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Robust Image Transmission Over
Energy-Constrained Time-Varying Channels Using
Multiresolution Joint Source—Channel Coding

Igor Kozintsev,Student Member, IEEEand Kannan RamchandraMember, IEEE

Abstract—We explore joint source-channel coding (JSCC) combine source and channel coding, and show how this
for time-varying channels using a multiresolution framework approach leads to significant improvements in end-to-end
for both source coding and transmission via novel multireso- system performance over conventional methods. Note that in

lution modulation constellations. We consider the problem of . “ . -
still image transmission over time-varying channels with the contrast to the traditional usage of the term “multiresolution

channel state information (CSI) available at 1) receiver only in the source coding community, we will use this term in

and 2) both transmitter and receiver being informed about the paper in the context of both source coding (to refer to
the state of the channel, and we quantify the effect of CSI g hierarchy of codebook resolutions) and channel coding (to
availability on the performance. Our source model is based on refer to a hierarchy of modulation constellations).

the wavelet image decomposition, which generates a collection The b fi f i lution ioi h | codi
of subbands modeled by the family of generalized Gaussian e benefits of multiresolution joint source-channel coding
distributions. We describe an algorithm that jointly optimizes the ~(JSCC) for digital broadcast were established recently in [1].
design of the multiresolution source codebook, the multiresolution The fundamental idea there is derived from Cover's classic
constellation, and the decoding strategy of optimally matching result [5] that in multiuser communications, where a single
the source resolution and signal constellation resolution "trees” o, \rca transmits information to two (or more) receivers of
in accordance with the time-varying channel and show how this i fidelity_ioint inf . fer is effici if th
leads to improved performance over existing methods. The real- différent fidelity, joint information transfer is efficient if the
time operation needs only table lookups. Our results based on transmitter superimposes the information meant for the strong
a wavelet image representation show that our multiresolution- receiver in the information meant for the weaker one; see
based optimized system attains gains on the order of 2 dB in the Fig 1. This endorses the use of a multiresolution framework,
reconstructe_d image quality over single-resolution systems using where both receivers have access to “coarse” information,
channel optimized source coding. . . . .
while enabling the stronger receiver to extract the underlying
Index Terms—Data communication, hierarchical systems, im- «detail” information as well. In [1], this idea was applied
age communication, quantization, source coding. to the design of modulation constellations; see Fig. 3 for an
example of two-level multiresolution constellations, which can

|. INTRODUCTION AND BACKGROUND be seen to contain “clouds” of “satellites,” characterized by an

N MODERN practical communication systems, the SOurd'gtracloud to intercloud distance ratia Note that two levels
I coder is in most cases separate from the channel coder b%ftHnequal noise immunity are offered by these cpnstel_lations,
physically and conceptually. This approach can be potentiafly reprgszgte(;j b{]_the S?_te"'tels and the clouds in V‘;]h'Ch they
very inefficient for applications involving the transmissiorf/e €mbedded. This multiresolution transmission scheme can
of video and images. This fact is already understood aR§ Matched to an multiresolution source-coding scheme, e.g.,
generally acknowledged by researchers [1]-[4], but efficieH§iNg hierarchical subband c_odlng (see references in [6] for
methods of combining source and channel coders into a jofffit@ils). where the coarse (important) source layer maps to

system are still under investigation. The increased compld€ clouds, and the detail (refinement) layer maps to satellites

ity of the problem involving this joint design calls for theWithin each cloud.

formulation of new frameworks that expose the fundamental!n this work, we describe how the use of multiresolution
underlying tradeoffs in source and channel coding. In thfonstellations for point-to-point slow time-varying channels

paper, we introduce a multiresolution-based framework &N lead to similar gains as for the broadcast channel. (The
analogy is not surprising since both cases refer to multichan-

nel environments.) We present an optimization algorithm for
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_ . : bandwidth utilization) involves the special case of a Gaussian
Channel capadity C,< C; Good" receiver source transmitted over an AWGN channel. In [12, p. 162],
MR | Fine MR Berger showed that the best transmission system for this case
C, channel _ | source uses simple linear analog amplitude modulation to achieve the
Emitter decoder [~ = & | decoder optimal performancé.Such a system can be approximated
Fine arbitrary closely with anV-PAM digital constellation, as used
MR LR MR ) in thi v fficiently |
source channel in this paper, asV gets sufficiently large. .
coder [To—#=| coder . All the approaches mentioned above essentially treat the
oarse "Weak" receiver « T iti
channel as a “black box” with no control over transitional error
MR MR probabilities (time-varying or time-invariant). This raises the
Co channel | source interesting question of whether further gains can be attained by
decoder *1 decoder . . "
Coarse having the freedom to optimally alter these symbol transition

error probabilities (by including the modulation constellation
Fig. 1. Block diagram of two-resolution joint source channel coding schemi®l the loop) and judiciously trading off some error proba-
bilities for otherswhile keeping the transmitted modulation
energy/bandwidth fixedl'his leads to the problem of jointly

being used to render the channel memoryless. In this work, \%&gnmg the source COdPTbOOK and the _channel cor)stellat|on
hin the constraints of fixed transmission energy in order

tackle both important cases 1) when channel state informatigfi 1 e th Il end-t d distortion. This has b
(CSI) indicating the instantaneous channel carrier-to-noif MNiMize the overall end-to-end distortion. This has been

ratio (CNRY is available only at the receiver, as applicablgddressed recently in .[14]' where a single resolu'tion design
when there is no feedback channel from the receiver to th&> used, the transm_ltte_r was assumed to be mfprmed of
transmitter and 2) when CSI is available at both the recei CSl, and the optimized modulation constellation was
and transmitter. An added attraction of our framework is thapstruqtured. . " . :
it enables us to quantify the performance loss between caseg1 th'S. Papetr, In addltlo_n to tackling the JSCC pro_blem n
1) and 2). The multiresolution framework is advocated fg more intuitively appealing framework, we depart in three
case 1), whereas it is not needed for case 2). For typiéégn'f'cant regards.' . .
scenarios, as considered in this paper, we show that there i4) We use amultiresolution approactadvocating the use
little performance loss between cases 1) and 2), validating the  ©f multiple codebook resolutions.
choice of a multiresolution framework for case 1). 2) In the interests of practicality, we impose regular

