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Real-time image and video communication is becoming common in

commercial wireless systems. Images and videos have high bandwidth and

low latency requirements. Therefore, joint source-channel coding (JSCC) has

become very important for wireless image and video communication, especially

for real-time applications. An important component of practical JSCC schemes

is a distortion estimate that can predict the quality of compressed images and

videos at various source coding rates and channel bit error rates. The usual

approach in the JSCC literature for quantifying the distortion due to quan-

tization and channel errors is to estimate it via simulations or rate-distortion

curves. Where these methods are accurate, they are not feasible for real-time

applications because of their computational complexity. For real-time applica-

tions, distortion should be estimated using low complexity distortion models.

In this dissertation, a distortion model for image transmission is pro-

posed. This model predicts the amount of distortion introduced in a set of

viii



images due to quantization and channel errors in a joint manner. The effects

of important image coding techniques such as differential coding, entropy cod-

ing and run-length coding are taken into account by this model. Results show

that this model predicts the distortion with high accuracy.

Another model for transmission of video sequences is also proposed in

this dissertation. This model predicts the amount of distortion in the coded

video sequences due to quantization and channel bit errors. The effects of

distortion propagation to subsequent frames due to motion estimation and

prediction are also modeled by this distortion model. Distortion is predicted

with high accuracy by this model.

Unequal power allocation for image and video communication is an-

other research area closely related to JSCC. As an application of the distortion

models proposed in this dissertation, I also propose an unequal power alloca-

tion scheme for transmission of images over multiple-input multiple-output

(MIMO) systems. Data streams of unequal importance are transmitted over

separate antennas using unequal power such that the distortion is minimized

under a power constraint. Results show that this scheme achieves high quality

gains as compared to equal power allocation.
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Chapter 1

Introduction

1.1 Image and Video Communication

It was only a few years ago that image and video communication for

commercial and every day purposes was only possible on wireline systems.

The concept of “wireless communications” mostly meant voice communica-

tion only. This perception of wireless systems, however, has changed over the

past few years due to the availability of high bandwidth, advances in cod-

ing techniques, and faster computational blocks (processors). These technical

advancements have made it possible to introduce services such as image and

video transmission over cellular wireless systems. Real-time imaging has been

introduced in the third generation of wireless systems, and it is quite evident

now that high bandwidth multimedia transmission will be one of the main

applications of the next generation wireless systems. Examples of these ap-

plications include high quality real-time video conferencing, video on demand,

on-line video clips, etc. All the image and video communication applications

have high complexity and high bandwidth requirements. Due to this reason,

efficient coding and transmission schemes are required for images and videos

that not only reduce the complexity and bandwidth requirements, but also

enable high quality image and video communication, especially over wireless
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links.

1.2 Source and Channel Coding

High fidelity image and video transmission requires extensive band-

width. The most common way of reducing the bandwidth is compression,

also know as source coding. Source coding reduces redundancy in images and

videos and in doing so, it not only introduces distortion in the form of quanti-

zation noise, but also makes the source more sensitive to transmission errors.

This is because almost all the current image and video coding standards use

some form of differential and entropy coding. Due to this reason, decoder syn-

chronization is lost when codewords are corrupted, and even a small number of

transmission errors can introduce large amounts of perceptual distortion in the

decoded images and videos. To protect these coded sources from transmission

errors, redundancy is again introduced in the form of error protection, also

known as channel coding. Although channel coding reduces the sensitivity of

the coded bitstream to channel errors, it achieves this by increasing the effec-

tive data-rate and hence the bandwidth requirement. Hence, we are faced with

the competing objectives of bandwidth reduction by removing redundancy on

one hand (source coding) and error resilience by bandwidth expansion (channel

coding) on the other.
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1.3 Joint Source-Channel Coding

According to Shannon’s classical separation theorem [55], the source

coding and the channel coding can be performed separately and sequentially

while still maintaining optimality. This is true only for the case of asymp-

totically long block lengths; however, which is not the case in most practical

situations. In practical coding and transmission systems, the joint design of

source and channel codes is more likely to achieve a bandwidth efficient solu-

tion that minimizes the distortion than a sequential design. This is especially

true for images and videos, where not all the data are equally important, and

hence varying the source and channel coding based on source statistics and

channel conditions in a joint design can achieve reduced distortion and better

bandwidth efficiency.

This joint design of source and channel coding is known as joint source-

channel coding (JSCC) in the literature. In JSCC, the goal is to optimize the

use of available resources (most commonly bitrate) for source and channel

coding while minimizing the end-to-end distortion. A significant reduction in

transmission bandwidth/data-rate can be achieved along with a reduction in

distortion in the decoded data by using JSCC methods as compared to se-

quential and separate designs. JSCC has gained significant research attention

during the last decade, particularly since the Internet revolution. A large pro-

portion of this work has been devoted to digital images and videos due to the

large bandwidth required to achieve a reasonable quality of service. It has

been shown by many researchers that significant quality gains can be achieved

3



without imposing any penalty on the available resources by using various JSCC

schemes for transmission of images and videos [2, 3, 14, 20, 42, 43].

1.4 Distortion Modeling

A fundamental step in the design of all JSCC schemes is to estimate

the distortion introduced in the coded and transmitted image or video due

to quantization and channel errors. This distortion estimate is used in the

optimization routine to find the optimal bit allocation strategy for source and

channel coding. There are a few different ways to estimate the distortion at

the transmitter. The most common way of obtaining this distortion estimate

in the literature is via simulations and/or operational rate-distortion curves.

In these methods, simulations are carried out to determine the amount of

distortion in the coded image or video at various source coding rates and

channel bit error rates. These values of distortion are then used to construct

operational rate-distortion curves, which are in turn used to determine the

optimal source-channel bit allocation configuration for that particular image

or video. These distortion estimation methods are computationally intensive

and source-dependent, and hence are not feasible for real-time applications.

Another method for distortion estimation is via empirically or analyt-

ically developed distortion models that can predict distortion due to quanti-

zation and channel errors at various source coding rates and channel bit error

rates. These models are usually computationally non-intensive and can be used

in the design of real-time JSCC techniques. However, model based distortion

4



estimation methods are usually less accurate as compared to rate-distortion

based methods. This is because model based methods often make certain

simplifying assumptions to make the model mathematically tractable. The

performance of the JSCC scheme depends on how accurately the distortion

model predicts the distortion.

In this dissertation, two such distortion estimation methods are pro-

posed: one for image transmission, and one for video transmission. These

distortion models take into account the important components of image and

video coding such as differential coding, run-length coding, entropy coding,

and motion estimation and compensation (for videos). Expressions for pre-

dicting distortion due to quantization and channel errors at various source

coding rates and channel bit error rates are developed. Results show that

these models predict the amount of distortion with high accuracy.

1.5 Application of Distortion Models in Unequal Power
Allocation for Image and Video Transmission

Just like JSCC, the use of transmission energy and power can also

be optimized for image and video transmission over wireless systems. In these

schemes, the goal is to allocate the transmit power unequally to different parts

of the bitstream such that either the overall transmit power is minimized with

a constraint on total allowable distortion, or the total distortion is minimized

with a constraint on transmit power. Unequal power allocation schemes can

also be combined with the bit allocation problem to design energy/power ef-

5



ficient joint source-channel coding schemes for image and video transmission.

To design unequal power allocation schemes, an estimate of distortion for vari-

ous power configurations is required, similar to the case of JSCC. For real-time

applications, distortion models are needed to estimate this distortion due to

quantization and channel errors with high accuracy and low computational

complexity.

1.6 Multiple-Input Multiple-Output Wireless Systems

Multiple-input multiple-output (MIMO) wireless systems employ mul-

tiple transmit and receive antennas to achieve better data reliability in the

form of diversity, along with providing high capacity. Effects of fading can be

reduced by spreading a single data stream across the transmit antennas using

space-time codes that are specially designed to take advantage of the multiple

paths between the transmitter and the receiver. High capacity and data rate

can alternatively be obtained by using techniques such as spatial multiplexing

where independent data streams are transmitted simultaneously from multiple

transmit antennas. Using more sophisticated space-time codes, it is possible

to obtain a trade-off between reliability (diversity) and rate.

1.7 Image and Video Communication Over MIMO Sys-
tems

MIMO systems can provide both high capacity and better reliability,

making it a natural match for high fidelity multimedia transmission. Where
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space-time codes provide tremendous increase in capacity while improving data

reliability, almost none of the existing space-time coding techniques take into

account the characteristics of the source. All of these schemes assume that all

the data bits are equally important for the receiver. However, it is well known

that for images and videos coded using most of the current standards, different

parts of the bitstream have unequal importance for reconstruction quality.

Therefore, distortion in the transmitted images and videos can be reduced if

more important parts of these sources are transmitted with higher reliability

at the expense of lesser reliability for the less important parts. This trade-off

can be achieved by designing codes that take into account the statistics of the

source. A space-time code that is designed with minimization of distortion as

one of the design criteria is expected to achieve less distortion in the received

multimedia source as compared to a space-time code that is designed with

bit error rate (BER) and/or or capacity as the design criteria. Furthermore,

source coding can in turn be carried out by taking into account the reliability

provided to the different parts of the data by using space-time codes.

Also, efficient unequal power/energy allocation schemes can be designed

for image and video communication over MIMO systems. Power conservation

and distortion reduction can be achieved by allocating the transmit power to

various image/video layers as well as distributing the power across multiple

antennas depending on the source statistics as well as the channel condition.

Since MIMO systems are expected to become common in the next generation

(4G) wireless systems along with real-time video communications, it is prudent

7



to use the benefits of MIMO systems to design coding and power allocation

methods especially suited for transmission of images and videos.

In this dissertation, an unequal power allocation scheme for image

transmission over MIMO systems is proposed. This method transmits dif-

ferent image quality layers over multiple antennas simultaneously with un-

equal power. Transmit power is allocated between different image layers and

is distributed over different antennas such that the overall distortion in the

transmitted image is minimized with a constraint on total transmit power

during any symbol period. Results show that this unequal power allocation

scheme achieves large quality gains over equal power allocation methods.

1.8 Contributions

The specific contributions of this dissertation are as follows:

1. In this dissertation, I propose a distortion model for predicting the

amount of distortion in progressively compressed Joint Photographic

Experts Group (JPEG) images due to quantization and bit errors when

transmitted over noisy/fading channels. The images are divided into dif-

ferent quality layers, with each layer containing DCT coefficients from a

particular subband. Distortion expressions are derived for the DC layer

and the AC layers separately, with the total distortion being the sum

of the distortions due to individual layers. These distortion expressions

represent distortion over a set of images rather than an individual im-
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age. Important source coding components such as differential coding,

run-length coding and entropy coding are also taken into account by

this model. Model parameters are derived from a training database of

images. These parameters are then used to predict the distortion in a

test database of images at various source coding rates and channel bit

error rates. The model results are compared to that of actual simulation

results. These results show that this model predicts distortion to within

1.5 dB PSNR at all the source coding rates and channel bit error rates.

2. As a simple example of the JPEG distortion model, I propose an unequal

power allocation scheme for transmission of JPEG compressed images

over fading channels. Power is allocated between different layers with

the goal of minimizing the overall distortion. Results show a gain of 6.5

dB PSNR for the UPA scheme over equal power allocation at low SNRs.

3. I also propose a joint source-channel distortion model for predicting dis-

tortion in Moving Picture Expert Group (MPEG) 4 coded video se-

quences due to quantization and channel errors. Important components

of video coding such as differential coding, variable length coding, run-

length coding, and motion estimation and compensation are taken into

account in this model. In addition, different error resilience tools in

MPEG-4 standard such as data partitioning and packetization (resyn-

chronization) are also used in the modeling process. Distortion expres-

sions are derived for different types of data in the I and the P coded
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frames. The amount of distortion propagated to future frames due to

errors at any point in the bitstream is also predicted by the expressions

in this model. Model parameters are derived using a training database

of video sequences. These parameters are then used in conjunction with

the local statistics of the data in the video packets to determine the

amount of distortion in different test video sequences. Test simulations

are carried out and the model results are compared to the test simulation

results. Results show that this model predicts the amount of distortion

introduced in the MPEG-4 coded video sequences due to quantization

and channel errors to within 1.5 dB PSNR of that obtained via test

simulations.

4. I propose an unequal power allocation method for transmission of JPEG

compressed images over MIMO systems. Different image quality layers

are transmitted with unequal power over different transmit antennas us-

ing spatial multiplexing such that the overall distortion in the transmit-

ted image is minimized with a constraint on the transmit power during

any symbol period. A modified version of my JPEG distortion model

is used to predict the distortion under varying channel conditions. The

PSNR results for this method are compared to that of equal power allo-

cation. These results show that quality gains of up to 14 dB are achieved

by using unequal power allocation as compared to equal power allocation.

5. As a by-product of the research presented in this dissertation, I developed

a database of 200 training and 200 test 512× 512 images compressed at
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various source coding rates ranging from 0.6 bits per pixel to 3 bits per

pixel. These images were randomly selected from the two-CD set of

‘Austin & Vicinity - The world of nature’ and ‘Austin and Vicinity -

The human world’. These images comprise of various natural scenes,

human faces, objects, etc. This database can be used in the design and

testing of various JSCC schemes and various other applications.

1.9 Outline of this Dissertation

This dissertation is organized as follows. Chapter 2 discusses var-

ious existing joint source-channel coding schemes along with their distor-

tion estimation methods for image and video transmission. Different unequal

power/energy allocation schemes for image and video communication are also

discussed. In Chapter 3, the limitations of different distortion estimation meth-

ods and power allocation schemes are pointed out, and solutions for these prob-

lems are proposed. Chapter 4 presents a joint source-channel distortion model

for JPEG compressed images. Another distortion model for MPEG-4 coded

video sequences is presented in Chapter 5. In Chapter 6, an unequal power

allocation method for transmission of JPEG compressed images over MIMO

systems is proposed. Chapter 7 concludes this dissertation while pointing out

a few possible future research directions.
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Chapter 2

Background

As discussed in Chapter 1, separate and sequential source and chan-

nel coding is not the best solution for practical image and video coding and

transmission systems due to finite block lengths. It has been discussed by

many researchers over the past few years that for practical image and video

transmission systems, it is better to perform source coding and channel cod-

ing in a joint manner. While joint source-channel coding can be performed

in many different ways, most of the traditional JSCC schemes have focused

on joint bit allocation between the source coder and the channel coder. The

goal in such methods is either to minimize the overall end-to-end distortion

with a constraint on total bit-budget, or, to minimize the total bit-rate with a

constraint on the maximum allowable end-to-end distortion. Another problem

very closely related to JSCC (and sometimes a part of the JSCC problem) is

that of unequal error protection (UEP). In unequal error protection, different

parts of the bitstream are protected unequally based on their importance to

the reconstructed image and video quality.

Though JSCC is the most commonly addressed joint coding and trans-

mission design problem for image and video communication, the use of other
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resources in communication systems can also be optimized if source statistics

is taken into account. Optimization of transmission power/energy by trans-

mitting different parts of the image and video bitstreams with unequal power

is a common example of such methods that attempt to optimize the use of

communication resources other than (or in addition to) bit-rate. Another ex-

ample of such methods is the use of multi-resolution constellations to transmit

data with unequal importance. The main goal of all these different types of

joint design techniques is the same: either to minimize the total end-to-end

distortion with a constraint on a resource (bit-rate, power/energy, etc.), or to

minimize the use of different resources with a constraint on maximum allow-

able end-to-end distortion.

A main component of all these different joint design techniques is a

distortion estimate due to quantization and bit errors at the transmitter. This

estimate of distortion is necessary to carry out the optimization. A distortion

estimate can be obtained either using simulations and constructing operational

rate-distortion curves for a particular source, or using statistical or empirical

models. Though the simulation and rate-distortion based methods are easier

to construct, they are computationally intensive and highly source dependent.

For these methods, either simplifying assumptions are made about the dis-

tribution of the source and then rate-distortion curves are derived for these

distributions, or, operational curves are constructed using simulations for each

new source. If simplifying assumptions are made about the distribution of the

source, then the resulting distortion estimate is often not accurate because
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image and video data cannot be usually generalized with a known probability

distribution. This is because image and video statistics change from scene to

scene and image to image, and also within an image. On the other hand, if

operational rate-distortion curves are constructed for each image and video

separately using simulations, then this makes the distortion estimation pro-

cess highly computationally intensive. This makes simulation and operational

rate-distortion based methods practically infeasible for real-time image and

video joint coding and transmission systems.

To design real-time image and video JSCC and power allocation tech-

niques, it is necessary that the distortion estimation process should be compu-

tationally non-intensive and accurate at the same time. This can be achieved

by formulating empirical and statistical distortion models that predict the

amount of distortion introduced in images and videos at different source cod-

ing rates and under different channel conditions. These models can then be

used in real-time to estimate the total end-to-end distortion by different joint

design techniques while keeping the overall complexity of the system low.

Model based JSCC and power allocation techniques are usually un-

common in the literature, since they are difficult to formulate and usually are

not very accurate. The difficulties in the modeling process arise due to the

presence of differential coding, variable length coding (VLC), and motion es-

timation and compensation. Differential coding, run length coding and VLC

make a bitstream highly sensitive to bit errors. Errors are propagated spatially

to other parts of an image or video frame, and even a single bit error has the
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potential to introduce large amounts of distortion. Furthermore, because of

the presence of prediction and motion compensation and estimation in videos,

the distortion in a frame due to bit errors is propagated to subsequent frames,

hence introducing large amounts of temporal distortion propagation in addi-

tion to spatial distortion propagation. All these things make the distortion

modeling process highly complex and hence potentially inaccurate. Due to

these reasons, most of the joint design methods use operational rate-distortion

and simulation based approaches to estimate the amount of distortion due to

quantization and channel errors.

In this dissertation, the problem of modeling distortion due to quan-

tization and channel errors in images and videos is addressed. Two different

joint source-channel distortion models are proposed, one for JPEG compressed

images, and the other for MPEG-4 coded videos. These models have high ac-

curacy, and they can be used in real-time for estimating distortion for different

joint source-channel coding and other joint design methods. In addition, an

unequal power allocation method is presented for JPEG transmission over

MIMO systems. This method uses the JPEG distortion model for efficient

power allocation to different layers in the JPEG compressed images. To moti-

vate the need for such distortion models, various different distortion estimation

methods along with the JSCC and power allocation schemes that employ these

methods are discussed in Section 2.1. In Section 2.2, various energy/power al-

location methods for image and video transmission are discussed.
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2.1 Distortion Estimation for Joint Source-Channel Cod-
ing

As discussed above, the design of all the different JSCC and energy/power

allocation methods require an estimate of distortion due to quantization and

channel errors. In this section, various existing JSCC schemes are discussed

with an emphasis on different distortion estimation methods used by these

schemes. Section 2.1.1 discusses various JSCC schemes and their distortion

estimation methods for image coding and transmission, followed by a similar

discussion for video coding and transmission in Section 2.1.2.

2.1.1 Distortion Estimation and JSCC Methods for Images

A large amount of work has been done in the area of joint source-

channel coding for image transmission over the past two decades. The works

by Modestino et al. for JSCC of two-dimensional (2D) differential pulse coded

modulation (DPCM) coded images [42], and block cosine transform (BCT)

coded images [43], were amongst the first JSCC methods for images. They es-

timated the distortion due to quantization and channel errors in terms of mean

squared error (MSE) using the probability density functions of the DPCM or

BCT coded source, the quantizer step size, and the channel probability of

error, which were all assumed to be known. Using this estimate of MSE,

and the input source energy, selective error protection was provided to those

bits that contributed the most to image reconstruction. Rate-distortion (RD)

bounds were derived, and it was demonstrated that through channel coding,
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the reconstructed image quality was significantly improved without sacrificing

transmission bandwidth, and the performance achieved approached the RD

bounds.

In another JSCC scheme described in [51], the authors have described

how quantization and channel errors affect the overall distortion for different

source coding schemes. They derived an expression for distortion (MSE) as

a function of the number of quantization bits used, and the specific chan-

nel codes employed for transmission over an additive white Gaussian noise

(AWGN) channel at specific values of SNR. Individual bit sensitivities to chan-

nel errors were computed, and joint optimization of source and channel coding

was carried out using these bit sensitivities. In [21], the authors provided UEP

to a discrete cosine transform (DCT) and variable length coding (VLC) based

source coder using Blokh-Zyablov (BZ) channel coding. An expression repre-

senting the sensitivity of individual bits to a bit error in a coded block was

developed, which was obtained by systematically placing an error on each bit

position of all coded frames. These bit sensitivities were then used to provide

UEP to different bits. In another bit sensitivity based UEP method, Com-

stock and Gibson [15] demonstrated the use of Hamming codes to protect the

most important bits for transmission of DCT compressed images over noisy

channels. A closed form expression for MSE based on individual bit sensitivity

was derived, which was then used to determine how many (and which) bits to

protect in each block.

In a classic paper, Farvardin and Vaishampayan [20] presented joint
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design of an optimal encoder decoder pair for transmission over noisy chan-

nels. An expression for MSE was formulated, and a locally optimum quantizer

and block coder that minimizes this MSE was designed iteratively. It was

shown that this design technique offered substantial improvement for general-

ized Gaussian (GG) distributions over Lloyd-Max quantization using natural

and folded binary codes. In [63], Tanabe and Farvardin proposed subband cod-

ing techniques for noisy and noiseless channels employing uniform threshold

quantization (UTQ), Huffman coding (HC), and error control coding (ECC).

A simulation based procedure was described for determining the best (UTQ,

HC, ECC) triple for encoding a memoryless source over a binary symmet-

ric channel (BSC) at a given encoding rate. Distortion was computed using

simulations for different source coding rates, channel coding rates and error

probabilities. Distortion rate curves were constructed, which were then used

for optimum bit allocation between different subbands.

In [3], Alavi et al. presented an adaptive unequal error protection

method for subband coded image transmission. In this method, the authors

used differential pulse coded modulation (DPCM) and pulse coded modulation

(PCM) for source coding of different subbands, whereas error protection was

provided using a trellis coded modulation and punctured convolutional codes.

Different subimages were modeled using a Generalized Gaussian Distribution.

MSE for different configurations of source and channel coding rates was com-

puted using simulations, and this measure of MSE was then used to construct

rate-distortion functions. These rate-distortion functions were then used to
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allocate the source and the channel coding bits for different subimages using

a noninteger bit allocation algorithm.

