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Abstract

We present a statistical optimization framework for sajvihe end-to-end problem of multiple
antenna transmission of progressive images over noisynefenSuch channels exhibit temporally cor-
related loss characterisitics and are associated withlessecommunication links. In our study, we
protect the progressive bitstream associated with an ireagece utilizing a family of rate compatible
punctured RS codes along with receiver feedback. We conlidempacts of transmission bit errors
as well as packet erasures. To cope with the impact of randtoenrbrs, we formulate an optimization
problem aimed at minimizing the end-to-end expected distoof a reconstructed image subject to rate
and efficiency constraints. In order to eliminate the impdqiacket erasures, we propose utilizing an
algorithm that is capable of statistically guaranteeirggdblivery of a number of packet sets associated

with a progressive bitstream.
Index Terms

Progressive Transmission of Images, Multiple Antennasid@en Bit Error, Packet Erasure,

Temporally Correlated Loss.

. INTRODUCTION

Progressive image transmission relies on the ability ofuacgocoder to allow a decoder to progres-
sively reconstruct its data at different bit rates from thefiges of a single bitstream. Such ability is also
known as successive refinablility, embeddedness, or sliglab bit rate. Progressiveness introduces
high sensitivity to transmission noise, i.e., the occureeaf the first error in a set of bits can lead to the
loss of progressive property and synchronization as thdtresmisinterpretation of the remaining bits.
Therefore when transmitted over noisy channels, progregsiages have to be protected utilizing appro-
priate channel coding or joint source-channel coding s&sermhis paper focuses on the identification of
optimal patterns of progressive image transmission ovisyrahannels.

In what follows, we review some of the literature articlestle context of progressive source cod-

ing and transmission of images. In the area of source cotliregworks of [31] introducing embedded



zerotrees of wavelets, [29] proposing set partitioningi@ndrchical trees (SPIHT), [41] suggesting a pro-
gressive wavelet-based subband image coding algoritt8h¢cfering embedded coding of the bitplanes
of a wavelet-transformed image, and [18] suggesting yethengrogressive wavelet coding technique
are perhaps most closely related to our work.

In the area of channel coding and joint source-channel godasearchers have looked at two closely
related but not exactly identical family of problems. Thasenamely minimizing distortion or distortion-
optimal problems and maximizing useful source coding ce-mgitimal problems. Rate-optimal prob-
lems were first proposed in [32] and later used by other rekees as lower complexity alternatives to
distortion-optimal problems. Nonetheless, many expeantaderesults have shown that the distortion of
rate-optimal solutions is not far from the distortion oftdigion-optimal approaches for a relatively large
class of channel coders.

In [32], the authors proposed concatenating a source cadérelam with an outer cyclic redundancy
check (CRC) coder and an inner rate compatible puncturedotitional (RCPC) coder. Focusing on
the rate-optimal problems and variable-length packets fixed data payloads, the authors of [9] and [8]
proposed the use of dynamic programming and exhaustiverstarmprotecting the source coder bitstream
transmitted over Binary Symmetric Channels (BSC) and chisnmith memory, respectively. The authors
of [4] proposed the use of a brute-force search algorithrolicesa distortion-optimal problem ina BSC to
protect JPEG2000 coded images with an outer CRC coder amshanpunctured turbo coder. They also
solved a sub-optimal problem with dynamic programming. &hbthors of [35] provided an algorithm
that was capable of accelerating the computation of thengpttrategy of [9] for the case of fixed-length
packets. In [3], the exponential rate-distortion modelrofraage coder was used to analytically solve the
distortion-optimal problem for a BSC. In [17], a similar gligion-optimal problem was solved relying
on data fitting techniques for BSC’s. When attempting atypgltheir approach to the case of channels

with memory, their approach resulted in very conservatsterates of channel error probability.



As an alternative to directly applying channel coding teghas in conjunction with the source coding
techniques, the authors of [34] proposed utilizing a maxinaposteriori (MAP) detector to compensate
for the impacts of spatially correlated compressed bast® as well as temporally correlated channel
errors. Their approach called for the utilization of ingening techniques when dealing with temporally
correlated channel errors. Without investigating the rogtity of their approach, the authors of [10]
showed the potential advantage of using a hybrid techniquadding channel coding to wavelet-based
zerotree encoded images and reordering the resulting elelezkrotree bitstream into packets with a
small set of wavelet coefficient trees.

Besides the tandem schemes mentioned above, there arelailge aet of Channel Optimized Vector
Quantization (COVQ) literature articles following the waoof [13]. The work of [24] is among such
schemes showing relative effectiveness of COVQ in termsldfessing performance-complexity tradeoff
in noisy channels with and without memory.

Our review of the literature articles reveals that with tikeeption of a small number of articles cited
below, there has not been a systematic study of the subjeetrialgfor channels with temporally cor-
related random bit errors and packet erasures. Furtheg abthe literature articles cited above have
considered the implications of deploying multiple antenimgprogressive transmission of images despite
the fact that multiple antennas have been adopted in manyvireless standards.