In motivating our work, we start with a brief overview. structure on the resulting optimized constellation (we
We begin by noting that optimal source coding has been a address the inefficiency due to this by giving an upper
field of considerable interest and is well understood, e.g., Pound for a special case) using the intuitive idea of
the Lloyd—Max algorithm for scalar quantizer design and  Clouds and satellites (see Fig. 3). _ _
the generalized Lloyd algorithm (GLA) for vector quantizer 3) We use a multistate additive white Gaussian noise
design [7]. These algorithms optimize the source codebook (AWGN) channel model that can handle any type of
design using essentially coordinate-descent type optimization ~CNR distribution for memoryless channels (we will
methods consisting of alternate iterative optimizations of the ~ focus on the Rayleigh distribution in this paper).
encoder (with the decoder being fixed) and the decoder (with the interests of simplicity and clarity of presentation, we
the encoder being fixed) and assuming a noiseless transmissionfine ourselves to a scalar quantization framework, although
channel. This design methodology has been extended to éx¢ensions to vector quantization can be made at increased
case of noisy channels by several researchers (e.g., [2], [Bmplexity.
[9], and others) assuming channel models like the binary-The main contribution of this paper is that it tackles the
symmetric-channel (BSC) or more general multialphabet chat5CC problem for time-varying channels in a multiresolution
nels with a given (i.e.fixed transition probability matrix Setting using multiresolution source codebooks and embedded
relating the channel input/output alphabets. channel constellations. We show how the optimal design

Finite-state noisy time-varying channels were considerétrategy under the given practical constraints dictategHer
previously in [10] and [11], where iterative algorithms tdeceiver to adjust its source codebook resolution according to
design the source coder were proposed. Additionally, ttiee channel state informatipand we quantify how this should
impact of errors in the channel state information was addresdeppen. In Section Il, we describe our models and illustrate
in [11]. The setups in [10] and [11], however, assume a BSe multiresolution JSCC design. Section Il treats the case of
model for each channel state (which is equivalently derivexsingle i.i.d. source transmitted by an uninformed transmitter
from a continuous channel with a binary modulation formatpver a multistate AWGN channel. We extend our study of
leaving no room to explore larger constellations or the@ single i.i.d. source to the case of a composite source in
optimized design. An illustration of the usefulness of allowin@ection IV. In Section V, we discuss the case of the informed
larger alphabet constellations (in addition to providing better

2Note that for this special case, this is a remarkable result, considering

INote that we will use CNR to refer to the channel carrier-to-noise ratithat in general, one has to resort to the infinitely complex, random-coding
while we will use SSNR to refer to the source signal-to-noise ratio [7].  arguments of Shannon to attain the theoretical bound [13].
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transmitter and, finally, conclude with some discussions in f (h/h,) () =2/ R expl— /1)
Section VI.
h®= Es/No
Il. PROBLEM FORMULATION AND PROPOSEDFRAMEWORK
A. Communication Channels
. . . h/h
In this work, we assume time-varying channels that we 0

—

characterize by a finite (but large) number of states with a (h/hy)
known probability of occurrence, i.e., the long-term statistics
are assumed availabéepriori at both receiver and transmitter,
even for the uninformed transmitter case. We model each
particular channel state as an AWGN channel with a distinct
noise variance. Although the model may appear to be restric- hh
tive, it allows us to approximate a wide variety of realistic 0

channels such as flat fading channels or multicarrier channgl 2. Example of approximation of memoryless Rayleigh channel by a
while maintaining a moderate complexity of the analysis. O(j*!tistate AWGN channel model.

channel model is similar to the one suggested in [15]: It is

a special case of it in some regards but a generalization of d> d

it in other regards. It is a simplified version of [15] in the d u=""g,
sense that we assume a perfect channel state information. On )

the other hand, by assuming a more general AWGN model,

we have direct control over the modem parameters, and we

can optimize the signal constellation over a larger than binary

(as is effectively done in [15]) alphabets. To illustrate our

&

)

-
N

model, consider the following example. Suppose we desire to

. : . MR 16 PSK
approximate a memoryless Rayleigh channel by a multistate MR 64 QAM
AWGN channel. By lettingh? = E/N, be the received d, d,
signal-to-noise power ratio, we make use of the fact that the m—h
instantaneoui-parameter has the Rayleigh probability density
function (pdf) U MR 4 PAM U
f(h) — 2h/h% eXp(—hQ/hg) Fig. 3. Some multiresolution constellations whergparameterizes the intr-

9 acloud to intercloud ratio.
where hy = — E{h} (with £{} denoting expectation

VT work, however, we restrict ourselves to achieving noise im-
By approximating this distribution with a piecewise conmunity solely through the idea of constellation clouds (see
stant pdf havingV regions, we achieve a multistate AWGNFig. 3). We impose this intuitively appealing regular structure
representation that becomes exactMasbecomes large (seeon the modulation constellation by characterizing it by the
Fig. 2). This approximation can be made for other CNBet of parametergy;} that reflect the difference in noise
distributions as well, as long as the channel is memorylessimunity between consecutive layers. For the examples in
Note that our model is valid for frequency-varying channelig. 3, only one parameter is needed. In the interests of
(i.e., multicarrier channels) if the horizontal axis is used tsimplicity, in this paper, we consider the examples of 1-D
represent “frequency” rather than “time.” In addition, note thgPAM) signal constellations since they have the same spectral
in practical applications, a similar “quantization” of channegfficiency as 2-D (quadrature amplitude modulation-QAM)
characteristics is usually present. For example, power contsignal constellations if a single side band (SSB) modulation
algorithms in cellular communications usually allow the transechnique is used. In order to construct a general 1-D signal
mitted power to change in discrete steps (2 dB for GSM [16¢pbnstellation of size”, we use(L — 1) pu-parameters, thus

to compensate for varying channel conditions. implying the possibility of (L — 1) “layers” with different
noise immunity. An example of a multiresolution 8-PAM
B. Multiresolution Modulation construction is shown in Fig. 4. Note that by taking the

]Cartesian product of 1-D constellations, we can construct

Multiresolution modulation has been investigated in [1], [3 2 h ) > :
[4]. Some multiresolution constellations are shown in Fig. gnultidimensional constellations in a straightforward way.

