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ABSTRACT 
 

Source coding and channel coding are two important parts of a communications 

system. Source coding deals with the compression of source data, while channel coding 

adds some redundancy to circumvent the channel errors. Source coding and channel 

coding can be done either jointly or separately depending on the design issues like 

complexity of the system, rate, power, distortion tradeoffs. For optimal performance, all 

the parameters should be carefully chosen and optimized. 

This thesis looks at the scenarios of multi-terminal communications model where source 

and channel separation will not degrade the performance of the system in terms of rate 

power and distortion tradeoffs. Specifically, we investigate the transmission of data from 

correlated sources over an orthogonal multiple access channel under a total power 

constraint. 

It is observed that source-channel separation in this particular scenario is possible without 

any loss in the performance of the system. For the correlated sources case of the multi-

terminal communications, we provide an alternate approach for achieving source-channel 

separation. 
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Chapter 1

Introduction and Preview

1.1 Significance of the Problem

Design of a communication system involves issues related to source coding,

channel coding, rate, power and distortion tradeoffs. Design of these parameters in-

volve source and channel characteristics. The design parameters can be chosen either

jointly or separately for source and channel, leading to joint source-channel coding

and separate source-channel coding respectively. Joint source-channel coding is a well

known problem and has been addressed by several researches for various communi-

cations model [1] [2] [3]. Separation of source-channel is of significant importance, as

it reduces the complexity of the system without degrading the performance.

Claude Shannon in 1948 [4] proved that source coding and channel coding pro-

cesses can be separated for stationary memoryless sources and channels without any

performance degradation in terms of rate and distortion of the communication sys-

tem. The separation theorem states that if the minimum coding rate of the source

that can be achieved is strictly below the capacity of the channel, then that source

can be transmitted reliably over the channel. There is a converse part to this theorem

that states that - reliable transmission of the source data over a channel is impossible
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if the source coding rate is strictly greater than the channel capacity.

Since then much work has been done to extend the results of the theorem to

a more general class of sources and channels [5] [6] [7]. Separation of source and

channel coding makes it easier to implement the communications system with reduced

complexity. This is more relevant for a sensor network model as there are a number

of sensors which send a huge amount of data to one or more destinations. Hence the

complexity of the system increases as the number of sensors (sources) increase.

1.2 Sensor Network Model

A sensor network is a group of sensors that observe a certain physical phenomenon

and send their observations to an intended receiver. In a sensor network the sensors

are usually employed in large numbers and hence the data associated with them is

large. Since the power and bandwidth available for the sensors is limited, source and

channel coding become very crucial in sensor networks. Much work has been done in

this context, and approaches in which source coding and channel coding can be done

jointly or separately have been presented in the literature [1] [3] [8].

The block diagram of a typical sensor network is shown in Figure 1.1. In this

illustration, a group of sensors observe a certain physical phenomenon and transmit

their observations to a local base station. The base station is located closely to the

sensors and it itself can be a sensor making its own observations. The base station

then transmits this data to an intended receiver, which usually is located relatively

far. The reason for this two step communication between the sensors and the receiver

is, the power level at the sensors is very low and sensors cannot afford the cost of

transmission to the receiver on their own. The base station, that has more power
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Sensor M+2

Sensor P

Receiver

Figure 1.1: Block Diagram of a typical Sensor Network.

than the rest of the sensors can afford the communication cost of all the sensors,

collects all the observations and retransmits them to the receiver. Since the sensors

are observing the same physical phenomenon, the data from the sensors is highly

correlated and hence is highly redundant. To reduce the redundancy, the sensors

have to coordinate with one another and exploit the correlation to reduce data. Since

the distance between the sensors and the base station is usually very small, the

channel between them can be assumed to be lossless, i.e., there is no noise, fading
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or interference present in the channel and that the observations from the sensors are

received without any loss at the base station. Hence in source coding, the channel

characteristics do not play any significant role. Therefore in this case source coding

can be done separately from channel coding.

The communication link between the base station and the receiver is relatively

very long and the noise level, fading and/or interference in the channel cannot be

neglected in this case. If the base station employs orthogonal communication and

the channel is noise is additve white Gaussian noise (AWGN) channel without any

fading, source coding can be separated from channel coding [9]. By doing so the

system outperforms the joint source-channel coding system for this case. If on the

other hand the communication scheme is not orthogonal, it has been shown in [6]

that the system performs better without any source coding or channel coding.

