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Abstract

Currently, most works of Wireless Sensor Networks(WSNs) are mainly dealing
with single-area networks that isinefficient. for seme special WSNs in which event
occurs frequently in some part-of the network, and:less frequent in others. While
the number of sensors is limitéd, it isnecessary to divide this network into multi-
area for optimum deployment and multi-area-WSNs are therefore formed. Based
on this idea, we propose the Maximum Information Rate Deployment(MIRD) to
deploy sensors efficiently in multi-area WSNs in which network lifetime is ignored.
It is found that area and event occurring rate Ag are critical factors in MIRD, and
the effect of Ag becomes irrelevant when area coverage is large. Furthermore, we
propose the Maximum Information Capacity Deployment(MICD) in multi-area
WSNs to deal with the problem of energy consumption and network lifetime in a
probability sense, and provide a searching algorithm for the optimal deployment.
The result reveals that area is the critical factor in MICD, while the effect of \g

is less significant.
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Chapter 1

Introduction

1.1 History

Applications would shape and form the technology for which they are intended. This is very
true in particular for Wireless Sensor Network:s This chapter starts with learning funda-
mentals of WSN. Through a number of application scenarios and the challenges for WSN;,
we would have an appreciation for=the various applications for which wireless sensor net-
works are intended as well as particular techmicalsolutions that are required. The following

presentation is mainly based on [1], [2],"[4]3[5]-

1.1.1 Fundamentals of WSNs

Wireless Sensor Networks(WSNs) consist of a large number of tiny sensors with low-power
transceiver, that are effective tools for gathering data in a variety of environments. WSNs
are able to interact with the environment based on the collected data. Those sensors inside
a WSN have to collaborate to fulfill their tasks as, usually, a single sensor is incapable
of doing so, and they use wireless communication to enable this collaboration. Numerous
applications have been proposed and discussed including military surveillance, disaster relief
applications(e.g. wildfire detections), structural monitoring, telematics, habitat monitoring,
and so forth. These applications share some basic characteristics. In most of them, there is

a clear difference between the sensors that sense data and the sinks where the data should



be delivered to. These sinks may be part of the sensor networks, i.e., they can be sensors,

or they are clearly systems “outside” the network - a data processing center.

The types, quantities and locations of devices determine many intrinsic properties of a
WSN, such as coverage, connectivity, energy consumption and lifetime. Coverage is an im-
portant aspect of Quality of Service(QoS) in WSN;, that is related to the issue of information
loss. Connectivity is another important aspect in WSN, that determines whether relayed
data can reach sinks successfully or not. Limited energy supply is widely recognized as one
of the most critical design challenges. Once the sensors are deployed in the environment,
it is impossible to recharge the battery, thus we should deal with the energy consumption

problem carefully to prolong the lifetime of WSN.

1.1.2 Challenges for WSNs

Handling a wide range of applications will-hardly be possible with any single realization of
a WSN, for different applications have distinet-requirements. This section gives us a better
understanding of the required mechanism with respect to the characteristics of a variety of

applications.
Characteristic requirements

The following characteristics are shared among most of the application examples mentioned

above :

e Type of service
The nature of communication network is simple - it moves bits from one place to
another. It’s more than that in a WSN, since moving bits is only a step to an end, but
not the actual purpose. Rather, WSN is expected to provide meaningful information,
or do some actions for the given task, but not only transmit a series of bits. Thus, new

interfaces and new ways of thinking about the service of WSN are required.



e Quality of Service
Traditional QoS requirements - like bounded delay, minimum bandwidth and high data
rate - are irrelevant to WSN when applications are tolerant to latency. In contrast,
the connectivity may be the main concern, or the power consumption could be critical.
Therefore, various QoS concepts like reliable detection of events, coverage, deployment

and connectivity are important aspects.

e Lifetime
Most of the cases, all the sensors in a WSN rely only on a limited supply of energy(using
batteries). To recharge the batteries or to replace the sensors are not practical. In order
to accomplish the given task, sensors have to operate at least a required period of time.
Thus lifetime is one of the most important issues in WSN design. Another point of
view is that the lifetime of WSN also has direct trade-offs against QoS - investing more
transmitting energy can increage performance but.decrease lifetime, like increasing the
sensing range from r to 2r to achieve beétter coverage, but the energy consumption

increases significantly.

The precise definition of lifetime depends on the applications. The simplest option
is the time until the first sensor fails, or runs out of energy, as the network lifetime.
Other options include a percentage of sensors have failed, or the time until the network
is disconnected in two or more partitions[6]. No matter what the definition of lifetime

is, an energy-efficient operation of the WSN is necessary.

e Scalability
Since a WSN might include a large number of sensors, the architectures, protocols and
algorithms must be scalable to these numbers. Therefore, scalability is important in

WSN design.