This paper proposes an end-to-end statistical optimizdtemmework for multiple antenna transmis-
sion of progressive images over noisy channels. The framkeeansists of two components applied in
the form of a product channel code the combination of whiatajsable of dealing with temporally cor-
related random bit errors and packet erasures. The randasrdai component materializing by the row
channel code can be applied either as a distortion-optinedligm or as a rate-optimal problem. Further,
it can be applied to both fixed-length and variable-lengttkpaiscenarios. The statistical packet erasure

component materializing by the column channel code caneisan algorithm that can guarantee the de-



livery of a block of packets formed by a number of symbols witiven probability for both memoryless
channels and channels with memory. It is important to enipbam the fact that the framework of this
paper does not represent a case study. While differet coemp®ihave been gathered to form a complete
end-to-end transmission system, the framework can traasiha work with different alternatives of each
component.

Although the framework of this paper may resemble the wof§87d, [28], [37], [12] from the stand-
point of considering transmission over channels with biibiesrand packet erasures, it has to be noted that
neither article considers multiple antenna effects anduieeof feedback. Other related work to image
transmission not quite addressing the problem of this pajprde the works of [25], [21], and [26].

This paper is organized in a top-down fasHigire., the overall functionality in the form of an integrdte
protocol is described first. Once an understanding of theesyfunctionality is developed, the individual
components are described in further details. Thus, theéneutlf the paper follows. In Section Il, we
describe our integrated protocol. In Section Ill, we revid characteristics of our proposed channel
coding technique. We also analyze the channel loss behawibthe effects of utilizing multiple antenna
systems. In Section IV, we discuss the random bit error carapbof our optimization framework. Our
discussion includes a probabilistic formulation of theilmiation problem along with the solution to it.
In Section V, we describe the statistical packet erasurepooent of our framework. In Section VI, we
numerically validate our results. Finally, Section VIl indes a discussion of concluding remarks and

future work.

Il. DESCRIPTION OF THEEND-TO-END PROTOCOL

In this section, we provide a description of our end-to-ertdgrated protocol. We consider the trans-

mission of a bitstream produced by a progressive image sawrder such as SPIHT [29] or JPEG2000

'While the organization of the paper could potentially falla bottom-up fashion instead of a top-down fashion, theasth

believe that utilizing a top-down fashion improves the ustinding of the subject material of this paper.



[40] over a noisy channel. Considering the progressiveraatilthe source coder, a reconstruction of
the transmitted source image can be created from a prefixedbitatream. The quality of the recon-
structed image can be further enhanced by receiving mooeniattion in order. We note that due to the
progressive nature of transmission, the lack of any numbéit® in the final sequence can potentially
render subsequently received bits useless. We assumééhhitstream is packetized into a number of
packets with a fixed or a variable number of source bits pekgiadVe consider errors associated with
both bit errors and packet erasures. The utilization ofretebection and error correction channel codes
can potentially compensate for the error effects at bothritpacket levels. Examples of such codes are
RCPC codes [15]; punctured turbo codes [1] and [20]; or rategatible punctured Reed-Solomon (RS)
codes [42] and [19]. Encoding the information bits of indival packets, we note that each packet will
contain source coding and channel coding or parity bits. cetheulation of parity bits is done based on
minimizing the expected distortion of the reconstructedttdam. While the details of distortion mini-
mization are discussed in Section 1V, we note that the miration can be carried out for both variable
length and fixed-length packets. We consider the case of-ferggth packets in our implementation be-
cause it is more challenging and convincingly more prakfrcan the standpoint of underlying network
protocols such as ATM or even UDP/IP. Further, we proposeusigeof packet level channel coding to
compensate for the packet erasure impacts on the packéiiseam. Such a coding scheme treats the
collection of information and parity bits in each packet asadfor the purpose of packet erasure com-
pensation. However with the exception of an interleavingrapon, there is no significant difference
between compensating for bit errors and packet erasunestfre standpoint of channel coding.

Our integrated protocol is categorized under type Il hyBidomatic Repeat reQuest (ARQ) and For-
ward Error Correction (FEC) protocols. In atype Il hybriefcol, a retransmission request is responded
by transmitting a codeword containing extra parity bitsdgoreviously transmitted codeword. Relying

on the discussion of RS codes in [42] and [6] together witkiker feedback and erasure decoding, we



propose the use of systematic rate compatible punctured&dén our protocol to compensate for both
random bit errors and packet erasures. We note that thersgtiterate compatible punctured RS codes
together with erasure decoding outperform non-systenkgicodes of [19].

Fig. 1 depicts the flowchart of our end-to-end protocol. Weiate that a bit budgé?; and a per round
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Fig. 1. The flowchart of the proposed end-to-end protocol.

probability of delivering a packet sét are given. Our round-based protocol consists of two compsne
The first component or the outer loop is used to compensatéhéorandom bit errors. The second
component or the inner loop is utilized to recover erasedkgtac In the first round, a bitstream is
initialized to the progressively encoded image data.