In this thesis, cases when separation doesn’t degrade the performance of the sys-

tem are investigated. Specifically, various issues related to source-channel separation

in a multi-terminal communication system in presented.

1.3 Contributions of the Thesis

The following contributions to the multi-terminal source coding are made in this

thesis.

1. The problem of source-channel separation is investigated in a multi-terminal

communications system.

2. Scenarios in which source-channel separation will not degrade the performance

of the system are presented.
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3. Tradeoffs among communication system parameters such as rate, power and

distortion are investigated for the multi-terminal communications model and

some experimental results supporting our observations are presented.

4. For the correlated case, an alternate approach for separation based on the

Karhunen-Loeve Transform is presented.

1.4 Thesis Organization

The remainder of the report is organized as follows. In Chapter 2 background

work is presented. In Chapter 3 the theoretical model and key results are presented.

In Chapter 4 experimental results are presented. Conclusions and future work are

discussed in Chapter 5.
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Chapter 2

Literature Review

One of the objectives behind separation of source and channel coding is to reduce

the design complexity of the communication system. By separating source coding

from channel coding, one can implement them as separate processes. Source-channel

separation should ensure that the performance of the system does not degrade.

Significant research has been done in this field. Shannon presented mathematical

definitions for sources and channels, and discussed source coding and channel coding

for discrete as well as continuous cases. He defined entropy (of a source), channel

capacity, and mutual information. Shannon presented several theorems related to

source coding, channel coding and joint source-channel coding [4]. One of the fun-

damental theorems is the source coding theorem, which tells that a source can be

transmitted over a channel reliably only if the entropy of the source is less than or

equal to the capacity of the channel.

Vembu et al. revisited the source-channel coding theorem [10]. They give a practi-

cal example where theorem fails to hold. The example shows that the knowledge of the

minimum source coding and the maximum capacity of the channel is not sufficient (as

was earlier proposed) for reliable transmission. They propose a new set of necessary
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and sufficient conditions that are required for reliable source-channel communication.

They do not impose restrictions on the nature of sources and channels such as mem-

morylessness, stationarity, ergodicity, causality, information stability, etc,. Also they

characterize a class of channels for which the separation theorem holds regardless the

nature of the sources.

Issues related with allocation of the available bandwidth for a CDMA system are

discussed in [11]. Allocation of more bits for source coding increases the quality of the

source, but it reduces the number of bits available for channel coding, hence reducing

the reliability of transmission over the noisy channel. Allocation of more bits for

channel coding, increases the reliability of transmission, but at the cost of reducing

the number of bits available for source coding and hence the quality of the source

data. They come up with an optimal allocation strategy that involves a tradeoff for

source coding and the channel coding rates. The performance of the system with the

proposed bandwidth allocation strategy is compared for two systems - one system

employing QPSK modulation, with linear block channel codes and minimum mean

square error (MMSE) receiver at the decoder, and the other system employing a BPSK

modulation scheme, with rate compatible punctured convolution codes (RCPC), and

a soft decision Viterbi decoder at the decoder. In both the models the channel is

modeled as an additive white Gaussian noise (AWGN) with a flat Rayleigh fading.

Acharya et al. consider a multi-terminal source channel communications system

with correlated sources to come up with optimal allocation of power under a total rate

and power constraints [12]. They consider a sensor network model where the sensors

observe a common phenomenon and send their observations to a central node. Since

all the sensors observe the same common phenomenon the data from the sensors is
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highly correlated. The sensors transmit using a unique codeword allocated to them

(like in a CDMA setup). They find out the optimal set of code-words, that minimize

the end to end TMSE of the overall system under total rate and power constraints. It

is shown that the optimal code-words are the eigen vectors of the source correlation

matrix and the optimal power allocation strategy is to waterfill the eigen values of the

correlation matrix over the total available power. This is of significance as it shows

that for correlated sources the optimal power allocation strategy and the optimal

codeword set depends upon the correlation structure of the sources or the statistics

of the sources.

Source-channel coding problem in a multi-terminal source-channel communica-

tions system where the sources may or may not be correlated is considered in [9].