Required mechanisms

To realize above requirements, a variety of new mechanisms for WSN have to be proposed
and studied, so are new architectures and protocols. A particular challenge here is the need
to find mechanisms that are sufficient to the realizations of a given application to support

the specific QoS, lifetime requirements. Some typical mechanisms are :

e Multi-hop wireless communication
Since a WSN might be deployed in a large area, and the sensing range r is relatively
small, it is normally not possible to transmit data from some sensors to the sink
nodes directly. The use of intermediate sensors as relays are necessary to reduce the
required power compared with direct transmission, that is so called the multi-hop

wireless communication.

e Energy-efficient operation
To support long lifetime, the eoncept of energy-efficient operation is essential. Lots of
works had been done and many.approaches had been proposed, such as the sleep-wake
up algorithms, energy-aware routing protocol, dynamic energy and power management,

and so forth.

e Auto-configuration
A WSN might have to configure most of its operational parameters autonomously,
independent of its external configuration. As an example, sensors should be able
to determine their geographical locations by using other sensors of the network -
which is so called “self-location”. Also, the network should be able to tolerate fail-
ing nodes(damaged or run out of energy, for example) or to integrate new sensors(due

to the incremental deployment after some failing sensors.)

e Data centric

Traditional communication networks are typically centered around the transmission of

4



data between two devices, each equipped with one network address - the operation of
such network is so called “address-centric”. In a WSN, sensors are usually deployed
redundantly in order to prevent from sensor failures, thus the identity of particular
sensors providing data becomes irrelevant. What important are the data themselves,
but not which sensor has provided those data. Hence, a new concept of “data-centric”
is proposed. The data-centric approach is closely related to queueing concepts known

from data base; it also combines well with collaboration and data-aggregation.

e Exploit trade-offs
One example of trade-offs has been mentioned : higher energy to assure the QoS, or
longer lifetime of the whole network. Another important trade-off is sensor density. De-
pending on applications, deployment and sensor failure at runtime, the sensor density
of the network can vary considerably'='the protocols have to handle lots of situations,

thus a trade-off exists.

1.2 Motivation

In the literature, many works on WSN have been developed such as energy-aware routing
protocol, topology control, heterogeneous sensor networks, hierarchical clustering algorithm,
etc. They are developed to solve the problems of some key issues mentioned previously,
for example energy-aware routing protocol reduce the energy consumption to prolong the
network lifetime, many algorithms have been proposed in the topology control issue. An
interesting observation is: all the works are discussed within “single-area network”, which
means they consider only one WSN, and all the parameters in this WSN are identical, and
in general the sensor deployments are uniform distribution. If limited sensors are available,
it would be inefficient to deploy those sensors by considering the whole single area to be
one WSN, since there might be some part of this network that event occurs frequently, and

some other part that event occurs rarely. Therefore it is necessary to divide this single-area



network into multi-area, and thus multi-area WSNs formed. To our best knowledge, no work
had been done on multi-area WSNs. As a simple example, there are two regions A; and A,
to be monitored, each region has its own parameters, and then what would those previously
mentioned topics become if the total number of sensors is limited? And in general, the
deployment of sensors in one-area WSN is assumed to be uniformly distributed to simplify
the discussion. In our work it is the first time to introduce the concept of multi-area WSNs,
what we assume the deployment is not uniform distribution but follows the Poisson Point
Process. In this study, we first consider the relationship between sensor density, coverage,
deployment and information rate. Then further study of the practical concern - energy
consumption and network lifetime - has been developed and a framework of discussion has

been introduced.

1.3 Organization

Five chapters are included in this thesis: Chap-1 is the introduction, which reviews the funda-
mentals of Wireless Sensor Network, and 'deseribesthe motivation of this work. We introduce
the “Maximum Information Rate Deployment” (MIRD) with detail performance analyses and
related discussions in Chapter 2. The critical concern of network lifetime is included in Chap-
ter 3. Here we develop the “Maximum Information Capacity Deployment” (MICD), along
with the corresponding performance simulations and related discussion. The previous two
chapters both are discussed in 2 — area case, we then generalize MIRD into K — area case

in Chap 4. Finally, Chapter 5 is the conclusion of our work.



