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ABSTRACT

Recent advances in scalable image compression have made it possible to decode images in a
progressive fashion. However, scalable coders like the emerging JPEG-2000 standard are more
susceptible to the uncorrectable bit errors often caused by channel fading. Many solutions
to this problem have been proposed, but most are sensitive to the location of the errors or
require large interleavers to spread errors out. In this work, we combine an efficient multiple-
description structure based on forward error correction with an outer channel encoding to create
a framework to efficiently send image descriptions over a wireless channel. The framework is a
concatenated channel code including a row (outer) code based on convolutional error-correcting
codes and CRC (cyclic redundancy check) codes for error detection, and a source-channel
column (inner) encoding consisting of the bit-scalable image and an optimized array of unequal
protection Reed-Solomon erasure-correction codes. By systematically matching the unequal
protection codes to the embedded source bitstream, we can enable graceful degradation and
minimize expected distortion at the receiver.

This approach to image transmission over fading channels offers significant improvements
in both peak and expected image quality when compared to current state-of-the-art techniques.
Our packetization scheme is also naturally suited for hybrid packet-network/wireless channels,

such as those used for wireless Internet access.
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CHAPTER 1

INTRODUCTION

1.1 Motivation for Joint Source-Channel Coding

In his seminal work on information theory [1], Claude Shannon proved the separation the-
orem: that in the limiting case of infinite time and complexity, optimal performance can be
achieved using separate source and channel codes. While this statement might lead one to
conclude that good performance can be achieved using separated source and channel coding
in more realistic regimes, the seperation theorem does not actually apply when delay or com-
plexity is limited. This means that in these limited regimes, it is not necessarily true that a
separated structure can achieve optimal performance. In this thesis, I study an application
of joint source-channel coding techniques to improve the expected distortion of images trans-
mitted over wireless channels. Past work [2], [3] has shown that performance can be improved
significantly through the application of these techniques. However, these papers do not consider
the more hostile fading channel model; another paper which does consider channel fading [4]
does not consider explicit joint source-channel optimization.

The main contribution of this work is a source-channel coding framework which extends
existing techniques for transmitting images over wireless fading channels with an explicit joint
optimization of source and channel codes. This framework uses an outer code to transform the

fading channel into a packet-loss channel, and an inner multiple-description code to achieve



graceful degradation during fades. We will show that this framework can improve performance
significantly over state-of-the-art techniques for image transmission over fading channels, im-
proving by over 0.6 dB the expected mean-squared error at the receiver achieved by the methods
described in [4].

This thesis is largely derived from a paper presented at the SPIE Electronic Imaging 2000

conference [5].

1.2 Thesis Outline

This thesis is divided into five chapters. Chapter 1 motivates the joint source-and-channel
encoding approach to the transmitting images over hostile channels, outlines the overall struc-
ture of the thesis. This chapter also outlines various systems for transmitting images over
hostile wireless channels, starting with techniques in the literature to send images over mem-
oryless channels and proceeding to various channel-coding and source-channel coding methods
for transmitting images over the more complex flat-fading channel with memory.

In Chapter 2, we carefully consider the difficult case of transmitting images over channels
with fading coefficients that change slowly over time (“slow-fading channels”). We describe
a framework to efficiently send images over these channels using a product code with joint
source-channel code optimization. The code framework consists of an inner erasure-correction
code with unequal protection, meaning that the protection level for the inner code is varied
according to the importance (in the rate-distortion sense) of the bits being encoded. The outer
code consists of an error-detection code wrapped with an error-correction code, arranged so
that a failure of the error-correction code to recover the transmitted packets is detected by
the error-detection code. In Chapter 3, the problem of bit allocation for this source-channel

framework is addressed. In this chapter, we develop a fast optimization algorithm for the inner



unequal-protection code. We also examine the optimization of the outer error-correction code
rate.

Chapter 4 reports the results of simulating the proposed scheme on test images, using several
combinations of outer code rate, packet size, and total rate. We find that the performance of
the proposed scheme is very good, improving significantly on state-of-the-art techniques for
transmitting images over wireless channels described in existing literature.

Finally, Chapter 5 draws conclusions about the performance of the proposed error-control

framework, and examines possible directions for future research.

1.3 Systems for Image Transmission over Wireless Channels

Recent advances in image compression have enabled the creation of efficient, embedded
source coders. These source coders generate PSNR-scalable bitstreams, in which each additional
bit is used to refine an image and improve reconstruction quality. However, these scalable image
encodings also tend to be fragile — that is, the encoded bitstreams are highly susceptible to bit
errors. Although these encoders achieve better fidelity with fewer bits than ever before, even
single-bit errors can render the entire transmitted image useless. Since wireless channels suffer
from significant bit-error rates (often higher than one error per hundred bits), some mechanism
to protect the encoded image is required. Without such a mechanism, the channel bit errors

will prevent accurate decoding of the image.
1.3.1 Wireless channel models
Several wireless channel models have been widely used in the literature. The most simplistic

of these is the binary symmetric channel (BSC) model, which is defined by a single parameter

€ representing the probability that a given bit is flipped from a one to a zero or vice versa.



Binary symmetric channels are memoryless, and each bit is flipped independently and with
equal probability. The simplicity of this channel model makes it easy to use; conventional
channel codes, such as convolutional codes using the Viterbi algorithm for decoding, perform
well on this type of channel. Typical bit-error rates for a BSC found in the literature are 10!
to 1073, meaning that from 1 bit in 10 to 1 bit in 1 000 are flipped.

A more realistic channel model often discussed in the literature is the additive white Gaus-
sian noise (AWGN) channel. This type of channel model is similar to the BSC model in that
each bit is flipped with equal probability; the difference is that the AWGN model admits soft
decoding — that is, in addition to information on what the bits decoded to, we get information
about how likely the bit is what we say it is. We assume a BPSK (binary phase shift keying)
transmission system, which transmits 1 bit per symbol transmitted. In a BPSK transmission
system on an AWGN channel, each bit starts out as either +A or —A (modulated onto a sinu-
soidal carrier), where A = VE is the amplitude of the transmitted signal, and F is the signal’s
energy. Typically, +A represents a one, and —A represents a zero. To this signal is added nor-
mally distributed noise with a variance that characterizes the signal-to-noise ratio, or SNR, of
the channel. Note that because of the shape of a Gaussian distribution, if we make a decoding
mistake, the received value after matched filtering is likely to be close to zero. This information
allows more accurate decoding of channel codes because we can take the probability that a bit
is correct into account when we attempt to determine if it is in error.