In [12], Chande and Farvardin proposed a JSCC scheme for progres-

sive transmission of embedded source coded images using embedded error cor-

recting and detecting channel codes over noisy channels. Average distortion

(MSE), average peak signal-to-noise ratio (PSNR), and average useful source

coding rate were considered as the cost functions, which were then used to

develop algorithms for optimum allocation of source and channel coding bits.

As another interesting approach for JSCC, Sherwood and Zeger [57] demon-

strated the use of concatenated channel codes for transmission of ‘progres-

sively’ coded images over noisy channels. They also presented an UEP scheme

based on product channel codes for progressive image transmission over mem-

oryless and fading channels in [56].

In [16], Cosman et al. presented a zerotree wavelet packetization method

[49] with concatenated forward error control to transmit images over varying

channels. They constructed a cumulative distribution function (CDF) of the

mean squared error using simulations, and then used this MSE distribution

to perform combined channel coding and packetization. Goldsmith and Effros

presented three joint source-channel code design algorithms in [26]. These al-

gorithms consisted of a source-optimized channel code using a vector quantizer

and an RCPC [27] channel code, a channel optimized source code using a vec-

tor quantizer and an equal error protection convolutional channel code, and a

joint iterative design consisting of a vector quantizer and an RCPC channel
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code. The goal of all these three joint design methods was to optimally allo-

cate the bits between the source and the channel codes such that the average

end-to-end distortion was minimized. During the design process, the expected

distortion was computed using the empirical distribution of the source images.

This empirical distribution was obtained using a training set of images.

Garcia-Frias and Villasenor presented an analytical framework for esti-

mating distortion in an image communication system [24]. Their image com-

munication system was comprised of wavelet transform, uniform quantization,

run length coding, entropy coding, forward error control, and a binary symmet-

ric channel for transmission. They used their model to analyze a Generalized

Gaussian source, as well as quantized wavelet subbands. The distortion values

predicted by their model were quite close to that obtained using simulations.

In [2], Alatan et al. presented an unequal error protection method for Set par-

titioning into Hierarchical Trees (SPIHT) coded images. They obtained three

different substreams with different error resilience properties. These different

substreams were then transmitted using different levels of error protection.

The different rate channel codes for the different substreams were obtained by

running simulations such that the overall PSNR was maximized.

In a joint source-channel coding method for progressive transmission

of images, Nosratinia et al. [44] presented a parametric methodology for rate-

allocation. They derived an empirical model for decoded bit error rate as

a function of the channel code rate. Channels with and without feedback

were considered in this method. For the case of channels without feedback,
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distortion was computed using operational rate-distortion curves of the source

coder, which were obtained during the encoding process. For the channels with

feedback, the operational rate-distortion behavior of the source encoder was

modeled with exponential functions. These measures of distortion were then

used to allocate the channel coding rate that minimized the total distortion

with a constraint on the total bitrate.

In [39], Liu et al. proposed an unequal error protection method for pro-

gressive image transmission over finite-state Markov channels (FSMCs). They

model binary symmetric, Gilbert-Elliott, and fading channels as FSMC. They

analytically obtain the probability distribution of different error sequences, and

then used them to search the optimal JSCC solution without having to run te-

dious simulations for fading channels. Two different performance criteria were

considered: the average length of the received error-free source bitstream, and

the expected end-to-end distortion (MSE). For finding the end-to-end distor-

tion, rate-distortion look up table was constructed from the source bitstream,

which estimated the amount of distortion as a function of the bit number in

error. Two different optimization problems for rate-allocation were formed,

one was rate-based, and the other distortion based, both with a constraint on

the total transmission rate. The rate-based problem maximized the average

length of the error-free bitstream, and the distortion-based problem minimized

the average end-to-end distortion. A fast optimal algorithm was proposed for

solving the rate-based problem. The rate-optimal solution was then used to

obtain a fast sub-optimal solution for the distortion based problem.
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Cai and Chen [10] developed another interesting joint source-channel

coding method for image transmission over wireless channels. This scheme

was developed for Generalized Gaussian sources and it integrated joint source-

channel coding with all-pass filtering source shaping. All pass filtering was

used to shape a wide range of input sources into Gaussian distributed sources.

This idea was intuitively based on the central limit theorem. In this paper,

they derived general rate-distortion functions for three different channel mod-

els. These channels were the binary symmetric channels and AWGN channels

for memoryless channels, and Gilbert-Elliott channels (GEC) for bursty chan-

nels. The distortion functions consisted of a sensitivity to bit-error factor for

different bits. This sensitivity factor depended on the quantization scheme,

and was derived analytically since a Generalized Gaussian distribution was

assumed for the source. The transition probability and the bit error rate of a

bursty channel were also incorporated into the rate-distortion functions. Us-

ing these rate-distortion functions, an optimum trade-off between the source

and the channel coding rates was achieved with a constraint on the overall

transmission rate.

Su et al. proposed an image segmentation and RCPC codes based

joint source-channel coding scheme in [61]. In this method, the original image

was divided into different segments of unequal importance, and then coded

using JPEG compatible source coder. Adaptive segmentation was achieved

iteratively by computing the intensity variance between the pixels in different

blocks of the image. The significance of the different segments in the coded
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image was determined by measuring the intensity variance. Segments with

high intensity variance had higher significance as compared to segments with

low intensity variance. These different segments were then protected with

RCPC codes. More important segments were transmitted with higher levels

of protection (lower rate RCPC codes), and less important segments were

transmitted using lower levels of error protection (higher rate RCPC codes).

In [69], Wu et al. presented a joint source-channel coding algorithm

for coding and transmitting multiple images sharing a common channel. This

algorithm allocated the limited bandwidth between all the image sources us-

ing the quality scalability property of the image sources such that the total

distortion was minimized over all the images. This method provided unequal

error protection as well as channel multiplexing gain. The bitstream was di-

vided into different packets, and each packet contained a certain number of

source coding bits and channel coding bits. The images were coded progres-

sively, resulting in a reduction in the amount of distortion as more and more

packets were decoded. The expected value for distortion reduction for an

image was formulated as the sum of distortion reductions due to individual

packets. The distortion contributions due to individual packets in each image

were computed using the operational rate-distortion curves. These distortion

contributions were then used in a Lagrangian optimization setup for optimal

allocation of source coding bits and RCPC codes to the different packets in an

image such that the distortion was minimized.

In another similar scheme, Wu et al. developed a JSCC scheme for
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JPEG2000 image transmission over wireless channels [70]. In this method, they

used forward error control in conjunction with the error detection and localiza-

tion capabilities provided by different error resilience tools in the JPEG2000

standard. A Lagrangian based minimization problem for rate allocation was

formed with the goal of minimizing the overall distortion and a constraint on

total bitrate, and a dynamic programming solution was presented. The rate

allocation procedure utilized the source distortion-rate characteristics along

with the channel code’s error rate statistics to estimate the distortion to allo-

cate the source and channel coding bits optimally, with a constraint on total

transmission rate. During this process, quality scalable error resilient streams

were formed.

Hamzaoui et al. presented a joint source-channel coding system for em-

bedded coded images in [28]. In this paper, the authors studied the rate based

and distortion based optimization problems in the context of fixed length chan-

nel codes. In the rate based problem, the goal was to maximize the expected

number of correctly received source bits, whereas in the distortion based prob-

lem, the goal was to minimize the expected value of distortion in the decoded

image. The authors provided a theoretical upper bound on the difference in

expected distortion obtained by the solutions of the two problems, with the

assumption that the operational distortion-rate function of the source coder

was convex. They concluded that the total number of information bits coded

and transmitted in a distortion based optimal solution was smaller than or

equal to that of the rate based optimal solution. They proposed a local search
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algorithm that used the rate based optimal solution to achieve a distortion

based optimal solution by increasing the number of protection bits and re-

ducing the number of information bits. The operational distortion-rate curves

of the source coders were modeled as non-increasing convex functions, which

were then used to estimate the distortion at various operating points during

the optimization procedure.

In [59], Song et al. presented an interesting JSCC technique for pro-

gressive image transmission over orthogonal frequency division multiplexing

(OFDM) systems using space-time block codes. They formulated a rate based

optimization problem with the objective of maximizing the number of cor-

rectly received source coding bits before the first error occurs, and proposed a

recursive solution using dynamic programming.

2.1.2 Distortion Estimation and JSCC Methods for Videos

Digital videos have very high bandwidth and strict latency requirements

as compared to image transmission. Therefore, video coding and transmission

create the real need for JSCC methods. By using JSCC and other joint design

techniques for video transmission, distortion can be reduced significantly while

achieving a substantial reduction in total data-rate/bandwidth. Over the past

few years, a large amount of research in JSCC has focused on video coding and

transmission, especially for wireless channels. Though available bandwidth

for wireless channels has increased significantly over the past few years, it is

still far from what is required for transmission of high quality digital videos.
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Therefore, JSCC schemes that improve the quality of the transmitted videos

without imposing any penalty on bandwidth/data-rate are required, especially

for wireless channels.

Like images, obtaining a distortion estimate is an integral part of any

JSCC method for video transmission. Predicting/estimating the exact dis-

tortion is even more complicated for videos than images because of motion

estimation and compensation. Distortion introduced in a frame due to bit

errors can propagate to many subsequent frames, the exact effect of which is

very hard to model. Due to this reason, most of the JSCC methods for video

transmission use operational rate-distortion curves and assume the additivity

of distortion due to individual frames. In this section we discuss various dif-

ferent JSCC methods employing different distortion estimation techniques for

video coding and transmission.

In [7], Bystorm and Modestino presented a JSCC method to optimally

allocate the source and channel coding rates with a fixed constraint on trans-

mission bandwidth for video transmission over an Additive White Gaussian

Noise (AWGN) channel. They used the normalized-mean-squared-error as the

distortion metric and assumed that distortion was additive and independent

on a frame-by-frame basis. For a given video sequence, universal operational

rate-distortion curves for average distortion vs. joint source-channel bit-rate

were constructed. An optimization problem was formulated with the goal

of minimizing the overall end-to-end distortion under a constraint on the to-

tal source and channel coding bit-rate. The operational rate-distortion curves
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were then used to find the distortion values at different operating points needed

for the minimization problem. Though the computational complexity of the

optimization problem was not very high once the rate-distortion curves were

constructed, the construction process for the rate-distortion curves itself had

high computational complexity. Furthermore, these curves were required to be

constructed for each video sequence, making it infeasible for real-time video

communications.

In another similar JSCC method, Cheung and Zakhor [14] presented

a bit allocation method for source and channel bits between the subbands of

a scalable video such that the overall distortion was minimized given a total

bit budget and channel conditions. This method used MSE as the distortion

metric. Distortion values were obtained using empirically computed functions

for different numbers of source and channel coding bits. A Lagrangian based

optimization problem was formulated for minimizing the end-to-end distor-

tion, and two different approximate solutions were derived using the distortion

functions.

In [36], Kondi et al. developed a method for joint source-channel coding

of motion compensated DCT based scalable video. With the goal of minimiz-

ing the overall distortion, their proposed framework optimally selected the

source and channel coding rates over all the scalable layers. Experimentally

obtained universal rate-distortion characteristics which showed the sensitiv-

ity of the source encoder and decoder to channel errors were used by their

algorithm. The available bit rate was allocated between the scalable layers

27



and between the source and the channel coding within each layer using the

rate-distortion curves. A Lagrangian based optimization problem was formu-

lated with the goal of minimizing the overall distortion due to source coding

and channel errors under a constraint on the overall bit-rate. H.263 video

coding standard was used for source coding, and rate compatible punctured

convolutional (RCPC) codes were used for channel coding.

In [74], Zhai et al. considered a hybrid JSCC scheme consisting of error

resilient source coding, channel coding and error concealment in a joint man-

ner for real-time packetized video transmission. Expected value of distortion

due to source coding and channel errors for each packet was computed recur-

sively, which was then used in the optimization framework to minimize the

overall distortion. In [23], Gallant and Kossentini presented a rate-distortion

optimized mode-selection method for robust video transmission over Internet.

A statistical model was used for estimating the concealment distortion for each

block by weighting the distortions in the surrounding blocks of the previous

frames. This method took into account the channel conditions, the error con-

cealment strategy of the source decoder, and the error recovery capability of

the channel code to optimize the encoding mode selection for different blocks

with the goal of minimizing the overall end-to-end distortion for a given bi-

trate. This method selected the optimal amount of temporal error resilience to

be inserted in the bitstream based upon the decoder concealment method, the

channel packet loss rate, and the forward error correction (FEC) code rate.

Bystorm and Stockhammer [8] constructed rate-distortion surfaces for
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different video frames using simulations and used polynomial models to ap-

proximate these surfaces. These rate-distortion surfaces were then used with

channel coding models to allocate source and channel coding rates between

the different frames of a video sequence with the goal of minimizing the over-

all distortion under a constraint on the total rate. In another model based

approach, He et al. [29] presented a method for adaptive mode selection and

rate control for video transmission over wireless links. The authors developed

a model for estimating the distortion due to bit errors in motion compen-

sated video, and then used this model with a source rate-distortion model for

adaptive intra mode selection and joint source-channel rate control under time

varying channel conditions. Their distortion model estimated the distortion

due to channel errors recursively by using the distortion due to channel errors

in the previous frames.

In [13], Cheng et al. presented an unequal loss protection method for

transmission of fine-granular-scalability (FGS) based MPEG-4 coded video

sequences. The video was divided in a base layer and multiple enhancement

layers, and different layers were protected using unequal number of bits based

on their importance. Source distortion was estimated using piecewise lin-

ear interpolation of actual rate-distortion points obtained during encoding,

and channel distortion was modeled as the reduction in the distortion when

more layers were received. The authors used these models to carry out rate-

distortion optimized bit allocation for source and channel coding using a search

method.
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Models for distortion caused by source coding and channel errors in

video transmission were presented in [60] by Stuhlmuller et al.. The distor-

tion rate characteristics of the source coder, and the distortion caused due to

residual channel errors were modeled empirically using test sequences. The

parameters of the model were estimated by fitting the model to a subset of

measured data points that were obtained from the distortion-rate curves of

the video sequence. These models also captured the effect of interframe error

propagation and error concealment and predicted the distortion with good ac-

curacy as compared to distortion obtained using simulations. This model was

then used to obtain the optimal channel code as well as the optimal percentage

of intra coded macroblocks for a given channel characteristics. A drawback of

this method was that the parameters of the model were specific for a given

video sequence and video codec. However, the authors pointed out that if the

parameters were selected correctly, their model could describe the distortion-

rate performance of a wide range of video sequences.

Zhang et al. [78] presented a distortion model for estimating the distor-

tion due to quantization, error propagation and error concealment for video

coding and transmission over packet switched networks. Their algorithm esti-

mated the pixel distortion in both the intra and the inter coded macroblocks

in a recursive manner, using distortion in the previous frames. This model

was then used in a rate-distortion framework for automatic mode switching

between inter and intra coding of macroblocks.

In [17], Dai et al. analyzed the rate-distortion properties of MPEG-4
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FGS video and proposed a statistical model for the DCT residue that was

used as the input to the FGS enhancement layer. The authors showed that

Gaussian and Laplacian distributions could not be used to accurately model

the FGS residue. The shapes of typical probability mass functions (PMFs)

of the DCT residue were taken into account for modeling the distortion. A

mixture Laplacian statistical model for the DCT residue was proposed, and a

closed form distortion function was derived for such sources.

In [9], Cai et. al presented an error resilient unequal protection method

for FGS enhancement layer of MPEG-4 stream. In this method, the FGS en-

hancement layer was first packetized into a group of independent data packets,

which were then protected with a different number of parity bits. The distor-

tion metric used in this method was based on distortion reduction when more

packets were received correctly. Distortion due to each packet was computed

during the encoding process. A Lagrangian optimization was carried out to

minimize the expected value of the distortion with a constraint on the total

rate budget.

2.2 Unequal Energy/Power Allocation Methods for Im-
age and Video Transmission

Joint design techniques for image and video coding and transmission

are not limited to only joint source-channel coding. Other than bitrate and

bandwidth, one of the most important resources that need to be conserved

and optimized is energy/power. A large amount of work has been done in
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designing transmission systems that attempt to combine source coding with

efficient and optimum transmission power/energy allocation. Just like JSCC,

distortion estimation is also a fundamental part of the power allocation prob-

lem. In this section, various power/energy allocation methods for image and

video transmission communication are discussed along with their respective

distortion estimation methods.

In [19], Eisenberg et. al presented a transmit power management

scheme for transmission of compressed video sequences over a wireless chan-

nel. The energy needed to transmit the video was minimized under a delay

and distortion constraint. To achieve this, the source coding and the trans-

mission power were adjusted simultaneously. This method used the decoder

error concealment strategy, and the relationship between the transmit power

and the probability of packet loss to encode and transmit the video sequence

efficiently. Distortion was estimated on a packet-by-packet basis and the objec-

tive was to minimize the transmission energy with a constraint on acceptable

expected distortion and the total transmission delay for the frame by adjust-

ing the source coding parameters and transmission power for different packets.

A Lagrangian based optimization problem was formulated, and an algorithm

for finding the power allocation with reduced computational complexity was

presented. Their results showed that it is more energy efficient to jointly op-

timize the source coding parameters and transmission power than adjusting

them independently.

In [6], Atzori presented a method for unequal power distribution be-
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tween different JPEG2000 coding units based on their contribution to total

image quality. In this scheme, JPEG2000 stream was divided into different

coding packet groups by analyzing the error ‘sensibility’ of different packets.

These different groups were transmitted through separate sub-channels and

different rate and power. This scheme showed a peak-signal-to-noise-ratio

(PSNR) gain of around 4 dB at low SNRs for additive white Gaussian noise

(AWGN) and Rayleigh fading channels as compared to equal power alloca-

tion. Zhang et. al presented a power minimized bit allocation scheme for

wireless video communications in [76]. The authors investigated the relation

between rate, distortion and power consumption. An optimization problem

for source-channel bit allocation and minimizing the total power consumption

due to source coding, channel coding and transmission with constraints on

acceptable distortion and total bitrate was formulated.

In [72], Yousefi’zadeh et.al presented a power optimization problem for

wireless multimedia transmission with space-time block codes. A set of opti-

mization problems aimed at minimizing the total power consumption with

a given level of quality of service and bit budget were formulated. They

used Gauss-Markov and video source models as their source coding model,

Rayleigh fading channel with Bernoulli/Gilbert-Elliott loss models, and space-

time codes for transmission. For the Gauss-Markov source coding model, they

modeled the operational distortion rate function analytically, whereas for the

video source model (H.263 based), they considered an empirical distortion

model whose parameters were obtained from experimental data. Their re-
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sults showed that lowest optimal power values were obtained when multiple

transmit and receive antennas were used.

Kim and Kim presented a H.263 based power optimization method for

code division multiple access (CDMA) systems in [33]. In this method, a

distortion model that takes motion compensation into account was developed

for H.263 video data employing error concealment. This model was then used

to minimize the target bit error rate (BER) of video frames such that the total

consumed power was minimized with a constraint on maximum distortion.

This scheme showed around 3.5 dB PSNR gain as compared to conventional

schemes that used fixed target BER.

In [41], Luna et. al presented an energy efficient wireless video stream-

ing scheme. In this method, source coding parameters were selected jointly

with transmitter power and rate adaption, and packet transmission schedul-

ing. The goal of this scheme was to select the number of macroblocks in each

video packet, the transmission rate and schedule for each video packet, and

the coding parameters for the macroblocks in each packet such that the total

energy required to transmit a video frame was minimized with constraints on

expected total distortion and delay per packet. They formulated a Lagrangian

based optimization problem and proposed a dynamic programming solution.

The distortion due to each packet was computed during encoding.

Tian presented two power allocation schemes for wireless video com-

munication in [66]. In these schemes, distortion was minimized by allocat-

ing transmission power across packets with a constraint on total transmission
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power. Effects of distortion propagation to subsequent frames were also con-

sidered in their distortion estimation method. The author assumed constant

distortion propagation to subsequent frames and determined distortion using

frame statistics. Using these power allocation schemes, it was shown that

a PSNR gain of up to 0.85 dB could be achieved as compared to constant

power methods. In [32], Ji et. al developed a power optimization method

for transmission of MPEG-4 fine granularity scalable (FGS) coded bitstream

over MIMO systems employing orthogonal frequency division multiplexing

(OFDM). In this method, total distortion was minimized by power-efficient

assignment of scalable source to spatial sub-channels with a constraint on to-

tal transmit power. Their scheme showed a PSNR gain of around 2.5 dB as

compared to different non-optimal schemes.

In [40], Lu et. al developed a power minimization method subject to

a given level of quality of service for H.263 video encoder employing Reed-

Solomon channel codes for transmission. They used empirical models to es-

timate the distortion due to source coding and transmission errors. They

minimized the total power consumption of the system consisting of power

consumption by the source and the channel encoder, and the transmission

power, with a constraint on total allowable distortion. Yu et. al present an-

other interesting energy optimizing scheme for JPEG 2000 image transmission

over wireless sensor networks in [73]. In this scheme the authors jointly ad-

justed the source coding scheme, the channel coding rate and the transmission

power levels to minimize the overall processing and transmission energy with
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a constraint on total distortion. They assumed additivity of distortion due to

different layers, and computed it during the encoding process.

In another related paper, Appadwedula et. al [5] presented a power

optimization method for image transmission over wireless channels. In this

method, the source coder, the channel coder, and power consumption were

jointly optimized. They maximized image quality with total power constraint

on both the RF transmission power, and the power consumption of the digital

implementation of the channel coder. In this method, distortion was estimated

using a sum of exponentials. The parameters of this distortion model were

specific for a particular class of images.

Kozintsev and Ramchandran [37] presented a multiresolution frame-

work for optimally matching the source resolution and signal constellation

resolution trees for a wavelet image decomposition based source coding model.