Chapter 2

Maximum Information Rate
Deployment

In some applications of WSN, the main concern is whether the events in the network can be
detected successfully. A necessary prerequisite is that possible event locations are covered
by sensors. Once a region is fully covered by some sensors, the information generated in this
region would be obtained. An interesting question arises : Given two regions with different
areas, A; and A,, and each region-has its - 6wn information generating rate. For a limited
number of sensors, N, how to deploy sensors in each region that would obtain the maximum
total information rate? Here we will address this problem and the result will lead to the
“Maximum Information Rate Deployment” method. The presentation in Section [2.1] is

mainly based on [1], [4], [5].

2.1 Coverage and Deployment

Many wireless sensor networks are aimed at surveillance of certain geographical regions, for
example, to detect wildfires or rare animals in a habitat. Putting all communication aspects
aside, such an event can only be detected if there are sensors close enough so as to sense the

event. Two important questions arise:

e Given a sensor deployment, i.e., a particular placement of sensors over a certain geo-



graphical region, which points in this area are covered by sensors? Coverage is thus
an important issue in sensor networks. If any point an event taking place at is not

covered by sensors, the corresponding information is lost.

e Given an area to be monitored and some coverage requirements, what number of
sensors is needed and where should they be placed? This question, labeled as the
deployment problem, can be posed under several interesting constraints, for example,
cost constraints, presence of obstacles, availability of different types of sensors, and so

forth.

2.1.1 Sensing models

A sensor transforms environmental stimuli into electrical signals. The quality of the resulting
signal depends on three factors. The first is the digtance between the sensor and the event.
The second is the directionality of the sensor. The last factor is the possibility that the
same sensor can generate different outputs for the same: stimulus at different times. In our
work we focus only on the first factor.and-assume omnidirectional sensing and no random

variations. Here two sensing models are introduced :

e In the Boolean Sensing Model, all sensors have a common sensing range r and initial
energy F. Events within this sensing range are detected reliably, and events outside
this range are not detected at all. Accordingly, the output signal for a sensor at posi-

tion p observing an event at position q can be expressed as:

a :p—gq|l <

s(p,q) = (2.1)
0 : otherwise.

where || - || is the Euclidean distance between p and q and « is a constant sensor value.



e In the General Sensing Model, the sensor possesses a certain maximal sensing range r

but within this range the sensor output obeys a power law instead of being uniform :

W o< |p—dqll =

s(p,q) = (2.2)

0 : otherwise.

where r( is a certain minimum distance to avoid division by zero and 3 is a positive
real number depending on the sensing model and sensor technology. For example, the
relationship between the source signal power and the sensed signal power for acoustic

signals can be modeled with § = 2.

In our work, Boolean Sensing Model is applied to simplify the discussion without aug-

menting the main concept. It helps to clarify the the main idea of our work.

2.1.2 Coverage measures

The term of “Coverage” has different meaning-in-the literature. In general, coverage measures
refer to a sensor network deployed to menitor somespécified region A. This region is assumed

to be two dimensional. Some of the coverage measures are the following:

1. The area coverage f, specifies the percentage of A being covered. If f, = 1, we say
that full area coverage is achieved, which implies there is no information loss of this

region.

2. The node coverage f, describes the percentage of nodes whose sensing range can be
fully covered by the sensing ranges of other nodes. When the overlapping neighbors are

awake, such a node can be switched into sleep mode without reducing the area coverage.

In our work, the area coverage f, is adopted in considering the general idea of deployment.



2.1.3 Random deployment: Poisson Point Process

Some of the coverage measures have been investigated for random deployment in several
references, for example, [4], [5]. The most common assumption for a random deployment is
the Poisson Point Process. For example, N sensors are deployed in the region A by a Poisson
Point Process with average sensor density D > 0, where D = N/A and A; is a partition
inside A. We therefore conclude that the number of sensors N(A;) deployed in the interested

region A; has a Poisson distribution with mean D - A;, i.e.,

L (D-A)E
R

for K=0,1,.... (2.3)
In the literature, most existing works in sensor network consider a uniform sensor density
in the whole network. In our work we apply Poissen point process to match the nature
of Wireless Sensor Network, which is “Randemness”. 'Poisson point process is popular, for
example, for modeling the numberzof stars-in space or the number of bacteria cultivated
on a Petri dish. The striking feature“of such a Poisson point process is that it matches the
intuition most people have on “random deployments”. Now we are going to answer questions

regarding certain coverage measures for sensor networks under such a random deployment.