While the AWGN channel is a good model for a stationary transmitter and receiver where
the channel noise is dominated by thermal noise at the receiver, this model is inadequate for
mobile wireless networks. In addition to the Gaussian noise modeled by the AWGN channel,

the signal also encounters fading on the path between the transmitter and the receiver. This



fade varies the amount of signal energy received due to multipath interference (where different
reflections of the signal interfere with each other) and shadowing. Both of these factors can
vary wildly as the position of the antennas vary.

There are many possible models for this fading. One popular model is a Markov chain,
where the wireless link is modeled as one of a family of AWGN channels with different signal-
to-noise ratios. The different channels in the family are each associated with a state in a Markov
chain; transition probabilities are defined between each pair of states. Another popular model
is Rayleigh flat fading. In this model, the fade is a continuous function that varies constantly as
the transmitter and receiver move relative to each other. Rayleigh fading is so named because
the distribution of the received signal level has a Rayleigh distribution.

More advanced fading models include frequency-selective fading, which incorporates the
frequency-dependent nature of fading. (The frequency affects the phase offsets of the mul-
tipath components of the signal, which in turn affects the interference patterns that cause
fading.) Although these techniques are necessary for analysis of wideband technologies like
direct-sequence code-division multiple access (DS-CDMA) and orthogonal frequency division
multiplexing (OFDM), they are not necessary for the narrowband BPSK implementations that
are studied herein.

Therefore, this thesis concentrates on narrowband Rayleigh fading based on the Clarke flat
fading model. We simulate this model using the Jakes fading simulator described in [6]. We
consider the difficult case of slow fading, for which conventional convolutional channel codes

perform poorly.



1.3.2 Existing techniques for wireless image transmission

Many error-control solutions have been proposed to address the problem of transmitting
images over wireless channels. These techniques include approaches that add redundancy at
the source level, such as error-resilient source encodings and source-based multiple description,
as well as techniques that use fragile source encodings but attempt to prevent bit errors from
being seen by the decoder. The technique for sending images over wireless channels discussed
in this paper is of the second type, but we view the inner channel codes as part of a multiple-
description image encoding rather than as part of the code that protects the image against
channel-induced bit errors.

Many techniques have been proposed for the transmission of images over wireless networks.
One obvious technique is to take an existing image encoder, and then protect the bitstream
using conventional codes — a separated source-channel encoding scheme. Many schemes in
the literature that use an existing image coder are based on the popular SPTHT (Set Parti-
tioning Into Hierarchical Trees) image coder [7]. Although the SPIHT coder has very poor
error resilience (single-bit errors often cause a loss of synchronization between the encoder and
decoder, and can result in a badly distorted image), it is a progressive encoding in which the
decoding can be terminated at any bit in the stream. Therefore, if channel-induced bit errors
can be detected, decoding can be terminated before the bit containing the error is decoded. If
this is not done, the error is likely to cause later bits to be decoded incorrectly as well, which
significantly increases decoding error.

One application of separate source encoding and channel protection was proposed by P.
Sherwood and K. Zeger [8]. In this system, the SPIHT-encoded image is divided into a series

of packets. Each packet is then protected with an error-correcting code and an error-detection



code which allows failures of the error-correcting code to be detected. In this system, “equal pro-
tection” rate-compatible punctured-convolutional (RCPC) codes are used for error correction,
and cyclic redundancy check (CRC) codes are used for error detection. (In this context, “equal
protection” refers to the fact that each packet is protected equally against channel errors.) The
progressive nature of the SPTHT image encoding allows the data bits to be decoded up to the
first packet in which an error was detected, allowing an acceptable image to be decoded unless
an early packet in the sequence is lost.

The problem with this scheme is that the loss of the first image packet is catastrophic because
it prevents the decoding of any subsequent image packets even if they are received intact. To
address this problem, joint source-channel coding schemes have been proposed which account
for the varying importance of the bits in the progressive image description. One example of
such a scheme is proposed by Appadwedula et al. in [9]. In this scheme, symbol energy and
Reed-Solomon code rates are allocated using a gradient-descent search to minimize expected
distortion.

A similar scheme, proposed by V. Chande and N. Farvadin in [3], combines the Sherwood
and Zeger packetized encoding (with RCPC and CRC codes) and joint source-channel code
optimizations like those in [9]. In Chande’s scheme, the code schedule (which defines the RCPC
code rate for each packet transmitted) is chosen for each packet from a family of channel codes
by a dynamic-programming optimizer that maximizes an objective measure of performance.
In [3] the objective measures considered were the expected mean-squared error at the receiver
and the expected number of bits between the beginning of the transmitted image and the first
detected error. This optimization lowers the probability that the early bits in the encoded

data stream will be lost, at the expense of raising the probability that later source bits will be



lost. Because the early, important bits are given more protection than the later, less important
bits of the image description, the optimization of unequal-protection codes using these criteria
significantly decreased the expected distortion at the receiver.

This type of scheme works well for binary symmetric or Gaussian noise channels because
the RCPC code rates can be easily chosen so that the probability of packet loss is small;
optimization can be achieved by balancing the received image quality against the probability
that part or all of the image is lost. However, such a scheme is less than ideal for a fading
channel, because on such a channel some of the packets will inevitably be lost due to deep
fades. Although the channel codes can be chosen so that this is unlikely, this is wasteful of bits
when the channel signal-to-noise ratio is high. Unfortunately, it is a priori unknown whether a
given packet will encounter severe fading. Even Chande and Farvadin’s scheme assumes that
the channel is memoryless or nearly so — although low-rate RCPC codes are used to protect
the most important data, the extremely low coding rate required to ensure these first packets
are received intact even in deep fades is wasteful of bits and hurts performance significantly.

There are several ways to address this weakness. First, an interleaver can be used to
decorrelate errors in nearby bits by spreading adjacent bits out over time; this is examined
in [9]. Reasonably-sized interleavers are effective on fast-fading channels. They essentially
eliminate correlation between the fading coefficient of nearby bits, reducing the channel to a
memoryless Rayleigh channel. Because the bit errors caused by a memoryless Rayleigh channel
are scattered randomly, they can be corrected using conventional channel codes, including Reed-
Solomon and RCPC codes. However, the delay through a stream interleaver increases as the

square of the separation it introduces between any two adjacent bits; this increased delay also



represents increased complexity. Therefore, for slow-fading channels, the delay and complexity
of an interleaver sufficient to significantly decorrelate the channel are prohibitive [4].