Assuming a fixed packet length 6f a bitstream size aB.Sg, and a collective number of source coding
bits BS 4, the number of packets to transmit the bitstream is choséh-asmin(|a 5L |, | 222554 | Ny,
where0 < a < 1 is a design parameter effectively splitting the availahlddet By between the two
components of the protocol arid,,.. is the per round data bandwidth upper bound. The optimal eamb
of per packet parity symbols minimizing the expected digiarof the reconstructed image is then cal-

culated according to the discussion of Section IV. Next,tttal number of data and parity packe{s



required to statistically guaranteeing the delivery of plaeket set is calculated according to the discus-
sion of Section V. After updating transmission budggt, announcing the start time and the duration of
the round, the source proceeds with the transmission ofdtieccpacket set to the receiver. Each packet
includes a sequence number. The receiver waits for theidnraitthe round before determining whether
it has receivedV packets required to recover the packet set. At the end ofotlved;; the receiver sends
the packet numbers of the erased packets to the source igla packet NAK message if it has not been
able to recover the block of packets. We also note that atibn of similar error detection and correction
codes along with the employment of timeout mechanisms dactefly cope with the impacts of ran-
dom bit errors and packet erasures in the transmission glespacket NAK and control messages. For
simplicity, we assume that the transmission of single paikd< and control messages are error free in
the rest of our discussion. The NAK message includes a twpdipacket bitmap associated with the
individual packets of the set. The receiver sets Afi® B bit associated with a packet to zero if it has
been able to recover the packet. With thieS B bit set to one, the receiver sets thé B bit to one if it
has not been able to recover the packet due to an erasure olifoe $hen retransmits an extra number
of packets in order to compensate for packet erasures inhdwenel. The number of extra packets is
again calculated from the statistical guarantee algorih®ection V. Notice that the RS code applied to
the columns is also a rate compatible punctured RS code,dralredundant packets can be generated
if necessary. Because of the Maximum Distance SeparableSjMiPoperty of RS codes [42], any
received packets can be used in the RS erasure decoder t@ree first/V packets and the packet
loop can be terminated. Once the receiver has recovereddble @f packets, it aims at recovering the
source coding bits in each packet. In the first round, eackgp@ontains image data and parity bits and
is directly decoded to recover the data. In the second aadratinds, each packet includes incremental
redundant bits. The receiver thus needs to append them peti@usly uncorrectable packets. In either

case, the contents of the receiver buffer are decoded. rié @re no uncorrectable packets a4 is



less thanB S, another set of rounds is initiated starting from the firstna. However, if uncorrectable
packets exist, the receiver requests extra redundantdsithdse N packets. If uncorrectable packets
exist but their RS code has reached the length of the motluer, ¢cbe transmission of the current set is
started from the first round after checking the availablegetid Otherwise, another round of delivering
extra redundant bits initiates. The amount of redundandgtsrmined by increasing the error correcting
capability of each packet of the first round to an amount ¢aled from the optimization algorithm of
Section IV for the second round and beyond. Next, the sowackgtizes extra parity bits using appropri-
ate header paddings and choosMg= min(Np, LaBTTJ , Naraz ). 1t will then transmits the packets to the
receiver. The entire set of rounds and consequently thedrtragsmission terminate under one of the two
following conditions: (1) the entire bitstream of the siB&r has been received with no uncorrectable
blocks, and (2) the transmission budget is exhausted. Thgérns reconstructed using all of the packets
preceding the first uncorrectable packet immediately #fietransmission is terminated.

In the next three sections, we provide a detailed descnitfaur protocol.

[ll. CHANNEL CODING AND LOSSANALYSIS

In this section, we first describe the properties of our psegochannel coder. We then continue by
discussing the impacts of utilizing multiple antennas. Wiesfki this section by providing an analysis of
temporally correlated channel loss relying on the Bermamidl Gilbert-Elliott [14], [11] models.

In a round-based transmission scheme witthounds, a rate compatible punctured RS channel coder
convertsk information symbols (packets) into a sequence:gbymbol (;-packet) blocks where =
1,---, R. Each symbol consists of a number of bits and each packetst®md a number of symbols.
For the first sequencén, — k) parity symbols (packets) are appended: wata symbols (packets). The
sequences; for j = 2,---, R are obtained by appending — n;_; symbols (packets) to the previous
n;_—1 symbols (packets). We also note that a combined channelcotecapable of correcting up to

L"gkj errors when applied to symbols and up#to— £ errors when applied to packets.
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In order to calculate the error rate of &6(n, k) coder block, we utilize a hybrid model consisting
of the single-state Bernoulli and the two-state Gilbetioil (GE) error models. In our discussion below,
we describe the modulation symbol error rate and channehgagymbol loss rates. We distinguish
between the two types of symbols by noting that a channehgoslymbol typically consists of a number
of modulation symbols. For example, an 8-bit RS channelrgpdiymbol may consist of eight BPSK

modulation symbols.

A. Calculation of the Symbol Error Rate for Multiple Antenna Systems

In [44], the authors calculate closed-form expressiongrit@ag the modulation symbol error raje
of a multiple-transmit multiple-receive antenna systenteirms of the number of signal points in the
constellationM and the average signal-to-noise rafi&v R. We carry out our calculations under the
assumption of facing a slow fading Rayleigh channel andzirtg the PSK modulation scheme. In what
follows we provide a brief review of our discussion. Firsg imtroduce the symbol error rate of a single-

transmit/N-receive antenna system using maximum ratio combining (M&&C

o =47 — 2/ ie{G +tan T O T35 () prp

+ sin(tan=1 €) j'V:El I (1Cff§)j [cos(tan ! £)]20=DF1}

1)

whered = SNRsinz(%), £ = 1/1%9 cot 17, andoy; = . From Equation (1), one

@
(22?:;>)4i[2(j—i)+1}
can calculate the symbol error rate of a single-transmglsineceive antenna system as well as a single-
transmit double-receive antenna system by settintp 1 and2, respectively. Relying on a discussion
of diversity gains, we also argue that the modulation synasadr rate of the space-time block codes
(STBCs) of [2] and [39] can be calculated from Equation (1)pbgper mapping of the values 6V R.