2.1.4 Coverage of random deployment: Boolean Sensing Model

We first discuss the case of an infinite sensor network in the two-dimensional plane to avoid
any boundary effects. It is straightforward to find the area coverage f, for a Poisson point
process of sensor density D under the Boolean Sensing Model. Let q be a randomly chosen
point in the sensor field. What we are asking for is the probability that there is at least one
sensor at position p with ||p — ¢|| being smaller than the common sensing range r. Consider
the situation that a number of sensors and a selected point q are given. This point is covered

if there is at least one sensor presenting in the circle of radius r around q. This circle A; has

10



area mr? and the probability to find at least one sensor within it is :

To satisfy a specific area coverage f,, this equation can be solved to determine the required
sensor density D of the Poisson point process, given as:
In(1 — f,)

D(fa) = ——2 g (2.5)

r

As a numerical example shown below, let us assume that » = 1 m and the desired coverage

2 is needed. To achieve

is f, = 0.99. In this case, a sensor density of D &~ 1.47 sensors per m
an even better coverage of f, = 0.999, this number grows to D =& 2.2(sensors/m?) , which
implies that adding one sensor to the area is more efficient to obtain more information when

area coverage f, is small. We can observe this effect. in Fig. 2.1.

Area Coverage
1 T T T

0.8 b

0.7 b

a

0.6 b

Area Coverage f

0.4 q

0.3 q

0.2 B

0.1 4

0 I I I I I I I I I
0 0.2 0.4 0.6 0.8 1 1.2 14 16 1.8 2

Sensor density (number of sensors/square meters)

Figure 2.1: Area Coverage f,.
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2.1.5 Information-generating model: Poisson Point Process

Without loss of generality, consider a situation in which event occurs in unit area 1 m? at
random instants of time with an average rate of A\g events per second. For example, an event
could represent the appearance of animal or the breakdown of a component in some bridge
system. Let N(t) be the number of event occurrences within the time interval [0, ], then
N(t) is a nondecreasing, integer-valued, continuous-time random process known as Poisson
Process. We therefore conclude that the number of event occurrences during the time inter-

val [0,t] has a Poisson distribution with mean Ag - ¢, written as:

A - )%
Pr(N(t)=K] = . % for K=0,1,... (2.6)

In our work, we assume that every event requires a constant packet size of [ bits to record the
information for each transmission. kFor example, the.average information capacity generated

at random instants of time in an aréa A with‘an averagesrate of Ag is Ag - A -1 (bits/second).

2.2 Maximum Information'Rate Deployment

From the previous discussion, we obtain the area coverage f, of random deployments under
Boolean Sensing Model, and the equation of the information capacity at random instants of
time is obtained as well. Consider the situation that N sensors are deployed in an area A
with sensor density D = N/A, and the average rate of event occurrences per unit area \p
is identical everywhere, we can conclude that at random instant of time ¢;, the information

rate of this Wireless Sensor Network is :

I(t) = fo-Qu-A-D)=010-eP™) (Ag-A-1)

= 1—e 2™ . Ag-A-1). (2.7)

12



If the region A is densely deployed, which implies f, = 1 and full area coverage is achieved,
then we can obtain the information of this region without any loss. If there are limited

number of sensors, we would lose the information on the percentage of (1 — f,) - 100%.

Now if we have a limited number of sensors N at hands, and there are two interested
regions to be monitored which have areas A; and As, and average event occurring rates Ag;
and Ago, respectively. Thus a deployment problem is formed : what is the optimal number

of sensors placed in each region, if the maximum information rate is desired?

First we assume that there are N; sensors in the area Ay, and No = N — N;j sensors in

Ay. From (2.7) we obtain :

I(t:) = §L(t)+ Lt)
= far- (Mg A =)t fa2 < (Mg Az 1)

Ny 2 N 2
1

= (l—e ™) S ptdre b (L= 2™ ) (Aga - As - 1) . (2.8)

Hence, the deployment problem can be formulated as :

N = N + Ny,
(2.9)
I(Ni,Na) = far- Qg -A1- D)+ fao- Am2- Az 1) .

For convenience we omit ¢; in (2.8) and use the form of I(Ny, N3) here, which strongly reveals
the idea of the total information rate varies with Ny and N, bearing in mind that the total

information rate is obtained at some instant of time.