The multiple resolutions resulting from subband decomposition of the image

were mapped to the multiresolution channel codes based on instantaneous

channel state information (CSI). This was achieved using a Lagrangian-based

optimization problem for minimizing the end-to-rend distortion while keeping

the transmitted modulation energy and bandwidth fixed. Energy-distortion

curves similar to rate-distortion curves were constructed, which were then used

in the optimization problem for distortion estimation. It was shown that us-

ing the multiresolution based approach, 2-3 dB of gain in signal-to-noise ratio

(SNR) was typically achieved over source-channel optimized single resolution

based approaches. A few more interesting power optimization methods for
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image and video communication are discussed in [11, 30, 31, 34, 75, 79].
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Chapter 3

Distortion Models for Image and Video

Communication

3.1 Introduction

As discussed in Chapter 2, the common approach for distortion estima-

tion in joint source-channel coding is through operational rate-distortion curves

and simulations. There are some methods that formulate empirical or analyti-

cal distortion models and use these models for rate-allocation or power/energy

allocation in various joint design schemes. However, model based distortion

estimation/prediction is not the popular approach in JSCC and other joint

design schemes. Many different JSCC schemes along with their distortion es-

timation methods were discussed in Chapter 2. In Section 3.2.1, the limitations

of these schemes are discussed, and distortion models for JPEG compressed

images and MPEG-4 coded videos are proposed. In Section 3.3 the limita-

tions of different existing power allocation methods are pointed out, and an

unequal power allocation method for JPEG transmission over MIMO systems

is proposed.
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3.2 Limitations of Different JSCC Schemes and Distor-
tion Estimation Methods

All the JSCC schemes discussed in Chapter 2 provide significant coding

gains and improved image and video quality over schemes that do not optimize

the source and the channel coders in a joint manner. However, they have

certain limitations that are pointed out in this section. Distortion models for

JPEG compressed images and MPEG-4 coded video sequences that address

these limitations are also proposed in this section.

3.2.1 Limitations of JSCC Schemes and Distortion Estimation Meth-
ods for Images

The main limitations of most of the JSCC schemes and their distortion

estimation methods for images are:

• Most of these JSCC techniques and their distortion estimation methods

do not take into account entropy coding. Entropy coding is an integral

part of all image coding standards such as JPEG, JPEG2000, etc. Be-

cause of entropy coding, a bit error in the coded bitstream is propagated,

and the exact contribution of a bit error to the overall distortion is hard

to determine exactly at the time of encoding.

• Another limitation of these techniques is their high dependence on image

statistics and channel conditions. Since the optimizations in these JSCC

techniques are performed on a per-image basis, the parameters derived

for a particular image can only be used to transmit that image. The
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results of using the same parameters to transmit any other image could

be poor. Similarly, in scenarios where the channel is varying, such as a

fading channel, the results could be extremely poor due to channel mis-

match, as most of these schemes are designed for a particular SNR. One

example of such a scenario can be real-time imaging applications, such

as new camera cell phones, where pictures are captured and transmitted

in real-time over fading channels.

• Since the optimization procedures associated with these JSCC schemes

must be carried out for different images and varying channel conditions,

the computational complexity of these schemes becomes prohibitive for

real-time applications. Furthermore, computational complexity becomes

even worse if the rate-distortion curves are to be constructed for each

image, or if the distortion is to be estimated via simulations. All these

things make the JSCC design process expensive to perform in real-time

with the currently available processing power of low power digital signal

processors.

Although the JSCC schemes designed on a per-image basis would result

in lower end-to-end distortion as compared to the schemes minimizing the aver-

age distortion over a set of images, they cannot be used for practical real-time

image and video communication systems due to their computational complex-

ity. For practical real-time communication systems, JSCC schemes with low

computational complexity are needed. JSCC schemes that estimate distortion
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using models rather than simulations or rate-distortion curves, and minimize

the average distortion ‘off-line’ over a ‘set of images’ for different channel

conditions, and then simply switch between different coding parameters in

real-time, depending on the channel condition, would have low computational

complexity as no real-time optimization would be needed. Hence such JSCC

schemes would be well-suited for real-time image and video communication.

3.2.2 Proposed Distortion Model for JPEG Compressed Images

The limitations of the existing methods outlined in the previous section

are addressed in this dissertation, and a distortion model is proposed that

predicts the amount of distortion introduced in a ‘set of images’, rather than

a particular image, based on the source coding rate and channel bit error

probability when the images are transmitted over noisy/fading channels. This

distortion model predicts the distortion due to quantization and channel errors

in a combined manner, taking into account the effects of DPCM and entropy

coding, thereby modeling the effects of error propagation within the coded

coefficients as well.

Although the proposed framework is designed for progressive JPEG

compressed images, it can be used for any similar coefficient based image or

video coding scheme employing DPCM and entropy coding with appropriate

modifications. The model works for any memoryless channel such as BSC,

AWGN and Rayleigh fading channels. The parameters of this distortion model

are derived from a database of randomly selected photographic images. A
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separate test database of randomly selected photographic images is used to

verify the performance of our model using simulations. Results show that the

values of PSNR predicted using our distortion model fall within 2 dB (and

within 1 dB for most practical coding configurations) of those obtained using

simulations over the test database. This shows that this model can predict

average distortion due to quantization and channel errors with good accuracy.

To the best of my knowledge, no such model has been developed to

date that takes into account such practical coding issues as entropy coding and

DPCM coding, and that estimates the average distortion for a set of images.

Efficient JSCC schemes could be designed based on this distortion model that

do not require real-time optimizations based on individual image statistics or

varying channel conditions, as average distortion could be predicted ‘off-line’

for an ensemble of images and channel conditions. Using this distortion model,

the parameters of the JSCC schemes could be obtained off-line for different

channel conditions, which in turn could be used for low-complexity real-time

coding and transmission. This model is presented in detail in Chapter 4.

3.2.3 Limitations of JSCC Schemes and Distortion Estimation Meth-
ods for Videos

The limitations of different JSCC schemes for videos and the distortion

estimation methods used by these schemes are discussed below.

• Most of the schemes discussed in Chapter 2 use operational rate distor-

tion curves to determine distortion values at different source coding rates

42



and channel bit error rates. Construction of these curves require many

simulations for each video sequence. Though these curves predict dis-

tortion with high accuracy, they need to be constructed for every video

sequence, and hence are not feasible for real-time video communications

due to their high computational complexity.

• Some of the empirical models used in these JSCC methods have their pa-

rameters specific for a given sequence [60]. For each new sequence these

parameters must be obtained by fitting the model to a subset of mea-

sured rate-distortion data. This makes the distortion measurement pro-

cess computationally intensive, and hence infeasible for real-time video

applications.

• It is sometimes assumed that distortion is additive and independent on

a frame-by-frame basis [7] in a video sequence. While this assumption

simplifies the modeling process, it is not justified in most of the cases.

Almost all current video coding schemes utilize predictive coding and

motion estimation and compensation. Distortion cause by channel er-

rors is propagated to subsequent frames and hence is not additive or

independent on a frame-by-frame basis.

• Some of the distortion estimation methods [29, 74, 78] measure distor-

tion in the current frame recursively using distortion in previous frames.

Though these methods estimate distortion per frame with a high accu-

racy, they do not predict the exact impact of bit errors in a packet and/or
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pixel on the entire sequence. This is because an error in a frame is prop-

agated to subsequent frames and hence an error in an earlier frame will

most likely result in increased overall distortion in the video sequence as

compared to an error in a later frame. To identify the exact impact of bit

errors at a particular point in the bitstream, the distortion model should

predict the amount of total distortion introduced in the video sequence,

taking into account the effect of distortion propagation to future frames

due to error at that particular point in the bitstream. JSCC schemes can

be designed more efficiently if the exact effect of errors at any particular

location in the data stream on the future frames could be predicted at

the time of coding.

• Video sequences coded by any of the current video coding standards are

highly sensitive to bit errors. Due to the presence of motion estima-

tion/compensation, predictive and differential coding, and entropy cod-

ing, even a single bit error has the potential to introduce large amounts

of distortion in current and subsequent video frames. Because of this,

video coding standards employ error resilience tools and methods such

as data partitioning [62, 68]. The main goal of data partitioning is to

separate more important data in a packet (e.g. DC coefficients for I

frames and motion vectors for P frames) from less important data (e.g.

AC coefficients for I frames and texture data for P frames), so that the

more important partition can still be decoded in case of errors in the

less important partition, hence providing a base level of quality. Most
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of the above mentioned schemes do not take into account data parti-

tioning while modeling distortion, and code motion vectors and residual

error (texture) together. Data partitioning is important not only for er-

ror resilience, but also because different partitions can be transmitted

with unequal error protection since the data in different partitions have

unequal importance.

The JSCC schemes using these different distortion estimation methods

have shown high quality gains along with significant reduction in data-rate.

However, most of these schemes are infeasible for real-time video communi-

cations due to the high computational complexity involved in their distortion

estimation methods. Therefore, for real-time communications, distortion mod-

els that can predict the distortion introduced in the coded sequence at the time

of coding with low computational complexity are required.

3.2.4 Proposed Distortion Model for MPEG-4 coded Videos

In this dissertation, the limitations of existing distortion estimation

schemes are addressed, and a statistical distortion model for predicting the

amount of distortion introduced in MPEG-4 coded video streams due to quan-

tization and channel errors when they are transmitted over noisy/fading chan-

nels is presented. MPEG-4 error resilient tools such as data partitioning and

packetization are used to encode the video into different partitions/layers.

Mean squared error (MSE) is modeled as a function of source coding rate and

channel bit error probability for different partitions in I and P frames sep-
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arately, and an expression for total distortion is derived. This model takes

into account important components of video coding such as motion estimation

and compensation, predictive coding, DCT coding, and variable length cod-

ing (VLC). Effects of error propagation to subsequent frames due to motion

compensation are taken into account for estimating distortion due to errors in

I and P frames. Model parameters are computed using a ‘training’ database

of video sequences. These parameters are then used in conjunction with the

statistics of different ‘test’ sequences to predict the distortion due to quantiza-

tion and channel errors in the ‘test’ sequences. Results show that this model

predicts distortion within 1.5 dB of actual simulation values in terms of peak-

signal-to-noise-ratio (PSNR) at all values of source coding rates and channel

bit error rates (BER).

In case of bit errors in any video packet, this distortion model predicts

the amount of distortion introduced in the current frame as well as all the

subsequent frames in the video sequence till the next I frame. Hence, this

distortion model approximates the effect of errors in each video packet on

the overall reconstructed video quality. Though the distortion expressions

are derived explicitly for MPEG-4 video coded streams, this model can be

extended to other similar video coding schemes that use transform coding,

motion compensation and entropy coding. Efficient JSCC schemes can be

designed using this distortion model for transmission of MPEG-4 coded video

streams over noisy/fading channels. Since the parameters of this distortion

model are derived from a training database of videos, this model can predict
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the distortion using the source coding rate, the channel bit error rate, and the

statistics of the video data in a packet during the coding process in real-time.

Hence, it is well suited for real-time video communication applications. This

model is discussed in detail in Chapter 5.

3.3 Limitations of Unequal Power/Energy Allocation
Methods

In Chapter 2, different unequal power and energy allocation schemes

for transmission of images and videos were discussed. The main goal of all

these methods was either the minimization of energy/power with a constraint

on total allowable distortion, or the minimization of distortion with a con-

straint on total energy/power. These methods showed large amounts of en-

ergy/power savings or quality gains as compared to methods that transmitted

the images and videos with equal power. Despite significant quality gains and

energy/power savings, these methods have certain limitations as discussed be-

low:

• Most of the unequal power/energy allocation methods discussed in chap-

ter 2 either used simulations or energy-distortion curves to estimate the

distortion at the transmitter at various power configurations. This makes

the optimization process computationally complex and hence infeasible

for real-time image and video transmission.

• All the current power/energy allocation methods are either for wireline
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systems or wireless systems with single transmit and receive antennas.

With MIMO systems expected to become an integral part of the next

generation wireless systems, these power/energy allocation methods will

not be very useful for image and video transmission.

• Most of the unequal power/energy allocation methods for wireless im-

age and video communication assume the channel to be constant over a

packet or layer. However, in practical systems it is not necessary that

the channel will remain constant during the transmission of an image

or video packet or layer even for quasi-static channels. If the channel

changes during a packet or layer, the distortion estimate and hence the

power allocation scheme would give incorrect results and hence large

amounts of quality degradation. Due to this reason, the power alloca-

tion methods should take into account the effects of channel changes

during a packet or layer transmission.

Because of the above mentioned limitations, these unequal power al-

location schemes are not a feasible choice for practical real-time image and

video communication systems. Furthermore, these schemes cannot be easily

extended to MIMO systems which are expected to be employed in next gener-

ation wireless systems. Keeping in view the limitations of existing power allo-

cation methods and the requirements of the next generation wireless systems,

an unequal power allocation scheme for image communication over MIMO

systems is proposed in this dissertation.
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3.3.1 Proposed Unequal Power Allocation Method for JPEG Trans-
mission over MIMO systems

As discussed above, MIMO systems are expected to be implemented in

next generation wireless systems. With the use of multiple transmit and re-

ceive antennas and advanced coding schemes such as space-time codes, MIMO

systems can be used to increase system capacity as well as data reliability in

wireless communication systems [1, 22, 64, 65]. Since high fidelity image and

video transmission require high bandwidth and reliability, MIMO systems are

highly advantageous for transmission of images and videos. Most of the re-

search in MIMO systems and space-time codes has focused on designing codes

with the goal of minimizing overall error rate and maximizing data-rate with

the assumption of equal importance of data. However, as discussed above,

almost all of the current image and video coding standards divide the coded

images and videos into different layers with unequal importance. Therefore,

to take full advantage of MIMO systems, image and video coding and trans-

mission techniques should be designed that take into account this property

of the underlying source. By designing joint coding and transmission schemes

for MIMO systems that take into account source statistics and unequal impor-

tance of image and video data, better quality, power consumption and higher

data rates can be achieved.

Based on this idea, an unequal power allocation method for transmis-

sion of JPEG compressed images over MIMO systems is proposed in this disser-

tation. The image is divided into different quality streams, and these different
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streams are simultaneously transmitted over different antennas with unequal

power using spatial multiplexing . Transmit power is allocated between differ-

ent streams with the goal of minimizing the overall distortion in the received

image. The total transmit power over all the transmit antennas during any

symbol period is kept constant. The effects of channel changes during an image

segment/layer transmission are also taken into account in this method. Re-

sults show that quality gains as large as 14 dB in terms of PSNR are obtained

at low channel SNRs. As discussed above, where a good amount of work has

been done for designing unequal power allocation methods for image and video

transmission over wireless systems with single transmit and receive antennas,

no work has been done to date for designing such methods for MIMO systems.

This method is presented in Chapter 6.
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Chapter 4

A Joint Source-Channel Distortion Model for

JPEG Compressed Images

In this chapter a statistical model for estimating the distortion intro-

duced in progressive JPEG compressed images due to quantization and channel

bit errors is presented1. Statistical modeling of important compression tech-

niques such as Huffman coding, differential pulse coding modulation (DPCM),

and run-length coding are included in this model. The outline of this chapter

is as follows. Section 4.1 outlines the system model consisting of the source

encoder, the decoder, and the channel. In Section 4.2, the distortion model

for different JPEG layers is developed. Simulations and results are presented

along with some discussion in Section 4.3.

4.1 The System Model

Source coding often makes the compressed bitstream highly sensitive to

channel errors. A single bit error has the potential to corrupt an entire image

1Copyright 2006 IEEE. Some of the material in this chapter has been reproduced, with
permission, from: M. F. Sabir, H. R. Sheikh, R. W. Heath Jr., and A. C. Bovik, “A
Joint Source-Channel Distortion Model for JPEG Compressed Images,” IEEE Trans. Image
Processing, accepted for future publication.
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or video sequence, especially in the presence of entropy coding. Therefore,

error-resilient features are required in multimedia communication systems. In

this dissertation, the distortion model is derived for JPEG compressed images

with certain error-resilient features. Specifically, RST (reset) markers are used

in progressive DCT based mode and it is assumed that the headers are not

corrupted by any bit error. The headers, which constitute only a small pro-

portion of the overall data, can be transmitted error-free using powerful error

correcting codes. These features are important for constructing any practical

image communication system based on the JPEG algorithm.

4.1.1 The Source Coding Model

For JPEG encoding, the progressive DCT based mode of operation

with spectral-selection [47] is used. In the progressive DCT mode, the data

is arranged in different quality layers. In the spectral-selection method, the

DCT coefficients are quantized and divided into subbands that are encoded

in separate passes. The DC coefficients are DPCM and entropy coded in

the first pass, followed by run-length and entropy encoding of AC coefficients

for different subbands in subsequent passes. Huffman coding is used for the

model presented in this dissertation, however, this model would also work

for arithmetic coding. Due to the presence of entropy coding, the encoded

bitstream becomes highly sensitive to bit errors because of error propagation

in codewords. Although the model is developed for grayscale JPEG, it could be

easily extended for color images by treating errors in the individual components
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Figure 4.1: JPEG layers and segments. Layer headers are not shown for
simplicity.

independently.

The 64 subbands of DCT coefficients are organized into 64 separate

layers: the first one being the DC layer, followed by 63 AC layers. In this way,

the resolution and the quality of the decoded image improves as more layers

are decoded. RST markers are inserted in each layer regularly. The part of

data in each layer between two consecutive RST markers is called a segment.

Note that in AC layers, run-length coding is done across blocks in each seg-

ment in each layer. The structure of the JPEG compressed stream is shown in

Fig. 4.1. Decoding is reinitialized whenever a RST marker is encountered [47],

and a bit error occurring in a segment only corrupts that segment, and the

error is not propagated beyond that segment. Error detection by the source

decoder is discussed in the following section.

Error detection: Errors can be detected in a compressed image/video bit-

stream either at the transport coder, or at the source decoder [67]. A common
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way to perform error detection at the transport coder is the addition of header

information to the bitstream. An example of such a system can be a packet

based video transmission system, where the output of the video encoder is

divided into packets. These packets each contain a header and a payload field

[45]. Each of the headers can have a header number, which is sequential. The

decoder checks for these packet numbers, and in the case of a missing or an

out of order packet, declares a packet error. Another well known method for

performing error detection at the transport coder is to use error control cod-

ing. In this method, forward error correction (FEC) codes are used to add

redundancy to the compressed bitstream in order to protect it from channel

errors. A significant amount of research has been done in the field of error

control coding for image and video transmission during the last two decades.

A few examples can be found in [2, 4, 35, 56, 71].

Error detection can also be performed at the source decoder. There can

be many different methods to accomplish this. For example, for detection of

transmission errors in DPCM coded images, Rose and Heiman [50] compared

the difference in pixel values between two neighboring lines to a threshold,

and discarded the image segment if this difference is larger than the threshold.

Another interesting scheme for error detection in the frequency domain was

proposed by Lam and Reibman in [38].

In the distortion model presented in this chapter, no packetization or

error control coding is used to protect the entropy coded codewords corre-

sponding to the DC and the AC layers. In the case of bit errors occurring
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in the transmitted bitstream, we assume that the decoder detects the first

bit error (due to loss in synchronization of entropy decoding) and decodes all

the coefficients in the rest of the segment as zero. All the coefficients before

the codeword in error are decoded correctly, since a Huffman code is a prefix

code. The assumption of bit error detection is based on the fact that in most

cases the Huffman code being used is not a complete code, i.e. not all pos-

sible codewords are legitimate. Therefore, if a bit error occurs such that the

resulting codeword is not in the decoding table, the decoder will declare an

error [67]. It is possible that the codeword generated as a result of a bit error

is legitimate, in which case the bit error will go undetected by the decoder,

resulting in erroneous decoding of coefficients. However, it is highly likely

that the decoder will detect the bit error since only a few codewords are in

the decoding table. The number of illegitimate codewords of different lengths

depends on Huffman table, which is different for different images. In order

to find out how often does the decoder detect bit errors, random single bit

errors were introduced in different segments of 200 progressively coded JPEG

images. The decoder declared an error whenever it encountered a codeword

that was not in the decoding table. The case when the decoder detects the

error in exactly the same coefficient that was actually corrupted by the bit

error in our simulations was termed as ‘successful detection’. The cases when

the bit error goes undetected or is detected at a later point were termed as ‘un-

successful detection’. 100000 iterations were performed over each image and

the percentage of successful detection was found to be 80.4%. Note that these

55



simulations were performed over a range of source coding rates (0.6 - 3 bpp),

employing a variety of Huffman tables and codeword lengths, and 80.4% is the

overall percentage of successful detection over this range of source coding rate.

The empirical distribution of the decoded coefficient values that are affected

by the bit error are shown in Fig. 4.2. As the figure shows, the erroneous

coefficients are zero with a probability of 0.91 in our simulations. This prob-

ability is higher as compared to the successful detection percentage because

it also includes the case when the decoder detects an error at a later point

(and decodes the remaining coefficients as zeros). The coefficients decoded as

non-zero represent the case when the bit error is not detected by the decoder.

Since the percentage of successful error detection by the decoder is quite high

(80.4%), it can be fairly assumed that the decoder detects the first error, to

simplify the distortion model.

Error free transmission of headers and markers: Bit errors

occurring during transmission can affect the headers, the markers, the DC

layer, and the AC layers. If there is an error in the header, the entire image

will be damaged seriously, and it is very likely that the image cannot be

recovered. In case of errors in RST markers, synchronization will be lost,

corrupting the image until the next correctly received RST marker. In this

dissertation, only the effects of quantization and transmission errors in the

entropy coded DC and AC layers are modeled. The effects of errors in the

headers and markers are not modeled. It can be assumed that the headers

and markers are transmitted error free, since they only constitute a small
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Figure 4.2: Empirical distribution of decoded coefficient values in the case of
bit errors.
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portion of the overall bitstream (appx. 4 − 5 %), and hence powerful channel

codes along with packetization and intelligent automatic repeat request (ARQ)

techniques can be used to protect them. The approach of assuming error free

transmission of headers, markers and a base layer (a basic representation of

images and videos) is quite common in joint source-channel coding literature,

and a few examples are given in [21, 54, 71, 77].