For example, the symbol error rate of a double-transmitlsingceive antenna system can be calculated
SNR

by replacingS N R with =5~ and settingV to 2 in Equation (1). Similarly, the symbol error rate of

a double-transmit double-receive antenna system can balatd by replacingg N R with % and
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settingV to 4 in Equation (1).

B. Discussion of the Hybrid Loss Model

The single state Bernoulli model is the simplest model desqy the loss of a Unit of Information
(Uol) in a memoryless channel. A Uol can be thought of as alsmbol, or a packet. In the Bernoulli
model, the probabilities of loss among different Uol’s axedi and temporally independent. Therefore,

the probability of receiving: Uol’s from n transmitted Uol’s is given by [43]

P(n,k) = <Z> en=k)(1 — )k )

wheree is the Uol loss rate. Consequently noting the fact that tpsitore thantc symbols fromn
transmitted symbols results in a symbol block loss wheriziig RS codes, the probability of symbol

block loss, for the Bernoulli model is given by

n—tc—1 n—tc—1
U(n,to,e) = > Pni)= Y (7?)6("”(1—5% ®)

i=0 =0 !
As pointed out in many research articles, a multipath fadimgless channel typically undergoes

burst loss representing temporally correlated loss. Thedtate GE loss model provides an elegant
mathematical model to capture the loss behavior of the @vanging channel conditions. In the GE
model, the loss of a Uol is described by a two-state Markovncha described in Fig. 2. The first state
G known as the GOOD state represents the loss of a Uol with pilitlgac while the other statd3
known as the BAD state represents the loss of a Uol with piibtyabz wheresg >> 5. The GOOD
state also introduces a probabilif;, = ~ of staying in the GOOD state and a probability- Py of
transitioning to the BAD state while the BAD state introdsi@e probability Pz = ( of staying in the
BAD state and a probability — Pp of transitioning to the GOOD state. The parametegsandyp can
be identified by distinguishing between per st8f¥ R values and subsequently replacifigy R with a

pair of per state valueSN Rs and SN Rp in Equation (1). The parametefisand 3 can be typically
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measured from the observed loss rate and average burdh.leimgf16], we provide effective ways of

measuring the parameters of the GE loss model.

Fig. 2. The two-state Gilbert-Elliott loss model with thetst transition probabilities — Pc and1 — P for P = ~ and

Pr = (3. The Uol loss probabilities are specified &ty ande g whereeq << ep.

For the GE loss model, the probability of receiving exadétlJol’s from n transmitted Uol’s is de-
scribed by

P(n,k) = P(n,k,G) + P(n,k,B) 4)

Further, the recursive probabilities of receiving exaéthjol’s from n transmitted Uol’s and winding up

in the GOOD state and the BAD state are respectively given by

P(n,k,G) =
eqlyPln—1,k,G) + (1 — B)P(n —1,k, B)] )
+ (1-eg)[yPn—1,k—-1,G)
+(1—-p6)P(n—1,k—1,B)]
and
P(n,k,B) =
egl1—7)P(n—1,k,G) + BP(n—1,k,B)]
(6)

+ (Q-ep)[(1=7)Pn—-1,k—-1,G)

+08P(n—1,k—1,B)]
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for n > k£ > 0 and the initial conditions

P(0707 G) = gSS = 17ﬁ

_ _ 1=
P(0,0,B) = bss = e @
P(1,0,G) = e [vgss + (1 — ) bss]
P(1,0,B) = ep|[(1—7)gss + B bss]

We note that the Uol loss rate in the GOOD statecan be measured in terms of the average received
signal-to-noise ratio in the GOOD stafaV R, the utilized modulation scheme, and the number of
transmit/receive antennas. Similarly, the Uol loss ratiaéBAD state: 3 can be measured.

We assume that the loss pattern of the communication chatrtbe bit level is described by the
GE model. However by relating the channel coding symbol tass of the Bernoulli modet to the
parameters of the GE mode] 5, ¢, ande g, we can still describe the loss pattern of the channel for the
channel coding symbols by the Bernoulli model. Suppose tedtler generates a set of channel coding
symbols where each symbol consistsdiits. A channel coding symbol is received error free if alitef
s bits are received free of errors. The probability of reaegva channel coding symbol free of error under
the GE model is obtained from Equation (4) with= k£ = s asP(s, s). Note that we assume not having
access to the information about the initial bit of a givenrote coding symbol and hence also capturing
the inter-symbol temporal correlation in the expressitig, s). In our analysis, we ignore inter-symbol
temporal correlation of the probabilities of receivingaeriree symbolsP(s, s) but capture intra-symbol
temporal correlation in the calculation £fs, s). Thus, we can obtain the probability of channel coding
symbol block loss from Equation (3) by setting= 1 — P(s, s). Further, per state error probabilities of
the GE modeks andep can be related to the modulation symbol error ratgsand . For example,
for the BPSK modulation schemg = ¢ andep = pp.