Instead of using an interleaver, we can accept the fact that packets subject to heavy fade
are likely to be lost, and design the source code to work around this. In [4], Sherwood and
Zeger introduce a scheme with concatenated RCPC+CRC and Reed-Solomon erasure correction
codes; the Reed-Solomon codes allow the transmitted data to be reconstructed even if several
of the packets are lost. This type of scheme allows the strength of the RCPC outer code to
be set such that some packets are always lost (increasing the rate of the code and therefore
the number of source bits sent); the inner Reed-Solomon code can reconstruct the lost packets
using fewer extra parity bits than the RCPC+CRC codes alone would require. Sherwood and
Zeger found this scheme to be quite effective, decreasing expected mean-squared distortion at
the receiver significantly compared to the use of RCPC+CRC codes only [4].

Performance can be increased even more by putting extra protection on the first few pack-
ets. Sherwood and Zeger offer two different “unequal protection” schemes to accomplish this:
“UEP1” and the lower-rate “UEP2,” which offers better expected performance at the cost of
larger reconstruction error if few packets are lost. In these schemes, extra coding is used to
further reduce the probability of a decoding failure occurring in the first 400 and 2 000 trans-
mitted bits. By coarsely matching channel codes to the progressive source image, performance

is improved — justifying the effort of doing more complete joint source-channel coding.



CHAPTER 2

A PRODUCT-CODE FRAMEWORK FOR TRANSMITTING
IMAGES

In [4], Sherwood and Zeger used a combination of error-correction coding and packet-erasure
correction to create an error-control scheme for transmitting images over fading channels that
improved performance significantly over the previous state of the art. More importantly, how-
ever, they also introduced the view that channel error bursts caused by fades are similar in
nature to packet losses, and that a fading channel can be transformed into a packet loss chan-
nel through the use of channel codes. However, their work does not take full advantage of this
observation. The Reed-Solomon code that they use across packets is ad hoc and certainly not
the best approach for all circumstances; cases where the total bit rate available is not approx-
imately 0.25 bpp are not considered, nor are cases where the extra protection on the first bits
does not actually improve performance. For these reasons, a more systematic approach for
allocating protection across the packets is desirable.

To address this weakness of the Sherwood and Zeger design, we consider the use of a
multiple-description image coder instead of the ad-hoc Reed-Solomon codes. These coders are
designed to create several independent descriptions of the encoded image. Given only one of

these image descriptions, the image can be reconstructed with some level of quality;' as more of

Note that if many descriptions are generated, more than one description may be required to decode a useful
representation of the image.
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the descriptions are made available to the receiver, the received image quality improves. Ideally,
the image quality at the receiver depends only on how many image descriptions are received,

and not on which descriptions are received.

2.1 Multiple Description Using Forward Error Correction

Several techniques exist in the literature for generating these multiple-description (MD)
codes, including both source-domain approaches and approaches that combine a progressive
image coder like SPTHT with forward error-correcting codes (FEC). Source-domain MD codes
[10], [11] are usually less flexible than MD codes designed using forward error correction and
often incur more distortion for a given bit rate and packet-loss level; some, such as the multiple-
description version of SPTHT described in [11], are more difficult to decode as well. For this
reason, I concentrate on multiple description using forward error correction (MD-FEC) in this
thesis.

As in the Sherwood and Zeger encoding, the progressive bitstream used by the MD-FEC
encoding is generated by the popular SPTHT image coder [7]. This encoder is a state-of-the-art
image coder with the valuable embedding property, in that the encoding for any given rate is
the prefix of the encoding of the same image for any higher rate. This property implies the
progressive property, meaning that additional bits provide for an improved reconstruction at
the receiver. The embedding property simplifies the creation of the source code, since the image
can be encoded (and the rate-distortion curve generated) before the final rate that will be used
is known.

An approach for using these Reed-Solomon channel codes to create a multiple-description
bitstream was introduced in 1999 in independent work by A. Mohr et al. [13], and R. Puri

and K. Ramchandran [14]. If Reed-Solomon codes are allocated across blocks so that each
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Reed-Solomon block contains exactly one symbol in each packet, which packets arrive at the
receiver is irrelevant.

The MD-FEC algorithm “equalizes” the bitstream by spreading contiguous data across
packets as shown in Figure 2.1. The i** Reed-Solomon symbol in each packet forms the i
column. Each column ¢; forms an (n, k;) Reed-Solomon code; k; source symbols are placed into
the column, and the remaining space is taken by the Reed-Solomon parity (“FEC”) symbols.
The number of data symbols k; can be chosen for each column. Since we have a progressive
source, each source symbol is more important than the one following it. So, for columns ¢;, ¢;j,
i < j, we would want k; < kj. A column ¢; can be decoded if and only if k; or more packets
are received. Since k; is nondecreasing, if m packets are received we receive all source bits up
to the first column encoded with an (n,m + 1) code. Therefore, this scheme, combined with a
fully embedded image coder like SPTHT, satisfies the intention of offering multiple descriptions
of the source image. All of the descriptions — the packets — are equally important, and any
arbitrary subset of them can be decoded at the receiver, yielding the same image as any other
subset of the same size.

This forward-error-correction approach to multiple description is extremely flexible. The re-
construction quality for any given number of received packets can be defined by simply choosing
R; to be the number of symbols required to achieve the desired image quality at the receiver.
In this way, we can create an arbitrary profile that, for the same number of packets decoded
at the receiver, achieves the same mean-squared distortion as any other multiple-description
algorithm. Furthermore, simulations have shown that MD-FEC encoded SPIHT requires fewer

bits per packet to achieve a given quality profile than competing source-domain techniques [14].
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Figure 2.1 Multiple description using forward error correction

2.2 Multiple Description for Wireless Image Transmission

The main innovation of this work is the application of multiple-description techniques to the
problem of transmitting images over wireless fading channels. To apply multiple-description
techniques, we rely on a product code framework that uses a two-layer concatenated code. The
outer code is an RCPC and CRC error-correction and -detection code; the inner code is the
multiple-description SPTHT-encoded image described in the previous section. The inner MD-
FEC encoding allows the quality of the image decoded at the receiver to degrade gracefully
as the number of packets corrupted beyond the ability of the outer RCPC codes to correct
increases. However, this encoding is also critically dependent on appropriate choices for the
inner and outer code rates to correctly match the image being encoded to the characteristics

of the fading channel. By combining a fast, nearly-optimal Lagrange optimizer for the Reed-
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Solomon row codes with this concatenated-code framework, we create an efficient, practical
image transfer system which gives results that are better than the current state of the art.