In a JPEG compressed bitstream, the RSTm markers incorporate a

modulo-8 count, m. This count is started at zero for each scan and is in-

cremented by one with the addition of each RST marker to the compressed

bitstream. These modulo-8 RST markers are represented by two byte codes

codes X ‘FFD0’ - X ‘FFD7’. These codes are unique by default in the JPEG

standard and do not occur anywhere else in the bitstream. Instead of trans-

mitting these RST markers in the above mentioned format, segment lengths

are transmitted in bytes (similar to the scheme used by Fazel and Lhuillier

in [21]) to specify the exact locations of RST markers to the decoder. These

lengths are each represented by two bytes and are sent along with other head-

ers and markers at the beginning of the bitstream before transmitting the

entropy coded image data. Note that segment lengths are transmitted instead

of RST markers so that the decoder can reinsert the RST markers at their

exact locations to achieve perfect synchronization. These headers, markers

and segment lengths are labeled as the ‘critical layer’ in this method, as their

error-free transmission is critical for image reconstruction. Since this critical

layer only constitutes a small portion of the entire bitstream (appx. 4− 5 %),
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powerful channel codes can be used to guarantee its error free delivery at

practical SNRs. In addition to channel coding, some other techniques such as

packetization and ARQ can also be used to guarantee error free transmission

of this critical layer. This layer is then parsed at the decoder, and all the head-

ers and RST markers along with other markers are inserted at their original

positions in the bitstream before initializing decoding. This way, the decoder

knows the exact location of RST markers and hence perfect synchronization is

achieved. Note that transmitting segment lengths is just one way to achieve

perfect synchronization. There can be many other ways, depending on the

particular application.

4.1.2 The Channel Model

A binary symmetric channel is assumed, and the distortion model is

derived for a given bit error probability pe. It is also assumed that the bit errors

are independent. Both the AWGN and the Rayleigh fading (with interleaving)

channels can be represented as a BSC, given the bit error probabilities for these

channels and the fact that the probability of making an error from 0 to 1 is the

same as that of 1 to 0. Therefore, by using this model the distortion curves

can be constructed for any channel that can be represented as a BSC, if the

source coding rate and the expression for bit error rate (BER) are known [58].

This makes this distortion model independent of modulation type and channel

coding. No packetization or encapsulation is used for the entropy coded raw

bitstream, and it is assumed that the bitstream is directly transmitted over
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the channel without any overhead by streaming protocols. Also, no error

concealment is considered at the decoder.

4.2 The Distortion Model

In this section the distortion model for predicting the distortion due to

quantization and channel errors in the grayscale JPEG compressed images is

derived. MSE is used as the distortion metric for this model.

4.2.1 Assumptions and Notation

The goal of this model is to relate average image distortion, in terms of

MSE, to source coding rate and bit error probability. This modelling is com-

plicated due to the presence of Huffman coding, DPCM coding and run-length

coding. A single bit error can cause the decoder to lose synchronization and

corrupt the entire segment. Furthermore, it is difficult to precisely determine

the coefficient position corresponding to a particular bit in error due to the

different lengths of the entropy coded symbols.

Since the JPEG coded images consist of 64 layers, the notation for one

layer is first outlined in this section, which is later generalized for all the 64

layers. Therefore, in the following discussion, all variables meant are for one

layer only.

In this section, certain simplifying assumptions are made for the deriva-

tion of the average MSE due to quantization and channel errors over a set of

images. Specifically, the DCT coefficients are modeled as random processes
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Figure 4.3: Bit error in a segment. Different colors/shades represent different
entropy coded coefficients.

that are wide sense stationary and ergodic. A RST marker is inserted in each

layer after every M coefficients, which is constant for all layers. Since by as-

sumption the first bit error in a segment corrupts the entire segment from the

bit in error to the next RST marker, we only need to consider the position

I of the first bit in error, which is also modeled as a random variable. Thus

multiple errors in the same codeword as well as all subsequent errors in the

same segment, can be ignored. The coefficient to which the I th bit belongs is

indexed as k. All coefficients from the kth coefficient to the end of the segment

are corrupted, and assumed to be decoded as zero, while all previous coeffi-

cients from the first coefficient of the segment to the (k − 1)st coefficient are

assumed to be decoded correctly. Let the distribution for the first bit error

position I in a segment be denoted by pI(i). It is assumed that all the bits are

corrupted independently with a bit error probability pe, which is assumed to

be constant for a layer. Then, pI(i) is given by

pI(i) = pe(1 − pe)
i−1. (4.1)
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Hence, an increase in the bit error rate will increase the probability of the first

bit error occurring at an earlier location in a segment.

Consider a segment with M DCT coefficients indexed from 1 to M ,

as shown in Fig. 4.3. Note that this figure is a simplified representation of

the actual bitstream. Each colored block is an entropy coded codeword and

can represent one or more coefficients. Particularly in the case of AC layers,

each block can represent a run-length coded codeword. The average length of a

coded coefficient is assumed to be a continuous random quantity denoted by L.

The term average length is used because due to entropy coding it is difficult

to model the exact number of bits used to represent individual coefficients.

The distribution of L depends upon the source coding rate. On average, the

coefficient index k corresponding to the first bit in error is given by k ≈ ⌈I/L⌉,

where ⌈·⌉ denotes the ceiling function. Note that this relation holds only on

average, and the distortion model based on it would only predict the average

MSE over a set of images. The number of coefficients in a segment corrupted

by a bit error is denoted by m(L, I), or m for notational convenience. Thus

M − m2 coefficients are decoded correctly, while m coefficients are corrupted

and decoded as zero. This is depicted in Fig. 4.3.

In the following sections, first an expression is derived for MSE con-

ditioned on the knowledge of L and I, which is later averaged over L and I.

Since in JPEG encoding, the DC coefficients are DPCM coded, while the AC

2M , m and k are obviously related: m = M − k + 1, k = 1...M
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coefficients are coded directly, MSE needs to be modeled separately for DC

and AC layers.

The notation for each layer is generalized since this model consists of

64 layers. I, L, m and k for the nth layer are represented as In, Ln, mn and

kn respectively, where the layer number n ranges from 0 to 63, with 0 for the

DC layer and 63 for the highest frequency AC layer. Note that mn and kn are

functions of Ln and In. To avoid confusion, this notation is listed in Table 4.1.
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Notation Description

M The total number of coefficients in a segment. It is a constant
for all layers in the image.

N The total number of pixels in the image.
Ln Average length of the coded coefficients in the nth layer.
In Position of the first bit error in a segment of the nth layer.
kn Coefficient index to which the bit In belongs. It is a function

of Ln and In.
mn The number of coefficients affected by quantization and

channel errors in a segment in the nth layer. It is a function
of Ln and In.

Xu
kn

kth unquantized DCT coefficient in a segment of the nth

layer.
Xq

kn
kth quantized DCT coefficient in a segment of the nth layer.

X̂q
kn

kth quantized and erroneously decoded DCT coefficient in a
segment of the nth layer.

P̂ q
k0

Erroneously decoded prediction value corresponding to the
kth quantized DC coefficient (DPCM coding).

ξkn
Quantization error in the kth DCT coefficient in a segment of
the nth layer.

σ2
un

Variance of the unquantized DCT coefficients in the nth

layer.
σ2

qn
Variance of the quantized DCT coefficients in the nth layer.

σ2
ξn

Quantization error variance for the nth layer.

MSEkn MSE between the original and the received image, due to a
bit error in the kth coefficient in a segment of the nth layer,
without taking into account the effect of error propagation in
the subsequent coefficients. Note that this is the value of
MSE due to error in one coefficient (kth) only.

MSEmn
MSE between the original and the received image, due to a
bit error in the kth coefficient in a segment of the nth layer,
taking into account the effect of error propagation in all the
subsequent coefficients in the segment. Note that this is the
value of MSE due to errors in m coefficients.

Continued on next page
Table 4.1: Notation.
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Notation Description

Continued from previous page
MSEMn

MSE between the original and the received image due to
quantization errors in M − m coefficients, and quantization
and channel errors in m coefficients in a segment of the nth

layer.
MSEDC The total MSE between the original and the received image

due to quantization and channel errors in all the segments of
the DC layer.

MSEACn
The total MSE between the original and the received image
due to quantization and channel errors in all the segments of
the nth AC layer (n = 1...63).

MSE The total MSE between the original and the received image
due to quantization and channel errors in all the layers.

Table 4.1: Notation.

4.2.2 Distortion Model for the DC Layer (n = 0)

In this section, an expression for the expected value of MSE due to

quantization and channel errors in the DC layer is derived. Suppose the first

bit error in a segment occurs at bit position I0, corresponding to the coefficient

indexed k0. Due to orthonormality of DCT, we can analyze MSE in the DCT

domain. Then, the average MSE (over an ensemble of images) between the

original and the erroneous image due to error in the kth
0 coefficient, given L0

and I0, can be written as:

E
(
MSEk0 | L0, I0

)
=

1

N
E
[
(Xu

k0
− X̂q

k0
)2 | L0, I0

]
(4.2)

where the random variables Xu
k0

and X̂q
k0

represent the unquantized and the

erroneously decoded quantized DC coefficients respectively, and N is the total
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number of pixels in the entire image. This expression is divided by N because

the MSE in the entire image due to one coefficient in error is being computed.

Equation (4.2) depends on L0 and I0, since k0 is a function of L0 and I0. Note

that the effect of error propagation in a segment is not yet included in (4.2).

In progressive JPEG, all DC coefficients, except the first coefficient,

are DPCM coded, and only the DC prediction is represented in the bitstream.

Thus, for all the coefficients other than the first DC coefficient:

X̂q
k0

= Xq
k0−1 + P̂ q

k0
, k0 = 2...M

where Xq
k0−1 is the correctly decoded quantized coefficient at position k0 − 1,

while P̂ q
k0

is the erroneously decoded prediction value. By assumption, the

decoder detects the error and decodes P̂ q
k0

as zero. Thus

X̂q
k0

= Xq
k0−1. (4.3)

The quantized DC coefficient Xq
k0

can be expressed as the sum of the unquan-

tized coefficient Xu
k0

and a quantization error ξk0

Xq
k0

= Xu
k0

+ ξk0 . (4.4)

Since in the JPEG standard, the pixel values are level shifted to a signed

representation by subtracting 2(Z−1), where Z is the precision specified for

the input data [47], before taking the DCT, it can be fairly assumed that

all the DCT coefficients to be zero mean. Now, representing the variances

of the unquantized DC coefficients, the quantized DC coefficients, and the

quantization error by σ2
u0

, σ2
q0

, and σ2
ξ0

respectively, and expanding (4.2) using

66



(4.3) and (4.4), the expected value of MSE for k0 = 2...M can be written as

E(MSEk0|L0, I0) =
1

N

(
E
[
(Xu

k0
)2 + (X̂q

k0
)2 − 2Xu

k0
X̂q

k0
|L0, I0

])

=
1

N

(
σ2

u0
+ σ2

q0
− 2E

[
Xu

k0
Xu

k0−1 | L0, I0

]

− 2E
[
Xu

k0
ξk0−1 | L0, I0

])
. (4.5)

It can be assumed that the quantization error is uncorrelated with the un-

quantized DC coefficients; i.e. E
[
Xu

k0
ξk0+i

]
= 0 ∀i, and hence σ2

q0
= σ2

u0
+ σ2

ξ0
,

where Xu
k0

and ξk0 are zero mean. Hence the expected value of MSE (for

k0 = 2...M) becomes

E(MSEk0|L0, I0) =
1

N

(
2σ2

u0
+ σ2

ξ0
− 2r (1)

)
, (4.6)

where r(1) is the autocorrelation function of the DC coefficients at lag 1. Using

a similar methodology, MSE at a distance of j − 1 coefficients from the kth
0

coefficient can be written as

E(MSEk0+j−1|L0, I0) =
1

N
(2σ2

u0
+ σ2

ξ0
− 2r(j)), k0 = 2...M. (4.7)

As shown in Fig. 4.3, a bit error in the kth
0 coefficient will result in the loss of

m0 coefficients (m0 = M − k0 + 1). Now, assuming additivity, the expected

value of MSE (E(MSEm0 |L0, I0)) due to these m0 coefficients for the case

m0 = 1...M − 1 (k0 = 2...M) can be written as

E(MSEm0|L0, I0) =
1

N

[
m0 · (2σ2

u0
+ σ2

ξ0
) − 2

m0∑

j=1

r(j)

]
, m0 = 1...M − 1.

Now, suppose a bit error occurs in the first coefficient (k0 = 1, m0 = M),

then all the M coefficients will be corrupted. Hence, by our assumption, all

the coefficients in the segment will be decoded as zero. Therefore, substituting
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X̂q
k0

= 0 in (4.2), the expected value of MSE for m0 = M(k0 = 1) becomes

E(MSEm0|L0, I0) =
1

N

(
Mσ2

u0

)
, m0 = M.

Hence, the expected value of the MSE due to m0 coefficients in error can be

written as:

E(MSEm0|L0, I0)=






1
N

[
m0 · (2σ2

u0
+ σ2

ξ0
) − 2

m0∑
j=1

a|j|σ2
u0

]
,m0 = 1...M − 1

1
N

(
Mσ2

u0

)
, m0 = M

(4.8)

where a first order auto-regressive model
(
r(j) = a|j|σ2

u0

)
for the DC coeffi-

cients is used. Note that (4.8) only represents the effects of quantization and

channel errors in the m0 coefficients corrupted by channel errors. Only the

quantization error is needed to be modeled for the remaining M − m0 coeffi-

cients since they are not corrupted by channel errors. Adding this quantization

distortion, the expected value of MSE becomes

E(MSEM |L0, I0) =
1

N

[
(M − m0)σ

2
ξ0

]
+ E(MSEm0 |L0, I0). (4.9)

Now taking the expectation over I0, we get

E(MSEM |L0 = l0) =

⌈Ml0⌉∑

i0=1

[
M − m0

N
σ2

ξ0
+

E(MSEm0 |L0 = l0, I0 = i0)

]
pI0(i0), (4.10)

where the ceiling appears in the summation because L0 is the average length

of the DC coefficients, which is modeled as a continuous random variable as

discussed in Section 4.3.1. The effect of the event when no bit error occurs in

the entire segment and the distortion is solely due to quantization should also

be included in the distortion model. The probability of such an event given
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L0 is p(No error|L0 = l0) = 1 −
⌈Ml0⌉∑
i0=1

pI0(i0), and the corresponding distortion

is 1
N

Mσ2
ξ0

. Including this in the expression for MSE, taking expectation over

L0, and assuming the additivity of MSE due to all the R + 1 segments in the

DC layer, the expected value of MSE due to the DC layer becomes

E(MSEDC) = (R + 1)

∫

R+

[
1

N

(
1 −

⌈Ml0⌉∑

i0=1

pI0(i0)

)
Mσ2

ξ0

+E(MSEM |L0 = l0)

]
pL0(l0)dl0, (4.11)

where pL0(l0) is the probability density function (pdf) of L0. We will present

a model for pLn
(ln) in Section 4.3.1.

This expression models the expected value of MSE between the original

and the received image due to quantization and random bit errors in all the

segments of the DC layer. If the DC layer is not transmitted, then it is obvious

that E(MSEDC) = M(R+1)
N

σ2
u0

.

4.2.3 Distortion Model for the AC Layers (n = 1...63)

The 63 AC subbands in the JPEG compressed image constitute the

next 63 quality layers in this model. Similar to the case of DC layer, the

expected value of MSE (over an ensemble of images) between the original and

the erroneous image due to error in the kth
n coefficient given Ln and In can be

written as:

E
(
MSEkn | Ln, In

)
=

1

N
E
[
(Xu

kn
− X̂q

kn
)2 | Ln, In

]

=
1

N

(
E[(Xu

kn
)2 | Ln, In]

)
=

1

N
σ2

un
(4.12)
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where Xu
kn

and X̂q
kn

are the kth unquantized and erroneously decoded quantized

coefficients of the nth AC layer, and σ2
un

is the variance of the zero-mean

unquantized AC coefficients for the nth AC layer. Equation (4.12) results from

the assumption that the decoder decodes X̂q
kn

as zero, and from the fact that

the AC coefficients are not DPCM coded.

Following similar steps as for the DC layer, the expected value of MSE

due to the nth AC layer can be shown to be

E(MSEACn
) =

R + 1

N

∫

R+




⌈Mln⌉∑

in=1

(
(M − mn)σ2

ξn
+ mnσ

2
un

)
pIn

(in)

+



1 −
⌈Mln⌉∑

in=1

pIn
(in)



Mσ2
ξn



 pLn
(ln)dln. (4.13)

where σ2
ξn

is the variance of the quantization error for the nth AC layer, and

Ln models the average length of coded coefficients in the nth AC layer. Note

that there is no correlation term in the MSE expression for the AC layers.

This is because the AC layers are not DPCM coded. Since a different distri-

bution is used for the average coefficient length Ln for each layer, the effects

of run-length and Huffman coding in the AC coefficients are incorporated au-

tomatically in this derivation.

This expression models the expected value of MSE between the original

and the received image due to quantization and random bit errors in all the

segments of the nth AC layer. If the nth AC layer is not transmitted, then

E(MSEACn
) = M(R+1)

N
σ2

un
.
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4.2.4 Total Distortion

Assuming additivity of MSE due to individual layers (recall orthonor-

mality of the DCT basis), the expected value of MSE can be written as

E(MSE) = E[MSEDC ] +
63∑

n=1

E[MSEACn
]. (4.14)

This expression models the expected value of MSE (over an ensemble of im-

ages) between the original and the received image due to quantization and

random bit errors in all the 64 coefficient layers.

4.3 Simulations and Results

In this section the distortion model’s prediction of average MSE is

compared against simulations. MSE is converted to PSNR assuming 8 bit

unsigned representation for unquantized pixel values using the simple rela-

tion PSNR = 10 log10
2552

MSE
, since PSNR is commonly used for image quality

assessment.

4.3.1 Model Parameters

In order to predict the MSE using (4.11), (4.13) and (4.14), certain

model parameters are needed. These parameters consist of σ2
un

, σ2
ξn

, a, and

distributions pLn
(ln) for Ln (n = 0...63). A training database of randomly

selected 200 grayscale photographic images, compressed at different source

coding rates ranging from 0.6 bits per pixel (bpp) to 3 bpp was used to derive

these model parameters. The value of a was found to be 0.94. A constant
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segment size of 64 coefficients (M = 64) was used. Ln is modeled with a

truncated Gaussian distribution (see Appendix A) as shown in Fig. 4.4, and fit

the dependence of the parameters on the source coding rate. The parameters

of the truncated Gaussian distribution, namely ρLn
and σ2

Ln
were computed

numerically using estimated mean and variance of Ln (see Appendix A). Four-

parameter logistic curve fitting was used to express ρLn
and σ2

Ln
as functions of

source coding rate for each of the 64 coefficient layers. The mapping function

used is given in (4.15), while the fitting is done using MATLAB’s fminsearch.

Φ(x) = β1logistic (β2, (x − β3)) + β4 (4.15)

logistic(τ, x ) =
1

2
− 1

1 + exp(τx)
(4.16)

where x is the source coding rate in bits per pixel (bpp), and β1, β2, β3, and

β4 are fitting parameters. Φ can be either ρLn
, or for the case of σ2

Ln
, the

‘max’ of 0 and Φ (σ2
Ln

= max(0, Φ)) is taken since the variance cannot be

negative. Five-parameter logistic curve fitting given by (4.17) was used to

model the natural log of quantization error variance σ2
ξn

as a function of the

source coding rate for each layer.

ln
(
σ2

ξn
(x)
)

= β1logistic (β2, (x − β3)) + β4 + β5x. (4.17)

By using this curve fitting, the parameters of our model can be computed

for any bit rate. Furthermore, since Ln is now a continuous function of the

source coding rate, the expressions for MSE are also continuous functions of the

source coding rate. Fig. 4.4 shows the empirical distributions of the coefficient

lengths along with the approximated truncated Gaussian distributions. It is

72



noted that the truncated Gaussian approximation is a good fit for the empirical

distribution for a variety of coefficient layers and source coding rates. At

low bit rates, there is a peak in the first bin of AC layers. This is because

many quantized AC coefficients are zero at low bit rates, and hence are coded

very efficiently by run-length coding. Sometimes the entire coefficient layer

is zero and hence represented by just one symbol, resulting in a peak near

zero. However, it is still appropriate to use truncated Gaussian because we

found it to be the best fit over a variety of distributions. The purpose of using

a distribution fit instead of the actual empirical distribution was to reduce

the parameters of the model, which was accomplished by using the truncated

Gaussian distribution for all layers. Fig. 4.5 (a) - (d) show the curves for the

parameters of the truncated Gaussian distributions (ρLn
and σ2

Ln
) as functions

of the source coding rate along with the four-parameter logistic curve fitting.

Fig. 4.5 (e) - (f) show the quantization error variance σ2
ξn

as a function of the

source coding rate along with the five-parameter logistic curve fitting. Note

that these curves approximate the actual values quite accurately.

4.3.2 Simulation Details

Two different sets of 200 512 × 512 randomly selected grayscale photo-

graphic images from a database of over 2000 images3 were used in the simula-

tions, one for training and the other for testing. As discussed in the previous

3These images were randomly selected from the two-CD set of ‘Austin & Vicinity - The
world of nature’ and ‘Austin and Vicinity - The human world’.
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(a) DC layer at 0.6 bpp
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(b) DC layer at 2.0 bpp
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(c) 1st AC layer at 0.6 bpp
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(d) 1st AC layer at 2.0 bpp
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(e) 7th AC layer at 1.0 bpp
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(f) 17th AC layer at 1.0 bpp

Figure 4.4: Empirical distributions of Ln and their corresponding truncated
Gaussian approximations at different total source coding rates for the DC and
different AC layers.
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Figure 4.5: Model parameters as functions of source coding rate for different
layers together with logistic curve fitting. ρLn

and σ2
Ln

are truncated Gaussian
parameters, and σ2

ξn
is the quantization error variance.
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section, the training database was used to obtain the model parameters, which

in turn were used to predict the average MSE as a function of the source cod-

ing rate (bpp) and channel BER. The test database was used to compute the

actual average distortion introduced in the ‘test’ set of images by compar-

ing the original images with the quantized and erroneous images at different

source coding rates and bit error rates (BERs). Random bit errors were in-

troduced in the compressed bitstream at the given BERs in order to simulate

the effects of channel errors. RST markers were introduced after every 64 co-

efficients (M = 64). We used source coding rates from 0.6 bpp to 3 bpp, and

BERs from 10−2 to 10−6 for our simulations. 20 channel instantiations were

used for each image at each source coding rate and BER in order to compute

the average MSE and PSNR. The average PSNR values obtained using sim-

ulations were then compared to those obtained using the model. During the

simulations, the headers and the markers were separated and it was assumed

that they were transmitted without errors. This is a valid assumption since

powerful channel codes could be used to transmit the headers and markers,

which constitute a very small portion of the overall bitstream, without any bit

errors. No error concealment was used at the decoder.