Due to the different distances between the points in the signal , )
space representation, the symbols exhibit different levels of Source Modeling and Source Coding
noise immunity in the AWGN channel. for Multiresolution JSCC

Our framework supports the overlaying of forward error We have motivated the use of multiresolution source and
correction codes (FEC) and can be very naturally combinetlannel coding in the introduction. For our problem, a mul-
with trellis coded modulation techniques [1], [3]. In thigiresolution source coder can be characterized as producing
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Fig. 4. Example of multiresolution constellation construction for 8-PAM. Py o P

Three vectors\f; : = 1, 2, 3 are needed for the construction which results | | £ ,I £ I K |T

in two independenf: (1o and pq)-parameters. We first start with 2-PAM

defined by the length of\/,. After that, each point is split into two points |to |t |t |t |t
to form 4-PAM with vectorM». Finally, we split each point again to obtain Y vcoarse co deimok.. } ‘
8-PAM with vector M3, etc. . . C,
c c
° “full codebook” o C,
multiple information streams (of different degrees of “impor- c ey, c e,

10 12

tance”) associated with a single source of information. Note . _ _

that this is consistent with existing popular layered viQe@%e%OOIgzgsfﬁéug;’; DSCC scheme for multiresolution 4-PAM and source
representation frameworks. Due to compatibility constraints,

an multiresolution source coder will have some added re- o ] o
dundancy in its output layers, which we desire to keep ggere was done by estimating the “bit error ;ensmvmes" of
low as possible. The multiresolution source coding probleftifférent layers. In this paper, we use a similar approach to
in its different variations is a special case of the so-calldgultiresolution source coding, while combining it naturally
multiple descriptions problem investigated in the informatioWith mul_t|resolut|0n channel coding through a multiresolution
theory literature [17]-[19]. In the particular case of successiveedulation.

refinement [18], it was shown that rate-distortion optimality is

achieved only for a special class of sources obeying a cert®nProposed Framework

Markovian property. Our framework is most easily explained through an illus-
An multiresolution representation can be achieved vetyative example of a two-state AWGN channel model. This
naturally for the popular family of subband image coderghannel model is insightful as it can be easily generalized
Different image subbands are fairly accurately modeled as i.it@. the desired time-varying channel case by considering an

sources with generalized Gaussian pdf with different shapestate AWGN channel, ad gets sufficiently large.
parameters [20], [21]. The pdf for the zero-mean generalized 1) Example of Four-Level Quantizer, 4 PAM, and Two-State
Gaussian distribution with standard deviationand shape AWGN Channel with Uninformed TransmitteHere, we con-
parameter is sider the source-channel coder illustrated in Fig. 5 and a two-
vn(v, o) N state AWGN as in Fig. 1. Suppose the channel can be in one
Jx(@) = {W} exp(=[n(v, o)|z]]") 1) of only two different states. In each statgwith p, denoting
the probability of occurrence of the stat§, the channel is
12 AWGN with a different noise variance?, with the states
n=n(v, o) = 0,_1{“3/’/)} being labeled “good” and “bad.” Suppose that the re_ceiver
r(1/v) knows the actual channel state, whereas the transmitter has
with knowledge of only long-term channel statistics, i.e., the state
oo probabilities. Suppose we want to transmit an i.i.d. (scalar)
Iz) = / t*let dt. (2) sourceX with pdf f(x) quantized to four levels through this
0 channel using a 4-PAM modulation constellation, assuming an
To ease computational complexity, it is also possible tmptimal one-to-one mapping between the encoder-partitioning
model AC subbands as i.i.d. Laplacian sources=£ 1), {v;}?_, and the constellation pointém;}3_,, as shown in
whereas the DC subband is modeled as Gaussian i.i.d. solfige 5. The joint encoder/modulator operation is, therefore,
(v = 2) [21]. A popular approach to multiresolution repto partition the sourcer into intervals {v;}?_, and map
resentation of subband image data is based on bit planesch~; to the corresponding constellation point;. Since
i.e., for a binary representation of subband coefficients, theth the channel and the source are memoryless, we use
most significant bit can be thought of as the base layan optimal hard-decision demodulator that declares, based on
information, whereas the next bits are the refining informationptimized demodulator thresholds; }, which m,; was trans-
This approach in the context of JSCC was considered in [22jjtted. In general, the receiver thresholds have to be chosen
where this representation was successfully used to unequdlifferently for different channel states since they depend on
protect the source information. The allocation of channel codéw distribution of the received signal and, hence, on the

where
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channel noise power. (At low CNR, for instance, even distané., where; is a value of] for which the expression in square
points start to contribute significantly to the distribution obrackets is minimized.

the received signal amplitude. On the other hand, for high pecopinG:

CNR, only nearest neighbors have to be taken into account.) 3

Finally, the decoder performs a one-to-one mapping between Z Probs(j|i)/ xf(z)dx

the m;'s and the source reconstruction codeworgsl et us, =0 Vi

for now, assume that both codebooks have the same number of €073

reconstruction pointg;. We will address the multiresolution ZPFOQ(W) f(x)dx

scenario shortly. Given this framework, the question is how to i=0 v

design the end-to-end system in order to minimize the overall i-€. ¢s; = £{X] received pointig}  s=0,1. (8)
distortion (due to source quantizatiand channel noise) fora  Note that (7) does not give the explicit boundaries for
fixed average transmission energy (per channel symbol). Tiegjions~,’s. The explicit form can be derived by setting the

system parameters include the following: partial derivatives off with respect to boundary points to zero.
1) the source encoder partitios= {v;}; However, this is only a necessary condition for the minimum,
2) the channel modulation constellatiort = {m, }; whereas the sufficient condition is not always satisfied. Unfor-

3) the receiver decision threshol@s = {¢; ;} s=0,1; tunately, a closed-form solution to this problem is not tractable

4) the source decoder codeboaks s = 0, 1 containing SO that numerical methods have to be used. It is insightful to
the reconstruction codewordg; ;}. note that the “price” for assigning to ~; is a weighted sum

Our goal is to minimize the expected distortion betwee_?nf distor.tioin and energy associated with this decision,'wh.ich

source sampleX and its replicaX (we denote expectationiS @ variation of the entropy-constrained vector quantization

1) (ECVQ) [24] problem, where the equivalent “entropy” term in
L 3 ECVQ is replaced by an “energy” term. The decoding rule (8)
min DX, N =" p, / is a variation of the weighted centroid condition in the channel-
T, 75, Cs = = optimized Lloyd—Max quantizet.lt is possible to formulate

