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Abstract

We develop a stochastic model to characterize the effects of both corre-

lated shadowing and composite shadowing-fading. We consider a cooperative

multi-hop line network, where a group of nodes cooperatively transmits the

same message to another group of nodes, and model the transmission from

one group to another as a discrete-time quasi-stationary Markov process.

We derive the transition probability matrix of the Markov chain by first

considering the wireless channel exhibiting shadow fading and then compos-

ite shadowing-fading. The shadowing is modeled as a log-normal random

variable (RV) while the composite shadowing-fading is modeled as Suzuki

(Rayleigh-lognormal) RV. We use Fenton-Wilkinson method to approximate

the sum distribution of the multiple correlated log-normal RVs to a single

log-normal RV, while in order to find the sum distribution of the multiple

independent Suzuki RVs to a single log-normal RV, we use a moment gen-

erating function (MGF)-based approximation technique. This MGF-based

technique uses Gauss-Hermite integration to present the sum distribution in

closed form. We quantify the signal-to-noise ratio (SNR) margin required to

achieve a certain quality of service (QoS) under standard deviation of the

shadowing. The effect of increasing standard deviation of the shadowing on

the network coverage is also quantified. We also provide the optimal level
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of cooperation required for obtaining maximum coverage of a line network

under a given QoS. Two topologies for linear network are considered and the

performance of each topology under various system parameters is provided.

The analytical results have been validated by matching with the simulation

results.
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Chapter 1

Introduction

1.1 Introduction to Cooperative Communi-

cation

High data rate is becoming one of the main feature in next generation wire-

less systems owing to the ever increasing demands for multimedia services

and web-related contents. However, the data rate capability of the wireless

networks is limited by channel fading and other transmission impairments.

In order to combat channel fading, different diversity schemes have been pro-

posed such as time diversity, frequency diversity and spatial diversity. Spa-

tial diversity techniques are mainly attractive because they offer diversity

gain without incurring additional costs of transmission time and bandwidth.

Spatial diversity is achieved by using multiple antennas at transmitter and

receiver called multiple-input multiple-output (MIMO) [1]. Multiple anten-

nas are spaced on the order of a wavelength to avoid the correlation among

different transmitted signals. MIMO architectures effectively achieve high

1
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Figure 1.1: Cooperative wireless network

.

system throughput and combat channel fading. However, MIMO system is

difficult to implement on small mobile equipments and sensor nodes due to

its small size and also the cost will go up with the installment of additional

antennas [6].

To overcome the above mentioned problems of MIMO systems, a new

technique named distributed MIMO was proposed and has attracted a lot of

attention. The key difference between the distributed and co-located MIMO

is that multiple antennas at the front end of wireless networks are distributed

among widely separated radio nodes. Different nodes at different locations

transmit the same data to the receiver. In this way, multiple nodes form a

virtual antenna array that achieves higher spatial diversity gain. This kind of

communication is called cooperative communication and spatial diversity is

called cooperative diversity [2]. This style of cooperative transmission (CT)

is becoming popular in the past several years in both sensor and cellular net-

works. Figure 1.1 shows a cooperative wireless network, where node S wants
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to transmit to node D. The intermediate nodes, R1 to R4 work as relaying

nodes and forward the data to the destination node D. The transmitter and

the relays form a virtual antenna array to achieve the spatial diversity [6].

Wireless multi-hop cooperative communications has a wide variety of ap-

plications such as in cellular network, sensor network, and wireless computer

network. In cellular mobile networks, it is difficult to provide high data rate

all over a cell, especially at the cell boundary. One possible solution of this

problem is to reduce the size of the cell, which will require additional base

stations and can lead to substantial additional costs. The cooperative com-

munication allows an effective and cost-efficient substitute to ensure high

data rate at the cell boundary, by enabling the additional nodes to work

as a relay between the base station and the mobile user. The cooperative

communication can also provide high speed connectivity to residential areas

via roof-top relaying systems. This type of communication architecture can

provide high data rate connection between base stations without additional

hardware such as microwave or optical fiber [5].

The cooperation among nodes not only increase user’s capacity but also

leads to a more robust system, where user’s achievable rates are less vulner-

able to channel variations. This increase in data rate due to cooperation can

be translated into reduced power for the users. With cooperation, users can

achieve a certain rate with less total power. This scheme can also extend

battery life of the mobiles. The cooperation gain may be used to increase

cell coverage in a cellular system [3]. Cooperative communication can be

effectively used to address the energy deficiency issue in the sensor networks

[7]. It can also be used for the range extension of the sensor networks [17].
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Anna Scaglione and Yao-Win Hong propose an efficient physical layer

transmission technique for cooperative communication called Opportunistic

Large Array (OLA) [8]. The behavior of dense wireless cooperative networks

is studied in [16]. It was shown that if the decoding threshold is below a

particular value, the message can be transfered to the receiver irrespective of

how far it is. The authors considered an infinite node density per unit area,

emitting a constant power from that area. This continuum assumption may

not be an appropriate candidate for finite density networks, also their work

was mainly based on simulation experiments. The authors in [18] studied

a finite density cooperative multi-hop line network and found the coverage

of the network under multi-path fading. They only considered small-scale

fading, however in practical wireless channels both small-scale as well as

large-scale fading (shadowing) are present [20].

1.2 Problem Statement

There are three main channel impairments namely, path loss, multipath

(small-scale) fading and shadowing (large-scale fading), which distort the

received signal in wireless communication system. Path loss is a determinis-

tic process, while multipath and shadowing are random and due to multipath

and shadowing the received power of the signal shows random fluctuations.

Fig. 1.2. shows the effect of path loss, shadowing and multipath fading on

the ratio of received-to-transmit power versus log-distance of the channel [35].

In practical wireless systems, both small-scale as well as large-scale fading

are present and affect the system performance [20]. However, according to

our literature survey there is no significant work which has considered shad-
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owing and composite shadowing-fading for opportunistic large array (OLA)

cooperative networks. The authors in [18] studied OLA cooperative networks

however, they only considered small-scale fading. Our research problem is to

study the performance of cooperative multi-hop linear network un-

der shadowing and composite shadowing-fading. We model the shad-

owing as log-normal distribution and and the composite shadowing-fading as

Suzuki distribution. The received signal in a cooperative network at a node

is the sum of multiple transmitted signals and each of this signal is affected

by small-scale fading as well as shadowing. However, there is no closed-form

expression for the probability density function (PDF) of the sum of multiple

log-normal and Suzuki random variables (RVs) [20]. In literature, different

approximation techniques have been proposed to find the sum distribution

of multiple log-normal and Suzuki RVs. We use Fenton-Wilkinson’s [24],

method to find the sum distribution of the multiple correlated log-normal

RVs, while to find the sum distribution of the multiple Suzuki RVs we use

the method proposed in [26], which is a moment generation function (MGF)-

based technique. Both of these methods approximate the sum distribution

to a single log-normal RV.

