 256 x 8 lLena image and
use Sym.5 wavelet base to apply a 3-level wave-
let transform on a tile-by-tile basis. The tile size
was chosen as 8 x 8. Fig.6 and Fig.7 give the

original Lena image and the wavelet transformed
image .

Fig.6 The original Lena image
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Fig.7 The wavelet transformed image.
After transformation, there is a DC coeffi-
cient within each transformed tile. According to
the above coding process, DC coefficient differ-
ence computation can be performed. Then, each
coefficient at a certain position within each tile
can be seen as a sample of Gaussian random
variable whose expectation mean and variance
can be estimated from corresponding samples at
the same relative positions within all tiles. To
256 x 256 image and 8 x 8 tiles, there are 1024
samples for each tile coefficient position. which
can be seen as realizations of corresponding
Gaussian random variables.

After DC coefficient difference computation,
there are 64 coefficients within each tile. Ac-
cording to the above described step 5, we align
the coefficients in decreasing variance order and
pick up the largest variance sample and smallest
variance sample to apply pairwise correlating
transform on them. After transformation, the two
output variables are separated as description 1
and description 2. This process repeats until all
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remaining coefficients within tiles are processed.
At last, all output coefficients from the same de-
seription are groupeds entropy encoded, packed
and transmitted independently through networks.

At the receiver end, if both descriptions are
received> we combine them together and use
Eq.(6) to give a complete inverse transforma-
tion, which provides best reconstruction quality .
If one description is losts we have to use Eq.
(3) or Eq.(4) to estimate another description
from the received one, using the statistical cor-
relation between thems i.e using Eq.(7) or Eq.
(8) to compute partial inverse transformation,
which provides low but acceptable reconstruction
quality .

For evaluating the coding system perfor-
mances we code the image in base rate of 2 bits/
sample and add different increasing amounts of
redundancy to each pair of wavelet transform co-
efficients (we choose p from 0.5 to 2 per com-
ponent) . At the receiver ends we evaluate its
robustness by its average side distortions values
D when only one description is received. Fig.8
gives the simulation results.

Robustness of MDC coding for Lena image

(MSE per component)

rOROW W b I L L
S W St D Wt D W O

Side distortion D=(D +D:)/2

0.5 1 1.5 2
Redundancy p=R—R*(bits per component)

Fig.8 Redundancy-distortion plot for Lena image
(at base rate of R =2bpp, p=0.5-2)

From Fig.8> we can see that given some little
amounts of redundancy, MDC coding system pro-
vides great improvement of image reconstruction
quality, when only one description is received.

Fig.9 and Fig. 10 give the image reconstruc-
tion from one description with two different re-
dundancies. It is clear that the Lena reconstruc-
tion image looks better as redundancy increases.

If two descriptions are received, they are
combined and give better reconstruction,
shown in Fig.11.

as

Fig.9 Image reconstruction from one description of
MDC Cat base rate R =2bpp: p=0.6)

Fig.10 Image reconstruction from one descrip-tion
of MDC (at base rate R =2bpp, p=0.9)

Fig.11 Image reconstruction from two descrip-tions
of MDC (at base rate R =2bpp)

CONCLUSIONS

In this works we developed a multiple de-
scriptions based wavelet image coding scheme un-
der JPEG2000 image coding architecture. The
scheme use not only high-performance wavelet
transform to improve compression efficiency, but
also multiple descriptions technique to enhance
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the robusiness of the compressed image that is
Through

some experiments, it was found that even if a re-

transmitted through unreliable networks.

ceiver gets only one description Cother descrip-
tions being lost), it could still reconstruct image
with low but acceptable quality .
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