Fig. 3 provides sample validation results of our hybrid lossdel. For a channel coding symbol

size of eight bits, BPSK modulation, and three differentich® of transmitted byte lengths the figure
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compares the calculated average byte loss from our hybridemaith the observed average byte loss
over a range of values &f N R in the GE model withSN Rz = 10SN Rp. The other parameters of
the GE model are set as= 0.99873 and = 0.875 representing a burst length of eight. The averages
are calculated over one million experiments. As observerhfthe plots, the values of calculated and
observed average byte loss match in all three cases. Naothiia the choice of channel coding symbol
size affects our validation results, the error correctiagabilities of the utilized channel coding scheme
has no effect on our results. While not shown here, we havereéd consistent results in a large set of
validation experiments for a variety of the GE model paranséttings.

Calculated vs. Observed Average Byte Loss
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Fig. 3. A comparison of calculated and observed averagelbgtefor a channel coding symbol size of eight bits and BPSK

modulation.

At the end of this section, we note that the Gilbert model d [&ith trivial per state error probabilities

of e¢ = 0 andep = 1 can be used to describe the packet loss of a computer comationichannel.

IV. BIT ERRORCORRECTION

In this section, we discuss the protection of the sourcengptits in a packet set associated with a
progressive bitstream. The bitstream is packetized intonaber of packets with fixed-lengths. In order

to protect source coding bits against random bit errors, wpgse the use of rate compatible punctured
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RS error correction codes in each packet. As pointed out @ticdell, our protocol calls for an ordered
round-based transmission of packet sets. Leaving thelglefatompensating for packet erasures to the
next section, we discuss the details of random bit error @msation going from one round to another
in this section. Hence, the main goal of this section is toomhice an optimization framework that
minimizes the expected distortion of the reconstructedyendue to random bit errors in a single round

of transmission.

A. Optimization Formulation

Consistent with Section Il, we assume the original size efltiistream generated by the image source
is BSr and so farB S 4 bits of the bitstream have been delivered. Hence, the rengamumber of the bits
in the bitstream have to be packetized iddfixed-length packets with length. The choice of packet
length L. has to avoid segmentation in the data link, network, andsprart layer protocols in order to
preserve the effectiveness of channel coding operatidrediit level.

Once the packet length is chosen, the number of packetsfor the first round is selected such that
the collection of packets contains a number of source colditsgless than or equaSr — BS4. We
setN = min(|a Bz |, [ B56-854 | N,/..) where the parameters are defined in Section Il. Dendting
andC; respectively as the source and the channel coding bitsiagstevith packet for i € {1,---, N},
we observe thak; + C; = L. We recall that utilizing our proposed channel coding solhémroduces
a channel code rate of = % for packeti. The optimization problem is aimed at finding the parity
assignment of each packét such that a measurement of the expected distortion is naetini The
expected distortion can be calculated as the probabiliscage of distortions associated with recovering

the firsti — 1 packets in a given packet set and failing to recover packéth i € {1,---, N + 1} as

N+1 i1
E[D] = DoWy + Y ¥;D;y [J(1—9y) (8)
i—2 j=1

In Equation (8),%; with ¢ € {1,---, N} is the failure probability of recovering pack&t¥ y 2 1,
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D; with i > 1 is the distortion of a reconstructed image with the firglackets, and), = o2 is the
source variance. The distortian; is a function of the aggregate receiving rate= 23-21 R;. While
the data associated with the functibr can be extracted directly from SPIHT or other coders, it dan a
be approximated utilizing data fitting techniques. The atkge of using a closed-form approximated
function for distortion is to reduce the time complexity afr@ptimization problem. In [3], the authors

propose an approximation of the rate-distortion functibthe SPIHT codec in the form of

4
Di(b;) = D hje™" (©)
j=1

whereh; andl; are parameters that are identified independently for diffeclasses of images. We note
that the same approach can be used to approximate the s&etidn function of other image codecs.
Further, the probabilitied; for i = {1,---, N} can be expanded in terms of channel loss characteristics
as described in Section Il. In the case of utilizing the hyt@ernoulli-GE loss model and calculating the
bit error probabilitye = P(s, s), ¥, is calculated from Equation (3) by setting= L andtc = L%j.
Making note that for the fixed-length packiespecifying the data rat&; is equivalent to specifying the

parity rateC;, the optimization problem of the first round is expressed as

Clr}'l"l,%N E[D] (10
N
Subject To: > (L — C;) < BSg — BSa (11)
=1
0<C;< L, ie{l,---,N} (12)

While Constraint (11) shows that the number of source coditg in the N packets adds up to no
more than the number of bits in the remaining part of bitsire€onstraint (12) places a lower and
an upper bound on the per packet channel coding bits. We hatettie problem of (10) is subject
to discrete constraints applied to available channel gpdariablesCs, - - -, Cy. Itis hence categorized
under NonLinear Programming (MINLP). Under the assumpticieasibility, the solution to the standard

problem can provide a close estimate of the MINLP solutioasuining the solution to the optimization
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problem of the first round specifies a per packet set of charwdihg bits{C1,---,Cxy} and source
coding bits{L — C1,---, L — Cy}, the optimization problem of the rounds beyond the first tbare
specified with the same cost function as Equation (8) for #repacket source coding bits of the first
round but a different number of channel coding bibs, = 0 for previously delivered packets, and the

constraint set below.