They propose a source-channel separation theorem which states that separate source

and channel coding performs better than uncoded schemes in multi-terminal source

channel systems with orthogonal multiple access channel. The paper discusses the

various tradeoffs between rate-power (cost functions) and distortion, for a general-

ized pair of sources and channels. They consider an example of a quadratic Gaussian

sensor network with orthogonal multiple access channel and show that separation of

source and channel coding outperforms the uncoded scheme.
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Chapter 3

Theoretical Model

3.1 Communications system overview

Source coder/decoder and channel coder/decoder are essential blocks of a commu-

nications system. The function of the source coder is to map the source symbols (that

may be binary or non-binary) to the minimum possible binary data. The theoretical

limit for the minimum rate is given by the entropy of that source. The channel en-

coder’s role on the other hand is to provide reliability for the data to be transmitted

over a noisy channel. The channel encoder adds error correcting code (ECC) bits,

that can be used to provide reliability to the transmitted data.

In the case of multiple sources and multiple channels, the source encoder and the

channel encoder have other roles to play. The source encoder allocates the available

coding rate among the sources subject to a given end-to-end distortion. The channel

encoder allocates the total power available at the transmitter subject to a total power

constraint. The power allocation strategy depends on the channel conditions. A

source-channel communication scheme requires the design of rate and power allocation

strategies under a total power constraint at the transmitter and the total allowable

distortion at the receiver. Figure 3.1 shows the basic elements of a communications
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model. Referring to this Figure the symbol S represents the source data that is

encoded and transmitted at the transmitter and Ŝ represents the data received at the

receiver. If mean square error is the distortion measure, the end-to-end distortion for

the system is given by (S − Ŝ)2.

Source Encoder

Channel Decoder Source Decoder

Channel Encoder

Receiver

Transmitter

Received Data

Source Data

S

S

Figure 3.1: Communications system model

The next section begins with the definitions of key concepts in the multi-terminal

communication scheme. Then we present the rate and power allocation schemes for

different scenarios of multi-terminal communication system.

10



3.2 Definitions

3.2.1 Mutual Information

Mutual information between two random variables is the measure of the mutual

dependencies between them. In other words, it gives a measure of the common

information shared between the two random variables. Mutual information is defined

in [13] as follows. Let X and Y be two random variables and I(X; Y ) denote the

mutual information between X and Y . The mutual information is then given by

I(X; Y ) =
∑

yεY

∑

xεX

p(x, y) log2

p(x, y)

p(x)p(y)
, (3.2.1)

where p(x) and p(y) are the probability density functions of the random variables X

and Y respectively and p(x, y) represents the joint probability density function of X

and Y. If X and Y are independent then the mutual information between the two

would be zero.

3.2.2 Multiple Access Channel

Decoder

(S ,S ) = d(Y)

Multiple Access
Channel

P

Encoder 1

X = e (S )

Encoder 2

X = e (S )

S
1

S
2

1 11

2 22

Y/X  X
1 2

Y

1 2

S1

S2

Figure 3.2: Communications model for multiple source and multiple access channel.
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Multiple access channel is a channel in which more than one user accesses the

channel. The channel can be shared in terms of time, frequency or bandwidth. The

multiple access channel is shown in Figure 3.2. In this Figure, S1 and S2 are the

sources, e1 and e2 are the encoding functions and d is decoding function. The multiple

access channel is described by

(X1, X2, Y, PY/X1,X2
) (3.2.2)

where X1 and X2 are inputs to the channel and Y is the output of the channel.

3.2.3 Rate

Rate or coding rate can be defined as the number of bits required to represent

one source symbol. The units for rate is bits per symbol.

3.2.4 Capacity

Channel capacity can be defined as the amount of information that can be trans-

mitted reliably over the channel. Figure 3.3 illustrates a single source S transmitting

over and noisy channel denoted by N . In this Figure M is the input random variable

to the encoder and X is encoded symbol to be transmitted over the channel. The

output of the channel is denoted by Y and M̂ is the decoded output. The random

variable Ŝ is the reconstructed source symbol at the receiver. The channel capacity

in this case is defined as

C = sup
f

I(X; Y ), (3.2.3)

where f is the probability distribution of the random variable X.
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SourceS Encoder
M

Channel
X Y

Noise

Decoder
M

Receiver

N

S

Figure 3.3: An end to end communications system model with AGWN noise.

3.3 Multi-terminal Source Channel Communica-

tions Model

In the following discussion all vectors are denoted by bold lower case letters, and are

assumed to be column vectors. Scalars are denoted by lower case letters. Matrices are

denoted by bold uppercase letters and random variables by capital italicized letters.

Also the expression E{X } denotes the expectation (or the averaging) operator over

the random variable X. The covariance of X and Y is denoted by cov(X, Y ) and is

defined by cov(X, Y ) , E{X.Y T} − E{X}E{Y }T

3.3.1 System Model

The multi-terminal source channel communication model is described as follows.