1.3 Contribution of the Thesis

We develop a stochastic model to study the impact of correlated log-normal

shadowing and composite shadowing-fading for cooperative multi-hop line

networks. We model the shadowing as log-normal RV, while the compos-

ite shadowing-fading as Suzuki (Rayleigh-lognormal) RV. We approximate

the sum distribution of the multiple log-normal RVs to single log-normal RV
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Figure 1.2: Path loss, shadowing and multipath fading versus distance.

by using Fenton-Wilkinson’s method. Similarly, we use the moment gener-

ation function (MGF)-based technique to approximate the sum distribution

of multiple Suzuki RVs to single log-normal RV. We find the coverage of the

network under various system parameters such as standard deviation of the

shadowing, signal-to-noise ratio (SNR) margin, and path loss. We find the

optimal cooperation, which will provide maximum coverage under certain

quality-of-service (QoS). We studied the equi-distant and co-located network

topologies for line network and find the performance of each topology un-

der various system parameters for composite shadowing-fading. We compare

the coverage of the network for three different channel model, i.e., fading,

shadowing and composite shadowing-fading channels.
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1.4 Thesis Organization

The rest of the thesis is organized as follows, Chapter 2 presents the related

work on cooperative network modeling and different approximation tech-

niques used for finding the sum distribution of log-normal and Suzuki RVs.

In Chapter 3, we discuss the network model and the assumptions we made. It

also discusses the network as a discrete-time quasi-stationary Markov chain.

Chapter 4 presents how we approximate the sum of multiple log-normal RVs

to a single log-normal RV using Fenton-Wilkinson’s method. This chapter

also discusses how we find the transition probability matrix of the Markov

chain and present different interesting results for shadowing channel. In

Chapter 5, we find the PDF of the sum of multiple independent Suzuki RVs

by using the MGF-based approximation technique. We also presents inter-

esting results for composite shadowing-fading channel. We compare the per-

formance of two different topologies for cooperative multi-hop line networks

i.e., equi-distant and co-located network topologies in Chapter 5. Chapter 6

concludes the thesis and gives some recommendations for the future work.



Chapter 2

Literature Review

2.1 Cooperative Network Modeling

The idea of user cooperation diversity was first proposed by Andrew Sendonaris

et al. in 2003 [3, 4]. The quality of service and data rate of the mobile users

within the duration of the call are limited by the rapid variation in the chan-

nel conditions. Therefore, it requires some type of diversity protection. They,

in their pioneering work, showed that cooperation among mobile users not

only increases system throughput but also makes the user’s achievable data

rates less vulnerable to channel variations. Increase in the data rate due

to cooperation among mobile user can be translated into reduced power for

the users. With cooperation, users can achieve a certain rate with less total

power, which can extend the battery life of the mobile users. The cooperation

gain may also be used to increase cell coverage in a cellular system.

Anna Scaglione and Yao-Win Hong propose an efficient flooding technique

for cooperative communication called Opportunistic Large Array (OLA) [8].

In OLA transmission, a group of nodes under orthogonal fading channels

8



CHAPTER 2. LITERATURE REVIEW 9

form a level and transmit the same message to another level of nodes. All

nodes that decode the message successfully from the previous level nodes, re-

lay the message together. It does not require any medium access or routing

overhead. In OLA networks, there is no cluster head and each node decide

autonomously. This type of transmission can be used to increase the reliabil-

ity and range of the networks. OLAs networks have high degree of flexibility

and scalability. OLAs have applications in many areas such as mobile net-

works and sensor networks. OLA networks have attracted a great interest

from research community and considerable literature on OLA transmission

has appeared, e.g., [9, 10, 11, 12, 13, 14, 15].

The behavior of dense wireless cooperative networks is studied in [16].

It was shown that if the decoding threshold is below a particular value,

the message can be transfered to the receiver irrespective of how far it is.

The authors considered an infinite node density per unit area, emitting a

constant power from that area. However, continuum assumption may not

be an appropriate candidate for finite density networks, also their work was

mainly based on simulation experiments.

The authors in [18] studied a finite density multi-hop cooperative network,

which forms Opportunistic Large Array (OLA). They developed an analytical

model for a multi-hop cooperative line network. Under fading channel envi-

ronment, they modeled the received power on a node as a hypoexponential

distribution and provided an upper bound on the network coverage. They

modeled the channel as an independent Rayleigh fading channel and path

loss with an arbitrary path loss exponent. However, they only considered

multi-path or small-scale fading.
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In [19] the authors studied the simulation part of large number of papers

and found that most of the assumptions are overly simplistic and far from

real network scenario. The authors then give general guidelines for the best

simulation model of wireless networks. According to their experiments the

best channel model is the one which consider both small-scale as well as

large-scale (shadow) fading. Their experimental and simulation results were

close enough when they considered both small-scale and large-scale fading.

2.2 Sum Distribution of Log-normal and Suzuki

RVs

We consider two different channel models, i.e., shadowing and composite

shadowing-fading. Shadowing is modeled as log-normal RV, because the re-

ceived signal level at a specific transmitter-receiver separation follow Gaus-

sian (normal) distribution, where all the measurement are in dB unit [21].

The composite envelope distribution is required when both shadowing and

multipath are considered. In order to generate composite envelope, shadow-

ing and fading process are generated separately and then multiplied together

[20]. Composite shadowing-fading is modeled as Suzuki (Rayleigh-lognormal)

RV. We know that in cooperative communication the received power on a

single node is actually the sum of finite transmitted power from previous level

node. In shadowing channel the received power is the sum of multiple log-

normal RVs, while in composite channel it is the sum of multiple Suzuki RVs.

However, there is no closed-form expression for the probability distribution

function (PDF) of the sum of log-normal as well as Suzuki RVs. Therefore,
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different approximation techniques are used to approximate the PDF of the

sum of multiple log-normal and Suzuki RVs in closed-form.

Fenton and Wilkinson in [24] discussed the problem that what would be

the distribution of sum of log-normal random variables. They approximated

the sum of multiple log-normal RVs by another log-normal RV. The mean

and standard deviation of the sum variable is found by matching the first

two moments of sum variable to that of individual log-normal RVs. One

major issue with Fenton-Wilkinson’s method is that it breaks down at the

higher dB spread of standard deviation. Schwartz and Yeh in [30] examined

the problem of computing the distribution of a sum of independent log-

normal RVs. They also approximated the sum by another log-normal RV.

They derived exact expression for the first two moment of the sum of log-

normal RVs. This method used a recursive approach and can only work for

independent log-normal random variables. However later it was extended to

correlated log-normal random variables. As compared to Fenton-Wilkinson’s

method this is much more complex.

Another approximation method known as Farley’s approximation, also

calculate the PDF of the sum of independent log-normal RVs by another

log-normal RV [29]. Farley’s estimate is actually a strict lower bound on the

cumulative distribution function (CDF). Farley’s estimate gives good result

for large dB spread only. In [29] the authors compared these three methods,

which are used to calculate the PDF of the sum of correlated log-normal

RVs. They found that Fenton-Wilkinson’s approach is the best method to

compute the complementary distribution function of the sums of correlated

log-normal RVs and hence the outage probability in correlated log-normal
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shadowed mobile environments. This is due to both its accuracy and com-

putational simplicity over the range of parameters valid for practical appli-

cations. Therefore, we use Fenton-Wilkinson method to find the PDF of the

sum of multiple correlated log-normal RVs.