The MD-FEC optimizer allocates the unequal protection Reed-Solomon codes based on
the rate-distortion curve and the channel state in terms of a loss profile (called the “channel
PMF” in [13]). Once the code structure is determined, the data is split into packets and the
Reed-Solomon forward error correction is added. Finally, the outer packet error detection and
correction codes are added, and the resulting packets are transmitted to the receiver.

The exact nature of the error-correction and -detection code is not important; a variety of
different types of codes, including both conventional convolutional codes and more advanced
codes, such as turbo codes [15] or low-density parity check (LDPC) codes [16], can be used as
long as the codes can protect the packets against bit errors and detect decoding failure with a
high probability. Because of their relative simplicity and the ease with which a variety of code
rates can be generated, the rate-compatible punctured convolutional (RCPC) codes described
in [17] are used. The codes used are based on a memory 4, rate 1/3 mother code; a variety of
punctured rates, ranging from 8/9 to 1/3, are available. Included in the RCPC-encoded data is
a 16-bit cyclic redundancy check (CRC), an effective error-detection code with a low probability
of false positives.?2 A block diagram of the system is included as Figure 2.2. The complete code
structure, including the inner MD-FEC and outer Reed-Solomon codes, is shown in Figure 2.3.

Since the MD-FEC code design depends on many parameters, including the rate-distortion
curve of the image being sent (which is not available to the receiver), overhead information
must be added to each packet to describe the structure of the inner Reed-Solomon codes to the

receiver. The required overhead includes the following:

?Note that the inner Reed-Solomon codes provide some protection against undetected erroneous packets as
well, so the improbable event of a false positive does not significantly hurt the system’s performance.
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Figure 2.3 Multiple description for wireless image transmission

e One Reed-Solomon symbol per packet, which encodes the number of data symbols in the

first column.

e Two Reed-Solomon symbols as the first data symbols in each protection level. These
symbols encode the length of the current protection level (in columns)® and the number

of data symbols per column in the next protection level.

3This is limited to describing a number less than or equal to the number of elements of the Galois field from
which the Reed-Solomon codes are derived. Typically, a Galois field of size 2° = 256 is used. If more than 256
Reed-Solomon columns are generated, and a protection level is allocated more than 256 columns, one of two
approaches can be taken. Either more symbols can be used to describe the length of each protection level (using
two symbols, a total of three symbols’ overhead per level, allows 65 536 columns), or the protection level/length
pair can be repeated every 256 columns. None of the cases examined in this thesis used more than 256 columns.
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Although the distinction is artificial, for our packetization scheme it is convenient to think
of the RCPC+CRC codes as being “channel” codes and the Reed-Solomon codes as being
part of the “source” code. The RCPC codes allow reasonable confidence that the transmitted
descriptions will be received correctly except during deep fades; the added CRC codes allow the
channel to be treated as an erasure channel by preventing erroneous data from being decoded
and processed.

Distinguishing between the RCPC+CRC “channel” codes and the Reed-Solomon “source”
codes allows us to analyze the transmission of the embedded image over a wireless channel
without considering individual bit errors. Since the CRC codes essentially prevent any bit errors
introduced by the channel from being seen by the “source” codes, we can assume that there
are no bit errors in the channel. We therefore view the wireless channel and the RCPC+CRC
codes as a system for transmitting multiple descriptions of an image with some probability of
successfully delivering different subsets of those descriptions.

This encoding improves on the unequal protection encoding proposed by Sherwood and
Zeger in [4] in that in ours, all packets have essentially identical importance,® whereas in their
scheme packets are not all of equal importance. Their scheme cannot recover the image if certain
packets are lost. In fact, even with their most powerful unequal protection scheme, the loss of
only 12 out of 140 packets can result in the loss of the first 200 bits of the image description,
rendering the entire image irrecoverable. In our scheme, no such pathological case exists. On the
other hand, in most cases their scheme incurs less of a delay before a useful subset of the image

data can be decoded, since the contiguous symbols in the packets correspond to consecutive

4All packets are identically important if the possibility of recovering part of a column, when fewer packets
than the number of data symbols in that column are received, is ignored.
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source symbols. Our proposed approach distributes the data across packets, preventing the

decoding of image data until a significant subset of packets has arrived.
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CHAPTER 3

CODE ALLOCATION ALGORITHMS FOR WIRELESS
CHANNELS

In this chapter, we describe several algorithms which allocate the protection levels for the
inner Reed-Solomon codes so as to minimize an objective measure of image distortion. Efficient
techniques for this are key to the wireless image-transmission system described in the previous
chapter, because the number of possible code allocations is large and an exhaustive search
is impractical. In this chapter, we develop a computationally tractable method for deriving
the optimal protection levels, and the corresponding expected performance, given a packet-loss
profile. We then develop an efficient algorithm (which takes time that is linear in the number
of packets sent) which closely approximates this optimal solution.

Unlike the Reed-Solomon codes, the outer RCPC codes offer only a small number of possible
rates; in our experiments, nine distinct rates were available. Since each packet must be sent
with the same RCPC code rate (to do otherwise would violate the assumption that, a priori,
each packet is equally likely to be lost), optimizing between the outer RCPC codes and the inner
Reed-Solomon codes can be done using an exhaustive search if full channel-state information is
available. However, since perfect channel-state information is often unavailable, optimization

of the RCPC code rate is examined briefly as well.
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3.1 Optimization Problem Statement and Solution

A complete code allocation strategy m consists of a protection level m; for each column
i (of £) in the multiple-description code. The protection level chooses the number of source
data symbols in that column; the remaining symbols are Reed-Solomon check symbols used
as an erasure code. (Each parity symbol can correct one row erasure in that column.) Since
embedded coders such as SPTHT lose synchronization when a bitstream with even one bit error
is presented, each column is required to have at least as much protection as the previous column.
When this is done, the decoded SPIHT bitstream will always be a contiguous block starting
with the first symbol. For simplicity, we assume that any column ¢ that does not contain at
least m; symbols is completely unrecoverable.

We can solve this allocation problem by noting that the optimal protection level for the
current column must be the level that provides the largest combined MSE reduction for the
current and all remaining columns. Because choosing the protection level for the current column
affects the protection levels that can be chosen for the remaining columns, a greedy algorithm
— choosing the protection level that gives the largest reduction in MSE for this column —
is not globally optimal. Note, however, that a naive implementation of this algorithm results
in a computational complexity that is exponential in the number of columns, and cannot be
implemented for reasonable problem sizes.