13



Our objective is to maximize the value of I(Ny, Ny), expressed as :

I(N1,N;) = Jai - (Mg - Ar- 1) + fao - (Ap2 - Az - 1)

_(N—=Ny) |

N
= A=) Qe A D+ (A—e ) (e Ap )

(2.10)
where Ny = N — N;. Taking differentiation of (2.10), thus :
dI(N;. N. _ Npwr? _N-N;
(d+12):7r7’2'e En Ap1-l—e A2 Al (2.11)
The maximum value of I(Nq, Ny) occurs when ‘ﬂ(ilv—]i/lj\b) =0, hence :
Ny 2 (N—-N )7\'7"2
6__# )\El = e Al? )\EQ
N1 Ne— N1> >\E1
=’ [ — = =dn — . 2.12
(A1 Ay AE2 ( )
With some simple manipulations we get :
Ay A1 Ay 1 AE1
N=—+ N+——"-— -In—. 2.13
! A1—|—A2 +A1—|—A2 2 n)\E‘Q ( )
Since N = N — N, we obtain :
A AlA 1 A
2 B2 omZE (2.14)

N,— 2 N4 72
T4 T AT A e

Accordingly, we obtain the exact number of sensors to be deployed in each region for obtain-

ing the maximum information rate at random instant of time, hence the form of N; and Ny

14



is labeled as “Maximum Information Rate Deployment”. This deployment can be applied
to the applications of rescuing the survivals form the wild fires, flooding regions, in cases
where there are many regions to be observed. In these applications we don’t consider the
critical issue of energy constrain which pose significant problem of network lifetime, since we
only consider the importance of information and extend the coverage as large as possible to

obtain the maximum information.

2.3 Analysis of MIRD

In this section we we analyze the performance of our derivations with the parameters listed

below:

E | Initial Energy of a.sénsor 1000 J
[ | packet size of each event, 20 bits
r | sensing range & transmitting range 1 m
A; | area of i-th region m?
N; | number of sensors deployed in i-th region

N | total number 6f sensors

Agi | event occurring rate.of the i<th'region 1/m?/sec

Table 2.1: Parameters used in the analyses.

From (2.13) and (2.14) we obtain the optimal value of Ny and N, to maximize I(Ny, Na).
We can verify this derivation through Fig.2.2. It clearly depicts the variation of the total
information rate I(Ny, N2) as a function of N; with respect to different \g; and Agy when
the areas of A; and Ay are fixed and identical(A; = Ay = 7(10?)). Those arrows indicate the
optimal deployment of N; and N, to obtain maximum information rate. We can observe that
the total information rate increases as /V; increases from 0 towards the optimal value, where
the slope of total information rate is positive and sharp initially. The total information rate
would reach the maximum value where the corresponding value of Nj is the best deployment,

which is exactly the value obtained from (2.13).
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Sensors numbers in Al

Figure 2.2: Variation of maximum information rate with respect to N, under different \p,
while (A; = Ay = 7(10%)) and N =100:

With the assumption of identical areas (A] = Ay = 7(102)), from Fig.2.2 we clearly
obtain a sense of putting more sensors in the area with larger \g if maximum information
rate is desired. This is consistent with our intuition since more sensors in the area with
larger Ag would receive more information. For example, if Ag; = 3 and Ags = 2, the optimal
value of Nj is 71, that is larger than Ny = 29. Notice that when Ag; = Ags = 2, we get
Ny = Ny =50, fa1 = faz = 0.3935; when Ag; = 3, Apy = 2, we get Ny = 71, fo1 = 0.5084
and Ny = 29, fuo = 0.2517; when\g; = 2 and Age = 4, we get Ny = 16, f.1 = 0.1479 and
Ny =84, fa2 = 0.5683.

After examining the variation of I(Ny, No) while Ag; differs with A\gy and A; Ay are
identical, we then study the variation of I(N;, Ny) if A; and Ay are varying, Ag; and Ago
are identical. Fig.2.3 depicts the variation of I(Ny, Ny) as a function of N; with respect to

different area ratios A;/A; = m. We assume A\g; = Ago = 2° and Ay = 7 x (10?), and vary
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the ratio m to see the variation of I(N7, N3). The result coincides with our intuition that we
should put more sensors in the larger area to obtain more information. From (2.4) we know
A, and A, are related to area coverage f,1 and fu2, respectively, through the parameters
Dy and D,. It implies that by putting more sensors in the area, we could obtain more

information while better area coverage f, is achieved.

_ _ _ 2,
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Figure 2.3: Variation of maximum total information rate with respect to N; for different
areas of A;/As where A1 = Agy = 2, N = 100.