Similarly, to find the sum distribution of multiple Suzuki RVs different

approximation techniques have been proposed in literature. In [23], a tech-

nique based on an extension of Fenton-Wilkinson’s [24] approach is proposed.

It is a two step approximation process, which approximates a Suzuki RV to a

log-normal RV in the first step and then uses the Fenton-Wilkinson’s method

to find the sum distribution of the multiple log-normal RVs to a single log-

normal RV. In [25], the sum of Suzuki RVs is approximated by a single Suzuki

RV. However, this methods does not consider the problem of addressing the

sum by a single log-normal RV. We use a more accurate method proposed

in [26] to approximate the sum of Suzuki RVs by a single log-normal RV.

This method uses moment generating function (MGF) as a tool to approx-

imate the sum distribution. This method requires that both the MGF of

log-normal and Suzuki RVs are to be in closed-form, neither of which exist

in closed-form. Therefore, it uses the Gauss-Hermite [27] expansion of the

MGFs of both log-normal and Suzuki to find the closed-form expression for

it.

Since, cooperative communication for sensor network is a popular research

area and its performance under the shadowing and composite shadowing-

fading is not studied yet, this thesis provides a comprehensive analysis of lin-

ear cooperative multi-hop networks under the aforementioned channel mod-

els.



Chapter 3

Modeling by Markov Chain

In this chapter, we discuss the network model and the assumptions we made.

We consider a one-dimensional network of equally-spaced nodes, where a

group of nodes transmit cooperatively to another group of nodes. The

transmission from one level to another is modeled as a discrete-time quasi-

stationary Markov process. We also describe the insights given by the Perron-

Frobenius eigenvalue of the transition probability matrix of the Markov chain.

In Section 3.1, we describe our network parameters, while in Section 3.2, we

model the network as a Markov process.

3.1 System Description

Consider a linear network with infinite number of nodes where the distance

between the adjacent nodes is d, as shown in Fig. 3.1. The network is

partitioned into non-overlapping groups of nodes, such that each group or

level consists of M number of nodes. The nodes of a level cooperate with

each other to send the same message signal to the next level. However, only

13
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n-1 n n+1

d

Figure 3.1: System model; M = 4.

those nodes take part in transmission, who have decoded the data perfectly

from the transmission of previous level nodes. These nodes are known as

decode-and-forward (DF) nodes. Diversity in this network can be achieved

by employing frequency diversity, where each radio is assigned an orthogonal

frequency, or by using appropriate space-time code. Besides the partition

constraint, this network is still opportunistic in the sense that the number of

nodes that decode the message in a level is unknown apriori. At any level,

a node becomes DF, when the signal-to-noise ratio (SNR) of the received

signal at that node after post-detection combining is greater than or equal

to a modulation dependent threshold, τ . The filled circles in Fig. 3.1. show

the DF nodes. We assume that the transmit power, P t, is same for all

nodes. We define Nn to be the set of indices of those nodes that decoded the

message successfully at time instant or level n. For instance, from Fig. 3.1,

Nn−1 = {1, 4}, Nn = {1, 2}, and Nn+1 = {1, 3}. The received power at any

time instant n on the kth node is given by

Prk(n) =
Pt
dβ

∑

m∈Nn−1

νmk
(M −m+ k)β

, (3.1)

where the summation is over the DF nodes in the previous level (n− 1) and

β is the path loss exponent with a usual range of 2-4. The channel coefficient,

νmk, is a log-normal RV, if we considered the channel as shadowing channel,

and a Suzuki RV if the channel exhibits composite shadowing-fading. We
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assume perfect synchronization between nodes of a level such that the DF

nodes transmit the signal at the same time.

3.2 Modeling By Markov Chain

We represent the state of each node by a binary indicator RV, I, such that

at a time instant n the state of the kth node, Ik(n) = 1 represents that

node k has decoded successfully and Ik(n) = 0 shows that node k has not

decoded the data correctly. In the same way, the state of each level can be

represented as X (n) = [I1 (n) , I2 (n) , ..., IM (n)] where the outcome of X (n)

is an M-bit binary word. Each outcome is a state, and there are 2M total

number of states, starting from 0 to 2M − 1 in decimal. If in represents

the state at time instant n then from Fig. 3.1. in = {1100} in binary,

and in = 12 in decimal. It can be noticed that X is a memoryless Markov

process because the state at any time depends upon the transmissions from

the previous level only. Further investigation reveals that the Markov chain,

X , can reach an absorbing state at any point in time with some nonzero

probability, terminating the process of transmission. At that time the state

of Markov chain will be 0 (decimal) and will happen only when all the nodes

in a level fail to decode the message perfectly. Thus {0} ∪ T constitute the

state space of the Markov chain X , where T is the finite transient irreducible

state space; T =
{
1, 2, ..., 2M−1

}
and 0 being the absorbing state such that

lim
n→∞

P {X (n) = 0} ր 1 a.s. (3.2)

The Markov chain, X , can be completely characterized by finding the transi-

tion probability matrix, P, corresponding to X . If we remove the transitions
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to and from the absorbing states the resulting P is square, irreducible and

right sub-stochastic with a dimension of (2M − 1)× (2M − 1) [32].

By the theory of Markov chain, a distribution u = (ui, i ∈ T) is called

ρ-invariant distribution if u is the left eigenvector of this particular transi-

tion matrix, P, which corresponds to ρ, where ρ is the maximum eigenvalue

of P, i.e., uP = ρu. In the meantime ∀n,P {X (n) = 0} > 0, therefore

ultimate killing is certain. However, we are interested in finding the dis-

tribution of the transient states, just before the absorbing state is reached.

This limiting distribution is known as the quasi-stationary distribution of

the Markov chain [32], and is independent of the initial conditions of the

process. The ρ-invariant distribution for one-step transition probability ma-

trix of the Markov chain on T give us this unique distribution. To find the

quasi-stationary distribution, we first calculate the maximum eigenvector, û,

of P. Defining u = û/
∑2M−1

i=1 ûi, as a normalized version of û that sums

to one gives the quasi-stationary distribution of X . Hence the unconditional

probability of being in state j at time instant n is given as

P {X (n) = j} = ρnuj, j ∈ T, n ≥ 0. (3.3)

We also let Φ = inf {n ≥ 0 : X (n) = 0} denotes the end of survival time, i.e.,

the time at which the killing occurs. It follows then

P {Φ > n+ n0|Φ > n} = ρn0, (3.4)

while the quasi-stationary distribution of the Markov chain is given as

lim
n→∞

P {X (n) = j|Φ > n} = uj, j ∈ T. (3.5)



Chapter 4

Model for Shadowing

In this chapter, we consider the shadowing channel and derive the transition

probability matrix of the Markov chain, which depends upon the underly-

ing distribution of the received power. The received power is modeled as a

log-normal RV and its distribution is derived by using Fenton-Wilkinson’s

approximation technique. The eigen-decomposition of the transition proba-

bility matrix provides insightful information about the network coverage and

various other parameters. We quantify the values of the signal-to-noise ra-

tio (SNR) margin required to get a desired coverage distance under a given

quality-of-service (QoS) and standard deviation of shadowing constraints.