Dynamic programming can be used to significantly decrease the cost of finding the optimal
solution exactly. The dynamic programming solution has a cost that is a polynomial of the input
size; the total number of subproblems is reduced to O(R?), and memoization (the recording
of computed subproblem solutions in a table for future use) is used to return the solution for

an already-solved subproblem in constant time. The reduction in the number of subproblems
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comes from the observation that we need only three pieces of information to uniquely identify
a subproblem: the number of data symbols sent in all of the columns so far, which can take R
possible values; the current column number, which can take £ values; and the number of data
symbols in the previous column, which can take p possible values. This means that the number
of subproblems to be solved, and therefore the size of the table, is O(Rpf) = O(R?). Solving
each subproblem requires O(p) time, plus the time required to execute any recursive calls to
calculate table values which are not yet filled in. Since only O(R?) table entries exist, the entire
problem can take no more than O(p) - O(R?) = O(pR?) time.

While the dynamic programming solution does reduce the running time of the problem
to a polynomial of the input size, it requires a very large table to accomplish this,! and still
takes enough time that it cannot be implemented practically on embedded hardware. Since
the optimal solution is too complex to be practically implemented, it is worth exploring other
solutions to this allocation problem.

One way of reducing both the table size and the running time of this dynamic programming
optimizer is to approximate the rate-distortion curve of the progressive image coder with a
linear function [3]. Making this approximation reduces the table size to O(R) and the running
time to O(pR). This is because each additional data symbol reduces the cost of the solution by
exactly one unit, so it is not necessary to examine the number of previously transmitted data
elements when doing a table lookup. However, since the SPTHT rate-distortion curve is not
even approximately linear (it is approximately exponential), this approximation can result in a

significant reduction in expected performance at the receiver.

!The table generated in solving the 24-packet, 0.237-bpp, rate 4/7 case was approximately 75 Mbytes.
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3.2 An Optimizing Heuristic Based on Lagrange Multipliers

There have been several optimizing techniques proposed recently to cut down on the cost
of the optimal allocation described above. These include approximating the rate-distortion
curve of the image being transmitted as a linear function [3], greedy algorithms [12], and
gradient-descent algorithms [13]. Except for the gradient-descent algorithm (for which it is
difficult to define an exact running time), all of these algorithms improve running time to
O(R) at the cost of a small increase in expected mean-squared error at the receiver. However,
the work of R. Puri and K. Ramchandran in [14] offers an optimization algorithm that uses
Lagrangian optimization to solve a related continuous optimization problem. The advantage
of this technique over competing techniques is that given a convex rate-distortion curve, this
technique can find a bit allocation in O(p) time. The following description of this technique is
adapted with permission from [14].

Unlike the dynamic-programming technique described above, which evaluates the rate par-
titioning on a column-by-column basis, the Lagrangian optimizer achieves its speedup by plac-
ing the boundaries between the different protection levels. It optimizes a rate partitioning
R = Ry,...,Rn_1, where each of the rates R; represent the number of source symbols that
can be successfully decoded if 7 + 1 descriptions arrive intact at the receiver. (Equivalently, R;
is the number of source symbols in column codes that have no more than 7 + 1 data symbols.)
This algorithm solves a continuous version of the discrete problem above; it does not address
the fact that each column must be an integral number of Reed-Solomon symbols wide.

Note that R; < R; must hold for ¢« < j from the requirement that the number of data

symbols in a column is a nondecreasing function of the column number.
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We can define the expected distortion E[D] based on the rates R; as follows:

N-1
ED]=q 1-E+ Y q;- D(R)), (3.1)
§=0
where F is the source variance, or the mean squared error incurred when the source is repre-

sented by zero bits, and g¢; is the probability that i + 1 packets were successfully received at the

receiver. The total rate used is
Ri= ) aj-(Ry) (3.2)

where

and ay_1 = 1.
Problem Statement: Given the number of packets p, each packet of size £ (i.e., the total rate
budget is R* = p- £), and a progressive bitstream with rate-distortion curve D(r), minimize

E[D] subject to the following two constraints:

R <R (3.3)
Ry<Ri...<R, <R, (3.4)

There is also a third constraint, which we ignore for now:
R,— R;_1 = kz('l + 1) (3.5)

This constraint (3.5) exists due to the fact that each protection level must span an integral
number of columns.
Subject to constraint (3.3) only, the solution can be easily found using the theory of Lagrange

multipliers [14], [18]. Also, if %2 > 22+l then constraint (3.4) is automatically satisfied, since
p ? ? qn Qn+1”’
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the product of the rate-distortion curve slope at point R; and %3 is a constant, and, since the
rate-distortion curve is convex, its slope is monotonically increasing.
In general, however, ‘;—: may not be monotonically decreasing. Therefore, satisfying con-

straint (3.4) in the general case requires a result from the analysis of this algorithm [14]:

Result If 2‘—: < ‘;ZLI , then R, = Ry,11 in the optimal solution.
Proof Assume that there exists an optimal solution such that R, < R,+1. Then take away
AR bits from R, 41 and give AR - 221 bits to R, (so that the rate constraints (3.3) and (3.4)

are satisfied). Now, the net decrease in our cost is

Decrease = AR - apy1 q—n)\(Rn) _ Gt AMRp+1) (3.6)
Qnp, Apt1

Since ‘;—: < 3::11 and A(R,) > A(R,+1), the decrease is positive, contradicting our assumption

that the original solution is optimal. Therefore, in the optimal solution R, = Ry4+1. Q.E.D.

Qn On+1
' gn — Qn+1’

In other words, in the case where, for some n the optimal solution to the
original problem is the same as that to a reduced problem where R, = R, 41 is replaced by R’n
so that a;L = 41 + Qpto and q;L = qn+1 + gn+2- We can therefore solve the reduced problem
where 22 < ‘;Z—j:, automatically satisfying constraint (3.4).