There are ‘M’ correlated (continues) sources (U1, U2, . . . , UM) whose sample values at

time instance t are given by u = (u1(t), u2(t), . . . , uM(t)). For simplicity, it is assumed

that the sources are spatially correlated, and there is no temporal dependence between

them. Hence the time index t can be dropped. The source samples can be written as

u = (u1, u2, . . . , uM). It is assumed that the samples follow a Gaussian distribution

with zero mean and covariance matrix B, i.e., the pdf of u is given by N (0M ,B)
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where the normalized cross-correlation matrix is given by

B = E[bbT ] =















1 ρ12 . . . ρ1M

ρ21 1 . . . ρ1M

...
...

. . .
...

ρM1 ρM2 . . . 1















. (3.3.1)

The variables ρij represent the correlation coefficient between ith and the jth sensors.

Each of the sample values (u′

is) is quantized and modulated using a binary phase

shift keying (BPSK) modulator. It is assumed that a scalar quantizer (Q) having

2q quantization levels, denoted by the set QL = {1, 2, . . . , 2q}. Each sample of the

continuous source is quantized and is approximated by q bits. The quantizer output is

represented by the vector of indices denoted by I = (I1, I2, . . . , IM). The BPSK modu-

lator maps these indices Ik’s into q bit channel input words Xk = (Xk,1, Xk,2, . . . , Xk,q)

where Xk,qε{−1, +1}. The multi-terminal source channel communication model con-

sidered in this paper is as shown in 3.4.

Source

U ,….U
Decoder

Q Mod

Q Mod

ModQ

+

+

+

1 M

U1

U
2

U
M

I1

I2

IM

X 1

X

X

M

2

Encoders Channel

N

N

N

1

2

M

Y

Y

Y

1

2

M
U

U

U

1

2

M

Figure 3.4: Multi-terminal source channel communications model
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Since the sensors access the medium at the same time, we need a reservation based

medium access protocols such as time division multiple access (TDMA) or frequency

division multiple access (FDMA), so that we can assume no interference between

transmitters. Each of the modulator outputs get into the decoder through channel, so

we can model the channel as an array of M independent additive white Gaussian noise

channels with equal average noise power N0. For each channel k and input word Xk

the channel output signal is given by Yk = Xk + ηk and Yk = (Yk,1, Yk,2, . . . , Yk,q).

The noise samples considered in this thesis are i.i.d Gaussian with pdf p(ηk,q) =

N(0,R), where R is a diagonal matrix.

3.4 Separation of Source and Channel Coding

The Shannon’s coding theorem for point to point communication for a noise-

less channel says that a source (U) can be reliably transmitted over a channel with

arbitrarily low probability of error if

H(U) < C = sup
PX

I(X; Y ) (3.4.1)

where X is the channel input and Y is the channel output. The result of this theorem

can be extended to a multiple access channel case where there are more than one

sources transmitting over a common noiseless channel. In this case the sources can

be reliably transmitted over the channel if

H(U, V ) < Cjoint = sup
PX1X2

I(X1, X2; Y ) (3.4.2)

H(U, V ) < Cseparate = sup
PX1

PX2

I(X1, X2; Y ) (3.4.3)

where U , V are the sources, X1, X2 are the channel inputs and Y is the channel

output. For the multiple access model, the source coding and channel coding can be
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done either jointly as shown in equation (3.4.2) or separately as in equation (3.4.3).

The block diagrams for joint and separate source channel coding are shown in the

Figures 3.5 and 3.6 respectively.

Joint Multiple
Access Source-

Channel
Encoder

Multiple Access
Channel

Decoder

U

V

X
1

2
X

Y

U
1

1

V

Figure 3.5: Multi-terminal source channel communications model with joint source
channel coding.

Source
Encoder 1

Source
Encoder 2

Channel
Encoder 1

Channel
Encoder 1

Source
Decoder 1

Source
Decoder 1

Multiple
Access
Channel

Channel
Decoder

U

V

W

Z

X

X

1

2

Y

W

Z

‘

‘

‘

‘

U

V

Figure 3.6: Multi-terminal source channel communications model with separate
source channel coding.