We use numerical simulations to check the accuracy of our analytical model.

In Section 4.1, we describe log-normal shadowing.

In Section 4.2, we obtain the sum distribution of the log-normal RVs and

find the transition probability matrix of the Markov chain. In Section 4.3,

we discuss the results and network performance.

17
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4.1 Log-normal Shadowing

The fluctuations in the received power of the wireless channel is due to the

combined effect of the two fading processes; the small-scale fading and the

large-scale fading, also known as shadowing. The small-scale fading or multi-

path fading is due to the existence of multiple paths between the transmitter

and receiver. The signals from these multiple paths either interfere con-

structively or destructively at the receiver. Shadowing occur when the path

between the transmitter and the receiver is obstructed by surface that has

sharp irregularities (edges). The fluctuations in the received power due to

shadowing is experienced on the local-mean power [21]. In this chapter, we

study shadowing for the network model of the Fig. 3.1. Since, we are con-

sidering the shadowing channel and shadowing is modeled as log-normal RV

then the channel coefficient νmk, in (3.1) is a log-normal RV. The PDF of a

log-normal RV, ν, is given as

p(ν) =
1√
2πσν

exp−
(
(ln ν − µ)2

2σ2

)
. (4.1)

The log-normal RV, ν = eY , where Y ∼ N (µ̄, σ̄2); µ̄ = λµ and σ̄2 = λσ2,

where µ (dB) is the mean of ν, σY (dB) is the standard deviation of Y , and

λ = ln 10/10 [29]. The standard deviation, σ, is called the dB spread and its

typical value is between 5-12 dB for practical channels, depending upon the

severity of the shadowing.
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4.2 Formulation of Transition Probability Ma-

trix for Shadowing Channel

Here, we find the state transition probability matrix, P, for our model, the

eigenvector of which is quasi-stationary distribution. Let i and j denote a

pair of states of the system at time instant (n− 1) and n, respectively, such

that i, j ∈
{
1, 2, ..., 2M − 1

}
, where i and j are the decimal equivalent of

the binary word formed by the set of indicator RVs. Let the received SNR

at the kth node at time instant n be γk(n) = Prk(n)/σ
2
noise, where σ

2
noise is

the variance of noise at kth receiver, and Pr is the received power as given

in (3.1). Without the loss of generality, we assume identical noise variances

for all the nodes at any time instant. Now for each node k, the conditional

probability of being able to decode at time n is given as

P {node k of level n will decode |ψ} =

P {Ik(n) = 1|ψ} = P {γk(n) > τ |ψ} , (4.2)

where the event ψ is defined as ψ = {X (n− 1) ∈ S}, implying that the

previous state is a transient state. In the same way, the probability of outage

or the probability of Ik(n) = 0 is given as 1− P {γk(n) > τ |ψ}, where

P {γk(n) ≥ τ |ψ} =

∫ ∞

τ

pγk |ψ(y)dy, (4.3)

where pγk |ψ is the conditional PDF of the received SNR at the kth node

conditioned on the state X (n− 1). It can be noted that the received power

at a certain node is the sum of the finite powers from the previous level

nodes, each of which is log-normally distributed. However, the sum of log-

normal RVs does not have a closed form expression [20]. Therefore, we
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use Fenton-Wilkinson’s approximation method to find the sum distribution

[24]. This method was originally developed for independent log-normal RVs,

but it was extended for the approximation of correlated log-normal RVs in

[29]. We want to find the complementary distribution function of the sum

of N correlated log-normal RVs (γ1, γ2, ..., γN), where max |N | ≤ M . Let

γ = γ1+γ2+ ...+γN . This method approximates the sum of log-normal RVs

by another log-normal RV. So γ becomes

γ = eY1 + eY2 + ...+ eYN ∼= eL, (4.4)

where L is a Gaussian RV; L =
∑N

m=1 Ym, and each Ym is also Gaussian RV

with mean µYm and variance σ2
Ym . To create a vector of N correlated Gaus-

sian RVs Y = [Y1, Y2, ..., YN ]
T , where T denotes the transpose operation,

first a vector of uncorrelated Gaussian RV, X, is created. Then by using

a linear transformation Y = CX, the desired correlated RVs are obtained.

The matrix C is given as Γ = CCT , and is found by using the Cholesky

factorization [36], where Γ is the correlation matrix given by

Γ =




1 r12 · · · r1N

r21 1 · · · r2N
...

...
. . .

...

rN1 rN2 · · · 1




.

Γ is symmetric and positive semi-definite, which is a necessary condition for

correlation model [34]. It is important to mention that the size of Γ may

change on every hop as the number of DF nodes may change from level to

level. Remember that each Xm denotes the received SNR when mth node

in the previous level transmits. We select identical variance σ2 for each Xm,
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however, because of the path loss the mean of each Xm varies and is given as

µXm
=

Pt

dβ (M −m+ k)β
, (4.5)

where k is the position of the receiving node at time instant n, m is the

position of the transmitting node at level (n−1), and the rest of the variables

have the usual meaning.

The mean µL
(k) and standard deviation σL

(k) of L at kth node in (4.4)

in Fenton-Wilkinson’s method is found by matching the first two moments

of L with the first two moments of (γ1 + γ2 + ... + γN). Let φ1 and φ2 rep-

resent the first and second moment of (γ1 + γ2 + ...+ γN), respectively, then

matching the first moment gives

E [γ] = eµL
(k)+σ2

L

(k)
/2 =

N∑

m=1

eµYm+σ2Ym/2 = φ1. (4.6)

In the same way, matching the second moment gives

E
[
γ2
]
= e2µL

(k)+2σ2L
(k)

=

N∑

m=1

e2µYm+2σ2
Ym + 2

N−1∑

m=1

N∑

l=m+1

{
eµYm+µYle

1
2

(

σ2Ym+σ2Yl
+2rmlσYmσYl

)

}
= φ2, (4.7)

where rml is the correlation coefficient between Ym and Yl. From (4.6) and

(4.7) the µL
(k) and σ2

L
(k)

can be obtained as

µL
(k) = 2 lnφ1 −

1

2
lnφ2, (4.8)

σ2
L
(k)

= lnφ2 − 2 lnφ1. (4.9)

Hence the conditional probability of a single node, k, to decode correctly in

(4.3) becomes

P
{
γ(k) ≥ τ |ψ

}
= P

(
eL ≥ τ

)
= P (L ≥ ln τ) = Q

(
ln τ − µL

(k)