Yier(Ci—Ci) < NL (13)
Cl =i i€R (14)
Cz’ < CZ/ < Lmaa: - (L - Cz)a 1e F (15)

where N = min(Np, LaB—LTJ,NMax), L. is the mother code length# and R indicate the set of

failed and recovered packets; andC; with i € F U R denote the current and the previous collective
number of parity bits for packet respectively. While the formulations of this section sfyea distortion-
optimal problem, they can be easily changed to reflect agatieral problem. Further, we note that the
formulation of (10) can be applied to a variable-length ghccenario in which the number of data bits
in a packet is fixed and the number of parity bits are obtainesblving the optimization problem. In the
rest of our discussion, we focus on the distortion-optintabfem of (10) along with the constraint set

(11) and (12) for a fixed-length packet scenario.

B. Optimization Solution

In this section, we provide a discussion of solving the oation problems of Section IV-A. Relying
on the Lagrangian theory [5], we convert the problem of the found to an optimization problem without

constraints. We define the Lagrangian function of Equatid)) &s

LGp =E&[D) + A(XN,0;— NL+ BS4— BSg)
(16)

+m (Cr — L)+ -+ uny(Cy — L)
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where the parameters u1, - - -, anduy are the Lagrange multipliers in the Lagrangian Equatior).(16

The unconstrained minimization problem for= {C1,---,Cx} is defined as

ming LGp = ming{&[D]
+ AN, Ci— NL+ BSg— BSy) 17)
+ 3w (C; — L)}
whereQ2 = {C},---,Cn} and the parameters 1, - - -, ux are the Lagrange multipliers.
Taking into consideration the discrete nature of our pnoléded considering the fact that (10), (11), and
(12) are convek we propose deploying Sequential Quadratic ProgrammifP{Sechnique to solve the
problem. In SQP, the necessary conditions for optimaligrapresented by Karush-Kuhn-Tucker (KKT)

conditions described below.

VLGp(Q*) =
[8LGD 8LGD 8LGD 8LGD 8LGD] _ 0
aCT > a0k, 0 ONF v opy 0T T oy 1 T
NN, CF — NL+ BSgr— BS4) =0 (18)

wi (G —L) =0

Nt >0

Further,\*, uf > 0fori=1,---, N if associated with an active inequality at the optimal péiti.e.,

MN>0 : if SN, Cr=NL-BSa
(19)
A*=0 : otherwise

i >0 - if Cf =1L
(20)
u; =0 : otherwise

A variant of the quasi-Newton method [30] can then be usetketatively find the solution to the opti-
mization problem. We note that utilizing a variant of the sjdewton method is equivalent to solving a
2The functionf : C — R™ defined over the convex sét C R" is called convex ifvzi,z2 € C and0 < n < 1 the

inequality f (nz1 + (1 — n)z2) < nf(z1) + (1 —n) f(x2) holds.
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quadratic estimation of the problem in every iteration. Tihee complexity of solving the optimization
problem isO(I dlog d) where! indicates the number of iterations aséhdicates the degree of the over-
all quadratic estimatioh The solution to the optimization problem of the second tband beyond is
similar and is skipped here. We have observed that an avefdga and no more than twelve iterations
are required for the convergence of our proposed optinoizatigorithm of the first round. The associated
numbers for the algorithm of the second round and beyondndepe the number of lost packets but are
generally smaller than the ones in the first round. Hencegdhgplexity results are quite good compared
to other recursive optimization approaches such as dynaragramming introducing a time complexity

in the order ofO(d?).

V. STATISTICAL RECOVERY FROMPACKET ERASURES

We now turn our focus on the statistical recovery of the peclssociated with the bitstream of a
progressive source coder in an erasure channel. We assatmedividual packets of the set contain both
source coding and parity bits the collection of which is te€laas data for the purpose of packet erasure
compensation. Focusing on ordered delivery of consecptket sets, we propose utilizing rate com-
patible punctured RS codes at the packet level to compefsgtacket erasures. However, our approach
in this section relies on providing a statistical guarariteadelivering a packet set. The term statistical
guarantee of the packet set delivery is used to indicateahmtcket set can be successfully delivered
with a probability better than a given threshold assumimgsiirecifications of the packet erasure channel
are known. Our earlier work of [43] introduces the followialgebraic placement algorithm with a time
complexity ofO(z k) to calculate the smallest number of required transmitteftgtau = k + z in order
to guarantee the receipt of at leagpackets with a probabilityI or better for a system governed by the

Gilbert loss model.

3We note that the optimization problem can also be solvedimgiyn a table look up approach in case distortion data istijre

read from SPIHT coder as oppose to relying on the approxuffatection of (9).
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Statistical Guarantee for Packet Delivery Algorithm

o Initialize d(k, k) = v 5125 + 571 (1 - )22

o« for (z=1 to k){
— CalculateP(k + z, k)
— Update®(k + z,k) = ®(k+ 2z —1,k) + P(k + z, k)
— If ®(k+2,k) > 11 Break
Yrrfor (z=1 to k)*

« Report the number of required packeiss= &k + =

The quantities of interest in the algorithm above are dbedras follows.P(k + z, k) the probability of
receivingk packets fromk + z transmitted packets is given by Equation (4) and recursiuaions (5)
and (6) in the case of utilizing Gilbert model. Furth@(k + z, k) the probability of receiving: packets

or more fromk + z transmitted packets is defined as

k+z
O(k+2,k) = Y P(k+i,i) (21)
i=k
It is important to note that there is a one-to-one relatigndletween the choice of the paramefem

our statistical guarantee algorithm and the bandwidth fgadtor parametedi. In other words, specifying

one of the parameters automatically identifies the othearpater.