In Figure 3.6, for separation to hold good it is required that the performance of the

system does not degrade due to separation as compared with the joint source channel

coding. It has been shown in [8] that for separation to hold good in a multiple access
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channel, the necessary and sufficient condition is

Cseparate = Cjoint. (3.4.4)

Typically source-channel separation is considered in terms of separating source

coding from channel coding, i.e., the rate at which the source is being coded and the

maximum rate at which the sources can be transmitted over the channel without sig-

nificant loss of data. However, in communications systems, source-channel separation

impacts design issues beyond source and channel coding. For instance, the way power

and channel bandwidth are allocated to the sources. In the following section two cases

of the multi-terminal source channel model is considered. In the first scenario, un-

correlated sources are transmitted over an orthogonal multiple access channel and

in the second scenario, correlated sources are transmitted over orthogonal multiple

access channel. It is shown that the performance of the system is not degraded by

separation of source and channel coding.

3.4.1 Uncorrelated sources over orthogonal multiple access

channel

When the sources are uncorrelated the covariance and the correlation matrices of

?? and 3.3.1 would be diagonal matrices. The noise in the channel is assumed to be

additive white Gaussian with uniform two sided power spectral density of N0

2
. Power

allocation in this case is uniformly done. Each bit is allocated the same power level,

while the rate is allocated as per the variances of the sources as discussed below.

The optimal bit allocation problem for i.i.d. Gaussian N (0, σ2
i ) has been discussed

in [13]. The optimal bit allocation scheme known as the reverse water-filling scheme,

in which sources whose variances cross a certain threshold (λ) are transmitted, and the

17



ones below the threshold are not transmitted. This water-filling scheme is illustrated

in Figure 3.7. The threshold value (λ) depends on the available sum rate (R) and

total distortion (D).

Figure 3.7: Rate allocation using reverse water-filling of the source variances.

In the case of uncorrelated sources, Ui v N (0, σ2
i ), i = 1, 2, . . . , M are identically

distributed gaussian sources, Di, i = 1, 2, . . . , M is the allowable distortion for each

18



source. The rate distortion function for this case can be written as

R(D) =

M
∑

i=1

1

2
log2

(

σ2
i

Di

)

(3.4.5)

where

Di =







λ if λ < σ2
i

σ2
i if λ > σ2

i

(3.4.6)

The strategy for source-channel coding is as follows. First λ is chosen based on the

available rate and allowable distortion. Then starting from the sources with maximum

variance is allocated bits above the threshold λ till the available rate is exhausted.

In this case, allocation of rate to the sources and hence source coding depends

only upon the source statistics. They do not depend on the channel properties. Also,

power allocation and channel coding is done independent of the source statistics.

Thus, source coding and channel coding are separable.

3.4.2 Correlated sources over orthogonal multiple access chan-

nel

This case has been investigated to some extent in [6] [9] [13] [?]. In this case the

sources are assumed to be correlated and they are transmitted over an orthogonal

multiple access channel. The optimal power allocation strategy has been shown to

be dependent on the source statistics. Let us assume ‘M’ transmitters, transmitting

symbols using unit norm codewords of length ‘L’ over an AWGN channel with uniform

two sided power spectral density of N0

2
dB.

The received signal at the receiver can then be written as

r = SP
1

2 b + η. (3.4.7)

19



The matrix P is a diagonal matrix given by diag(p1, p2, . . . , pM) and pi is transmitted

power of the ith transmitter. The variable S represents the L×M signature waveform

matrix, bM×1 is a vector of input symbol to be transmitted, η represents the additive

white Gaussian noise (AWGN) component, with uniform two sided power spectrum

density of N0

2
dB. Let B represent the normalized cross-correlation matrix defined by

B = E{bbT}. The total mean square error (TMSE) is then shown to be [12]

TMSE =
M

∑

i=1

MSEi (3.4.8)

= tr(CTSP
1

2 BP
1

2STC + σ2CTC − 2CTSP
1

2B + IM). (3.4.9)

The variable C represents the receiver filter and IM is an identity matrix of dimension

M × M .

The optimal signature sets in this case are shown to be the eigen-vectors of the

normalized cross correlation matrix B. This is obtained by minimizing TMSE over

S, P and C (the receiver filter) under a total power constraint, i.e., the optimization

problem in this case is

min
S,P,C

{TMSE} subject to tr(P) = Ptot (3.4.10)

The optimal C which minimizes the TMSE is the MMSE receiver. Using this the

optimization problem is reduced to

min
AεA

tr{(σ2B−1 + ATA)−1} (3.4.11)

where, A = SP
1

2 is a set of all L×M matrices such that tr(ATA) = Ptot.