σL(k)

)
, (4.10)
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where γ(k) is the received SNR at kth node in the receiving level at time

instant n, µL
(k) and σL

(k) denote the mean and standard deviation of the

SNR at node k, where k = {1, 2, ...,M} and the respective SNR levels of

other nodes change by (4.8) and (4.9), which are further dependent upon

(4.5) and the number of transmitting nodes N. In (4.10), Q-function denotes

the tail probability; Q(x) = 1
2π

∫∞
x
e−t

2/2dt. Equation (4.10) describes the

success probability of one node. For M nodes in a level, let N
(j)
n and N

(j)

n

denote the set of indices of those nodes, which are 1 and 0, respectively, at

time instant n in state j, then the one-step transition probability for going

from state i to j is given as

Pij =
∏

k∈N(j)
n

{
Q

(
ln τ − µL

(k)

σL(k)

)}
×
∏

k∈N(j)
n

{
1−Q

(
ln τ − µL

(k)

σL(k)

)}
. (4.11)

Equation (4.11) provides one entry of the matrix P. Similar procedure is

used to find all the entries of P, which can then be used to find the quasi-

stationary distribution of the Markov chain.

4.3 Results and Performance Analysis of Shad-

owing Model

In this section, we present numerical results based on simulation and analy-

sis. Various correlation models have been proposed in literature, however, we

use an exponential model to characterize the correlation between the chan-

nel gains of various transmitters. More specifically, the correlation between

transmitters decorrelates exponentially with distance [34]. The correlation

coefficient between two transmitters x and y is given as rxy = exp−|dxy|/d0 ,
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Figure 4.1: Comparison of state distribution of analytical and simulation

model; for M = 2.

where dxy is the distance between x and y and d0 is a tunable parameter

called the decorrelation distance. Without the loss of generality, we assume

d0 = 1 throughout our results. For simulation purposes, we calculate the

received power at each node based on the previous state (assuming an initial

distribution for the first hop), which sets the indicator functions as either

0 or 1 depending upon the threshold criterion. These indicator functions

form the current state and the process continues until an absorbing state is

reached. We obtain the distribution of the chain by averaging over 1 million

simulation trials.

Fig. 4.1. shows the probability of state distribution of the Markov chain
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Figure 4.2: Probability of one-hop success vs. SNR margin for M = 3.

at different hops, for M = 2, rxy = 0.3, and σ = 4dB. In this case, the total

number of transient states are 3, namely {0, 1}, {1, 0}, and {1, 1}. The figure
shows the probability of being in all three states at various hops by using

both the network simulation results and the analytical model. It can be seen

that analytical results are quite close to simulation results, which shows the

validity of our analytical model. It can be noticed that as the hop count

increases, the probability of being in transient state decreases, which shows

that eventually the transmission will stop propagating. Similar results are

obtained for other values of M, which are not shown here to avoid repetition.

The rest of the figures, i.e., Figs. 4.2-4.4 are based on analytical model.

Fig. 4.2. shows the probability of one-hop success, ρ, which is the prob-
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Figure 4.3: Probability of one-hop success vs. SNR margin for σ = 10dB.

ability that at least one node in a level decoded successfully, versus SNR

margin, Υ, for various values of shadowing standard deviation, σ, and keep-

ing M = 3 fixed. One-hop success probability is given by the maximum

eigenvalue of P and SNR margin, Υ, is defined by normalizing the received

SNR at a node, which is a distance d away from its transmitter. Specifically,

Υ = Pt

dβτ
. For the simulation results, we keep unit Pt and unit d, while β = 2.

It can be noticed that as the SNR margin is increased, the one-hop success

probability also increases. However, by increasing the standard deviation,

σ, of log-normal shadowing for a fixed value of Υ, the probability of success

drops, which shows the effect of the severity of shadowing on the network

performance. All curves for various σ converge at higher Υ, which shows
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that by increasing Υ we can overcome the loss incurred by shadowing.

In Fig. 4.3. by keeping the σ constant, we plot the probability of one-

hop success, ρ, against Υ for various values of M. It can be seen that by

increasing M, the probability of success also increases, which shows the effect

of increased transmitter diversity on the system. For a fixed Υ, if we define

the gain in success probability as, ∆ρxy = ρ|M=y − ρ|M=x, then it can be

seen that ∆ρ23 is larger as compared to ∆ρ34. For example at Υ of 8 dB,

∆ρ23 ≈ 0.036 while ∆ρ34 ≈ 0.01. Thus it shows that the diversity gain

obtained while increasing M has a diminishing behavior and once reached to

saturation, a further increase in M will not achieve any gain at a particular

value of Υ.

From the deployment perspective of the network, it is some times required

to optimize the values of certain parameters like transmit power of relays or

distance between them. This optimization is done to obtain a certain quality

of service (QoS), η. The QoS is the probability of delivering the message to

a certain distance without being entered into the absorbing state, and the

ideal value of η is 1. Thus the theory of quasi-stationary Markov chain [32]

provides an upper bound on the number of hops, n0, one can go with a given

η, i.e., ρn0 ≥ η, which gives n0 ≤ ln η
ln ρ

. Multiplying the number of hops, n0, by

M provides the maximum distance that can be reached with a certain QoS,

η. Fig. 4.4. shows the contours of normalized distance that can be reached

as a function of η and σ, at a specific SNR margin of Υ = 15 dB and M = 6.

We normalize the distance by dividing it by the maximum distance, which

for this particular case is 1.8167e8. Normalization is only done for a better

representation of the figure. It can be noticed that a particular coverage



CHAPTER 4. MODEL FOR SHADOWING 27

0.05

0.05

0.05

0.1

0.1

0.1

0.15

0.15

0.15

0.2

0.2

0.25

0.25

0.3

0.3

0.35

0.35

0.4

0.4

0.45

0.5
0.55

0.6

0.650.70.750.8

Standard Deviation σ (dB) 

Q
ua

lit
y 

of
 S

er
vi

ce
 (

 η
)

 

 

6 6.2 6.4 6.6 6.8 7 7.2
0.4

0.45

0.5

0.55

0.6

0.65

0.7

0.75

0.8

0.85

0.9 Normalized distance

Figure 4.4: Contours of normalized distance as a function of η and σ; Υ = 15

dB and M = 6.

can be obtained by having different combinations of η and σ. However, σ is

environment dependent and by keeping all other parameters such as Υ and

M fixed, the message can only reach larger distance with low QoS. Further,

it can be noted from the figure that σ severely effects QoS. For example a

normalized distance of 0.1 can be reached with η ≈ 0.9 when σ ≈ 6 dB,

however, when σ ≈ 7 dB, then the same normalized distance of 0.1 can be

reached with η ≈ 0.4, reflecting a loss in QoS.