4.3.3 Results and Discussion

Fig. 4.6, Fig. 4.7 and Fig. 4.8 show the PSNR curves obtained using

the model and the test simulations, and their differences. The curves in Fig.

4.6 represent the PSNR obtained for the case of quantization and channel

76



10
−6

10
−4

10
−20

1

2

3
10

20

30

40

BERRate (bpp)

P
S

N
R

 (
dB

)

(a)

10
−6

10
−4

10
−20

1

2

3
10

20

30

40

BERRate (bpp)
P

S
N

R
 (

dB
)

(b)

10
−6

10
−4

10
−20

1

2

3
−2

−1

0

1

2

BERRate (bpp)

D
iff

er
en

ce
 in

 P
S

N
R

 (
dB

)

(c)

10
−6

10
−5

10
−4

10
−3

10
−2

12

14

16

18

20

22

24

26

28

30

BER

P
S

N
R

 (
dB

)

Model
Test Simulations

(d)

Figure 4.6: PSNR vs. BER and bpp for quantization and bit errors in all
the layers, obtained using the model and the test simulations. (a) Model (Eq.
4.14). (b) Simulations over the test database. (c) Difference between (a) and
(b). (d) Slices of (a) and (b) at 1.25 bpp.
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Figure 4.7: Difference in PSNR obtained using two different test simulations
with 20 channel instantiations each.

errors in all the 64 layers. The curve in Fig. 4.6 (a) is obtained using the

MSE given by the model (4.14), whereas the curve in Fig. 4.6 (b) is obtained

using simulations over the test database. Fig. 4.6 (c) shows the difference in

PSNR obtained using the model and the test simulations, whereas Fig. 4.6

(d) shows a slice of Fig. 4.6 (a) and (b) at 1.25 bpp for comparison. Fig.

4.7 shows the difference in PSNR obtained using two different test simulations

with 20 channel instantiations each. The PSNR curves in Fig. 4.8 are for

the case of quantization and channel errors in individual layers. For the DC

layer (a)-(c), the results obtained using the model, the test simulations, and
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Figure 4.8: PSNR vs. BER and bpp for quantization and bit errors in individ-
ual layers. (a) Model for the DC Layer (Eq. 4.11). (b) Test simulations for the
DC Layer. (c) PSNR difference between the model (a) and the simulations (b)
for the DC layer. (d) PSNR difference between the model and the simulations
for the first AC layer.
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(a) (b)

(c) (d)

Figure 4.9: Effects of quantization and channel errors in a test image at 1.25
bpp and different BERs.(a) Error free test image at 8 bits per pixel (bpp). (b)
1.25 bpp and 10−4 BER. PSNR=25.96 dB (model prediction: 25.98 dB). (c)
1.25 bpp and 10−3 BER. PSNR=20.14 dB (model prediction: 19.47 dB). (d)
1.25 bpp and 10−2 BER. PSNR=12.81 dB (model prediction: 12.94 dB).
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(a) (b)

(c) (d)

Figure 4.10: Effects of quantization and channel errors in Lena image at 1
bpp and different BERs. (a) Error free Lena image at 8 bpp. (b) 1 bpp and
10−4 BER. PSNR=24.95 dB (model prediction: 24.79 dB). (c) 1 bpp and 10−3

BER. PSNR=18.57 dB (model prediction: 19.08 dB). (d) 1 bpp and 10−2

BER. PSNR=12.44 dB (model prediction: 12.76 dB).

their difference are plotted; whereas for the first AC layer (d), the difference

in PSNR is plotted . Note that the PSNR values shown in Fig. 4.8 are for the

81



entire image, however, the quantization and channel errors exist only in one

layer (DC or AC), and not in any other layer. The source coding rate shown

in Fig. 4.8 is for the entire image. These curves are useful in quantifying

the deviation in the model from the actual test simulations for individual

layers. Figs. 4.9 and 4.10 show original test images and their compressed and

erroneous versions at different BERs. The long streaks in these images are due

to the error propagation effects in the DPCM and entropy coded coefficients.

These streaks show that the assumption that the decoder detects the first bit

error and decodes all the subsequent coefficients in the segment as zeros, is

quite valid.

As can be seen from these figures, the model predicts the distortion

introduced in images due to quantization and channel errors with reasonable

accuracy. The difference in the average PSNR obtained using the model and

the test simulations is within 2 dB at all points as shown in Fig. 4.6 (c). For

the case of individual layers, this difference is within 2 dB for the DC layer

(Fig. 4.8 (c)), and 1.5 dB for the first AC layer (Fig. 4.8 (d)). This shows that

the proposed distortion model predicts the average distortion very closely to

that obtained using the simulations. This is also evident from the PSNR values

shown in Figs. 4.9 and 4.10 for two test images along with those predicted

by the model at different BERs. Also, Fig. 4.7 shows that the difference in

PSNR between two different test simulations is within 0.1 dB at all points.

This shows that the variance in the results is low.
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4.4 Applications

The model presented in Sec. 4.2 can be used for a variety of applica-

tions. On one hand it can predict the quality (in terms of MSE and PSNR) of

a JPEG compressed image when transmitted over a memoryless channel, and

on the other hand it can be used to devise efficient JSCC techniques for image

communication. The distortion introduced due to quantization and channel

errors in individual coefficient layers can be predicted with reasonable accu-

racy, and the contribution of different layers to overall distortion can be used

to provide different levels of error protection to these layers with the goal of

minimizing the expected value of total distortion.

A tradeoff between the source and the channel coding rates can also be

performed using this model given a total bit-rate, with the expected value of

MSE as the cost function. JSCC techniques could be designed off-line for a

database of images and various channel conditions, with average distortion as

the minimization criterion, and need not be re-optimized for each image. The

parameters of these JSCC schemes could then be changed in real-time, suited

for a particular channel condition without going through the optimization

procedure again. This enables a significant reduction in the computational

complexity as compared to existing ‘per-image’ based JSCC techniques. The

per-image based JSCC techniques would perform better in terms of lower

distortion, however, computational complexity of such schemes prohibits their

use for practical real-time image communication. In order to illustrate the use

of our distortion model, we present a very simple application in Sec. 4.4.1.
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4.4.1 Unequal Power Allocation

As a simple application of the distortion model described in this chap-

ter, different JPEG layers are transmitted using an unequal power allocation

(UPA) scheme. All the images are coded at 1 bpp in 64 layers using the

spectral selection mode of operation and Huffman coding. Again, headers

and markers are assumed to be transmitted error free. The DC layer is kept

separate from the AC layers, and the 63 AC layers are then grouped into 3

subgroups to keep the computational complexity low. The layers are grouped

such that each subsequent group of AC layers has approximately 2/3 of the

remaining energy of the quantized coefficients (see Table 4.2).

These 4 groups of layers are then transmitted using 4-QAM modulation

over a Rayleigh flat fading channel using unequal power for different layers,

bounded by a total power constraint. It is assumed that the channel is known

at the transmitter, and that it stays constant for a group of layers but varies

between different groups of layers. It is further assumed that each symbol

is transmitted in unit time. Then, if Es is the symbol power (energy), and

N0 is the noise variance, then Es/N0 is the SNR per symbol. Since 4-QAM

modulation is used, the average SNR per bit (Eb/N0) is related to Es/N0

as Es/N0 = 2Eb/N0. If T is the total number of symbols corresponding to

the length of the bitstream, then the total power (PTOT ) transmitted over

the length of the bitstream is EsT . The goal is to minimize the expected

value of MSE by varying the transmit power for different groups of layers,

while keeping the total power constant over the length of the symbol stream.
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Individual symbols within a group of layers are transmitted with equal power.

MSE is represented in terms of Eb/N0, and the UPA problem is formulated

and solved numerically as a constrained minimization problem. The relation

between the instantaneous BER and Eb/N0 for a Rayleigh fading channel for

4-QAM modulation [58] is given by:

BER = Q

(√
2 |H|2 Eb

N 0

)
, (4.18)

where the channel H is a circularly symmetric complex Gaussian random

variable with mean 0 and variance 1.

Let xi = Ebi
/N0 (i = 1..4) be the SNR per bit for the ith group of layers,

~x = [x1 x2 x3 x4]
T , and MSE(~x) be the corresponding MSE as a function of

SNR per bit for individual groups of layers. Then, in accordance with the

grouping of layers in Table 4.2, the expected value of MSE can be written as

E (MSE(~x)) = E(MSEDC(x1)) +
8∑

n=1

E (MSEACn(x2))

+
19∑

n=9

E (MSEACn(x3)) +
63∑

n=20

E (MSEACn(x4)) . (4.19)

The objective is to minimize E (MSE(~x))

min
~x

E (MSE(~x)) ,

with the equality constraint

g(~x) =
4∑

i=1

lixi = PTOT , (4.20)

where li is number of bits in the ith group of layers. In (4.20), N0 = 1 is

85



assumed without loss of generality.

MSE is minimized using the model for 500 channel realizations at each

average SNR per bit, given as (Eb

N0
)avg =

4P
i=1

lixi

4P
i=1

li

, and the average of these MSE

values is taken. These results are shown in Fig. 4.11 with PSNR plotted

against (Eb

N0
)avg. Note that this SNR is the average SNR per bit for the entire

bitstream, whereas the actual SNRs per bit associated with individual groups

of layers can be different based on the group’s contribution to the total MSE.

For comparison, the PSNR curve for an equal power allocation (EPA) scheme

is also shown. To observe a fair comparison, the bitstream used for EPA is

derived from ‘baseline’ JPEG coded images. Using progressive DCT with EPA

would not be a fair comparison since for progressive streams the importance of

bits decreases with distance from the start of the bitstream. Baseline coding is

used for EPA because in baseline mode there is no layering as opposed to the

progressive DCT based mode, and hence all the parts of the bitstream have

roughly equal importance. The source coding rate for the baseline JPEG is

kept the same as that of the progressive DCT coded images. The total number

of RST markers is also the same for both the cases. In both the cases, a RST

marker is inserted after every 64 coefficients. For the progressive mode, all the

64 coefficients are from the same layer, whereas for the baseline mode these

64 coefficients correspond to the 64 sub-bands.

UPA strategy is first obtained using the distortion model, and is then

used to transmit images from the test database. Both these curves along with
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Group No. Layers
1 DC Layer
2 AC Layer 1-8
3 AC Layer 9-19
4 AC Layer 20-63

Table 4.2: Groups of DCT layers transmitted using unequal power.

the EPA curve are shown in Fig. 4.11. Note that the curve for EPA is obtained

using simulations, since there is no model for the baseline case.

In the case of UPA, at lower SNRs, it is sometimes optimum to transmit

only a few groups of layers. Hence in such cases, all the power is allocated to

these groups of layers and the remaining groups of layers are not transmitted.

Hence nothing is transmitted for the remaining length of the symbol stream

in these scenarios and PTOT is kept constant. As can be seen from Fig. 4.11,

the UPA test simulations perform very closely to the UPA curve obtained

using the model (within 0.9 dB at all points). Hence this model can be used

to design UPA and JSCC schemes with reasonable accuracy. This will also

reduce the system complexity significantly as compared to ‘per-image’ based

optimizations in real-time. Also, as shown in Fig. 4.11, by using the UPA

scheme, we get a PSNR gain of around 6.5 dB at 5 dB (Eb/N0)avg as compared

to EPA. This gain reduces as we move towards higher SNR. For example, at

20 dB (Eb/N0)avg, the PSNR gain is around 2.5 dB. This is because at high

SNR there are almost no channel errors and the distortion is mostly due to

quantization errors. For the error free case, PSNR for the baseline and the
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Figure 4.11: PSNR comparison for unequal power and equal power allocation
schemes at 1 bpp source coding rate.

progressive modes are 25.95 dB and 25.53 dB respectively. The baseline does

not clearly outperform the progressive mode when the channel is good, because

in baseline mode, there is no DPCM coding in the DC layer since there is a

RST marker after each block of subbands, resulting in a performance loss.

4.5 Conclusion

In this chapter, a model for estimating the distortion introduced in an

image as a result of quantization and random bit errors when compressed by
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a JPEG encoder, and transmitted over a noisy/fading channel was presented.

This model is unique since it incorporates modelling of DPCM and entropy

coding for estimating distortion. Furthermore, since this model can predict

the average distortion over a large set of images, it can be used for design-

ing efficient JSCC techniques for transmission of a large set of images over

noisy/fading channels, with no need of carrying out the associated optimiza-

tion procedures again for each image and varying channel conditions. This

eliminates the image dependence of the designed JSCC schemes, hence sig-

nificantly reducing the computational complexity for real-time applications.

To the best of my knowledge, such a model for any practical image coding

standard has not been developed previously. Simulation results show that the

distortion predicted by the model estimates the value obtained via simulations

quite closely. As a simple application of this model, an UPA scheme for JPEG

compressed images for transmission over Rayleigh flat fading channels was also

presented. Different layers in the JPEG compressed images were transmitted

using unequal power while keeping the total transmitted power over the length

of the symbol stream constant. Results show a 6.5 dB PSNR gain over an EPA

scheme at 5 dB SNR.
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Chapter 5

Joint Source-Channel Distortion Modeling for

Video Coding and Transmission

In this chapter a model for estimating the distortion introduced in

MPEG-4 coded video sequences due to quantization and channel bit errors

is presented1. In addition to VLC, run-length coding and differential coding,

this model also models the effects of distortion propagation to future frames

due to motion estimation and compensation. The outline of this chapter is

as follows. Section 5.1 outlines the system model consisting of the source

encoder, the decoder, and the channel. In Section 5.2, various assumptions

and notations are described, and MSE expressions due to quantization and

channel errors in I and P frames are derived. Section 5.3 presents simulation

details and results, along with some discussion on these results. Section 5.4

concludes this chapter.

1Copyright 2006 IEEE. Some of the material in this chapter has been reproduced, with
permission, from: M. F. Sabir, R. W. Heath Jr., and A. C. Bovik, “Joint Source-Channel
Distortion Modelling for MPEG-4 Video,” Accepted for publication in ICASSP 2006.
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Figure 5.1: MPEG-4 encoder and decoder for (a) I-VOP, and (b) P-VOP.

5.1 System Model

The presence of differential coding, entropy coding, and motion com-

pensation makes the compressed video bitstream highly sensitive to channel

errors. A single bit error can not only corrupt many pixels in the current

frame but also has the potential to cause large amounts of distortion in sub-

sequent frames. Due to this reason, different error resilience tools have been

introduced in many video coding standards. In this dissertation, MPEG-4

part 2 (visual) video coding standard is used with two very important error

resilience features. These error resilience features are packetization and data

partitioning. The source coding model along with these error resilience tools

used in this dissertation are described in the following section, followed by a

description of the channel model.
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5.1.1 The Source Coding Model

For the distortion model derived in this chapter, MPEG-4 part 2 (Vi-

sual) is used for source coding. Only the simple profile is considered since it is

the most commonly used profile in the MPEG-4 Visual standard. In MPEG-4

Visual, a video sequence is treated as a collection of one or more ‘video ob-

jects’. A video object (VO) is defined as an ‘area of the video scene that may

occupy an arbitrary-shaped region and may exist for an arbitrary length of

time’ [48]. A ‘video object plane’ (VOP) is defined as an instance of a VO

at a particular point in time. In the simple profile of MPEG-4 Visual, only

rectangular I-VOP and rectangular P-VOP are considered. The terms ‘frame’

and ‘VOP’ are used interchangeably in the following sections because they

both mean the same thing in the simple profile of MPEG-4 Visual.

A frame of a video sequence coded in Intra mode, without prediction

from any other frame (VOP in the case of MPEG-4) is called a rectangular

I-VOP. For an I-VOP, the first step in encoding is the transformation of 8× 8

blocks of luma and chroma samples using the discrete cosine transform (DCT).

After transform coding, the coded coefficients are quantized. These quantized

coefficients are then reordered in a zig-zag scan. If the data partitioning mode

of operation is used then the DC coefficients are encoded in a separate partition

from the AC coefficients. After reordering (and data partitioning, if present),

the quantized coefficients are last-run-level [48] coded followed by variable

length coding. At the decoder, to reconstruct the I-VOP, variable length and

run length decoding are first carried out. The coefficients are then rearranged

92



in their original order, followed by re-scaling. After that, the inverse discrete

cosine transform (IDCT) is applied to the 8×8 blocks of coefficients as the final

step of reconstruction (decoding). A block diagram of this encoding/decoding

process for an I-VOP is shown in Fig. 5.1 (a).

A P-VOP is a rectangular frame that is encoded using inter predic-

tion from a previously encoded I-VOP or P-VOP. In a P-VOP, block based

motion compensation is carried out on 16 × 16 macroblocks. Motion estima-

tion is first performed, and the resulting prediction is subtracted from the

current macroblock to construct a macroblock of residual data (also known

as texture, residual error, and motion compensated prediction). After motion

compensation, the motion vectors are differentially coded followed by variable

length coding. The 8 × 8 blocks of samples in the residual macroblock are

first DCT coded, followed by quantization, reordering, run-length encoding

and variable length encoding. At the decoder, the texture data is first variable

length decoded, followed by run length decoding, reordering, rescaling and

IDCT. Motion compensated prediction is formed using the decoded motion

vectors and the local copy of the decoded reference VOP. This prediction is

then combined with the decoded texture data to reconstruct the macroblock.

Fig. 5.1 (b) shows the encoding/decoding process of a P-VOP. Note that the

macroblocks in a P-VOP can still be coded in Intra mode. This might oc-

cur for regions in a frame where there is no match from the previous VOP.

Common examples of such regions are frame boundaries.
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Figure 5.2: Simplified MPEG-4 packet structure for (a) I frames, and (b) P
frames.

5.1.1.1 Error Resilience

The presence of differential coding, entropy coding and motion vectors

makes the encoded bitstream highly sensitive to channel bit errors. A single

bit error can cause the decoder to lose synchronization in the decoding process.

This may result in corruption of all of the macroblocks until the end of the

current VOP, causing large amounts of distortion in the decoded VOP. Fur-

thermore, due to the presence of motion compensation, the effects of this error

pay also propagate to subsequent frames, introducing significant amounts of

distortion. To mitigate the effects of such errors, the MPEG-4 standard in-

cludes certain error resilience tools and features. In this dissertation, two of

these tools are used in the coding process: the data partitioning mode, and

packetization. Both these error resilience tools are briefly described below.

Packetization: As discussed above, a single bit error can cause the decoder

to lose synchronization resulting in spatial propagation of errors. To overcome

this problem, a resynchronization mechanism is required. There are quite a

few different methods to achieve resynchronization in MPEG-4. The most
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common method is that of packetization. Packetization is an MPEG-4 error

resilience tool that attempts to enable resynchronization between the decoder

and the bitstream by inserting resynchronization markers at different locations

in the bitstream. The encoder divides the frame into different packets, and a

resynchronization marker is placed at the beginning of each packet. Packeti-

zation can either performed such that a resynchronization marker is inserted

after a fixed number of macroblocks, or after a fixed number of bits. The

encoding and decoding processes restart when a resynchronization marker is

encountered; i.e. there is no differential, run-length and variable length encod-

ing across the resynchronization markers. Hence an error does not propagate

across the packet boundary, resulting in a significant reduction in the amount

of distortion due to spatial error propagation. Note that the resynchronization

marker is uniquely decodeable and distinguishable from all possible codewords.

The resynchronization marker is followed by header information consisting of

the next macroblock number, the quantization parameter and a flag, header

extension code (HEC). HEC indicates whether a duplicate of the VOP header

is present in the packet. The macroblock number is used for spatial resyn-

chronization of macroblock data, and the quantization parameter is useful for

resynchronization of differential and variable length coding. The duplicate of

the VOP header is useful to recover a lost VOP header (in case the packet

containing the VOP header is lost). The simplified structure of a video packet

in data partitioning mode is shown in Fig. 5.2.

Data Partitioning: In the data partitioning mode, the encoded data within
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a video packet is divided into two partitions. For an I-VOP the first parti-

tion contains the coding mode information of all the macroblocks and the DC

coefficients of all the blocks in the packet, and the second partition contains

the AC coefficients. For a P-VOP the first partition contains the coding mode

information and motion vectors for all the macroblocks, whereas the second

partition contains the DCT data (texture, DC and AC coefficients) for all the

blocks in the packet. The partitions in a video packet are separated using

secondary resynchronization markers. These secondary markers are unique

for the first partition and cannot be emulated by data in the first partition,

however, they can be emulated by data in the second partition. Note that

within a packet, differential coding, VLC and run-length coding are again re-

initialized for different partitions. By dividing data into two partitions, the

encoder separates the more important data (DC coefficients for I frames and

motion vectors for P frames) from the less important data. Hence in the case

of bit errors in the second partition, the first partition can still be correctly

decoded, reducing the amount of distortion introduced in the decoded video

sequence. Simplified structures of video packets in data partitioning mode for

I and P VOPs are shown in Fig. 5.2 (a) and (b) respectively.

5.1.1.2 Error Detection and Concealment

One of the assumptions made for the derivation of this distortion model

is that in the case of bit errors the source decoder detects the errors and marks

the entire partition in the video packet as corrupted. Usually in variable length
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coding, the code being used is not complete; i.e. not all the possible codewords

are legitimate. Hence, when a bit error results in corrupting a codeword such

that the resulting sequence is not in the decoding table, the decoder declares

an error. It is possible that the corrupted sequence is also legitimate, resulting

in the bit error not being detected. However, since the decoder just needs

one illegitimate codeword in the entire partition to declare an error, it is most

likely that the error will be detected.

After bit error detection, the decoder marks the partition as corrupted

and performs a very simple form of error concealment. For the case of an

I-VOP, if an error occurs in the DC partition of a packet, all the data in that

packet is discarded, and the DC and the AC coefficients of all the blocks in

the packet are decoded as zeros. When an error occurs in the AC partition,

only the AC coefficients of all the blocks in the packet are decoded as zeros.