Comparing Fig.2.3 with Fig.2.2, we conclude that variation of Ag is more critical than
variation of area, since a slight change in Agp would cause a significant change of N; and
N,. Notice that when A; = Ay = m(10%) and A\g; = Ago = 2, the optimal deployment is
N1 = Ny =50, for = fae = 0.3935 ; when A; =4 - Ay and Ay = Aga = 2, we get N7 = 80,
far = 0.1813 and Ny = 20, f,o = 0.1813; when A; = 9- Ay and Ag; = Ago = 2, we get
N; =90, fu1 = 0.0952 and Ny = 10, f,2 = 0.0952, which indicates that if Ag; = Ago, the

optimal deployment is the number of sensors that makes both f,; and f,» the same.
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From the results of Fig.2.2 and Fig.2.3, we should have an appreciation of deploying more
sensors in the region which either has a larger Ag or a larger area, hence area and Ag can be
considered as two critical factors in determining the optimum value of N; and N;. We keep
some parameters in Fig. 2.3, i.e., A;/Ay = m, m = 1,4,9, but change Ag; to be 3 in Fig.
2.4. Since A; and \; are larger than A, and \s, respectively, we would put more sensors in
Aj. In the case of m = 4 and m = 9, even if we put all the sensors N = 100 in Ay, the slope
of total information rate still positive, which means N; has not reached the optimal value

yet even if Ny = N.

— — — 2
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Sensors numbers in Al

Figure 2.4: Variation of maximum information rate with respect to N; and with \g; = 3,
Ao =2, N = 100.

What if we let Ags = 3 and A\g; = 2 while A;/As = 1,4,97 We can see the result in
Fig.2.5. When Ags = 3, Ap1 = 2, Ay = 7(10%) and A1/A2 = 1, the optimal deployment
is Ny = 30, fu = 0.2592 and Ny = 70, f.o = 0.5034; when A;/As = 4, the optimal
deployment is Ny = 48, f,1 = 0.1131 and Ny = 52, f,o = 0.4055; when A;/A; = 9, the
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Figure 2.5: Variation of maximum information rate with respect to N7 and with Agy = 3
and A\g; = 2.

optimal deployment is Ny = 54, f,; =0.0582 and N = 46, fa2 = 0.3687. We observe that
there is only a slight change of N; even when 'A{/A, changes from 4 t0 9. Although more
sensors should be put in the larger area while A\g; = Ago, here the numbers are less than
those in Fig. 2.3. By observing the variation of f,; and f,2 in both Fig. 2.3 and Fig. 2.5, we
conclude that the effect of A\g is critical when f, is relatively small, and is irrelevant when

fa is relatively large. We can verify this conclusion in later discussion.

Now we examine the optimal value of N; with respect to the ratio of A\ when areas are
identical and fixed. In Fig.2.6 we assume A; = A, and vary the ratio of \; /Ay = K while N
could be 100, 200, 300 and 400. We see that the optimal value of V| increases as the ratio
A1/Ay = K increases, and eventually N; = N at some critical value of K. Namely, even if
we put all the NV sensors in one area, it doesn’t achieve enough coverage of the area yet to

obtain information. For example, when N = 100, we obtain N; = 100 at Ag1/Age = 2.9,
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Figure 2.6: Variation of optimal Ny with respect to )\E1 /Age = K under different N and
identical areas.

where the sensor density D = 0.6321%.0nly:

In Fig. 2.6, N acts like a DC component for it shifts the curves upwards or downwards
but does not change the shape, as we can see in the cases of N = 300, when we deploy
N; =250 in A; and the corresponding f,; is 0.9179; when N = 400, we deploy N; = 300 in
Aj and the corresponding f,; is 0.9502, which indicates an enough area coverage is achieved

to obtain most of the information.

To examine the effect of Ag in detail, we vary both Ag and area to see the variation of
optimal Ni. In Fig.2.7 we assume N = 400, A;/As =m, m = 1,4,9,16 and Ag;/ g2 = K.
We observe that the curve reaches to the limitation of N quickly, thus the effect of Ag is

critical when f, is relatively small. Here we obtain the same conclusion again.

In Fig.2.8, we assume N = 200 is fixed and let Ay/A; = m and A\g;/Ags = K, which is a

little bit different from the case in Fig. 2.7. Surprisingly we observe that all the curves in-
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1
1

tersect at the same point. In order to generalize the form of intersection point, we formulate

as follows. From (2.13) we obtain:

Ay 1 A1 A AE1
NN=——— - N+—. 1
! A1—|—A2 +7T7”2 A1+A2 n)\Eg ’

let i—; = K, and N; = N, thus :

Ay 1 A A,
2 N=— . WK
Al + A2 7'('7"2 Al + A2 . ’
Hence :
N - mr? N-mr?
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which is independent of Ay/A; = m. Therefore the intersection point is determined once A;

is determined.
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Chapter 3

Maximum Information Capacity
Deployment

In the previous chapter, we propose the “Maximum Information Rate Deployment” (MIRD)
method for optimal sensor deployment in two areas. This method doesn’t consider the is-
sue of energy constraint, for the objeetive is to obtain maximum information rate at some
instant of time, thus energy consumption is completely ignored. Without lose of generality,
now consider the situation : given two, regions A; and As, each region has its own area
and event occurring rate, then how to‘deploy sensors.in each region to obtain the maximum
information capacity within the network lifetime? To deal with this issue, we first introduce
the formulation of energy consumption in each transmission. Next, we formulate the rela-
tionship between energy consumption and network lifetime in a probability sense, thereby
the total generated information capacity during the network lifetime period is determined.
In short, through the combination of network lifetime and the “Maximum Information Ca-
pacity Deployment” (MICD), we can determine the optimal number of sensors to be deployed

in each region.