3 the optimal encoding (values @f;) and decodingd;) rules
\2 s given the cost function in (6), but it appears that an analytical
(=) Z (z = ¢,) Prol(jli)d ®) solution is not feasible because of nonlinear relations (through
the Q-function) between transitional probabilities Pighi)
in the optimal receiver and channel coder parameters. On the
other hand, if a suboptimal receiver (for example, a maximum
Prob,(j]¢) = Q[(ts,j — mi)/os] — Q[(ts, j+1 — M)/ 0] likelihood receiver) is used, then the performance of the
where Q(z) = erfc(a:/\/i)/2 (4) system degrades dramatically because constellation points are
not equiprobablé. Instead, in the following, we propose an
iterative algorithm (which is similar to Lloyd’s algorithm) to
E,, = Z m? F(2) da. (5) solve the problems of the type in (6).
- , For our simple example, there are only two different states,
To solve the constrained problem of (3) and (5), we irgach represented by an equivalent AWGN channel. Clearly, the

troduce the Lagrange multipliex [23] and solve the uncon- P€st one can do is to design tvaifferent optimal decoders
strained problem of the form for each channel state jointly with single encoder (since

the transmitter cannot access the CSI). The receiver should

J=0
where the transitional probabilities of decoding; given that
€ ~; in the channel state are in the form

subject to the fixed energy constraint

M,H,lirsl,cs M, T, T, C)) = then use the perfect CSI to switch between these two optimal
. 5 decoders. Such a design, while manageable for a two-state
erm%lc [E{D(Y, )} + AEG] () AWGN channel model, is clearly impractical when the number

where parametern > 0 is chosen to satisfy the energyof states gets large (as needed to approximate the desired chan-
constraint (5) and can be interpreted as a coefficient tH¥l arbitrary closely) since this would require a separate design
trades off energy for distortion in the optimization proces&r each channel state and would increase the complexity. An
If a solution for the unconstrained problem (6) exists, it igbvious way of alleviating this problem is to allow only a few
also a solution to the constrained optimization problem in (8jfferent codebooks and devise an optimal decoding strategy
and (5) (see [23] for details in the context of Compressiorfpr deciding the codebook that should be used in each channel
Given the expression for the cost function (6), the followingtate. However, instead of designing several full resolution

encoding and decoding rules can be derived (details are giv&lebooks (i.e., having maximum number of reconstruction
in the Appendix) levels), we propose to design a hierarchy of multiresolution
ENCODING: codebooks and allow the receiver to choose among them

' using the instantaneous CSI. The motivation for this comes

Assignz to «y; such that =
30ur approach to obtain the necessary conditions for source coder optimal-
ity is similar to previous results in [8] and [9].

1 3
o 2 i _ )2
arg mlln [)‘(ml) + Z Ds Z Prob, (JN)(x CS’]) ] ) 4The probability of symbols typically decreases as its magnitude increases
5=0 Jj=0 because of typical source pdf shapes and the energy constraint.



KOZINTSEV AND RAMCHANDRAN: ROBUST IMAGE TRANSMISSION OVER TIME-VARYING CHANNELS 1017

AWGN performance for Gaussian source
35 T T T T T

30

25

Ny
(=}

SSNR, dB
o

10

0 5 10 15 20 25 30
CNR, dB

Fig. 6. Comparison of the OPTA and actual performance for 4-, 8-, 16-, and 32-PAM systems jointly optimized for an AWGN channel and a Gaussian
source. Note that at lower CNR’s, there is not much gain in increasing the number of levels in the coder. Another observation is that there is relatively
small loss in performance of PAM systems compared with the OPTA bound in a wide range of CNR’s (e.g., to 15 dB in CNR). At high CNR’s, the
loss is dominated by the quantization noise rather than the channel noise.

from an attempt to match the source and channel coder irpbabilities and in [14] for the AWGN channel in a single-
natural and efficient way by preserving the intuitive structunesolution system, where it was shown that the optimal encoder
of “clouds” and “satellites” in both domains. A justificationmay reduce the alphabet size to increase the error resilience
of our proposed framework is that we lose little performandé the channel is very noisy. In our framework, the tradeoff
by reducing the number of reconstruction levels in the “lowetween “good” and “bad” channel state performance is done
resolution” codebooks because the “full resolution” desigmsing a multiresolution framework through embedding in the
typically degenerates to a “low resolution” solution as thmodulation space.
channel degrades sufficiently. The degradation in performancéfo further validate our approach, we compare the optimal
is not significant, even compared with the optimized informeakrformance theoretically attainable (OPTA) and the perfor-
transmitter case (which obviously upper bounds the perfanance of the optimal JSCC PAM systems considered in this
mance of any design for the uninformed transmitter case), werk (which we describe later) for the special case of a
shown in our simulations in Section V. Further, the proposdgaussian source and a Gaussian channel (see Fig. 6). Observe
multiresolution framework is highly desirable for wirelesshat we do not lose too much by using coarser resolution coders
multicast and broadcast applications, although this paper dealthe lower CNR regime, where the performance is dominated
with the point-to-point wireless channel. by the channel noise. Note further that the overall inefficiency
The intuitive explanation for using a multiresolution strucelue to quantization and use of a finite constellation is not
ture may be stated as follows. Suppose the channel is vergnificant for a wide range of CNR’s of interest (e.g., for
noisy. If we decrease the number of possible decisions at tNe= 32, it is less than 1.6 dB for CNR’s up to 15 dB).
receiver, two things happen: The fidelity of the source repre-To summarize, in our example, a two-resolution choice
sentation is decreased, which results in increased distortioffers a tradeoff between source coder fidelity and channel
but at the same time, the signal immunity to the channel noigeise immunity. The choice of the full-resolution (four-level)
is increased because of increased distance between pointsoidebookCy and its associated full four-point constellation is
the signal constellation. Thus, there could be situations whériased toward increased source (and decreased channel) reso-
the fidelity of the source representation during the “goodution, whereas the opposite is true for the coarse-resolution
channel state is sacrificed to improve the performance in tftevo-level) codebook choicg€; and its associated two-“cloud”
“bad” state by a somewhat larger amount of the cost-functi@monstellation representation. An attractive solution is to have
J. In those cases, it pays to have an embedded multiresolutibe receiver devise pfedesigneprule that assigns the optimal
design. We would like to point out that similar observationsodebook choice to each of the two channel states 0, 1
have been made in [9] and [11] for BSC with fixed transitiondbnd, in general, for each @¥ statess =0, --- N — 1) from
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Fig. 7. (a) Strategy diagram for the illustrative example of two-resolution case and two-state channel. (b) Possible stratdgsatéochannel and
two-resolution case. Note the special structure of the possible strategies pattern that allows simplification of the search for the optimal strategy

amongC, and(; (and, in generalCy, Cq, ---, Cr—1, Where resolutions solution to be a subset of the higher resolution
L is the number of resolutions). It is possible to think of thene, we can obtain an “embedded” design having a successive
polarity of the source symbolH{—) as being the “coarse” refinement property, i.e., when it is enough to specify a single
source information and the quantized magnitude as the refikedebook.