The optimal signature sets and the power allocation scheme are then achieved by

majorizing the eigen values of the B−1 matrix and by water-filling the eigen-values

of the B−1 with those of the ATA. In this process some of the eigen values of the A
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matrix are set to zero in order to meet the total power constraint, as shown in the

Figure 3.8.

Thus power allocation is achieved by water-filling of the eigen-values of the B−1

matrix. Once the power is allocated to each source we allocate the rate to each one

(rate allocation done by jointly encoding of the sources as per joint entropy or other

means since the sources are correlated). This approach is an example of joint source-

channel coding, where power allocation and channel coding are done based on the

source statistics.

Figure 3.8: Water-filling of the eigen values of the B−1 matrix over the total power
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3.4.3 Separate source-channel coding

In this section we suggest an alternative separate source channel coding approach

to the joint source channel coding method discussed in section 3.4.2. When the

symbols from the sources are correlated we can make use of the KL transform to

de-correlate the sources. The cross-correlation matrix B can be split using singular

value decomposition as

B = UΛU−1, (3.4.12)

where U is a matrix composed of eigen-vectors of B along its columns, Λ is a diagonal

matrix diag(λ1, λ2, . . . , λM), where (λi is the ith eigen value, and U−1 is the matrix

inverse of U. Now consider the transformation

b̂ = U−1b. (3.4.13)

Then the new cross-correlation matrix after the transform becomes

B̂ = E{b̂b̂
T
}

= E{U−1bbT (U−1)T}

= U−1E{bbT}(U−1)T

= U−1B(U−1)T

= Λ. (3.4.14)

That is, the sources are uncorrelated of one another and the transformed data is

majorized (since λi > λj for i > j). Source and channel coding, in this case can be

done independently following the procedure in section 3.4.1.
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Chapter 4

Experimental Results

In this section we give the results of the experiments that were carried out

for optimal rate allocation and power allocation strategies for the cases discussed in

section 3.4.1, 3.4.2 and 3.4.3.

In section 3.4.1, for the case of uncorrelated sources the optimal rate allocation

strategy is to allocate the rate to the various sources depending upon their variances,

i.e., the source with the maximum variance is given more rate as compared to the

source with a lower variance. This scheme was compared with an arbitrary scheme

in which we allocate rate uniformly among the sources irrespective of their variances.

The results of the two schemes are plotted in 4.1. From the Figure it can be seen that

the optimal rate allocation scheme discussed in section 3.4.1 performs better than the

arbitrary scheme.

In order to simulate the approach discussed in section 3.4.2, we consider arbitrary

correlated sources. The power allocation is then obtained by water-filling of the B−1

matrix and the eigen vectors form the signature sets. This is compared with an arbi-

trary power allocation scheme with orthogonal signatures, and arbitrary signatures.

The results are given in Figures 4.2 and 4.3.
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Figure 4.1: Rate-Distortion plots: Comparison of rate distortion regions for optimal
and arbitrary rate allocation strategies. The optimal rate allocation is based on
the reverse-water filling scheme and the arbitrary rate allocation scheme considers
uniform rate allocation for all the sources.

Figure 4.2 compares MSE values obtained for scheme mentioned above, while

Figure 4.3 gives the PSNR (peak signal to noise power ratio) values in dB for the

three schemes. From the results it can be seen that the optimal power allocation

scheme results in the least mean square error and gives best peak signal to noise

ratio levels as compared with the other schemes. Figures 4.4 and 4.5 compares the

performance of the joint coding scheme discussed in section 3.4.2 with that of the

separate source channel coding scheme described in section 3.4.3. It is seen that both

the systems perform equally good and there is no performance loss in the system by

separating source coding from channel coding.
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Figure 4.2: Comparison of MSE for the optimal and arbitrary schemes.
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Figure 4.3: Comparison of PSNR for the optimal and arbitrary schemes.
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Figure 4.4: MSE comparison for joint and separate source-channel coding strategies.
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Figure 4.5: PSNR comparison for joint and separate source-channel coding strategies.
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Chapter 5

Conclusion and Future work

In this thesis we investigated the scenarios in a sensor network model where source

coding can be separated from channel coding. Specifically the multi-terminal com-

munications model is considered, and the scenarios where source-channel separation

is feasible are investigated. The advantage with this approach is that it simplifies the

communication system. The future work for this thesis would be to extend the re-

sults obtained in this work to a more generalized case of sensor networks with different

channel models.
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