However, this solution (which is optimal to within a convex-hull approximation of the rate-
distortion curve of the coded image) does not take into account the Reed-Solomon coding
constraint (3.5). We currently do not know if an elegant, optimal solution which accounts for
this constraint exists, but we can use a simple heuristic to map the optimal solution into a

nearby solution in the space of allowable configurations for the MD-FEC transcoder: decrease

each R; until R; — R;_1 becomes an integer multiple of ¢ 4+ 1, then increase the last R; for which
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R; — R;_1 is nonzero until R* = R;. This heuristic biases the solution toward increased peak
PSNR at the receiver. While other heuristics are possible, we have observed that in simulations
the performance of the heuristic solution is always very close to that of the optimal solution.
Also, this Lagrange-based optimizer is much faster than competing techniques in the literature,
such as the greedy descent algorithm proposed by Mohr et al. [13]. The running time of the
Lagrange optimizer is O(p) per value of A tested; the value for A is found using a fast bisection
search and in testing is usually found within 32 iterations.? Although the required R-D curve
can be derived with little extra computation from the SPITHT encoder, the rate-distortion curve
sent to the optimizer must be convex. Computing a convex hull takes O(R log R) time. However,
since the SPTHT rate-distortion curve is approximately convex when sampled at widely spaced
intervals, we can avoid this step at a small cost to expected image quality at the receiver.

As the MD-FEC optimizer uses the rate-distortion curve of the image being transmitted
(which is not available to the receiver) in its calculations, the code allocation must be described
by the packets sent to the receiver. Although these per level overhead costs are not considered
in the optimization process, which assumes that there is no added cost for creating a new
protection level, the added per-level cost of describing the code configuration to the receiver
is included when the final performance figures are calculated. Typically, few protection levels
are actually used, and the bits used to describe the code allocation to the receiver have only a

modest impact on the expected performance at the receiver.

3.3 Optimizing RCPC Code Rates

The above discussion reveals several algorithms for allocating the protection levels for the

inner Reed-Solomon codes in a source-aware manner. However, in addition to allocating the

*Note that A can be found to within any arbitrary tolerance in constant time using a bisection search.
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Reed-Solomon code rates, bits must be allocated to the outer RCPC+CRC codes. This is
simplified by the fact that all packets are equally important, and therefore unequal protection
on the packets is neither necessary nor desirable; thus, only a few possibilities exist for the
outer code rate. (In our code, nine possible rates were available from the RCPC encoder and
decoder.) Because the Reed-Solomon code rate optimizer tells us not only the optimal code
allocation, but also the expected distortion (cost) of that allocation at the receiver, we can
simply run the optimization on all possible outer code rates, then use the outer code rate that
results in an inner code that has the lowest expected distortion at the receiver.

However, this is a somewhat naive view of the rate-allocation problem. While it is true
that the optimization problem can be reasonably solved by a brute-force search, this does
not address the fact that while the packet-loss profile of the current RCPC code rate may be
available (if, for example, the receiver relays the number of packets received from each image to
the transmitter using a feedback channel), the packet-loss profile from other RCPC code rates
is hard to derive from this information.? It is therefore reasonable to make the assumption that
the only packet-loss profile available at any given time is that of the current RCPC code rate.
We will further assume that the expected MSE at the receiver is a unimodal function of the
RCPC code rate. If this is the case, we can do a reasonable job of estimating the correct RCPC
code rate to use by simply doing a gradient-descent search. The code rate is changed after a
sufficient number of images have been sent to develop an accurate channel profile.

The code rate is stepped in the same direction as the last step if overall performance im-

proved, or in the opposite direction if overall performance suffered. Imperfect performance

3 Actually, the rate-compatible property of the RCPC codes can be used to estimate the packet-loss profile if
less protection — a higher rate code — is sent, but it is hard to estimate whether additional parity would have
allowed us to decode the packet.
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estimates provide some protection against local maxima; if necessary, a stochastic algorithm
(such as simulated annealing) could be used to find the global maximum.

Unfortunately, the gradient-descent optimization method described above has three impor-
tant limitations. The first limitation is that it is slow; sufficient data to generate a reasonably
accurate packet-loss profile — probably a hundred or more images — must be generated before
the system can switch from one RCPC code rate to another. The second is that the optimizer
can become stuck in local maxima; the third, and most important, is that by its nature the

system cannot always remain in the state that achieves the best possible performance.
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CHAPTER 4

SIMULATIONS AND PERFORMANCE ANALYSIS

We next analyze the performance of the multiple description product code described in
Chapter 2. We evaluate its performance by simulating sending the 512 x 512 Lena image used
by Sherwood and Zeger in [4] over a wireless channel. We also simulate sending the 512 x 512

“Fingerprint” image from the JPEG-2000 test image suite.

4.1 Channel Model and RCPC Codes

Because the algorithms above require a profile of the packet arrival probability to optimize
the MD-FEC stream, we use a channel simulator to model the fading channel along with the
RCPC and CRC channel codes. Since the multiple-description codes described above and the
RCPC channel codes are two logically separate components of the system, we can generate the
packet loss probabilities with the simulator, then analyze the performance of the overall system
using those probabilities.

Our evaluation of the concatenated RCPC+CRC and Reed-Solomon code model for sending
images over a wireless channel uses the same channel model proposed by Sherwood and Zeger
[4]: a Clarke flat-fading channel with an average signal-to-noise ratio of 10 dB and a normalized

Doppler frequency of 1075 Hz. This channel remains in a severely impaired state (with a bit
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error rate of 0.1 or more) for approximately 10 000 bits [4]. BPSK (antipodal) signalling was
simulated.

The RCPC encoder and decoder are based on code written by P. Karn [19] and were explic-
itly simulated. The MD-FEC (Reed Solomon codes) were simulated implicitly, and the CRC
codes were assumed to detect any errors perfectly — any packet mismatch was assumed to cause
a CRC error, and the CRCs were never explicitly calculated. Error detection was implemented
by simply comparing the transmitted and decoded data bit-for-bit.

List-Viterbi decoding was used; if none of the ten lowest-metric paths matched the packet
being sent, the packet was declared to have been lost. In these simulations, the decoder used
does soft decoding assuming a Gaussian channel with a 7.5-dB SNR, a bias which was found to
improve performance. Performance could potentially be improved by providing a more accurate

channel model to the RCPC decoder.

4.2 Product-Code Performance Evaluations

We evaluated the performance of the MD-FEC system by using the channel simulator and
RCPC encoder described above. The RCPC code rate was optimized by simply choosing the
code rate that resulted in the highest expected performance at the receiver. The packet-loss
profile was fed into the MD-FEC optimizer, and the bit allocation was used along with the
packet-loss profile to compute the expected performance at the receiver.

Peak and mean PSNR figures given here are based on simulation of the transmission of
5,000 images unless otherwise noted; all simulations tested at least 1,000 transmitted images.
The initial state of the fading simulator was chosen independently and randomly for each image
transmitted. Except where noted, all mean and peak PSNRs given for MD-FEC codes account

for the overhead required to describe the code configuration to the receiver. Note that unlike

28



Mobhr et al., Sherwood and Zeger define expected PSNR at the receiver as the expected mean-
squared error, converted to PSNR in the usual way. The same definition is used here for
comparisons against their work.