ment information, i.e., this is the case when a multiresolution

representation is similar to successive approximation. GivN U NINFORMED TRANSMITTER CASE FOR A SINGLE SOURCE
that the coarse information is received correctly, we can refine

it further if the channel is reliable enough. A. Problem Statement for Multistate AWGN Channel
Before proceeding to the more general case of/¥hetate

AWGN channel, we introduce the notion efrategy which

is basically a rule that assigns a particular source/chan .
y ¢ P %\f parameters{;:;} (see Figs. 3 and 4). Lel' = {v;}

coder resolution to a given channel state. The number o to th d i h ) diob
different allowed strategies explores the tradeoffs betweEn o' ‘0 he encoder partitions, whexg 1S assumed 1o be
apped one-to-one to constellation potnt. Since perfect

the complexity of the system and the distortion between t ) . . o .
plexity y | is available at the receiver, we can optimize the choice

original and quOded data. Suppose, for instance, that N &' demodulator thresholds; as well as the (predesigned)
example of Fig. 5, we allow only two different reconstruction_ . B .
multistate “resolution” strategys.

codebpoks of four and two levels, respecti\{ely, with COITe” As a straightforward extension of the two-resolution, two-
sponding channel decoders. Then, the possible strategies L&, ANGN example, the stratedy for an L-resolution,

Let, as before M = {m;} refer to the multiresolution
Gopstellation set with constellation points:; } characterized

the following. N-state AWGN case can be written as ahvector whose
1) So = (Co, Co), i-e., a full-resolution codebook is usedentries are selected from amofdg, Ci, ---, Cr_1 (we omit
in “good” and “bad” states (i.e., “bad” state is still notthe explicit optimization of demodulator thresholds hereafter
“bad enough”). assuming that eacli; corresponds td7;), where each entry

2) 81 = (Co, Cv), i.e., a full-resolution codebook is usedcorresponds to the particular resolution picked for the par-
in “good” state and coarse resolution in “bad” state. tjcular channel state. The problem is to find, for a target
3) 82 = (C1, (1), i.e., coarse resolution codebook is usegverage transmission energy,,, the optimal choices fot,
in “good” and “bad” states (which is a subcase %, T, andS such that the average end-to-end expected distortion
but we keep it for generality). D(X, X), which is a weighted average of the conditional
These possibilities are illustrated in Fig. 7(a). The extewlistortions given the channel states, between the input
sions to multistate case Fig. 7(b) and more than two resolutidiwghich is assumed to be a scalar random variable having a
(not shown) are straightforward. pdf f(x)) and its estimated approximatioX, is minimized
We need to try all possible strategies and pick the best one.
For a particular chanqel and source model, the calculations ,;,;;, [S{D(X, HY = Z ps E{D(X, X|s, S)}] 9)
can be performedff line and then stored so that only a I8 5
lookup table is needed in real-time operation. The previous, . _ .
case is easily extended to théchannel case, where imposing'SUbJeCt to the fixed energy constraint
the “monotonicity” requirement that the optimal strategy at a
better (i.e., less noisy) channel state would necessarily use Eav = Z m; _ f(x)dx (10)
the same or better resolution codebook choice, can result in ! v
dramatically reduced search complexity for the optirBal where, againp, is the probability of the channel being in the
Note that by applying additional constraints for the lowesth state.
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B. Problem Solution

We convert the constrained problem of (9) into an uncon-
strained one using the Lagrange multiplier method using the
intermediate variablé. > 0 [23], which trades off distortion
for energy. That is, the equivalent unconstrained problem is
to minimize J = D + AE. The solution for a fixed value
of the Lagrange multipliea and fixed values of constellation
parameterg:; } can be found by an iterative design procedure
similar to the Generalized Lloyd algorithm (GLA) [7] and is
described in the algorithm below. For each value)ofwe
perform a gradient-based search fm} until we converge
to the locally optimal design for some target signal energy
Egna1- If Egua is not the desired energy,.,, than our guess
of parameten is not matched t&,,, so that we need to change
A appropriately (and perform iterations again) to meet the
desired energy,,, constraint. Often, we will want to obtain
the complete “energy-distortion” (E-D) curve for a particular
system in which case we just sweapover a finite grid of
values in the range of interest. This is the direct dual of rate-
distortion curves used for source coding [23], [25]. The above
optimization procedure is repeated for different strate@es
to find the best strategy. All calculations are perfornodt
line with results (optimized design “codebooks” and receiver
thresholds) being stored in the form of lookup tables. In a
real-time operation, only table lookup operations and trivial
operations like scaling are needed.

We would like to comment on the relationship of our
proposed algorithm to other quantizer design algorithms for
discrete alphabet time-varying channels proposed in the liter-
ature [10], [11]. Our philosophy is similar to those in [10] and
[11] for any fixed choice of the modem parameters. However,
we additionally explore the space of all admissible choices for
the modem parameters within the constraints of our imposed
regular structure and the given transmission power budget and
find the best solution. Furthermore, this is done not separately
but jointly with the source codebook design.

C. JSCC Algorithm

Step 0) Initialize strategp defining which of thel, mul-
tiresolution codebooks (from amonfg”;}~ ;) is
assigned to each of th&¥ channel state$s;}.> ;.

Step 1) Initialize the value of the Lagrange multiplier

Step 2) Initialize the constellation parametéys }.

Step 3) Initialize the encoder partitions, decoder re-
construction codebooks,. for each resolution-,
receiver threshold$, for each channel state and
modulation constellation\1.

Step 4) For afixedut, apply a MR-JSCC-modified version
of the Lloyd—Max algorithm to iteratively optimize
the encoder partitions; and the decoder recon-
struction levelsC,. together with optimization of
demodulator thresholdd, for each channel state

r

S,

P (417)

a)

b)
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where
resolution index;

subset of states for which the codebabkwith
codewordse, ; is used (this is determined by
the strategyS);
a priori probability of receivingm; given that
m,; IS sent.
The expression in brackets is the distortion in
a particular states, and we average it over all
possible resolutions: and channel states &
S, mapping to these resolutions. Note that the
transitional probabilitiesP,(j|i) depend on the
average channel CNR in states (this is a function
of the assumed multistate channel model) as well
as on the receiver decision thresholfis
We use the following two-step iterative proce-
dure for the source coder optimization (derivations
are similar to the ones in the Appendix):
Optimize the reconstruction codebodkdor a fixed
encoder partitioningl’ using a weighted centroid
condition (WCC). Then, for each codeword at reso-
lution », we can write

=D Pa [Z a(z‘b‘)ﬁi] (11)
s€Sr @

where 3; are the (noiseless channel) centroids, and

a(t]j) are thea posteriori probabilities ofz € ~;

given thatc, ; has been received irth state.