VI. NUMERICAL ANALYSIS

In this section, we present our simulation results baseth@ptotocol of Section Il and the discussion
of the sections following it. For our simulation, we congidlee transmission of SPIHT [29] encoded
class of gray scale images including2 x 512 x 8bpp Lena, Zelda, and Barbara images over a channel

characterized by correlated loss.
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In our experiments, we use rate compatible punctured RSscaith a maximum lengti255 over
GF(256) and a symbol size d¢f bits. We utilize hybrid Bernoulli-GE and Gilbert loss mosléb describe
bit errors and packet erasures, respectively. We set theitin probabilities of both models as=
0.99873 and = 0.875 corresponding to an average burst lengtls.oBesides the trivial choice of error
probabilities in the case of Gilbert model, per state err@bpbilities of the GE model are calculated
based on the results of Equation (1) for BPSK modulation With= 2 andSN R = 10SN Rp. Hence,
we seteqg = g andep = wp in our hybrid Bernoulli-GE error model. Further, we S€i;,, = 50
and BSr = 512 x 512 / 8 Bytes for a compression ratio of. For our statistical packet delivery
algorithm, we sell = 0.9988 translating too = 0.72. Our choices of packet lengths guarantee that
there is no segmentation/reassembly of UDP or ATM packets Bthernet and/or IEEE 802.11 frames.
This is due to the fact that transmitting UDP/IP packets gndb Ethernet and IEEE 802.11 frames
introduces a maximum allowable packet sizel.of 1476 Bytes without facing segmentation. The set
of parameters associated with the Lena image in Equatioar@¥yet aghq, ha, hs, ha, l1,1l2,13,14) =
(1276.7,117.2,26.9,279.1,331.85,11.27,1.58,50.28). Similarly, the set of parameters for Zelda and
Barbara images are set@d44.5,175.91,13.57,52.68, 393.52, 61.55, 1.24, 12.93) and
(1337.1,391.71,272.96,97.43, 531.91, 76.00, 8.33, 2.22), respectively.

We validate and present our results as follows. First, waystioe behavior of our single round protocol
without receiver feedback. We refer to the latter scenagiareopen-loop scenario. We conduct our open-
loop experiments for an erasure free channel and a chantiepagcket erasures. Second, we look at the
behavior of our multiple round protocol with receiver feadk to which we refer to as a closed-loop

scenario.

A. Open-Loop Results

In an open-loop scenario, we transmit a bitstream in a simgl@ad and evaluate the quality of the

reconstructed image at the receiver. We start by transmittie bitstream over an erasure free channel.
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We have two compelling reasons to study the behavior of ootopol for such a scenario. First, we
are able to collectively validate the accuracy of the rasgedion approximation of (9) for the class of
underlying images as well as the effectiveness of our barenptimization scheme. Second, we can show
the mere advantage of utilizing multiple antenna transioriss/NVhile this section only reports our results
in the case of Lena image, we have obtained similar resuliseirtase of other images including Zelda
and Barbara.

Fig. 4 shows a comparison of the open-loop plotsPsf N R versusSN R¢ in the case of Lena
image for a packet length di = 100Bytes along with By = 5,000Bytes. We note that the legend
“Expected” represents the expected distortion of the reitoated imagePSN R = 10log % and
the legend “Observed” denotes the ré&sf N R of the constructed imageéSN R = 10log; %. Every
point in the curves indicates an average value taken 2@eimulations. In the figure, we consider
four transmission scenarios: (1) a single-transmit singteive (ST/SR) antenna system, (2) a double-
transmit single-receive (DT/SR) antenna system, (3) aesitignsmit double-receive (ST/DR) antenna
system, and (4) a double-transmit double-receive (DT/DRg¢rana system. For a fair comparison, all

systems use the same transmission power. We observe thdExpected” and “Observed” values of

PSN R closely match in all four scenarios.

2552

Fig. 5 compares the plots d#SNR = 10log, 2

versusSN R¢ in the case of Lena image for
the four antenna configurations above. Every point in theesimdicates an average value taken over
20 simulations. Comparing the results of the figures, we olesérat theP SN R of a DT/DR antenna
system is higher than that of the rest. In addition, th& VR of an ST/SR antenna system is lower
than that of the rest. Comparing tii&' N R of an ST/DR antenna system with that of a DT/SR antenna
system, we observe that the former introduces a higheN R. From the results of [44], we recall that

the diversity gain is in the order of the product of the traitsand the receive antennas. Hence, both

ST/DR and DT/SR scenarios achieve a diversity gain of onder tHowever, from the signal-to-noise
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Fig. 4. A comparison of the expected versus observed distorrt the case of Lena image for the open-loop plot®6fN R
versusSN R¢. Four different antenna configurations have been utilized.

ratio standpoint the efficiency of the latter scenario ssff@3dB loss compared to that of the former
scenario because the transmission power is divided betargennas. This justifies the highe5 N R of

an ST/DR antenna system compared to that of a DT/SR antestensySince the channel coding effects
saturate beyond a certalV R, we also observe that the performance advantage of uglizialtiple
antennas in lower values of SNR is more significant than thaigher values of SNR. However due
to lack of packet erasures, the expected quality is relgtigeod in all four cases even with the small

transmission budget &f 000 Bytes.