The first test we performed was comparing the performance of the proposed system against
the system presented by Sherwood and Zeger in their ICIP 98 paper [4]. To make this com-
parison, we started with simulations using the same packet length and number of packets: 200
bits of information per packet were encoded into 444 channel bits, protected by a rate 1/2
RCPC+CRC code. The information bits stored in the packet consist of source data encoded
with either the Sherwood and Zeger “UEP2” scheme or our MD-FEC row codes. Two images
were tested: the JPEG-2000 “fingerprint” test image, and the 512 x 512 Lena image used by
Sherwood and Zeger in their testing.

Our implementation of the Sherwood and Zeger “UEP2” code required that we choose the
number of packets n such that n mod 16 = 12; to achieve this at a bit rate of approximately 0.25
bpp, 140 packets were used. This resulted in a total rate, including both source and channel
codes, of 0.237 bits per pixel (bpp). This is equivalent to a total rate of 62,160 bits per image,
including all source and channel codes. At this rate, our implementation of the Sherwood and
Zeger “UEP2” code achieves a mean MSE at the receiver corresponding to a PSNR of 27.75
dB. Sherwood and Zeger’s implementation achieves a 27.815 dB expected MSE at the receiver.
(The small difference may be accounted for by the use of a bit rate of 0.237 bpp instead of 0.25
bpp.) The peak delivered PSNR for our implementation of the Sherwood and Zeger code is
28.26 dB.

On the same channel, using the same 444-bit packet size, RCPC code rate, and list of

packets that were successfully decoded at the receiver, our RCPC/CRC+MDFEC scheme using
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the Lagrange optimizer achieves an expected MSE corresponding to a 27.90 dB PSNR, and a
peak PSNR (achieved approximately 90% of the time) of 28.84 dB. This means that by simply
substituting our source-optimized multiple-description row codes for Sherwood and Zeger’s
“UEP2” row code, we improve the mean PSNR at the receiver by 0.15 dB, and improve the
perceptually important peak performance metric as well. Figure 4.1 shows a comparison of the

performance of the Sherwood and Zeger codes with our MD-FEC approach.

PSNR pdfs for 0.237 bpp image transmission
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Figure 4.1 Comparison of RCPC/CRC+MDFEC and Sherwood and Zeger UEP2

This 0.15 dB gain over Sherwood and Zeger’s “UEP2” scheme can be improved by better

matching the packet length and RCPC code rate to the channel. The rate 1/2 RCPC code
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Table 4.1 Performance comparison for 512 x 512 Lena image

‘ Encoding ‘ Code Rate ‘ Ezpected MSE ‘ Peak PSNR ‘ 90% PSNR ‘
Sherwood and 0.28 27.75 dB 28.26 dB 28.26 dB
Zeger “UEP2”
140-packet MDFEC 0.30 27.90 dB 28.84 dB 28.22 dB
rate-1/2 RCPC codes +0.15 dB +0.58 dB -0.04 dB
140-packet MDFEC 0.37 28.38 dB 29.73 dB 28.16 dB
rate-2/3 RCPC codes +0.63 dB +1.49 dB -0.10 dB
24-packet MDFEC 0.35 28.35 dB 29.56 dB 29.44 dB
rate-4/7 RCPC codes +0.60 dB +1.25 dB +1.18 dB
1 bpp, 96-packet MDFEC 0.46 36.34 dB 36.80 dB 36.34 dB
rate-4/5 RCPC codes

results in too much protection, and performance in the 140-packet case can be improved by
simply increasing the RCPC code rate to 2/3. This change results in an expected PSNR at the
receiver of 28.38 dB, an improvement of 0.63 dB over Sherwood and Zeger’s “UEP2” code. The
peak PSNR increases to 29.75 dB, achieved 88% of the time. Table 4.1 summarizes the above
results for the Lena image.

We also examined the performance of both the Sherwood and Zeger “UEP2” and the wireless
MD-FEC encodings on the more difficult JPEG-2000 “fingerprint” image. The wireless MD-
FEC algorithm once again offers significantly improved performance, in terms of both peak
PSNR and expected mean-squared error at the receiver. A summary of these performance
results is included as Table 4.2; the probability distribution functions for the received PSNR

are included as Figure 4.2.

4.3 Effects of Packet Length on Performance

It is also worth exploring the effect on performance of reducing the number of packets

without changing the total number of channel bits transmitted. Although using fewer packets
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Table 4.2 Performance comparison for 512 x 512 fingerprint image

‘ Encoding ‘ Code Rate ‘ Ezpected MSE ‘ Peak PSNR ‘ 90% PSNR ‘
Sherwood and 0.28 26.21 dB 26.62 dB 26.62 dB
Zeger “UEP2”
140-packet MDFEC 0.34 26.47 dB 26.91 dB 26.39 dB
rate-1/2 RCPC codes +0.26 dB +0.29 dB -0.23 dB
140-packet MDFEC 0.44 26.89 dB 27.49 dB 25.44 dB
rate-2/3 RCPC codes +0.63 dB +0.87 dB -1.18 dB
24-packet MDFEC 0.41 26.86 dB 27.35 dB 27.35 dB
rate-4/7 RCPC codes +0.65 dB +0.73 dB +0.73 dB
1 bpp, 96-packet MDFEC 0.49 32.94 dB 33.54 dB 32.65 dB
rate-4/5 RCPC codes

results in more data loss when an uncorrectable error occurs while decoding a packet, other
factors can offset this limitation. This is because the short packets significantly increase the
per-packet overhead (including Reed-Solomon code description, CRC, and trellis termination
bits), and because the fade is so slow that even very large packets are shorter than the mean
fade duration. More importantly, reducing the number of packets also reduces the number of
erasures to be corrected in each column. This reduces the cost of the Reed-Solomon decoding
at the receiver.

To determine the effects of increasing the packet length on performance, we tested several
different packet lengths and RCPC code rates at the same total rate of 0.237 bpp. We found
that good performance could be achieved by sending 24 packets of 2,590 bits each and using an
RCPC code rate of 4/7. (Performance suffered significantly if fewer packets were used.) This
structure resulted in a mean MSE at the receiver corresponding to a PSNR of 28.35 dB, an
improvement of 0.60 dB over the performance of the Sherwood and Zeger “UEP2” scheme on
the same channel and only 0.03 dB worse than the 140-packet case. The peak PSNR, achieved

approximately 87% of the time, is 29.56 dB. For this 24-packet case, Figure 4.3 shows images
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PSNR pdfs for 0.237 bpp "Fingerprint" image
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Figure 4.2 Comparison of RCPC/CRC+MDFEC and Sherwood and Zeger UEP2

with distortions greater than or equal to the image received 85%, 90%, 95%, and 99% of the
time.