For the case of a P-VOP, when an error occurs in the motion vector partition

of a packet, the entire packet is discarded. To conceal this error, pixel values

are copied from the previous frame at the exact spatial location. If an error

occurs in the texture (DCT) partition of a packet, then that data is decoded

as zero, and hence no texture is added to the predicted macroblocks. Though

this is a very simple form of error concealment, it still provides much better

results as compared to no error concealment.
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5.1.2 The Channel Model

Similar to the JPEG distortion model, the MPEG-4 distortion model

expressions are also derived for a binary symmetric channel (BSC) with a

given bit error probability. Given the bit error probabilities for any channel

(AWGN, Rayleigh fading, etc) and the fact that the probability of making an

error from 0 to 1 is the same as that of 1 to 0, that channel can be represented

as a BSC. Therefore, the distortion model presented in this paper can be used

to find the distortion curves for any channel that can be represented as a BSC,

given that the source coding rate and the bit error rate are known. Hence this

distortion model is independent of modulation type and channel coding. We

do not consider any channel coding in deriving the expressions.

5.2 Distortion Model for MPEG-4

In this section, expressions for estimating the distortion due to quanti-

zation and channel errors in MPEG-4 coded video are derived. MSE is used

as the distortion metric. In the following sub-sections, the notation and the

various assumptions used in the derivation of the model are first outlined, and

then the MSE expressions are derived separately for I and P frames (VOPs).

5.2.1 Assumptions and Notation

The goal of this distortion model is to find MSE expressions for a video

sequence as a function of source coding rate and channel bit error probability.

It is difficult to model distortion in videos compressed by any of the video

98



coding standards due to the presence of VLC, differential coding, run-length

coding, and motion estimation and compensation. As discussed earlier, even

single bit errors can have catastrophic effects on a video frame and on many

subsequent frames. Therefore, the error resilient tools of MPEG-4 as discussed

in the previous section are used, and certain simplifying assumptions are made.

It is assumed that headers and markers are transmitted error free separately

from the raw data stream, as they constitute only a small portion of the total

bitstream, and as they are extremely important for decoding.

It is also assumed that the source decoder detects bit errors, and then

discards the entire partition. Furthermore, if the bit errors occurs in the DC

partition for I-VOP then the AC partition is also discarded, and if the error

occurs in the motion vector partition of a P-VOP, then the texture partition

is also discarded. Let the video sequence consist of I and P frames, with T − 1

P frames between each I frame. The MSE expressions are derived for a block

of T frames, starting with an I frame, and followed by T − 1 P frames. Since

I frames are coded entirely in the DCT domain, the distortion in I frames is

modeled in the DCT domain. For P frames, since the motion vectors are coded

in the first partition followed by all the DCT coefficients of the texture coded

together in the second partition, the distortion for P frames is modeled in the

pixel domain. Let Jt be the number of packets in the tth frame (t = 0...T − 1).

Also, let Kj,t be the number of macroblocks in the jth packet of the tth frame.

Each macroblock contains M 8× 8 sample blocks. These blocks are luma and

chroma blocks. Note that M is a constant and depends on the format of the
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video sequence. For example, for 4 : 2 : 0 video format, there are 4 luma and 2

chroma blocks. Hence M = 6 for 4 : 2 : 0 video format. No weighting factors

are used for different luma and chroma blocks. This notation is outlined in

detail in Table 5.1. In the following sub-sections the MSE expressions due to

quantization and channel errors in the above described block of T frames of a

video sequence are derived.
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Notation Description

N The total number of pixels in a video frame.
M Number of 8 × 8 blocks in a macroblock. This is a

constant for a video sequence.
T The total number of frames (VOPs) starting from an

I-VOP to (not including) the next I-VOP.
Jt Number of video packets in the tth VOP (frame).

Kj,t Number of macroblocks in the jth packet of the tth VOP.

Lj
DC , Lj

AC Number of DC and AC bits respectively in the jth packet
of the I-VOP.

Lj,t
MV , Lj,t

TX Number of bits in MV and texture partitions in the jth

packet of the tth VOP, respectively.
pj,t

e Probability of bit error in the jth packet of the tth VOP.

pj
DC , pj

AC Probability of at least one bit error occurring in the DC
and the AC partitions of the jth packet in the I-VOP,
respectively.

pj,t
MV , pj,t

TX Probability of at least one bit error occurring in the
motion vector and the texture partitions of the jth

packet in the tth VOP, respectively.

p
′

DC(t) Probability that the data in the current packet of the
tth frame is free from distortion propagation effects
due to errors in the DC partitions of the last I frame.

p(t) Probability of a frame at distance t frames being affected
by an error in the current frame.

Xu,m,k,j,t, uth subband unquantized, quantized and erroneous DCT
Xq

u,m,k,j,t, coefficients respectively in the mth block of the kth

X̂u,m,k,j,t macroblock in packet number j of the tth frame (VOP).
Vi,m,k,j,t, ith unquantized, quantized, and decoded sample values
V q

i,m,k,j,t, respectively in the mth block of the kth macroblock in

V
q

i,m,k,j,t packet number j of the tth frame.

V q
i,m,k,j,t−1 The quantized pixel value in the (t − 1)th frame at the

exact spatial location as V q
i,m,k,j,t.

TXi,m,k,j,t Quantized texture value for the ith pixel in the mth block
of the kth macroblock in the jth packet of the tth frame.

Continued on next page
Table 5.1: Notation.
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Notation Description

Continued from previous page
µX,u,j, σ2

X,u,j Sample mean and variance for the quantized
coefficients in the uth subband in the jth packet of
the I-VOP.

µX,ξ,u,j, σ2
X,ξ,u,j Sample mean and variance for quantization error for

the coefficients in the uth subband of the jth packet
of the I-VOP.

µV,j,t, σ2
V,j,t Sample mean and variance for the quantized pixel

values in the jth packet of the tth VOP.
µV,ξ,j,t, σ2

V,ξ,j,t Sample mean and variance of the quantization error
for the pixels in the jth packet of the tth VOP.

µTX,j,t, σ2
TX,j,t Sample mean and variance for the texture values in

the jth packet of the tth VOP.

MSEj,0
0 MSE in the I-VOP due to the loss of all the DC

coefficients in the jth packet of the I-VOP.

MSEj,0
u1−u2

MSE in the I-VOP due to the loss of all the
coefficients from subbands u1 to u2 in the jth packet
of the I-VOP.

MSEj
DC , The total MSE per pixel for the block of T frames due

MSEj
AC to errors in the DC and the AC partitions of the jth

packet of the I-VOP respectively.

MSEj,t
MV , The total MSE per pixel for the block of T frames due

MSEj,t
TX to errors in the motion vector and the texture

partitions of the jth packet in the tth P-VOP
respectively.

MSEI MSE per pixel in the block of T frames due to
quantization and channel errors in the I-VOP.

MSEt
P MSE per pixel in the block of T frames due to

quantization and channel in the tth P-VOP
(t = 1...T − 1).

MSE Total MSE in the block of T frames due to
quantization and channel errors.

Table 5.1: Notation.
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5.2.2 Distortion Model for I Frames

An I-VOP video packet consists of two partitions. The first partition

consists of coding mode information and coded DC coefficients, while the sec-

ond partition consists of the remaining 63 coded AC coefficients. The MSE

expressions accounting for quantization and channel errors in the DC and the

AC partitions of a packet will be derived separately for the two partitions.

These expressions will then be combined to obtain the expression for the total

MSE. Suppose the I-VOP consists of J0 packets, and let the jth packet contains

Kj,0 coded macroblocks, where 0 in the subscript means that it is an I-VOP,

as the VOPs are numbered from 0 to T − 1, with the first VOP being an I-

VOP. Let Xu,m,k,j,0, Xq
u,m,k,j,0, X̂q

u,m,k,j,0 be the unquantized, the quantized and

the erroneous uth subband DCT coefficient for mth block of kth macroblock in

the jth packet of the I frame, and ξu,m,k,j,0 be the corresponding quantization

error
(
Xq

u,m,k,j,0 = Xu,m,k,j,0 + ξu,m,k,j,0

)
. Also, let µX,u,j and σ2

X,u,j respectively

denote the sample mean and variance for the uth subband quantized DCT co-

efficients in packet number j, and µX,ξ,u,j and σ2
X,ξ,u,j denote the corresponding

quantization error sample mean and variance, respectively.

Now, suppose Lj
DC and Lj

AC are the number of bits in the DC and the

AC partitions of the jth packet respectively, and pj,0
e is the probability of bit

error for the jth packet. Then, the probability that at least one bit error occurs

in the DC partition of the jth packet is

pj
DC = 1 −

(
1 − pj,0

e

)Lj
DC .
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In the case of a bit error, all the coefficients in the DC partition will be

corrupted. The MSE in the I frame due to the loss of all the DC coefficients

in the jth packet, can be written

MSEj,0
0 =

1

N

Kj,0∑

k=1

M∑

m=1

(
X0,m,k,j,0 − X̂q

0,m,k,j,0

)2

· pj
DC , (5.1)

where N is the total number of pixels in the frame. As the erroneous coeffi-

cients are decoded as zero, X̂q
0,m,k,j,0 = 0. Also, the quantization error and the

quantized coefficients are assumed uncorrelated. Hence,

MSEj,0
0 =

1

N

Kj,0∑

k=1

M∑

m=1

[(
Xq

0,m,k,j,0

)2
+ (ξ0,m,k,j,0)

2
]
· pj

DC . (5.2)

Since a bit error in the DC partition also results in the AC partition be-

ing discarded, the distortion contribution due to the loss of the AC coefficients

(since there are 63 AC coefficients) is

MSEj,0
1−63 =

1

N

63∑

u=1

Kj,0∑

k=1

M∑

m=1

(
Xu,m,k,j,0 − X̂q

u,m,k,j,0

)2

· pj
DC . (5.3)

Similar to the case of the DC coefficients, the erroneous AC coefficients

are also decoded as zeros, and the quantized coefficients and quantization er-

rors can be assumed to be uncorrelated. Hence, expanding (5.3) and combining
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with (5.2), we get the total MSE, MSEj,0
0−63, in the I frame due to errors in

the DC partition of video packet j:

MSEj,0
0−63 =

1

N

63∑

u=0

Kj,0∑

k=1

M∑

m=1

[(
Xq

u,m,k,j,0

)2
+ (ξu,m,k,j,0)

2
]
· pj

DC . (5.4)

Since σ2
X,u,j +

MKj,0

MKj,0−1
µ2

X,u,j = 1
MKj,0−1

∑Kj,0

k=1

∑M

m=1

(
Xq

u,m,k,j,0

)2
and

σ2
X,ξ,u,j +

MKj,0

MKj,0−1
µ2

X,ξ,u,j = 1
MKj,0−1

∑Kj,0

k=1

∑M

m=1 (ξu,m,k,j,0)
2, (5.4) can be ex-

pressed in terms of the sample mean and variance as

MSEj,0
0−63 =

(MKj,0 − 1)

N

63∑

u=0

(
σ2

X,u,j + σ2
X,ξ,u,j

+
MKj,0

MKj,0 − 1

(
µ2

X,u,j + µ2
X,ξ,u,j

))
· pj

DC . (5.5)

This is the expression for the total MSE in the I frame due quantization of

DC and AC coefficients, and an error in the DC partition of the jth packet.

Due to the presence of motion estimation and compensation, this error will be

propagated to T − 1 subsequent P frames. We need to include the distortion

contribution due to this propagation. Let p(t) be the probability that the

frame at a distance of t frames from the current frame is affected by an error

in the current frame. Then, the total MSE per pixel averaged over the block

of T frames (1 I and T − 1 P frames) due to an error in the DC partition of
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the jth packet can be written as

MSEj,0
DC =

(MKj,0 − 1)

NT

63∑

u=0

(
σ2

X,u,j + σ2
X,ξ,u,j

+
MKj,0

MKj,0 − 1

(
µ2

X,u,j + µ2
X,ξ,u,j

))
· pj

DC

T−1∑

t=0

p(t). (5.6)

Now, consider the case when the DC partition of a video packet is re-

ceived error free, but the AC partition has errors. Using the same methodology

as for the DC partition, the total MSE per pixel, averaged over T frames, due

to errors in the AC partitions of packet number j can be written

MSEj,0
AC =

(MKj,0 − 1)

NT

(
σ2

X,ξ,0,j +
MKj,0

MKj,0 − 1
µ2

X,ξ,0,j +
63∑

u=1

(
σ2

X,u,j + σ2
X,ξ,u,j

+
MKj,0

MKj,0 − 1

(
µ2

X,u,j + µ2
X,ξ,u,j

))
)

· pj
AC · (1 − pj

DC)
T−1∑

t=0

p(t), (5.7)

where pj
AC = 1 − (1 − pj

e)
L

j
AC . Combining (5.6) and (5.7), adding the quanti-

zation error variance for the case when there is no bit error, and summing for

all the packets in the I frame, the total MSE (MSEI) per pixel for T frames

due to quantization and bit errors in the DC and the AC partitions of all the

packets of the I frame (J0) can be written as

MSEI =

J0∑

j=1

(
MSEj,0

DC + MSEj,0
AC

+
63∑

u=0

(
σ2

X,ξ,u,j +
MKj,0

MKj,0 − 1
µ2

X,ξ,u,j

)
pj

I

)
, (5.8)
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where pj
I = (1 − pj

e)
L

j
AC+L

j
DC is the probability of error-free transmission of

packet j.

5.2.3 Distortion Model for P Frames

In the data partitioning mode for P frames, the motion vectors and

the texture data are coded separately in different partitions of a video packet.

Although texture information is coded as DCT coefficients (all 64 subbands

are coded together), the distortion is modeled in the the sample domain to

take into account the effects of prediction due to motion compensation (which

is also done in the sample domain). Similar notation is used as for the I frames

with slight modifications. Modeling of distortion is complicated for P frames

as compared to I frames because of the presence of prediction from previous

frames. Modeling the exact effects of error propagation in frames is practi-

cally intractable. For this reason, a few simplifying assumptions are made to

make the modeling process tractable and easier. It is first assumed that the

macroblocks in the current P frame under analysis do not have any distortion

due to errors in the DC partition of the previous I frame. This is because the

propagation effects of distortion in the I frame have already been modeled in

(5.8). Note that the modeling of propagation effects is approximate, and there

will be cases where the macroblocks under analysis might have propagation

effects from one I frame and multiple P frames. However, since the decoder

decodes all the DC and AC coefficients as zeros if an error occurs in the DC

partition of an I frame video packet, the additional distortion due to multiple

107



erroneous P frames will be very small as compared to the distortion caused

by losing the DCT coefficients in the I frame. Therefore, to keep the analysis

simple, the effects of distortion propagation in the current macroblocks due to

errors in previous P frames, given that the corresponding macroblocks in the

I frame were lost are ignored. Hence, the MSE expressions for P frames will

estimate distortion for the case when there is no distortion propagation due

to errors in the DC coefficients of the corresponding I frame.

Suppose the macroblocks in the tth P frame are free from propagation

of distortion due to errors in the DC partition of the I frame packets. Further,

suppose that a bit error occurs in the motion vector partition of the jth packet.

The decoder detects this error, discards the motion and texture data, and

conceals by copying macroblocks from the (t− 1)th frame at the exact spatial

location. The macroblocks in the previous frame might also be distorted due

to distortion propagation from previous P frames. It is assumed that the

distortion introduced due to errors in different P frames is uncorrelated and

additive. Let Vi,m,k,j,t, V q
i,m,k,j,t and V

q

i,m,k,j,t be the ith unquantized, quantized

and decoded sample values in the mth block of the kth macroblock in the jth

packet of the tth frame, respectively. Hence, the MSE due to an error in the

MV partition of the jth packet of the tth frame can be written as

MSEj,t
prop =

1

N

Kj,t∑

k=1

M∑

m=1

64∑

i=1

((
V q

i,m,k,j,t − V
q

i,m,k,j,t

)2

+ξ2
i,m,k,j,t

)
· pj,t

MV p
′

DC(t), (5.9)
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where ξi,m,k,j,t is the quantization error, pj,t
MV = 1 − (1 − pj,n

e )
L

j,t
MV , Lj,t

MV is the

number of bits in the MV partition, and p
′

DC(t) is the probability that the

data in the current packet is free from the distortion propagation effects due

to errors in the DC partitions of the corresponding I frame’s video packets.

Now, V q
i,m,k,j,t−1 represents the pixel in the (t− 1)th frame at the exact spatial

location as V q
i,m,k,j,t, and ηi,m,k,j,t−1 is the propagation distortion in V q

i,m,k,j,t−1

from errors in previous P frames. If V
q

i,m,k,j,t is erroneous, error concealment

is carried out and:

V
q

i,m,k,j,t = V q
i,m,k,j,t−1 + ηi,m,k,j,t−1.

It is assumed that V q
i,m,k,j,t −V q

i,m,k,j,t−1 and ηi,m,k,j,t−1 are uncorrelated.

Expanding (5.9) and using this assumption, we get

MSEj,t
prop =

1

N

Kj,t∑

k=1

M∑

m=1

64∑

i=1

((
V q

i,m,k,j,t − V q
i,m,k,j,t−1

)2

+η2
i,m,k,j,t−1 + ξ2

i,m,k,j,t

)
· pj,t

MV p
′

DC(t). (5.10)

Instead of having a component of distortion from previous frames, the distor-

tion expression should predict the effects of distortion propagation to future

frames due to errors in the current frame. Therefore, (5.10) is modified to

remove the effects of distortion propagation from previous P frames such that

it can predict the distortion in the future frames due to errors in the current

frame. Hence, using the assumption of additivity of distortion due to errors

in P frames, the MSE (averaged over a block of T frames) due to errors in the
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motion vector partition of the jth packet of the tth P frame can be written as

MSEj,t
MV =

1

NT

Kj,t∑

k=1

M∑

m=1

64∑

i=1

((
V q

i,m,k,j,t − V q
i,m,k,j,t−1

)2

+ξ2
i,m,k,j,t

)
· pj,t

MV p
′

DC(t)
T−t∑

n=1

p(n), (5.11)

where p(n) is the probability that the frame at a distance of n frames from the

current frame will have distortion due to errors in the current frame. Following

similar notation as for the I frame, σ2
V,j,t+

MKj,t

MKj,t−1
µ2

V,j,t = 1
64MKj,t−1

∑Kj,t

k=1

∑M

m=1

∑64
i=1

(
V q

i,m,k,j,t − V q
i,m,k,j,t−1

)2
and σ2

V,ξ,j,t +
MKj,t

MKj,t−1
µ2

V,ξ,j,t = 1
64MKj,t−1

∑Kj,t

k=1

∑M

m=1

∑64
i=1 (ξi,m,k,j,t)

2. Then,

MSEj,t
MV =

64MKj,t − 1

NT

(
σ2

V,j,t + σ2
V,ξ,j,t

+
MKj,t

MKj,t − 1

(
µ2

V,j,t + µ2
V,ξ,j,t

))
pj,t

MV p
′

DC(t)
T−t∑

n=1

p(n). (5.12)

This is the expression for the MSE over a block of T frames due to errors in

the jth packet of the tth P frame, including propagation effects due to these

errors in the subsequent T − t − 1 P frames as well.

Now, consider the case when there is an error in the texture partition,

but the MV partition is error free. In this case, the texture (residual error)

will be lost, and the predicted pixel values will be displayed. Let V
′q
i,m,k,j,t be

the predicted sample value, TXi,m,k,j,t = V q
i,m,k,j,t − V

′q
i,m,k,j,t be the quantized

texture, and σ2
TX,j,t +

MKj,t

MKj,t−1
µ2

TX,j,t = 1
64MKj,t−1

∑Kj,t

k=1

∑M

m=1

∑64
i=1 TX2

i,m,k,j,t,

where µTX,j,t and σ2
TX,j,t are the sample mean and variance for the quantized

texture values in the jth packet of the tth P frame, respectively. Then, the
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MSE due to an error in the texture partition of the jth packet of the tth P

frame can be written as

MSEj,t
TX =

64MKj,t − 1

NT

(
σ2

TX,j,t + σ2
V,ξ,j,t +

MKj,t

MKj,t − 1

(
µ2

TX,j,t + µ2
V,ξ,j,t

))

·pj,t
TX(1 − pj,t

MV )p
′

DC(t)
T−t∑

n=1

p(n). (5.13)

where pj,t
TX = 1 − (1 − pj,t

e )
L

j,t
TX , and Lj,t

TX is the number of bits in the texture

partition of the jth packet of the nth frame. Hence, by combining (5.12) and

(5.13), and summing for all the packets, we obtain the total MSE per pixel

over T video frames due to quantization and channel errors in the tth frame:

MSEt
P=

Jt∑

j=1

(
MSEj,t

MV + MSEj,t
TX +

(
σ2

V,ξ,j,t +
MKj,t

MKj,t − 1
µ2

V,ξ,j,t

)
pj,t

P

)
,(5.14)

where pj,t
P = (1 − pj,t

e )
L

j,t
MV +L

j,t
TX . Note that for the special case where a mac-

roblock is coded in intra mode in a P video packet, the same method as

described in Section 5.2.2 can be used to compute the distortion due to the

intra coded macroblock.

5.2.4 Total Distortion

The total distortion in a block of T video frames is the sum of the

distortions due to the I and the P frames. This can be expressed by adding
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(5.8) and (5.14):

MSE = MSEI +
T−1∑

t=1

MSEt
P . (5.15)

The expected value of the MSE for the entire video sequence consisting of

multiple blocks of T frames is computed by taking the average of the MSE

values obtained for different blocks using (5.15).

5.3 Simulations and Results

In this section, the details of the simulations are discussed, and the

model’s prediction of MSE is compared with the simulations. MSE is converted

to PSNR using the simple relation PSNR = 10log10
2552

MSE
since PSNR is a

commonly used metric for video and image quality assessment.

5.3.1 Simulation Details

A training database of 20 352 × 288 4 : 2 : 0 (CIF) format videos with

a 25 frames per second frame rate was used to find the parameters of the

model. These parameters consist of: (i) p(t), the probability that the frame at

a distance of t frames from the current frame has distortion due to errors in the

current frame, and (ii) p
′

DC(t), the probability that the frame at a distance of

t frames from the current frame is free from the distortion propagation effects

due to errors in the DC partitions of the preceding I frame’s video packets.

For these training simulations, the number of P frames between I frames was

varied from 10 to 200. Different source coding rates from 256 kilo bits per
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second (kbps) to 2 mega bits per second (mbps), and different packet sizes

were used to keep the model parameters as generic as possible.