Assign source input to the nearest encoder parti-
tion ~; in the Lagrangian sense

. N . 2
¢ = arg min Almy)* + Z Z Ds Z
T sSES, J

- [Prohy (j[1) (= - cr,j>21}. (12)

A separate optimization df; is performed implicitly

in the calculation of the transitional probabilities

Proh,(j]¢). At this step, the value of each decision

threshold is found that minimizes the value of the

cost functionJ, given that all other parameters are
fixed.

Step 5) Do the iterations of Step 4 until local convergence.
Step 6) In Steps 3-5, perform a gradient search over the

constellation parameters§y;}, and pick values
{p} for which the cost function is minimum.

Step 7) Do a convex search ovee> 0 (Steps 2—7) to find

the optimal \* that satisfiest,,,.

Step 8) Search all candidate strategies, and pick the best

(repeat Steps 1-7).

s so that the cost function is minimized. The Note that the search for the best strategy (Step 8) does not

distortion can be written as

EDY=3_>p | | J@D (w=cr)’

T SES, 2

. Probs(j|z')da:]

have to be exhaustive but is instead a fast convex search due
to the monotonic relationship between states and resolutions
(see Fig. 7). Specifically, this means that a state with higher
CNR cannot be assigned coarser resolution than a state with
lower CNR, and hence, finding the best strategy is equivalent
to finding the breakpoints for the intervals corresponding
to different resolutions (which appear in descending order,
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starting from the best channel state). For example, for theFig. 9 shows the relative frequency of usage of the full
two-resolution case such as 4/2 PAM in Section II-D1, onlgnd coarse codebooks in the optimal design. As expected,
one such break point has to be found, for which a fast lirtke coarse codebook is used more frequently for Rayleigh
searching technique can be used. channels having lower CNR values. As the channel con-
dition improves, the ... codebook is used more sparingly.
Note that for every particular multistate channel characterized
D. Simulation Results for Uninformed Transmitter Case by average CNR,, there is an optimal strategy that mini-

We present simulation results for a multistate AWGN charftizes the expected distortion. For example, if the Rayleigh
nel that approximates a flat fading Rayleigh channel modétannel has CNR = 10 dB, the optimal strategy (as
with average CNR denoted by CNR We assume a unit shown in Fig. 9) is to use the coarse resolution codebook
variance Laplacian source quantized to two resolutions usifigarse 10% of time (i.e., during the worst two states in the
8/4-level reconstruction codebookg.y/ Ceoarse and an 8- 20-state model). Fig. 10 shows the regions of optimal strate-
PAM constellation. We approximate the Rayleigh channel tgjes corresponding to different usages of coarse/full resolution
a 20-state AWGN model, which we found experimentally t60debooks, highlighting the locations of critical points where
be a sufficiently good approximation. Specifically, to validatgesolution transitions occur.
our approximation, we simulated PAM transmission using our
multistate AWGN approximation and compared it with the IV. UNINFORMED TRANSMITTER
theoretical BER for the Rayleigh channel. We found that the CASE FOR A COMPOSITE SOURCE

approximation error in BER is at most 10% in the typically Consider the following modification of the uninformed

interesting CNR range of 3-15 dB. it bl ; th . . S that
Fig. 8 shows the results of applying the MR-JSCC aIg(SE"’ernI er problem from he previous section. Suppose tha
stead of a single scalar sourcé, we wish to transmit a

rithm described in Section III-C. Two reference systems ald . . .
(%nposne source consisting of several i.i.d. soutEgsrom

presented for comparison. The separately optimized refere df but havina diff : ¢ A situation lik
system in Fig. 8(a) and (b) has uniform PAM constellatio € same pd? but having diferent parameters. A siiuation ke
this is realistic for image transmission when, for example, a

and source optimal quantizer. The single resolution referen band d ition d and th fficients of |
system in Fig. 8(a) and (b) was designed using the Jscgopana decomposition IS used and the coetlicients of severa

algorithm 111-C with a single reconstruction codebook (higf"?Ubbands to be sent can be modeled with the same family

resolution) and a uniform PAM constellation (but with op-Of pdfs, e.g., generalized Gaussian (GG) [see (1)] but having

timized receiver decision regions selected using CSI). Tﬁléfferent parameters. Since the source information is available

MR-JSCC scheme is based on the best strategy for eq%ﬁhe transmitter, for an optimal design, it should be use_d in
CNR,,.. Note how significant gains can be obtained for a wi e power control algorithm. We can formulate the following
range of CNR,’s. The gains of the designed system are ﬂ%roblem
result of using multiresolution codebooks and optimization .
of the signal gconstellation. The optimal MR—JS£C system Mk,rgufgs,ck,s 7= zk: EDi} +A zk: HEjl (19)
does not have uniform modulation points, especially at low
CNR,,’s. Comparing the two reference systems, notice howhere£{FE}} is the expected energy spent on transmission of
important the channel optimized design of the source codée coding unit of sourceX;.
is, especially in the low CNR region, where the separately Since the cost function is additive, we can easily extend
designed system breaks down. It is interesting to note that the results obtained for the single source optimization case of
performance of the separately designed reference systenfection Ill. The JSCC algorithm, which has been described in
low CNR,, regions degrades if the number of quantizatioBection 1lI-C, is used to obtain the E-D curve for a single
levels/modulation points is increased. This happens becaugd. source. A typical plot is presented in Fig. 11, where
the channel noise contribution to the overall distortion in lowach point corresponds to a particular (optimized) value of
CNR,. regions is much bigger than the quantization nois@. (and resultingM, I', S, C,. and 7,.). If only the variance
JSCC systems do not expose this “artifact” thanks to the joiot the source pdf is changed, paramet#sS, andZ,. remain
source/channel coder design. the same, whereas the source coder paramétensdC,. are