To verify that the Lagrange optimizer still performs well when fewer packets are used, we
compared the expected performance for the 24-packet case against the true optimal solution,
calculated using the O(pR?) dynamic program. Since none of the optimizers include the per-
level cost as part of their optimization process, for this test we allowed the bits normally
reserved to describe the Reed-Solomon codes to the receiver to be used to transmit source

image data instead. If this is done, the heuristic optimizer results in an expected MSE of 28.41
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99th percentile (20.55 dB) 95th percentile (26.09 dB)

90th percentile (29.44 dB) 85th percentile (29.56 dB)

Figure 4.3 Received images at 0.237 bpp (24-packet, rate 4/7 RCPC codes)

dB (29.61 dB peak) at the receiver for the 24-packet, rate 4/7 case. The provably-optimal
dynamic programming optimizer provides a solution with an expected PSNR of 28.48 dB, only
0.07 dB better.

Even when using a much smaller number of packets, our scheme provides a significant
improvement (1.3 dB) over the Sherwood and Zeger “UEP2” scheme 87% of the time, while

offering essentially equivalent performance when many packets are lost.! Using fewer packets

The Sherwood and Zeger “UEP1” scheme improves peak performance by approximately 0.5 dB, but only
achieves this peak approximately 75% of the time.
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also simplifies decoding and reduces the cost of any additional per-packet overhead, such as
sequence numbers, that may be required.

Due to the fact that 0.237 bpp is not sufficient to send the 512 x 512 Lena image with
good perceived quality, the performance of the MD-FEC scheme at a rate of 1 bpp was also
tested. The PSNR pdf for MD-FEC at 1 bpp is included below as Figure 4.4. The configuration
for this test was 96 packets of 2,730 bits each; the RCPC code rate used was 4/5. Based on
1,000 simulated image transmissions, the expected PSNR at the receiver was 36.34 dB for this
configuration, and the peak PSNR (achieved approximately 90% of the time) was 36.80 dB.
Figure 4.5 shows images with distortions greater than or equal to the distortion of the image
received 90%, 95%, 98%, and 99% of the time.

Tables 4.1 and 4.2 above show the results for 0.237 bpp using 24 packets and 1 bpp using

96 packets for both the Lena and JPEG-2000 “fingerprint” image.

4.4 Effect of RCPC Code Rate on Performance

To validate the assumption that the overall performance is a convex function of the RCPC
code rate, Figure 4.6 compares the expected PSNR at the receiver to the RCPC code rate used
for the three packet structures evaluated above. While these curves show that the performance
is approximately a nearly-convex function of the RCPC code rate, small local maxima are
visible.

If we optimize across RCPC code rates using the gradient-descent method outlined above,
in steady state the RCPC code rate will oscillate around the peak if we assume perfect perfor-
mance estimates and that the underlying RCPC code rate versus expected performance curve
is unimodal. Under these conditions, the gradient-descent RCPC code optimizer will send ap-

proximately one-fourth of the images with an RCPC code rate one step below optimal, another
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Figure 4.4 Performance of MD-FEC system at 1.0 bpp

one-fourth of the images with an RCPC code rate one step above optimal, and the remaining
one-half of the images at the optimal RCPC code rate.

This means that the expected mean-squared error of the gradient-descent RCPC optimizer
for the Lena image transmitted at 0.237 bpp is 28.23 dB for the 140-packet case, and 28.26 dB
for the 24-packet case. Compared to always choosing the optimal RCPC code rate, we suffer
an expected MSE penalty of approximately 0.1 dB for the 24-packet case, and slightly more
than 0.1 dB for the 140-packet case. For the 1-bpp case, the mean MSE at the receiver would

be 36.30 dB, a trivial (0.04 dB) penalty.
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Figure 4.5 Received images at 1 bpp (96-packet, rate 4/5 RCPC codes)
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CHAPTER 5

CONCLUSIONS AND FUTURE WORK

In this work, we have presented a source-channel framework for transmitting images over
wireless channels which combines Sherwood and Zeger’s channel-coding approach with an effi-
cient multiple-description scheme based on forward error correction. By tackling the wireless
image transmission problem using a multiple description approach, we achieve graceful degra-
dation as channel fade worsens, along with good performance when the channel is clean. We
improve on the “unequal protection” code described by Sherwood and Zeger by transcoding the
SPIHT bitstream into descriptions that have truly equal importance. This system represents a
general framework for image transmission, which allows the choice of arbitrary rates and can
be used for any progressive image encoding. We have shown that this framework offers bet-
ter expected and peak performance than Sherwood and Zeger’s encoding, even if many fewer
packets are used.

One important point requiring future work is the bit allocation between the outer RCPC
codes and the inner multiple-description code. Presently, we do an exhaustive search over all the
RCPC code rates to come up with the optimal allocation strategy. Because the number of RCPC
code rates is small, this is a reasonable strategy if a packet-loss profile is available for all possible
RCPC code rates. However, in practice, estimating the packet-loss profiles for all possible

RCPC code rates is difficult. A gradient-descent scheme has been presented that simplifies the
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coupled channel-estimation problem, although this scheme has several undesirable properties.
Future work could include research on gradient-descent strategies and novel approaches to the
channel-estimation problem.

Another important topic for future work is the extension of this scheme to the wireless video
transmission problem. These techniques can easily be extended to apply to video transmission
through the use of a progressive video encoder such as 3D-SPIHT. By combining a progressive
image encoder with MD-FEC transcoding, we can prevent packet losses from causing missing
frames or portions of images. Rather than dropping portions of frames, such a system could
reconstruct complete, though less detailed, images during periods of fade.

One of the most promising aspects of this work is the fact that the multiple-description en-
coding that protects the transmitted images against fades also makes the scheme robust against
packet losses outside the wireless link. Because the inner MD code optimization is dependent
only on the end-to-end packet-loss distribution and all packets have equal importance, whether
packets are lost to the wireless channel or to network congestion is irrelevant. Therefore, this
scheme is ideally suited for the hybrid packet-loss and wireless networks toward which today’s

Internet is evolving.
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