These model parameters were then used to find the MSE using the

model for different test video sequences. Note that the different means and

variances required by the MSE expressions represent the local statistics of the

video data in a packet, and are computed during encoding of each packet.

These means and variances can be computed either in real-time (for real-time

applications) during the encoding process, or they can be computed once for

each coded video sequence and stored on file. MSE and PSNR were estimated

for the test sequences using our model for source coding rates from 256 kbps

to 2 mbps, and BER from 10−2 to 10−6. To test the accuracy of the model,

MSE and PSNR values for the test sequences were also computed using simu-

lations. In these simulations, random bit errors were introduced in the coded

bitstreams and PSNR values were computed for the decoded video sequences.

200 random bit error iterations were performed for each source coding rate

and BER, and the average PSNR was calculated.

5.3.2 Results and Discussion

PSNR values were obtained using the model and the simulations for

different video sequences with different configurations of of I and P frames.

These PSNR curves are plotted against the source coding rate (in kbps) and

the BER. Results for two video sequences, ‘Foreman’ and ‘Walk’ are shown in

Fig. 5.3 - Fig. 5.11. For both these video sequences, packet size of 2000 bits
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was used. Fig. 5.3 shows the PSNR curves obtained using the proposed model

and the test simulations for the ‘Foreman’ sequence. This video sequence

consists of 123 frames with 3 I frames and 120 P frames, with 40 P frames

between the I frames. For both the model and the simulations, these PSNR

curves correspond to the average MSE over three blocks of 41 frames (an I

frame and 40 P frames). Fig. 5.3 (a) and (b) show the PSNR curves obtained

using the model and the test simulations respectively for the entire video

sequence, whereas Fig. 5.3 (c) shows the difference in PSNR between the

model’s prediction and the test simulations. Fig. 5.3 (d)-(f) show overlapped

slices of Fig. 5.3 (a) and (b) at different source coding rates. Fig. 5.4 shows

the PSNR results for I and P frames separately. Fig. 5.4 (a) and (b) show

the PSNR for I frames using the model and the test simulations respectively,

whereas Fig. 5.4 (c) shows their difference. Similarly, Fig. 5.4 (d) and (e)

show the results for the model and the test simulations for P frames, and Fig.

5.4 (f) shows their difference.

The PSNR curves for the ‘Walk’ sequence are shown in Fig. 5.5. For

this video sequence, we coded 105 frames, with 5 I frames, and 20 P frames

between the I frames. The PSNR curves shown correspond to the average

MSE over 5 blocks of 21 frames each. Fig. 5.5 (a) and (b) show the model and

test simulation results for the entire video sequence, where as Fig. 5.5 (c) is

the difference between (a) and (b). Fig. 5.5 (d)-(f) show the overlapped slices

of (a) and (b) at difference source coding rates.

As can be seen from Fig. 5.3 (c), the difference between the model
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and the simulation results for the ‘Foreman’ video sequence is within 1.5 dB

at all source coding rates and bit error rates. Also, as shown in Fig. 5.4 (c)

and (f) respectively, the difference in PSNR obtained using the model and

the simulations for I frames is again within 1.5 dB, where as for the P frames

this difference is within 1 dB at all points. For the ‘Walk’ video sequence,

the difference in PSNR between the model and the test simulations is within

1 dB at all points, as shown in Fig. 5.5 (c). Furthermore, 5.3 (d)-(f) and

5.5 (d)-(f) also show that the PSNR values obtained using the model and the

test simulations are very close at various BERs for different source coding

rates. Fig. 5.6 - 5.11 show the visual effects of distortion for a P coded frame

from the ‘Foreman’ video sequence at 512 kbps and at different bit error rates.

The model’s predicted PSNR values along with the PSNR values obtained

using the simulations are also shown. Again, as can be seen from these PSNR

values, the proposed model predicts the distortion with high accuracy. Similar

PSNR curves were also obtained for 20 other test sequences with different

combinations of I and P frames and different packet sizes.

Considering the different complex components in source coding such

as differential coding, VLC, run-length coding and motion compensation and

estimation, the proposed model predicts the actual amount of distortion with

high accuracy. An important thing about this model is that it can predict the

amount of distortion in future frames as well due to errors at any location in

the bitstream. Hence, this model can exactly determine the importance of data

in different video packets for the overall video quality. Efficient JSCC schemes
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can be designed by using this model to determine the distortion due to source

coding and bit errors along with determining the importance of different parts

of the coded video data. Furthermore, due to the low complexity of this model,

it can be used to design real-time JSCC schemes.

5.4 Conclusion

In this chapter, a model for estimating the distortion introduced in the

MPEG-4 coded video stream due to quantization and channel errors was pro-

posed. This model takes into account the effects of important components of

video coding such as motion estimation and compensation, transform coding,

and entropy coding, and uses different error resilience tools of the MPEG-4

video coding standard. Expressions for predicting the MSE due to quantiza-

tion and channel bit errors in I and P frames were derived. An important

property of this model is that it predicts the effects of distortion propagation

to future frames as well due to errors at any point in the bitstream. Simula-

tion results show that the PSNR values predicted by this model are accurate

within 1.5 dB of the actual PSNR values obtained via simulations. Although

this model is fine tuned for MPEG-4, it can be used for any video coding

scheme that uses motion compensation, transform coding and entropy coding

with slight modifications. Since this model predicts distortion with high accu-

racy and low complexity, it can be used to design efficient joint source-channel

coding schemes for real-time video communication applications.

116



10
−6

10
−4

10
−20

500
1000

1500
2000

10

15

20

25

30

35

40

BERkbps

P
S

N
R

 (
dB

)

(a) Model

10
−6

10
−4

10
−20

500
1000

1500
2000

10

15

20

25

30

35

40

BERkbps

P
S

N
R

 (
dB

)

(b) Simulations

10
−6

10
−4

10
−20

500
1000

1500
2000

−1

−0.5

0

0.5

1

1.5

BERkbps

P
S

N
R

 (
dB

)

(c) Difference between (a) and (b)

10
−6

10
−5

10
−4

10
−3

10
−210

15

20

25

30

35

BER

P
S

N
R

 (
dB

)

Model
Simulation

(d) 384 kbps

10
−6

10
−5

10
−4

10
−3

10
−210

15

20

25

30

35

40

BER

P
S

N
R

 (
dB

)

Model
Simulation

(e) 768 kbps

10
−6

10
−5

10
−4

10
−3

10
−215

20

25

30

35

40

BER

P
S

N
R

 (
dB

)

Model
Simulation

(f) 2 mbps

Figure 5.3: PSNR vs BER and kbps curves for the model and the simulations
for the ‘Foreman’ video sequence.
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(e) P Frames - Simulations
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Figure 5.4: PSNR vs BER and kbps curves for I and P frames using the model
and the simulations for the ‘Foreman’ video sequence.
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(e) 512 kbps
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Figure 5.5: PSNR vs BER and kbps curves for the model and the simulations
for the ‘Walk’ video sequence.
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Figure 5.6: Unquantized and error free frame from the Foreman video se-
quence.

Figure 5.7: Error free frame coded as a P frame at 512 kbps.
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Figure 5.8: 512 kbps and 10−6 BER. PSNR: 35.19 dB (Model’s prediction:
34.91 dB).

Figure 5.9: 512 kbps and 10−5 BER. PSNR: 31.93 dB (Model’s prediction:
32.81 dB).
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Figure 5.10: 512 kbps and 10−4 BER. PSNR: 25.72 dB (Model’s prediction:
26.31 dB).

Figure 5.11: 512 kbps and 10−3 BER. PSNR: 18.55 dB (Model’s prediction:
18.36 dB).
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Chapter 6

Unequal Power Allocation For JPEG

Transmission Over MIMO Systems

As discussed in Chapter 3, there are no current unequal power alloca-

tion schemes for image and video transmission over MIMO systems. Further-

more, the current image and video UPA schemes for single antennas systems

also have certain limitations. Since MIMO systems can provide improved relia-

bility as well as high data rates, they are well suited for transmission of images

and videos. By designing UPA schemes that take into account source statistics

as well as channel conditions to distribute the total transmit power/energy over

multiple image/video layers as well as multiple antennas, high quality gains

can be achieved without increasing the transmit power. Based on this idea,

in this chapter an unequal power allocation scheme for transmission of JPEG

compressed images over MIMO systems is proposed1. The JPEG compressed

image is divided into different quality layers, and these different layers are

transmitted simultaneously from different transmit antennas using unequal

transmit power with a constraint on the total transmit power during any sym-

1Copyright 2005 IEEE. Some of the material in this chapter has been reproduced, with
permission, from: M. F. Sabir, R. W. Heath Jr., and A. C. Bovik, “Unequal Power Alloca-
tion for JPEG Transmission Over MIMO Systems ,” Thirty-ninth Asilomar Conference on
Signals, Systems and Computers, October 28 - November 1 2005, Page(s):1608 - 1612.
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Figure 6.1: System model for UPA based MIMO system for JPEG image
transmission.

bol period. This chapter is organized as follows. The system model is outlined

in Section 6.1. In Section 6.2 the UPA problem is formulated and a sub-

optimal solution is proposed. Simulation details are outlined in Section 6.3,

and results along with some discussion and insight are presented in Section

6.4. Section 6.5 concludes this chapter.

6.1 System Model

Fig. 6.1 shows a block diagram of the system model. In this section

the different components of this system model are described along with the

notation used in this chapter.

6.1.1 The Source Coding Model

A progressive discrete cosine transform (DCT) based JPEG coder with

spectral selection mode of operation is used for source coding as discussed in

Chapter 4. The image is coded into 64 different quality layers (a DC layer

and 63 AC layers), where each layer corresponds to the DCT coefficients from

a particular subband. These DCT coefficients are encoded using differential
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pulse coded modulation (DPCM) coding, run-length and Huffman coding.

Within each layer, RST (reset) markers are introduced to prevent error prop-

agation between different parts of the bitstream. Encoding and decoding are

reinitialized at each RST marker. The encoded data between two consecutive

RST markers in a layer is called a ‘segment’. After coding the image in 64

layers, headers and markers are separated from the bitstream, and they are

assumed to be transmitted error free since they only constitute a small portion

of the bitstream. At the receiver, headers and markers are re-inserted at their

appropriate locations before decoding.

6.1.2 Spatial Multiplexing

After removing headers and markers, the bitstream is then passed to

the spatial multiplexing (SM) block. The SM block divides this bitstream

into 4 equal length streams, since there are 4 transmit antennas. Streams

are formed in order of importance, with stream number 1 being the most

important and stream number 4 being the least important. These streams are

then passed to the power optimization block for unequal power allocation. At

the receiver, the multiplexer/combiner combines these streams into a single

stream and passes it to the JPEG decoder.

6.1.3 The Channel Model

4 transmit and 4 receive antennas are used in the MIMO system for

transmission of JPEG compressed bitstream. The channel is assumed to
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Rayleigh flat fading with a slow fading model. The channel matrix H is a

4 × 4 matrix whose entries form an i.i.d. Gaussian collection with zero-mean,

independent real and imaginary parts, each with variance 1/2. It is assumed

that the channel H is perfectly known both to the transmitter and the re-

ceiver. 4-quadrature amplitude modulation (4-QAM) is used for modulating

the bitstream.

6.1.4 Power Optimization

The power optimization (PO) block divides the 4 streams into non-

overlapping blocks of lengths 2 × T bits (4 × 2T matrix), where T is the

number of symbols for which we assume the channel to be constant, and 2 is the

number of bits per symbol for 4-QAM modulation. Note that the term block

in this chapter is used to refer to a block (containing 4 streams) of symbols

over which the channel is constant. Power optimization is then performed

over each of these blocks independently to allocate transmit power between

different streams such that the overall distortion in the image due to each

block is minimized. The distortion model originally presented in Chapter 4

and modified in Sec. 6.2.2 is used to determine the minimum distortion. The

total transmit power from all the antennas during each symbol period is kept

constant at any given instant. The power optimization block is also responsible

for modulation and assigning different streams to different antennas. Antenna

assignment is performed by a simple antenna selection method during power

optimization, as described in 6.2.3.
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6.1.5 MMSE Receiver

A minimum mean-squared error (MMSE) receiver is used to decode

the spatially multiplexed bitstream. The MMSE receiver is a linear receiver,

i.e. it separates the transmitted data streams and then independently decodes

each stream. The MMSE receiver minimizes the total error while balancing

noise enhancement with multistream interference (MSI). More details on the

MMSE receiver for spatial multiplexing systems can be found in [46].

6.1.6 Notation

Let N be the total number of 4 × 2T blocks in the image stream, and

xn = [x1,n x2,n x3,n x4,n]T be the transmit power vector for block number n,

with the elements of the vector corresponding to streams 1 to 4 respectively.

Without loss of generality, it can be assumed that the symbol period is 1,

and the noise covariance matrix is I4, hence the transmit power is equal to

signal-to-noise ratio (SNR) per symbol Es/N0 during any symbol period. Let

Xn be a diagonal matrix with the kth element of xn as the (k, k)th entry of

Xn. Similarly, let Xn be a diagonal matrix containing the square root of the

entries of Xn. Then, the received signal vector can be written as

y = HXns + n,

where y is the received 4×1 signal vector, s is the 4×1 transmit signal vector,

and n is the 4 × 1 zero mean circularly symmetric complex Gaussian noise

vector with covariance matrix I4.
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6.2 Unequal Power Allocation

Since different streams in the compressed image have different impor-

tance to image quality, more important streams should be transmitted with

more protection from errors as compared to less important streams. One way

to achieve this is to transmit different streams with unequal transmit power

with more important streams being transmitted with more power and less

important streams with reduced power, without violating the total transmit

power constraint. In this section the unequal power allocation method for

transmission of different streams in a JPEG compressed image over MIMO

systems is proposed. The main goal of this method is to transmit different

streams from different antennas with unequal power such that the overall dis-

tortion due to each block in the transmitted image is minimized. The total

transmit power over all the antennas is kept constant during each symbol pe-

riod. In this section, first the power allocation problem is formulated. Then,

the modified distortion model for estimating the distortion in the transmitted

image due to bit errors is presented, and a sub-optimal numerical solution for

the optimization problem is proposed.

6.2.1 Problem Formulation

The goal of the UPA problem is to find the optimal xn that minimizes

the distortion in the image due to block number n. In this section, the UPA

problem is formulated as a constrained minimization, where the objective is to

minimize the mean squared error (MSE) in the received image due to block n,
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Figure 6.2: Illustration of segment ‘s ’ and partition ‘v ’.

with an equality constraint on transmit power. This minimization is carried

out over all the blocks independently. The total MSE in the image is the sum

of MSE due to all the blocks: MSET =
N∑

n=1

MSEn(xn), where N is the total

number of blocks and MSEn(xn) is the MSE contribution in the image due to

block n. Since the MSE due to the individual layers and segments is additive

[52, 53], the MSE due to individual streams is also additive because different

streams contain data from different layers. Hence, the MSE in the image due

to block n can be written as

MSEn(xn) =
4∑

k=1

MSEk,n(xk,n), (6.1)

where MSEk,n(xk,n) is the MSE due to the kth stream in the nth block. The

MSE is minimized for each block independently due to the additivity of the

MSE’s from individual blocks as discussed in Section 6.2.2. Hence for block
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n, our optimization problem can be stated as

min
xn

MSEn(xn), (6.2)

with the equality constraint

g(xn) =
4∑

k=1

xk,n = PTOT , (6.3)

where PTOT is the total transmit power from all the antennas at any given

instant. Note that Es = PTOT in our case since the symbol period is 1. Once a

value of xk,n is obtained, the entire kth stream in the nth block is transmitted

with power xk,n.

6.2.2 MSE Estimation

A main part of the minimization problem in (6.2) is to find MSEk,n(xk,n)

for different values of xk,n in real-time during the optimization procedure. One

way of achieving this is to introduce random bit errors in the coded image,

decode it and then find the MSE by comparing the corrupted image to that

of the original image. Another method can be to construct energy distortion

curves at various energy configurations. While these method will give an ac-

curate estimation of the MSE, they are highly computationally intensive and

hence not feasible in practical real-time optimization schemes. A computa-

tionally efficient method is to use some kind of distortion model to predict

the amount of the MSE at different source coding rates and channel bit error

rates, and then use this model to estimate the MSE in (6.2). In Chapter 4

a distortion model for JPEG compressed images for predicting the MSE as a
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function of source coding rate and channel bit error rate (BER) over a set of

images was developed. For the work proposed in this chapter, this distortion

model is modified to work on a per-image basis rather than a set of images,

and it is then used to predict the MSE in the image due to individual streams

and blocks. Note that a block contains 4 streams, and each stream can have

one or more full or partial segments of the JPEG stream. Each segment can

either contain coded DC coefficients or coded AC coefficients. MSE expres-

sions for DC and AC segments were derived in Chapter 4 for a set of images.

These expressions are modified in this section to work on a per-image basis so

that power optimization can be performed for an image in real-time.

Suppose a segment s is divided into V non-overlapping partitions. This

case arises when a segment is transmitted over multiple blocks. Let M be the

number of coefficients in each segment of an image (a constant) and let Ms,v be

the number of coded coefficients in partition v of segment s. Suppose the first

bit error in segment s occurs at bit number is,v corrupting all the ms,v coded

coefficients from this point to the end of the segment. Let µu,s, µξ,s, σ2
u,s and

σ2
ξ,s be the unquantized coefficient mean, quantization error mean, unquan-

tized coefficient variance and quantization error variance for the coefficients in

segment s of the image. Let pe
s,v be the probability of bit error in partition

v of segment s, and pe
s,t be the probability of bit error for the tth partition of

segment s. Also, let ws,t and ws,v be the number of bits in the tth and vth

partitions respectively, and N be the total number of pixels in the image. Let

pIs,v
(is,v) be the probability that the first bit error in segment s occurs at bit
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position is,v of partition v. Note that for the first bit error to occur at is,v, all

the previous partitions of segment s have to be error free. Hence, pIs,v
(is,v) is

given as

pIs,v
(is,v) =

v−1∏

t=1

(
1 − pe

s,t

)ws,t
(
1 − pe

s,v

)is,v−1
pe

s,v. (6.4)

Now, by modifying the distortion model expressions presented in Chapter 4,

the mean squared error in the image due to quantization and channel errors

in partition v of segment s can be expressed as

MSEs,v =

ws,v∑

is,v=1

(
M − ms,v −

∑v−1
t=1 Ms,t

N

(
σ2

ξ,s + µ2
ξ,s

)
+ MSEis,v

)
pIs,v

(is,v)

+
v−1∏

t=1

(
1 − pe

s,t

)ws,t
(
1 − pe

s,v

)ws,v
(
σ2

ξ,s + µ2
ξ,s

)
Ms,v, (6.5)

where MSEis,v
is the MSE due to the coefficients that are corrupted by the

bit error. This MSE is different for the segments corresponding to the DC and

AC layers, since the DC coefficients in the JPEG standard are DPCM coded,

whereas the AC coefficients are not. For the DC layer, MSEisv
is given as

MSEis,v
=






1
N

[
ms,v ·

(
2
(
σ2

u,s + µ2
s

)
+
(
σ2

ξ,s + µ2
ξ,s

))

−2
ms,v∑
j=1

a|j| (σ2
u,s + µ2

u,s

)
]
, ms,v = 1...M − 1

1
N

[
M
(
σ2

u,s + µ2
u,s

)]
, ms,v = M

(6.6)

where a is a first-order auto-regressive process coefficient. The details of this

derivation can be found in Chapter 4. For the segments from AC layers,
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MSEisv
is given as

MSEis,v
= ms,v

(
σ2

u,s + µ2
u,s

)
. (6.7)

Finally, MSEk,n(xk,n) can be expressed as a sum of the MSEs due to

individual segments and partitions of segments:

MSEk,n(xk,n) =
∑

S(k,n)

MSES(k,n), (6.8)

where S(k, n) is a set containing pairs of segment number s and partition num-

ber v contained in kth stream of block number n. Note that the partitioning

of segments into different blocks depends on the total number of bits in the

image, and the block length.

The MSE expressions in (6.5) and (6.8) are expressed as a function

of the instantaneous BER (in terms of pe
s,v for different segments and parti-

tions in a block). Since the problem formulation is in terms of transmission

power/energy, these equations need to be related to transmission power (or

equivalently SNR). If the channel is known at the transmitter, these expres-

sions can be easily derived for the MMSE receiver by modifying the signal

to interference and noise ratio (SINR) for the equal power case [46]. Thus,

for unequal power, the SINR ηk,n for the kth stream of the nth block can be

expressed as

ηk,n =
1

[(ρk,k,nHHH + I4)−1]k,k

− 1, (6.9)

where ρk,k,n is the kth column and kth row entry of Xn. This SINR can be easily

related to the instantaneous BER for 4-QAM using the following expression
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[58]

BERk,n =
1

2
[1 − (1 − Q(

√
ηn,k))

2], (6.10)

where Q(·) is the Q function. Using these relations between SINR, BER, Xn

and xn, the MSE can be related to the transmission power (energy) xn.

6.2.3 Solution to the Minimization Problem

Using expressions (6.4) - (6.10), unequal power allocation can be per-

formed in real-time using well developed optimization techniques. Note that

the optimization problem of (6.2) and (6.3) is not a convex problem, and hence

the solution might not be global. Due to the complex nature of expressions

for MSE, it is mathematically intractable to derive a closed form solution

to the power optimization problem. There are many well developed tech-

niques to obtain numerical solutions to such kinds of optimization problems.

Here, Kuhn-Tucker equations along with a Sequential Quadratic Programming

(SQP) method are used to solve this constrained multivariable minimization

problem. The SQP method formulates and solves a Quadratic Programming

(QP) subproblem at each iteration of the optimization process. This method

employs the Broyden-Fletcher-Goldfarb-Shanno (BFGS) formula to estimate

the Hessian of the Lagrangian at each iteration. An active set strategy similar

to that described in [25] is used to solve the QP subproblem. To solve this

SQP problem, MATLAB’s optimization toolbox is used. Using this method,

the optimum MSE and the corresponding transmission power vector are ob-

tained.
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An interesting thing to note is that at any given instant, the channel

from a particular transmit antenna to the receive antennas might be better

than the channel corresponding to the remaining transmit antennas. In fact,

the channels from different transmit antennas to the receive antennas are very

likely to be different at different times. Therefore, a natural idea is to trans-

mit more important streams from ‘more reliable’ transmit antennas and less

important streams from ‘less reliable’ antennas. This makes sense intuitively

since less power will be required by the most important stream if it is being

transmitted from the best antenna as compared to that of a random antenna.