Comparing the result of Fig. 4.4. in this chapter for shadowing, to that of

Fig. 6. of small-scale fading in [18], provides an insight that both shadowing

and fading have nearly similar effects on the performance of the network

under consideration for specific value of σ. For example, if we compare the
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coverage distance under shadowing for σ = 6 dB to that of small-scale fading,

while keeping all other parameters same, i.e., M = 6, η = 0.9,Υ = 15 dB,

and β = 2, we interestingly find that approximately same distance can be

reached by both channel models. However, if we increase σ of shadowing,

then it is clear from Fig. 4.4. that the coverage distance reduces drastically

and we get a normalized coverage distance of ≈ 0.05 at σ = 6.5 dB, which is

half as compared to ≈ 0.1 at σ = 6 dB. This finding indicates that one must

consider both small-scale as well as large-scale fading for the system under

consideration.



Chapter 5

Model for Composite

Shadowing-Fading

In this chapter, we derive the transition probability matrix of the Markov

chain by considering the wireless channel exhibiting composite shadowing-

fading. The multipath fading is modeled as Rayleigh RV and shadowing

as a log-normal RV, the mixture distribution is known as Suzuki (Rayleigh-

lognormal) RV. The sum distribution of the multiple Suzuki RVs is approx-

imated to a single log-normal RV by using the moment generating function

(MGF)-based technique. This MGF-based technique uses Gauss-Hermite in-

tegration to present the sum distribution in closed form. We quantify the

SNR margin required to achieve a certain QoS under standard deviation of

the shadowing. We also provide the optimal level of cooperation required

for obtaining maximum coverage of a line network under a given QoS. Two

topologies for linear network are considered and the performance of each

topology under various system parameters is provided. The analytical re-

sults are validated through simulation results.

29
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Section 5.1 describes composite shadowing-fading. In Section 5.2, we

derive the transition probability matrix of the Markov process. In Section

5.3, we validate our analytical model through simulation results, and discuss

our results and system performance.

5.1 Composite Shadowing-Fading

A wireless channel exhibits composite shadowing-fading when both multipath

fading and shadowing are present. In composite channel model the received

power at a node, while using the same network model of Fig. 3.1. is given

by,

Prk(n) =
Pt
dβ

∑

m∈Nn−1

Smk
(M −m+ k)β

, (5.1)

where, Smk is the composite channel coefficient, from node m in level (n− 1)

to node k in level n, while the rest of the parameters have the same meaning

as in Chapter 3. We model the composite channel as a Suzuki RV, which is a

combination of Rayleigh and log-normal RVs. We use Rayleigh distribution

for the multipath fading and log-normal distribution for the shadowing. The

PDF of the Suzuki distribution is given by

p(s) =

∫ ∞

0

s

w2
exp

(
− s2

2w2

)
1√

2πwσ
exp

(
−(logw − µ)2

2σ2

)
dw, (5.2)

where w is the Rayleigh parameter and µ and σ2 are the mean and variance

of the log-normal RV [22]. Both µ and σ are expressed in decibel. The

standard deviation, σ, is the dB spread of the channel and its typical value

is between 5-12 dB for wireless channels depending upon the severity of the

shadowing.
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5.2 Formulation of Transition Probability Ma-

trix for Composite Shadowing-Fading Chan-

nel

In this section, we find the state transition probability matrix, P, of the

network, by considering the channel as composite fading channel. Let i

and j represent the two states of the system at time instant (n − 1) and

n, respectively, such that i, j ∈
{
1, 2, ..., 2M − 1

}
, where i and j are the

decimal equivalent of the binary word formed by the set of binary indica-

tor RVs. The received SNR at time instant n on the kth node is given as

γk(n) = Prk(n)/σ
2
noise, where σ

2
noise is the noise variance at the kth receiver,

and Pr is the received power as given in (5.1). For all the nodes in a level

we assume identical noise. Now for a node k, the conditional probability of

being able to decode successfully at time n is given as

P {node k of level n will decode |ϕ} =

P {Ik(n) = 1|ϕ} = P {γk(n) > τ |ϕ} , (5.3)

where the event ϕ is defined as ϕ = {X (n− 1) ∈ S}, indicating that the

previous state is a transient state. Similarly, the probability of outage or the

probability of Ik(n) = 0 is given as 1− P {γk(n) > τ |ϕ}, where

P {γk(n) ≥ τ |ϕ} =

∫ ∞

τ

pγk |ϕ(y)dy, (5.4)

where pγk|ϕ is the conditional PDF of the received SNR at the kth node

conditioned on the state X (n−1). It can be observed that the received SNR

at a certain node is the sum of the finite SNRs from the previous level nodes1,

1assuming maximal ratio combining for coherent modulation scheme
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each of which follow Suzuki (Rayleigh-lognormal) distribution. However, the

distribution of the sum of Suzuki RVs does not exist in closed-form [20].

Therefore, to find the sum distribution of Suzuki RVs, we use the moment

generating function (MGF)-based technique as proposed in [26]. The MGF

of a RV, Y is given by

ΨY (s) =

∫ ∞

0

exp(−sy)pY (y)dy. (5.5)

MGF exhibits two important properties; first, MGF is the weighted integral

of the PDF with adjustable parameter s and second, the MGF of the sum of

independent RVs can be expressed as the product of the MGFs of individual

RVs as given by

Ψ(
∑N

k=1 Yk)
(s) =

N∏

k=1

ΨY k(s). (5.6)

We approximate the sum of N Suzuki RVs (S1, S2, ..., SN) by a single log-

normal RV, Y = 100.1X , where X is a Gaussian RV. This MGF-based ap-

proximation method requires that both the MGF of Suzuki and log-normal

RV need to be in closed-form. However, the MGF of both the Suzuki

and log-normal RV does not exist in closed-form and can be numerically

computed using the Gauss-Hermite quadrature integration [27]. In Gauss-

Hermite quadrature integration, the integral is evaluated by an approximate

sum where each component of the summation depends upon a specific weight.

Specifically the MGF of kth Suzuki RV by Gauss-Hermite integration after

discarding the remainder terms can be written as

Ψ̂Sk
(s;µk, σk) =

C∑

c=1

wc/
√
π

1 + s exp
(√

2σkac+µk
ξ

) , (5.7)

where C is the Hermite integration order and a large value of C corresponds

to higher accuracy, wc is the weight corresponding to the abscissas, ac, and
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ξ is a constant; ξ = 10/ ln 10. The values of wc and ac for C up to 20 are

available in tabular form in [28]. The µk and σk are the mean and standard

deviation of the kth Suzuki RV. Hence the MGF of the sum of N Suzuki RVs

(S1, S2, ..., SN) is given as

Ψ̂(S1+S2+...+SN) =

N∏

k=1

Ψ̂Sk(s;µk, σk), (5.8)

where each Ψ̂Sk is given in 5.7. Similarly, by using the Gauss-Hermite inte-

gration, the MGF of the log-normal RV, Y = 100.1X is given as

Ψ̂Y (s;µX , σX) =
C∑

c=1

wc√
π
exp

[
−s exp

(√
2σXac + µX

ξ

)]
, (5.9)

where µX and σX are the mean and standard deviation of the Gaussian RV

X . The task is to find the µX and σX of X as a function of the mean and

standard deviation of the individual RVs (S1, S2, ..., SN). The µX and σX

can be found by solving the following two equations

Ψ̂Y (si;µX , σX) =

N∏

k=1

Ψ̂Sk
(si;µk, σk) , at i = 1 and 2. (5.10)

By using 5.7 and 5.9, Equation 5.10 becomes

C∑

c=1

wc√
π
exp

[
−si exp

(√
2σXac + µX

ξ

)]
=

N∏

k=1


C∑

c=1

wc/
√
π

1 + si exp
(√

2σkac+µk
ξ

)


, at i = 1 and 2, (5.11)

where, as already stated µX and σX are the unknown. The right hand side of

(5.11) consists entirely of known quantities and is evaluated twice at s1 and

s2. By evaluating at s1 = 0.2 we can find µX , while using s2 = 1.0 gives σX .