3.1 Network lifetime and information capacity

The idea behind our analyses of network lifetime is quite simple. We assume every sensor

has the same initial energy F and define one transmission of an event as “one round”. Each
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round would consume the same energy Fe,c,:, then the number of rounds that one sensor
can last is simply determined by Rounds = E/Eeyen;. The detail analyses starts from this

simple assumption.

In our work, we only discuss communication energy consumption. We do not include
the energy loss of sensing here. The reason is that energy loss of sensing depends heavily
on the specific application. Nevertheless, such energy loss can be easily integrated into the
equations once the sensing energy model of specific application is defined. The first order
model of energy consumption presented in [7] is used here. In this model E. = 50n.J/bit is
the energy dissipated to active the transmitter or receiver circuitry and €4, = 10pJ/bit/m?
for the transmit amplifier to deliver each bit. Thus we can get the energy consumption to
transmit a k-bit packet to distance d, denoted as Er,(k,d), and the energy to receive the

same packet, denoted as Eg,(k,d), as follows«

ETw(kad) —_‘E‘elec*k"’famp*k*d2 s (31)

ERw<k7 d) = Eelec * k. (32)

We assume the transmission range of each sensor is r, which is the same as the sensing range.

Then, we can simplify 3.1 as :

ET:):(ka 7“) = KTx * K >

where K1y = Eeec + €amp * r2. Hence, the energy consumption of a sensor on receiving [ bits

from the distant d and transmit & bits to the distant » can be computed as follows:
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ETz(k7 T) + ERZ‘(Z7 d) = Eelec * k + eamp * k * 7”2 + Eelec * l

= Krp#k+ Buee 1. (3.3)

Since we adopt the random deployment of Poisson Point Process under Boolean Sensing
Model, it is reasonable and straightforward to assume all sensors are identical. Specifically,
we further assume only one sink node exists to collect the information and the rest are
all identical sensors with same sensor parameters and functionalities. In a wireless sensor
network, the sensor located far away from the sink node would transmit data to the sink
node by means of multi-hop communication. Therefore, the sensors closer to the sink node
will have to transmit not only their own sensing data, which is defined as the “Originating
traffic”, but also relayed data of the other nodes;-being termed as the “Relaying traffic”. As
a result, the initial energy of these-semsors will-be used up the earliest among all sensors,
since their traffic load is heavier than the-other-sensors.

Thus, in such a random deployed wireless-sensor network, we focus on the region R

2 around the location of sink node, which is called the “inner circle”. If all

having area 7r
the sensors deployed in the inner circle, called inner sensors, use up their initial energy, there
will be no sensors to relay the information obtained from outer sensors to sink node. The

time period when all the inner sensors use up their energy is therefore defined as the network

lifetime for the wireless sensor network of concern.

Here are some implicit assumptions to simplify the network lifetime analysis. Firstly,
the traffic load from outer sensors to be relayed to sink node is evenly divided by sensors
deployed in the inner circle R, which implies some ideal routing protocol is in place. Secondly,
we assume the packet size of each event [ is small enough and sensors can use any level of
power to complete the transmission. Finally, the sensed outer information to be relayed is

proportional to the outer area (A; — 7r?) - f,; and is independent of the number of sensors
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deployed in the outer region.

To begin with, we consider the following situation : there are two regions to be monitored,
which have area size A;, A and event occurring rate Agy, Ags, respectively. In general, we
assume that there are N; sensors in A;, N, sensors in A, and take s sensors in the inner

circle of A, w sensors in the inner circle of A,.