Hence more power can be allocated to less important streams resulting in

further reduction of overall distortion. Since the channel stays constant for

a block of symbols, and then changes, an antenna selection process needs to

be performed for each block of symbols in real-time. Antenna selection is a

research problem of its own and there is a large amount of literature avail-

able on this topic. Instead of using any of the sophisticated antenna selection

methods that are available, a very simple method of antenna selection based

on SINR is used to keep the optimization problem simple and computationally

less intensive.

At any channel instantiation, first the 4 SINRs for the 4 streams are

computed using (6.9) for the case of equal power allocation. Then, the transmit

antenna corresponding to the stream with highest SINR is selected to trans-

mit the most important stream, the transmit antenna with the second highest

SINR to transmit the second most important stream and so on. This method
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of antenna selection is static as it assigns different antennas to different streams

at the beginning of the optimization procedure for each channel instantiation

based on the equal power case. Though this scheme will give us the best trans-

mit antenna in terms of SINR, it might not give us the second best antenna

and so on. This is because the SINR for the streams transmitted from different

antennas changes when the transmit power is varied between antennas, which

in turn can change the order of best to worse SINR streams, hence making

another antenna the second best rather than the one found initially, in terms

of SINR. A better scheme would be to assign transmit antennas dynamically

during the optimization procedure, however, that will increase the compu-

tational complexity since more iterations would be needed. Nevertheless, as

observed by simulations, this antenna selection scheme does give significantly

better results than that of randomly assigning antennas to different streams.

Antenna selection does not create any problem at the receiver since the re-

ceiver computes the received SINR for each stream and hence discovers the

order of importance of the streams. After antenna selection, constrained power

optimization is performed iteratively by searching through different combina-

tions of transmission power allocation to different streams. MSE is computed

for these different combinations of transmission power using equations (6.4) -

(6.8), and the power allocation vector corresponding to minimum the MSE is

chosen. The total transmit power at any given instant is kept constant.

Note that the main goal of the problem is to demonstrate that signifi-

cant quality gains can be achieved by using unequal power allocation matched
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to image statistics in a MIMO system. Once the problem is formulated, well

established optimization algorithms can be used to find the optimal solution.

As discussed above, a SQP method is used to find the minimum MSE and

the corresponding transmission power allocation scheme. However, like most

of the numerical optimization methods, this method is also computationally

extensive. To reduce the number of computations performed, a very simple

sub-optimal power allocation method is proposed in the following sub-section.

The results for both of the methods are presented and compared in Section

6.4.

6.2.4 A Sub-optimal Power Allocation Algorithm

The original optimization problem is a minimization problem in 4 vari-

ables. Most numerical optimization methods are computationally intensive for

optimization problems with more than 2 variables. For real-time applications,

it is necessary that the power optimization procedure should be computation-

ally non-intensive. The number of computations can be significantly reduced

by devising simple sub-optimal algorithms that divide the original problem

into optimization problems with fewer numbers of variables, without imposing

a large penalty on performance. Based on this idea, a sub-optimal algorithm

for the power allocation problem is developed in this section. This algorithm

quantizes the transmit power for different streams and essentially breaks down

the 4 variable optimization problem into an iterative 2 variable optimization

problem.
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After performing antenna selection as discussed in the previous section,

the range of transmit power for each stream is quantized in Mk (k = 1...4,

M4 = M3) levels, where k = 1 corresponds to the most important and k = 4

to the least important stream. The algorithm starts by setting the initial

minimum MSE (MSEmin) to a very large value (infinity), the total available

power to Es and the total allocated power to EA. Note that the transit power

and energy are the same since the symbol period is assumed to be 1. The

algorithm then varies the transmit power for the 1st stream in steps of ∆1 = Es

M1

from Es− Es

M1
to Es

M1
, while varying the transmit power for streams 2 to 4 equally

in steps of ∆1

3
. The minimum MSE of all these combinations is then assigned to

MSEmin and the corresponding transmission power for stream 1 is fixed (x1,n).

The allocated power is modified to EA = EA + x1,n and the same process is

repeated for the remaining streams. While finding the transmission power for

the kth stream, the transmission power for the 1st to (k−1)th streams are fixed

(already found), the transmit power for the kth stream is varied in steps of ∆k,

and the transmit powers for streams k + 1...4 are varied equally in steps of

∆k

4−k
. This way, at any given time the optimization problem is essentially a two

variable constrained minimization problem, hence reducing the computational

complexity significantly. This algorithm is summarized below.
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Initialize: k = 1, m = 1, EA = 0, MSEmin = ∞,
∆1 = Es

M1

Step 1: Do
xk,n = Es − m∆k − EA,
xk+1,n = .... = x4,n = m∆k

4−k
.

Find MSE(xn).
If MSE(xn) < MSEmin,
then MSEmin = MSE(xn), xmin = xk,n.
m = m + 1.
While m < Mk AND ηk,n ≥ ηk+1,n...η4,n

Step 2: xk,n = xmin, EA = EA + xk,n,
k = k + 1, m = 1, ∆k = Es−EA

Mk

If k < 4 then goto Step 1,
else MSEmin has the minimum value of MSE, and
xn has the corresponding transmit power for
different streams.

This algorithm uses the fact that the received SINR for a more impor-

tant stream needs to be greater than the received SINR for a less important

stream to minimize the distortion. Using this fact, this algorithm does not

need not to compute the distortion at all the quantized power levels. Note

that after finding the best suited power for a stream, this algorithm does not

vary the power for that stream during iterations for the remaining streams.

6.2.5 A Note on the Convergence of these Methods

The power allocation optimization problem is not convex. Both the

SQP and the sub-optimal algorithms are not guaranteed to give a globally

optimum point as their solution. The solution will depend on the starting

point for the SQP optimization. However, for the sub-optimal algorithm,
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since the search process spans through the entire range of the quantized power

levels, it is more likely that this method will end up finding a solution closer

to the globally optimum solution.

6.3 Simulations Details

A database2 of 50 grayscale 512 x 512 randomly selected natural grayscale

images was used for the simulations. 1.25 bits per pixel source coding rate

was used for all the images. The channel was assumed to be constant for 250

symbols, corresponding to 500 bits for 4-QAM modulation. Unequal power

allocation was performed using the distortion model described in Sec. 6.2.2

to predict the MSE for MATLAB’s (SQP) optimization as well as the sub-

optimal algorithm, and the resulting power allocation was used to transmit

different streams simultaneously over different antennas. The model parame-

ters, namely the unquantized coefficient mean and variance, the quantization

error mean and variance, and the first order auto-regressive process parameter

‘a’ for each segment were found using the original unquantized image and the

quantization matrix. The values of M1 = 30, M2 = 20, M3 = M4 = 10

were numbers of quantized power levels that were used for different streams

for the sub-optimal power allocation method. The actual MSE at the receiver

was also computed using the original unquantized image and the distorted

image to compare how closely the model predicts the actual distortion ob-

2These images were randomly selected from the two-CD set of ‘Austin & Vicinity - The
world of nature’ and ‘Austin and Vicinity - The human world’.
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Figure 6.3: PSNR curves for UPA and EPA methods for ‘Dog’ image.

tained via simulations. MSE was converted to PSNR using the simple relation

PSNR = 10 log10
2552

MSE
, and PSNR vs. average channel SNR curves were plot-

ted. 500 channel instantiations were used at each SNR.

Fig. 6.3 and Fig. 6.4 show PSNR vs. SNR curves for ‘Dog’ and

‘Lena’ images respectively for unequal power allocation using the optimization

method of MATLAB (SQP) and the sub-optimal algorithm. The distortion

model in Section 6.2.2 was used to predict the MSE in real-time for these

optimization procedures. The PSNR curves obtained via simulations when

the image is transmitted using the power obtained using these optimization

procedures are also shown. In these figures, the curves labeled ‘optimal’ are
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Figure 6.4: PSNR curves for UPA and EPA methods for ‘Lena’ image.
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Figure 6.5: BER curves for UPA and EPA methods for ‘Dog’ image.
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Figure 6.6: BER curves for UPA and EPA methods for ‘Lena’ image.
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those obtained using the SQP optimization. For comparison, the PSNR curves

for three different equal power allocation methods are also shown. In one of

these methods, antenna selection was performed, and more important streams

were transmitted using better antennas. This scheme is labeled as ‘EPA -

Antenna selection’. In the scheme labeled ‘EPA - No antenna selection’ in

Fig. 6.3, no antenna selection was performed and streams were transmitted

from fixed preallocated antennas. The same progressive JPEG coder was used

for these two schemes as for the unequal power case. In the third scheme

labeled ‘EPA - Sequential’, a sequential (also called baseline) JPEG coder was

used so that the subbands are distributed uniformly in all the streams and a

fair comparison is observed. An equal number of RST markers and the same

source coding rate was used as in progressive JPEG. Figures 6.5 and 6.6 show

the BER curves for ‘Dog’ and ‘Lena’ images, respectively, for different streams

using sub-optimal UPA and EPA methods. For the UPA and ‘EPA - Antenna

selection’ cases, the BERs for individual streams are shown along with the

average BER of all four streams. Since the BER for equal power allocation

cases (both sequential and progressive) is the same for all the streams, only the

total BER is shown. Tables 6.1 and 6.2 compare the PSNR results for different

power allocation methods at various SNRs for the ‘Dog’ and ‘Lena’ images.

Results for the UPA and EPA schemes for the ‘Dog’ image at 10 dB SNR and

the ‘Lena’ image at 5 dB SNR are shown in Figs. 6.7 and 6.8 respectively.
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SNR (dB) 0 5 10 20 30 40

UPA - Optimal 20.25 28.47 30.67 32.84 33.13 33.16
UPA - Sub-optimal 18.91 27.67 30.22 32.83 33.13 33.16
EPA - Antenna Selection 9.31 11.69 18.4 31.12 33.02 33.16
EPA - No Antenna Selection 9.11 9.93 12.22 20.67 28.3 32.88
EPA - Sequential 11.02 12.68 15.84 24.38 31.14 33.34

Table 6.1: PSNR values in db for different power allocation schemes for ‘Dog’
image.

SNR (dB) 0 5 10 20 30 40

UPA - Optimal 18.65 28.43 32.28 36.12 36.66 36.72
UPA - Sub-optimal 17.39 27.53 31.46 36.03 36.65 36.72
EPA - Antenna Selection 8.06 10.04 17.05 33.74 36.52 36.72
EPA - No Antenna Selection 7.93 8.60 10.83 19.01 29.43 36.63
EPA - Sequential 11.53 13.24 16.40 25.49 33.48 36.37

Table 6.2: PSNR values in db for different power allocation schemes for ‘Lena’
image.

6.4 Results and Discussion

It is evident from the PSNR curves in Figs. 6.3 and 6.4 that the pro-

posed unequal power allocation scheme performs significantly better than allo-

cating power equally to different streams. At 5 dB SNR, the PSNR gain for the

UPA scheme has an advantage of approximately 14 dB over sequential JPEG

with equal power allocation for both the images. Also, the sub-optimal power

allocation method performs very close to the optimal power allocation scheme.

The difference in PSNR between the SQP method (MATLAB’s numerical solu-

tion) and the sub-optimal algorithm is within 1.5 dB at all points. In terms of

computational complexity, on the average for each block, the optimal power al-
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location scheme took 350 MSE evaluations to converge to a solution, whereas

the sub-optimal method evaluated MSE 26 times on average, reducing the

computational complexity better than an order of magnitude. Furthermore,

to confirm that the solution is not a local minima, MATLAB’s optimization

was carried out multiple times with different starting points. This further

increased its computational complexity as compared to the sub-optimal algo-

rithm. Another encouraging thing to note is that the amount of distortion

predicted by the distortion model during the optimization procedure is very

close (within 1 dB) to that of the actual amount obtained via transmission

simulations.

Figs. 6.5 and 6.6 show the BER curves for the UPA and EPA schemes.

As can be seen from these figures, the BER for stream 1 (the most important

stream) for unequal power allocation was much lower than all the other streams

for unequal and equal power allocation. Also, the BER for stream 4 (the least

important stream) for UPA was the worse of all the streams. The average BER

of all the 4 streams for UPA is also higher than the average BER for equal

power allocation schemes. Although the average BER was higher for UPA,

significantly better performance in terms of quality (PSNR) was obtained for

UPA. This is because it is the stream with the highest contribution towards

image quality, and hence it is this stream that requires maximum transmission

power and reliability. This shows that with a constraint on total transmission

power at any instant, significant quality gains can still be achieved by allocat-

ing more power to more important streams at the cost of reduced power for
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(a) Original unquantized
image

(b) UPA, optimal alloca-
tion

(c) UPA, sub-optimal
method

(d) EPA with antenna
selection

(e) EPA (no antenna se-
lection)

(f) EPA with sequential
JPEG

Figure 6.7: Dog image results for different power allocation schemes at 10 dB
SNR.
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(a) Original unquantized
image

(b) UPA, optimal alloca-
tion

(c) UPA, sub-optimal
method

(d) EPA with antenna
selection

(e) EPA (no antenna se-
lection)

(f) EPA with sequential
JPEG

Figure 6.8: Lena image results for different power allocation schemes at 5 dB
SNR.
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less important streams.

Different streams for the EPA scheme with antenna selection also have

different BERs. The average BER of all these streams is approximately the

same, however, as that of the EPA scheme without antenna selection, and se-

quential JPEG with EPA. Also note that EPA with antenna selection performs

better in terms of PSNR as compared to EPA without antenna selection (for

progressive JPEG) at all points, and better than EPA for sequential JPEG

for medium to high SNR range. This shows that the idea of antenna selection

provides better performance than randomly assigning transmit antennas to

different streams. The quality gain for UPA is also obvious from the images

shown in Figs. 6.7 and 6.8.

Similar performance gains were obtained for all the other images as

well. These results are very encouraging because they show that significant

quality gains can be achieved by using image statistics for power allocation

in MIMO systems. Although the power allocation method proposed in this

chapter only uses 4 transmit and 4 receive antennas, this approach can be

extended easily to any number of transmit and receive antennas with slight

modifications.

6.5 Conclusion

In this chapter, an unequal power allocation scheme for the transmission

of JPEG compressed images over MIMO systems employing spatial multiplex-

ing was presented. The image was divided into 4 different streams with unequal
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contribution to total image quality. These different streams were transmitted

using different antennas with unequal power with the goal of minimizing the

distortion in the transmitted image. The overall transmit power was kept

constant at any given instant. Also, a sub-optimal power allocation algo-

rithm was presented as a numerical solution to the unequal power allocation

problem. Results show that the proposed unequal power allocation scheme

provides significant gains in terms of PSNR over equal power allocation. This

gain is as high as 14 dB at low SNRs. Furthermore, our sub-optimal algorithm

performs very close to optimal power allocation. These results indicate that

significant quality gains can be achieved if the source statistics are taken into

account while designing transmission schemes without imposing any penalty

on resources.

151



Chapter 7

Conclusions and Future Work

7.1 Dissertation Summary

The design of all joint source-channel coding methods for image and

video coding and transmission require a distortion estimate at different source

coding rates and channel bit error rates. The traditional way to obtain this

estimate is via simulations and rate-distortion curves. These methods are

accurate, however, they are very source dependent and computationally in-

tensive. For each new image and video, large amounts of simulations are

needed to be carried out at various source coding rates and channel bit er-

ror rates to construct the operational rate-distortion curves. These curves are

then used to estimate distortion during the optimization procedure of various

JSCC methods. Since the computational complexity involved in carrying out

the simulations and constructing the rate-distortion curves is very high, these

methods are not feasible for real-time JSCC schemes. There are also some

rate-distortion based methods that assume that the image or video source has

a well known mathematical distribution. While these methods are mathemati-

cally elegant, they do not give very accurate results. This is because real world

images and videos usually cannot be modeled with any known mathematical

distributions.
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For real-time JSCC schemes, it is necessary that the distortion esti-

mation method should be computationally non-intensive as well as accurate.

This creates the need for model based distortion estimation methods that can

predict the amount of distortion at different source coding rates and bit er-

ror rates with high accuracy as well as low complexity. Although most of

the JSCC methods that exist in the literature follow the operational rate-

distortion based approach for distortion estimation, there are a few distortion

estimation models for images and videos. These existing models have low com-

putational complexity, however, they have certain limitations as discussed in

Chapter 3. The limitations of existing model and operational rate-distortion

based distortion estimation methods were addressed in this dissertation, and

new distortion estimation models were proposed for images and videos.

In this dissertation, a joint source-channel distortion model for JPEG

compressed images was proposed. This model takes into account the effects

of differential coding, run-length coding and entropy coding, and predicts dis-

tortion at different source coding rates and channel bit error rates for a set of

images. The performance of this model was compared to the results obtained

using simulations. Results showed that this model predicted distortion due

to quantization and channel bit errors in JPEG compressed images with high

accuracy.

Another joint source-channel distortion model was proposed for MPEG-

4 coded video sequences. In addition to differential coding, run-length and

variable length coding, this model also takes into account the effects of motion
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estimation and compensation. This model predicted the distortion in the

current frame as well as the propagation effects of distortion to future frames.

Results showed that this model predicted distortion due to quantization and

channel errors in the MPEG-4 coded video sequences with high accuracy.

Unequal power allocation is another interesting problem for transmis-

sion of images and videos, especially over wireless links. In UPA methods,

power is allocated across the different image/video layers based on the layers’

importance. The goal of such schemes is either to minimize the distortion

with a constraint on total transmit power, or to minimize the transmission

power with a constraint on maximum allowable distortion. Currently, un-

equal power allocation schemes for image and video transmission over wireless

systems address the case of single transmit and receive antennas only. With

MIMO systems expected to be employed in the next generation of wireless sys-

tems, it is necessary to design power allocation schemes for image and video

transmission that take into account the properties of MIMO systems. By dis-

tributing the transmit power efficiently across the image/video layers’ as well

as multiple transmit antennas based on the importance of data as well as chan-

nel conditions, significant quality gains as well as power consumption can be

achieved.

Based on this idea, an unequal power allocation scheme for JPEG trans-

mission over MIMO systems was proposed in this dissertation. In this method,

multiple image layers of unequal importance were transmitted over different

antennas simultaneously with unequal power. Transmit power was distributed
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over different image layers and antennas such that the overall distortion in the

transmitted image was minimized while keeping the total transmit power con-

stant during any symbol period. Results showed that this method achieved

large quality gains as compared to equal transmit power allocation.

7.2 Future Work

There are a number of different research directions in which the work

presented in this dissertation could be extended:

• The distortion models presented in this dissertation could be used in the

design of efficient joint source-channel coding schemes. Various bit allo-

cation schemes could be designed for JSCC of JPEG compressed images

and MPEG-4 coded video sequences using these distortion models.

• The real importance of JSCC is for video communication systems, espe-

cially real-time. Significant quality gains as well as bandwidth reductions

could be achieved by designing schemes that take into account source

statistics as well as varying channel conditions to perform bit allocation

for source and channel coding in real-time. However, a fundamental re-

quirement for real-time video communications is that of low latency. The

current JSCC methods for video transmission are not very well suited

for real-time applications because of their computational complexities.

However, by using this model, I believe that the computational com-

plexity of JSCC methods could be significantly reduced. JSCC schemes
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could be designed for MPEG-4 video transmission that incorporate a

constraint on maximum latency along with bitrate. It will be interesting

to see how well the distortion model behaves in terms of performance

and complexity for real-time systems.

• Similar to the unequal over allocation method for JPEG image trans-

mission, an unequal power allocation technique could be developed for

MPEG-4 transmission over MIMO systems. Different partitions in a

video packet could be transmitted over different antennas using unequal

power. By allocating unequal power to different partitions in the video

packets, I believe that significant quality gains could be achieved as com-

pared to equal power allocation.

• MIMO systems can be used to provide diversity as well as an increase

in data rate. Video communications require reliability as well as high

bandwidth for good quality. Space-time coding schemes that provide

rate-diversity trade-off depending on the statistics of the video data as

well as channel conditions could be developed as applications of the dis-

tortion models presented in this dissertation. By varying rate and diver-

sity depending on the importance of data as well as channel conditions,

significant quality gains could be achieved without imposing any penalty

on the bandwidth.

• Recently a new class of space-time codes known as diversity embed-

ded codes [18] have been proposed. These codes have different layers
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of diversity for different symbols. By using these codes, unequal error

protection could be provided to data with unequal importance. These di-

versity embedded codes specifically suited for MPEG-4 transmission over

MIMO systems could be developed by taking into account the video data

statistics and using the distortion model. Different partitions in a video

packet could be mapped to different symbols based on the contribution

of different partitions to the video quality, the diversity levels of different

symbols, and the channel condition.

• The idea of unequal power allocation can be extended to OFDM in

addition to multiple antennas. Different tones in OFDM systems can be

used to transmit different image and video layers with unequal power. I

believe that significant quality gains can be achieved this way.
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Appendix A

The Truncated Gaussian Distribution

The truncated Gaussian distribution is defined as

p(x|ρ, σ2) =






√
2
π

exp

�
− (x−ρ)2

2σ2

�
σerfc

�
ǫ−ρ√

2σ

� , x ≥ ǫ

0, x < ǫ

(A.1)

where ρ and σ2 are the distribution parameters, ǫ is a small positive constant,

and erfc(·) is the complementary error function. ǫ is chosen to be greater than

0 because when a layer is encoded, the average length is always greater than

0. It is possible to show that

E(X|ρ, σ2) = ρ +

√
2

π
σ

exp
(
− (ǫ−ρ)2

2σ2

)

erfc
(

ǫ−ρ√
2σ

) , (A.2)

E
(
X2|ρ, σ2

)
= ρ2 + σ2 +

√
2

π
σ

exp
(
− (ǫ−ρ)2

2σ2

)
(ǫ + ρ)

erfc
(

ǫ−ρ√
2σ

) . (A.3)

The mean and the variance of the average coefficient lengths obtained from

the empirical distributions are used to find ρ and σ2 using numerical methods.

Note that this numerical solution is only required during training the model

and not during its testing.
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