The values of s1 and s2 have been found by solving an optimization problem
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as listed in [26]. It can be noted that (5.11) is a non linear equation and

can only be solved numerically. We used fsolve function in MATLAB to

solve it. Once the values of µX and σX have been calculated, the description

of the sum distribution can be completely specified, i.e., the sum of Suzuki

RVs has been approximated by a log-normal RV with calculated µX and σX .

Hence the conditional probability that the received SNR (Y (k) = 100.1X
(k)
)

at the kth node is greater than or equal to τ in 5.4 becomes

P
{
Y (k) ≥ τ |ϕ

}
= P

(
100.1X

(k) ≥ τ
)
=

P
(
X(k) ≥ 10 log τ

)
= Q

(
10 log τ − µX

(k)

σX (k)

)
, (5.12)

where Q-function denotes the tail probability; Q(x) = 1
2π

∫∞
x
e−t

2/2dt. Thus

the success probability of a node depends upon the threshold τ , µX , and

σX ; while the µX and σX further depend on the number N of Suzuki RVs

(the number of DF nodes) and the µ and σ of each Suzuki RV as given in

(5.11). Equation (5.12) provides us the success probability of a single node

to decode. ForM nodes in a level, consider N
(j)
n and N

(j)

n as the set of indices

of those nodes, which are 1 and 0, respectively, at time instant n in state

j, then the one-step transition probability of going from state i to state j is

given by

Pij =
∏

k∈N(j)
n

{
Q

(
10 log τ − µX

(k)

σX (k)

)}
×

∏

k∈N(j)
n

{
1−Q

(
10 log τ − µX

(k)

σX (k)

)}
. (5.13)

The one step transition probability is the product of the success probabilities

of those nodes, which decode successfully, times the product of the outage

probabilities of those nodes, which do not decode successfully. Equation
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(5.13) gives one entry of the matrix P. Similarly, we can find the transi-

tion probability matrix P by finding the transition probabilities for all the

transient state space.

5.3 Results and Performance Analysis of Com-

posite Channel

In this section, we present our simulation and analytical results. We obtain

all the results by considering the composite channel model unless otherwise

stated. In order to simulate the composite envelope, we generate the fading

and shadowing processes separately and then multiply them together, while

keeping unit mean for the fading envelope [20]. For simulation purposes, we

first assume an initial distribution of the first hop and then calculate the

received power at a node in the next hop. The indicator function I is set to 1

only if the received power is greater than the threshold τ . Same procedure is

repeated for all the nodes in the current hop, which forms the current state

and the process continues until an absorbing (all-zero) state is encountered.

Fig. 5.1. shows the probability of state distribution of the Markov chain at

different hops, for σ = 10 dB and M = 2. For M = 2, the total number of

transient states are 3, namely {0, 1}, {1, 0}, and {1, 1}, and this figure shows

the probability of being in these transient states at various hops by using

both the simulation results and the analytical model. The simulation results

are obtained by averaging over one million simulation experiments, whereas

the analytical curves are obtained by using (3.3). It is clear from the figure

that both the analytical and the simulation results are quite close to each
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Figure 5.1: Comparison of analytical and simulation model for M = 2.

other, which confirms the accuracy of the proposed analytical model. It can

be noticed for the simulation results that the initial distribution of all the

three states have nearly equal probability of occurrence, i.e., 1/3. However,

as the hop count increases, the distribution approaches the quasi-stationary

distribution obtained from (3.3). The probability of being in a transient

state decreases as the hop count increases, which shows that eventually the

transmission will stop propagating, which is in accordance with Equation

(3.2). It can be further observed that the slopes of the curves for all the

three transient state remain the same, which means that the probability of

being in either of these states remain unchanged regardless of the number of

hops. Similar results are obtained for other M , which are not shown here to

avoid repetitions.
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Figure 5.2: Probability of one-hop success vs. SNR margin for M = 3.

Before discussing further results, we define a few terms such as probability

of one-hop success, ρ and the SNR margin, Υ. The probability of one-

hop success, ρ, is the probability that at least one node in a level decodes

successfully or, in other words, the probability that the Markov chain X (n) is

in a transient state T , i.e., P{X (n) ∈ T}. This probability of one-hop success

is given by the Perron-Frobenius eigenvalue of P [31]. The SNR margin, Υ,

is the normalized received SNR at a node, which is a distance d away from

it transmitter such that

Υ =
Pt
dβτ

. (5.14)

We assume unit Pt and unit d for all the results, while β and τ have their usual

meaning of path loss exponent and the modulation dependent threshold,

respectively. The value of β is 2 unless otherwise stated. Thus, if SNR
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margin is 10 dB, then Pt = 1, d = 1, β = 2, and τ = 0.1. In the same way

we change the SNR margin by changing τ . For Fig. 5.2. and onwards all the

results are obtained through the analytical model.

Fig. 5.2. shows the probability of one-hop success ρ, versus SNR margin

Υ for different values of shadowing standard deviation σ and keeping M = 3

fixed. It can be noticed that for a specific σ, as the SNR margin is increased,

the probability of one-hop success also increases. However, by increasing

the σ of the log-normal shadowing, the probability of one-hop success drops

at a specific value of SNR margin, which shows the effect of the severity

of shadowing on the network performance. It can also be noticed that if

we increase the path loss exponent, β, from 2 to 3 then an additional SNR

margin of 6 dB (approximately) is required to achieve the same ρ. It can

further be noticed that all the curves for different σ converge at higher Υ,

which show that by increasing Υ we can overcome the losses incurred due to

composite fading and path loss.