We would like to note that for the special case of acaled by the square root of the source variance relative to
Gaussian memoryless source and an AWGN channel, these corresponding to the unit variance case. The E-D curve
mapping from the source domain to the signal constellatiégscaled in the direction of the distortion axis. This observation
will tend to be linear as the number of levels in source/chanralows us to use a single precomputed E-D curve to generate
coder increases. Actually, linear one-to-one mapping (wh&aD curves for all componentX;,.
the channel signal amplitude is determined by scaling theThe problem can now be formulated as finding the points on
source sample amplitude) will achieve the optimal perfoE-D curves for each sourcg; such that the total energy spent
mance theoretically attainable for this source and AWGNH less then or equal to the energy budget, and the expected
channel with energy constraint [12]. Unfortunately, for othatistortion £{D} is minimized. The optimal allocation is the
source distributions, linear mappings are no longer optimalell-known “constant slope” solution [23], [25], where the
and optimal mappings are not known in most cases but canibdividual operating points “live” at constant slope on the
determined numerically using Algorithm III-C. individual E-D curves. This approach has been successfully
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Fig. 8. Performances of designed and reference systems for the case of a Rayleigh channel with average CNR given ,bynENRriance Laplacian

source: (a) PAM-8 and 8/4-lev€ly); /Ceoarse and (b) PAM-32 and 32/16/8/4/2-level codeboaks ,. The separately optimized reference system consists

of a single resolution, source optimized quantizer, and a uniform PAM constellation with optimized receiver thresholds. The single resalatioa refe
system consists of a channel optimized quantizer and a uniform PAM constellation with optimized receiver thresholds. The MR-JSCC scheme is based
on the best strategy for each CNR Note that at low CNR,, the separately optimized reference system with fewer levels performs better than the
reference system with more levels because it “absorbs” less channel noise.

used in solving problems of optimal resource allocation witAC subbands of the wavelet transform of the “Lena” image.
additive cost function, for example, in rate allocation for thg&/e model subbands as i.i.d. Laplacian sources and perform op-
minimum distortion [23], [25]. The process is illustrated inimal energy allocation among composite source components
Fig. 12. using the previously described Lagrangian techniques for E-D
To illustrate the difference in performance for a composiwurves. The Laplacian model is often used for modeling the AC
memoryless source, we have simulated the transmission of subband coefficients for quantization and entropy coding [21].
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Fig. 9. Frequency of usage of coarse reconstruction codeBeok Ccoarse in the optimal strategy for unit variance Laplacian source and 8-PAM for

Rayleigh channelCo = {c;}/_,, C1 = {ei},.

SSNR dB
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Fig. 10. Regions of optimal strategies bounded by critical GNRaluesSy, S1, S, use full resolution codebook; = {Cz'}zzo for 100, 90, and 80%
of time, respectively. Note the positions of “critical” CNR points where resolution transitions occur.

Distortion

y

Energy

lD

m

D=D,+D+..+D,

E total = Eb+ E1+ .t EK

Fig. 12. Optimal energy allocation for multiple sources. At optimality,
operating points “live” at a constant slope on their respective E-D curves.
Total energyE; .1 IS adjusted by choosing the appropriate paramater

Fig. 11. Typical energy/distortion curve. Each point corresponds to a partic-

ular value ofA in the cost function.

transmission of a wavelet image decomposition in a multistate
AWGN approximation of the Rayleigh channel. The MR-

The computer-simulated results of the joint source-chanrE3CC optimized system [Fig. 13(b)] uses several decoding
coded optimization are illustrated in Fig. 13(a) and (b) for theesolutions, depending on the channel condition, and thus, it
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Fig. 14. lllustration for the problem with single source and informed trans-
mitter. The system (a) is equivalent to the system (b). The i.i.d. sauixsent
through N separate channels with known noise variangeand probability

of occurrencep;. The optimization task is to distribute the total enefgyer
coded unit so that the expected distortibhis minimized.

V. INFORMED TRANSMITTER CASE

Suppose that a feedback channel is available, and the
transmitter is aware of the instantaneous channel state (we
address slow-fading channels in this model) and that the
problem is again to minimize the end-to-end distortion while
satisfying the average energy per coding unit constraint in
(9) and (10). Let us discuss the single i.i.d. source case first.
The original problem shown in Fig. 14(a) can be formulated

(b) equivalently in the following way: GivetN AWGN channels
Fig. 13. Transmission through Rayleigh channel: (a) Single resolution sy¥ith noise variances;, which are used to transmit an identical
tem, 28.3 dB PSNR. (b) Multiresolution jointly optimized system, 30.5 d&ource during the fractions of time determined by the proba-

PSNR. SR system uses 5-bit quantizer with 32-PAM. multiresolution systqfflities of a particular state; (which is obtained from the
uses five resolutions of reconstruction levels in the quantizer with 5-bit beirrﬁ% . ¢
the highest resolution with 32-MRPAM. Both systems operate with the sarfultistate. AWGN model), allocate the total energy such

average power. that the total distortionD is minimized. We illustrate this
equivalent scheme in Fig. 14(b). By applying the algorithm
in Section IlI-C for an AWGN channel, we obtain the E-D
avoids catastrophically large errors during deep fades. Toerve of a single i.i.d. source being transmitted over the single
single-resolution system [Fig. 13(a)] tries to use the highestate AWGN channel. To obtain the E-D curves for other
resolution even in really bad channel conditions (“dots” ochannels, we simply scale the energy axis (for same family
the plot). In the simulations, we have assumed that the I pdf's) by the appropriate factor as described in Section
subband is sent “losslessly” and that perfect channel st#ite Then, it is possible to perform an optimal unequal energy
information is available. This result clearly shows tetative allocation between different channels in Fig. 14(b) similar to
gain of the multiresolution system over the single resolutiahat illustrated in Fig. 12. As before, at optimality, in all
for the time-varying channels. channel states, the slope of the E-D curves should be the same.
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Fig. 15. Performance of 32-PAM system for Laplacian source. The power loss due to Rayleigh fading is about 2 dB for informed transmitter case
and 2.5 dB for uninformed transmitter relative to an AWGN channel performance. The CSI availability does not significantly increase the performance
of the jointly designed system.