B. Closed-Loop Results

In this section, we study the performance of our closed-lpayiocol over a channel introducing bit
errors and packet erasures. With the exceptio®pf= 20,000Bytes, we apply identical settings of
other parameters as before to our experiments.

We start by investigating the effects of utilizing diffetetombinations of multiple antennas in the
transmitter/receiver pairs. Fig. 6 and Fig. 7 show the pbdt® SN R = 10log;, % versusSN Rg

in the case of Lena, Zelda, and Barbara images for the fownaat configuration scenarios, ST/SR,
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Optimization Results
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Fig. 5. Open-loop plots aP SN R versusS N R in the case of Lena image for four different antenna confitma.

DT/SR, ST/DR, and DT/DR. Comparing the results of figurespbserve the same qualitative pattern of
behaviors as our open-loop experiments. The best qualéghgved by DT/DR configuration followed
by ST/DR, DT/SR, and ST/SR. In all of the curves, there is ainadinear transition regime from a low
quality region to a high quality region. The quality of theeastructed image remains in a low quality
region for any choice o6 N R¢ below a low threshold. A§'N R increases, the quality improves until
reaching to a high threshold. The quality of the reconstdianage remains in a high quality region for
any choice ofS N R« beyond the high threshold.

Albeit the existence of packet erasures, the main differarmompared to our open-loop results is that
because of the higher transmission budget®f00Bytes in closed-loop cases and the use of feedback
the quality of reconstructed images have improved by a faiftteew dB’s in PSN R scale compared to
their open-loop case. Once again, our experiments indibatperformance advantage of utilizing mul-
tiple antennas in the same order observed in our open-loogriexents with the amount of performance
gain depending on the value SN R;. While for small values ofS N R« the neighboring curves are
further apart from each other iIRS N R scale, the difference for large values$iWV R decreases.

Next, we study the effects of the choice of packet size in #rdopmance of our end-to-end protocol.



25

40

35

30

PSNR (dB)
~
. »

N
=]
T

15¢

~A- DT/DR

-~ STIDR

—— DT/SR

—- STISR
T

10
0

6
SNR,, (dB)

Fig. 6. Closed-loop plots aP.SN R versusSN R in the case of Lena image for four different antenna configma.

Fig. 8 shows the plots adPSNR = 10log; % versusSN R for two different values of the packet

length L. in the case of Lena image. For a given packet size, the platsride how the quality of
the reconstructed image improves as the average sigmali$e- ratio increases. Again, every point in
the curves indicates an average value taken pvesimulations. The plots show a similar pattern with
different choices of the packet size. Once more, we obselinear transition regime from a low quality
region to a high quality region with the effect of larger packizes shifting the curve to the right. We
also observe a slightly lower high quality value for= 200Bytes that can be potentially justified as the
result of getting close to the maximum mother code length. Bishows sample images corresponding
to the low, medium, and higk®S N R regions in Fig. 8 for the choice df = 100Bytes.

In order to study the behavior of the protocol under différassignments of the bandwidth to the
random bit error and packet erasure components of the milotee have also performed a set of open-
loop experiments with different values afin the range 0f0.2, 0.8] while keeping the other parameters
fixed utilizing the class of images that includes Lena, Zekltad Barbara images. While we do not
report our results here due to lack of space, our experinghtu similar qualitative behaviors as the

ones reported here. The main observation is that for a spextibice ofa which is experimentally
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Fig. 9. A comparison of the original and reconstructed sarhpha images utilizind. = 100Bytes. Clockwise from the top

left: the original image, the reconstructed imag&at R equal to6d B, 9dB, and13d B, respectively.

approximated to b8.72, the performance results are optimized in terms of achié€d’ R. The results

are more complicated in the case of closed-loop experinathisugh the same choice @fstill represents
an appropriate selection of the parameter. Exploiting fhtér@l choice ofx is the subject of our future

research work.

VIlI. CONCLUSION

In this paper, we presented a statistical optimization &éa&ork for multiple antenna transmission of
progressive images over noisy channels. Relying on ratgpatible punctured RS codes, our framework
was able to compensate for random bit errors as well as packstires. We considered the impacts of
transmission over channels with memory represented by @chBlernoulli and Gilbert-Elliott model. In
order to cope with random bit errors, we introduced an ogttidon framework to minimize the expected
distortion of a reconstructed image. We were able to solveptimization problem with a significantly

better time complexity than the proposed literature temies. Next, we provided an algorithm that
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was capable of statistically compensating for packet eessuRelying on the receiver feedback, we
integrated our bit error and packet erasure results in tima @f a type Il hybrid FEC-ARQ algorithm.
Finally, we numerically validated our results by transmgtimages over lossy channels characterized
by temporally correlated loss. In addition we investigatiee effects of multiple antenna diversity in
transmission scenarios of progressive images over suamelsa Simulation results demonstrated a
great performance improvement as the result of using nelliptennas. Our future research work relates
to the accommodation of real-time deadlines in our protérashework for the transmission of video and

point-to-multipoint transmission scenarios.
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