For the deployment point of view, it is desired to optimize certain pa-

rameters like transmit power of the nodes or the distance between them to

achieve certain quality of service (QoS), η. The QoS is defined as the proba-

bility that a message is delivered to a certain distance without being entered

into an absorbing state. The ideal value of QoS is 1. We can use (3.4) to

find an upper bound on the number of hops, n0, one can go with a given η,

i.e., ρn0 ≥ η, which gives

n0 ≤
ln η

ln ρ
, (5.15)

while by multiplying the number of hops n0 by M gives the maximum dis-

tance than can be reached with a certain QoS η. Fig. 5.3. shows the contours
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Figure 5.3: Contour of normalized distance as a function of η and σ; Υ = 15

db and M = 3.

of the network coverage in term of normalized distance as a function of η and

σ at a specific SNR margin of Υ = 15 dB and M = 3. The normalization

is done for a better representation of the figure. It can be noticed that a

particular distance can be reached by different combination of η and σ. The

increase in η or σ drops the coverage of the network. At σ = 6 dB the

normalized distance of 0.1 can be reached with η ≈ 0.90, however if σ is

increased to 11 dB, then the same normalized distance can only be reached

by η ≈ 0.45 as shown in Fig. 5.3. This loss of QoS shows the effect of in-

creasing the severity of shadowing on the network. Given a value of the SNR

margin and the environments statistics in term of σ, an important question

to be asked is, “what level of cooperation is optimal to have the maximum
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coverage of the network and/or to have reliable hops?” In other words we are

interested in finding the optimal value of M that yields maximum coverage

for given channel conditions. Fig. 5.4. shows the contours of the optimal

M , for η = 0.75, under various SNR margins and standard deviation of the

shadowing. This result is obtained by first calculating the number of hops

n0 using (5.15) and then multiplying the number of hops n0 by M to find

the coverage. It can be noticed that when both σ and Υ are small, then a

lower M will provide maximum coverage and vice versa. It can be seen that

at σ = 7 dB and Υ = 8 dB , the maximum coverage is obtained by selecting

M = 5, however if σ is unchanged and the Υ is increased to 10 dB, then the

maximum coverage is obtained by M = 6.

The results of Fig. 5.4. specifies the maximum coverage of the network,
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however, the individual hops may not be very reliable. For instance, η is

just 75% for one-hop in Fig. 5.4. However, if reliable hops are required,

then the level of cooperation may change for the same channel conditions.

Fig. 5.5. shows the contours of the optimal M , which provide the maximum

probability of one-hop success at different Υ and σ. It can be noticed from

Fig. 5.5. that when Υ = 9 dB and σ = 7 dB, then M = 4 give us the

maximum ρ = 0.9280, however at the same parameters set, M = 5 provides

the maximum coverage from Fig. 5.4. Similarly, for the same Υ, if σ is

changed to 9 dB, then M = 7 will provide us the maximum probability of

one-hop success, which is ρ = 0.9722. The results of Fig. 5.5. can be used in

a broadcast scenario when more reliable hops are required at each broadcast

phase, and it is required that each node must decode the message.

Fig. 5.6. shows the coverage of the network for three different channel

models, i.e., fading, shadowing and composite shadowing-fading. The cov-

erage is shown in terms of normalized distance at M = 3, Υ = 15 dB, and

η = 0.90. Three coverage behaviors are shown for shadowing and composite

channel models at three different σ’s. Since, fading is independent of σ, the

result of fading channel is repeated with different results of shadowing and

composite channel. The coverage of fading channel model has been obtained

from [18]. It can be noticed that fading channel has the worst coverage when

compared to shadowing and composite channels at σ = 3 dB. Shadow-only

channel model provides the best coverage because of small σ = 3, introduc-

ing a macro-diversity effect. At σ = 6 dB, both the coverage of fading and

shadowing are comparable while composite channel gives the worst perfor-

mance. The coverage at σ = 9 dB is worst for composite shadowing-fading
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Figure 5.6: Coverage of the network under three different channel models.

while fading only channel provides the best performance. It can be seen that

increasing the β from 2 to 2.5 does not change the trend of the coverage for

the three channel models, however, the coverage of each channel model drops

by increasing the path loss exponent. It can be inferred from the figure that

within normal range of σ, i.e., 6-12 dB composite channel provides the lowest

coverage as compared to fading and the shadowing channel model. Hence it

is recommended to consider both the small-scale fading as well as shadowing

while quantifying the performance of wireless networks.
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5.3.1 Equi-Distant versus Co-located Network Topol-

ogy

Fig. 5.7. shows the equi-distant and co-located network topologies for the

line networks. In the co-located case, the nodes are placed close to each other

1 but the node density remains the same as that of the equi-distant topology.

The hop distance of both the networks also remain equal.

Let ρD and ρd denote the probability of one-hop success for co-located and

equi-distant network topologies, respectively. Fig. 5.8. shows the difference

in the success probabilities of both the network topologies versus SNR margin

at σ = 6 dB for various M . It can be noticed from the figure that at low

Υ, the difference (ρD − ρd) is negative, which shows that the equi-distant

topology works better, and the difference become positive at the median

range of Υ, which indicates that the co-located topology performs better in

this region. At higher SNR margin, the performance of both the topologies

become equal, which shows that a higher Υ has overcomed all the losses.

Fig. 5.9. shows the difference in the success probabilities of two topologies

1with at least half wavelength spacing for independent fading assumption to be valid
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versus SNR margin at various values of σ while keeping M = 4 fixed. It can

be seen that the equi-distant topology has better performance for almost

the entire SNR range when the shadowing is severe. This result is contrary

to [33], where it was shown that the co-located case always perform better

if the channel exhibits small-scale fading only. As the σ is an environment

dependent variable and Υ is a design parameter, a suggestion can be made

to use a specific topology according to a specific channel model for better

system performance.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

A stochastic model for a cooperative multi-hop line network is presented.

The transmission from one level to another is modeled as a quasi-stationary

Markov process. The transition probability matrix of the Markov chain is

derived by considering two different wireless channels, i.e., shadowing and

composite shadowing-fading channel. Shadowing is modeled as a log-normal

RV, while composite shadowing-fading is modeled as a Suzuki (Rayleigh-

lognormal) RV. The sum distribution of the log-normal RVs is approximated

by a single log-normal RV by using Fenton-Wilkinson’s method. While sum

of the multiple Suzuki RVs is approximated by an MGF-based technique,

which uses the Gauss-Hermite integration to find the closed-form expression

for the MGF of Suzuki and log-normal RVs. The coverage of the network

for both channels is found by applying the Perron-Frobenius theory of non-

negative matrices. The SNR margin required to achieve a certain quality

of service under various system parameters has been quantified. The opti-

47
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mal number of nodes in a level to give maximum coverage under composite

shadowing-fading, for a given SNR margin and shadowing standard deviation

has been quantified for a given QoS. The coverage of the same network for

three different channels, i.e., fading, shadowing, composite shadowing-fading

is compared for different system parameters. We found that composite chan-

nel severely limits the coverage of the networks. We recommend that in order

to get the most practical results, one must consider both small-scale as well

as large-scale fading. The choice of whether to use equi-distant or co-located

topology under various system parameters has been presented for composite

channel.

6.2 Future Directions

A possible future work is to incorporate multiple flows in the model and study

the interference-limited performance of the network. The network model

can be extended to a two-dimensional grid network. The non-overlapping

assumption of our model can be relaxed and an overlapping level of nodes

can be considered. A future work may be to study the random deployment

of nodes. Synchronization among group of nodes is also an open area of

research.
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