The results of simulated performance for the single i.i.dranularity of channel rates, and other constraints. The
Laplacian source and informed transmitter are presentedcommon approach to loading is the application of iterative
Fig. 15. We have used 32 levels in quantizers and 32-PAMnergy/rate allocation based on marginal return techniques.
Energy was optimally allocated between different channAlternatively, the energy allocation problem can be solved
states. We include the performance of the similar systemsing the Lagrange multiplier technique as explained above
for the AWGN channel with the same average CNR ardnd illustrated in Fig. 14(b)]. Details may be found in [27].
the performance of the system with no CSI available at thelt is also possible to easily extend this to the case of
transmitter for comparison. The following observations can lze composite source consisting &f i.i.d. sources{Xi}iL:_Ol
made based on the results in Fig. 15. The Rayleigh fadisgnilar to the treatment of Section IV. We assume that the
channel leads to the need to increase the transmitted powetraysmission time is much longer than the durations of fades.
2 dB for the informed transmitter case and by about 2.5 dBhen, data from each source componé&ptwill be transmit-
for the uninformed transmitter case. Channel state informatited in all possible channel statésj}f;gl, and all possible
availability does not significantly improve the performance cfource/channel combinationsX;, s;) will be encountered
the jointly designed system. The results in Fig. 15 validateith some known probabilitiep; ; (p; ; is the probability
our choice for using a limited number of multiresolutiorof a particular statgj — p; times the probability of theth
codebooks instead of designing a separate codebook for eagtirce component). The optimal power allocation is performed
particular channel state. among L x N such combinations using the constant slope

It is interesting to recognize that the problem we hawveolicy for E-D curves, which is similar to the single source
just formulated is essentially the same as the probletase in Fig. 14(b).
of optimal “loading” for the multicarrier systems [26].

Multicarrier communication systems explore frequency

division multiplexing to create a large number of orthogonal We have introduced a natural and efficient multiresolution-
channels. In many cases, each channel can be characterimsed framework to do joint source-channel coding and for-
as an AWGN channel with known (but different) noisemulated an efficient Lagrangian-based optimization algorithm
variance. The total transmission energy has to be optimatty accomplish this. Our basic idea is derived from the simple
distributed between the carriers to maximize the throughpetncept of optimally matching the source resolution to the
of the system. The theoretical solution to this problem (thehannel “resolution.” That is, having a multiresolution de-
so-called “inverse water pouring” algorithm is derived foscription of both source codes (source “quality” levedsid

a specific case of Gaussian source pdf) can be found in [18hannel codes (degrees of channel noise immunity provided)
Unfortunately, direct application of this result to practica¢nables the efficient matching of these resolution “trees” to
systems is not possible due to different source statistiefich other and to the instantaneous state of the channel. By

VI. DISCUSSION
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having an multiresolution “menu” of resolutions, both encod@oded scheme leads to significant gains in quality for the trans-
and decoder have the flexibility of “picking off” the levels thamission of still images over time-varying channels. Further
are optimal for a given channel condition. If both transmitténvestigations of this framework are currently under way.
and receiver are informed of the CSlI, they can both adapt to
it. If the channel gets “bad,” the source resolution is lowered
because operating at full resolution does more harm than goodtere, we derive encoding/decoding rules for the source
As the channel gets “good,” the resolution can be increasedctfder in our example in Section II-D-1 with the number
the transmitter is uninformed of the CSI, the multiresolutionf levels N = 4 and number of different reconstruction
framework is still attractive as the transmitter “broadcastgodebooksM = 2. The derivations for the general case of
a multiresolution description, with the receiver picking th&ection Ill may be performed similarly.
resolution that is most appropriate for the given channel state Given the cost function

In this work, we have quantified how these different res- M-1  N-1 N-1
olution “codebooks” for both source (using a subband de- J= > ps > [ fl@) > (z—cs;)’

=0 3=0

APPENDIX

composition) and channel (accomplished through the novel i=0 Y7

idea of embedded constellations) should be designed for N-1

slow time-varying channels and, further, how the optimal -Prob (jli)dz + A > mf/ f(z)dz. (14)
resolution-changing strategies should be incorporated. The i=0 v

proposed adaptive multiresolution paradigm transcends theBy setting the partial derivative of with respect toc, ;
details of algorithmic, architectural, and implementational at zero, we obtain

pects of particular communications systems. In our particular a7 N-1

system, we show that 2-3 dB of gain in SNR are typically =0=—p, Z / f(@)2¢,, (x —cs,5)
realizable by invoking a multiresolution-based JSCC approach Cs.j i=0 77

over source-channel optimized single-resolution designs based - Proly(j|¢) dx.

on standard modulation constellations (i.e., that exclude theTherefore the necessary condition (which is known as a

modem explicitly from the optimization loop). : X o o .
An interesting direction, which we plan to explore in thé/velghted centroid condition [7]) for the minimum is

future, is to consider additional constraints on the maxi-

N-1

mum allowed total number of the reconstruction levels (this Z Proh(jle) | flw)wde
addresses the storage requirements) in the receiver and to Csj = Z;El R

investigate the optimal design in this case to explore tradeoffs
of performance versus storage complexity. Other extensions
include the integration of the error control coding in our o . o
multiresolution framework. As mentioned in Section II, the 't can be shown that a sufficient condition for the minimum
embedding in this work is solely achieved through the uncodiyalways satisfied for the cost-function above.
modulation constellations. We expect a more efficient design if 10 0Ptain the encoding rule, we have to find the source
channel coding is combined with our proposed multiresolutid?rtitioning that minimizes the expected value of a cost
modulation in a jointly optimized scheme. function (14) for each value ok’ = z, i.e.,

It is insightful to note, in the context of image transmission i = arg min[E{J|z € v }].
applications, that one aspect of our framework applied to the t
PAM case requires the transmission of as many coefficientsTaking the expectation of the cost function (14) conditioned
as in the original image, i.e., a¥ x N image will require On z € 7, we obtain
the transmission aV2 wavelet coefficients. This is potentially M—-1 N-1
wasteful but unavoidable due to the i.i.d. source assumption E{J|lz ey} = / )\(ml)Q + Z Ds Z
invoked. Recent advances in wavelet-based image coding ot =0 =0
reveal that this assumption is far from accurate, as evinced by
the success of coders based on data structures that exploit the - Prob(j|l) (z = cs, ;)*| f(z) da.
dependencies among the wavelet coefficients (e.g., based on

zero trees, morphology, classification-based approaches, etCype expected value of the cost function achieves the mini-

[28]-[30]). It can be noted that the methodology advocatq,m when the expression in the square brackets is minimized.
in this work can be appropriately modified to include suchyan the mapping rule

dependencies, at least partially. For example, using a zero-tree )
data structure [28], [31], it is possible to reduce the number ASSignaz to v; if:
of coefficients needing to be transmitted by grouping sets of -4 = arg min
insignificant coefficients together as special zero-tree symbols !
(which, however, need to be transmitted “losslessly” using .
conventional digital transmission techniques.) In [32], we - | Am)? + Z Ds Z Prob (j|l) (= = ¢, ;)
show how the PAM transmission scheme proposed here com- =0 =0

bined optimally with a conventional unequal error-protecteid optimal.

Z Prok, (j4) | f(x) dz

M—-1 N—-1
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