Without lose of generality, we discuss the case of A; first, and then it is easy to obtain
similar result of Ay. Since there are s sensors in the inner circle of A;, hence (N7 — s) sensors
are in the outer region (A; — - r?). From previous results, the averaged traffic to be relayed

by s inner sensors to the sink node is expressed as follows :

Ireceive,s\Al - /\El - (Al - 7”02) : fal,s )

where

EDgser sitr?
fal,s = = e( Buter;s ) 7

and
D Nl = S
outer,s — .
er,s Al . 7]","2

The information to be transmitted by the s inner sensors per unit time can be denoted as :

[transmit,s|A1 == [WTQ + (Al - 7T-7ﬁ2>fal,s] : )\E'l : l . (34)

Therefore, the energy consumption of the s inner sensors can be computed as :

Ereceive,s|A1 + Etransmit,s|A1 - )\El -l (Al - 7'”‘2) . fal,s : Eelec + [7”"2 + (Al - 7T7“2)f,1175} . )\El -l Ktw ’
(3.5)

Assume that every sensor has identical initial energy E and the energy consumption can
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be evenly divided by s inner sensors, we define a parameter named Rounds(s) which is the
network lifetime time that s sensors can last before their total energy s- E be used up. Thus

Rounds(s) is written as :

s-F

Ereceivas + Etransmit,s

Rounds(s) =

s- B
)\El - (Al - 7”"2) : fal,s : Eelec + [’/TTQ + (Al - 7rr2)fa1,s] : )\El - Ktx .

(3.6)

The network lifetime of IV is therefore determined by Rounds(s). From (3.4) and (3.6), the
total information capacity that the sink node-of Ajican'receive from s inner sensors through

the network lifetime is :

]total,s|A1 - ROU/I’LdS(S) : Itransmit,s|A1

[mr? + (A —7r?) fars) A1 - l-s- E
)\El - (A — 7T7”2) . fal,s . Eelec —+ [7TT2 —+ (A - 7TT'2>fa175] . )\El -l Ktx ’

(3.7)

Similarly, we define the network lifetime of Ay to be Rounds(w), expressed as :
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w- B

Ereceive,w + Etransmit,w

Rounds(w) =

w-F
)\EZ - <A2 - 7T7”2> : faQ,w : Eelec + [WTZ + (A2 - 77T2)fa2,w] : )\EQ - Ktz ’

(3.8)

and the total information capacity that the sink node of Ay can receive from w inner sensors

through the network lifetime is :

Itotal,w\Ag - ROU?’ldS(U)) F Itransmit,w\Ag

[7”“2 + Ay~ 7T7“2)fa2,w] “Apa - [ - (w- FE)
/\E2 - (AQ - 7”"2) : fa2,w : Eelec o [777"2 + (AQ - 7TT‘2)fa2,w] : )\EQ - Kta: ‘

(3.9)

Since we observe two regions to obtain desired information, we consider A; and A, as two
sub-networks of the whole network. Thus it is straightforward to define the network lifetime

of the whole network as :

Rounds = min{Rounds(s), Rounds(w)} , (3.10)

which means the shorter one of Rounds(s) and Rounds(w) would dominate the network
lifetime. When either of these two sub-networks run out of its energy in the inner circle, it

stops gathering data from the environment. Since information is the main concern of the

28



discussion, it doesn’t matter whether another sub-network is working or not, hence (3.10) is

a reasonable definition of network lifetime of the whole network.

From the above discussion, the total information capacity of the whole network can be

formulated as follows:

[total|(s,w) = [total,s|A1 +]total,w|A2

= Rounds - [transmit,s|A1 + Rounds - [transmit,wMg 5 (311)

where the Rounds is given as (3.10).

Thus, we obtain the total information capacity when there are s sensors in the inner
circle of A; and w sensors in the inner circle of A,. Recall that we assume all the sensors
are deployed in the area by the Poisson Point, Process; we can compute the probability of s
sensors deployed in the inner circlezof Ay, and the probability of w sensors deployed in the
inner circle of A,, and through the-congept -of probability we can obtain the average total

information capacity.

From Sec.2.1.3, we can compute the probability of s sensors in the inner circle of A; when

there are N; sensors deployed in the area A, given as :

(D1 - A)°

PN(A) = s|Ny) = P 220

: (3.12)

where A = mr? and D; = N;/A;. Next, the probability of w sensors located in the inner

circle of A, is:

g e(_DQ'A) . M

P(N(A) = u|V2) -

, (3.13)

where again A = 7r? while Dy = Ny/As,.
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As (3.12) and (3.13) are independent, the probability of obtaining Itstai(s,w) in (3.11) can be

expressed as :

P(lotaoay) = PN(A) = s|N}) - PN (A) = w| Vo) | (3.14)

We observe that s and w are variables which can vary from 0 to N; and from 0 to N, respec-
tively, thus if N; and N, are specified, the expected total information capacity is formulated

as:

E[[total] = E[]tota”(s,w)]

= Z Itotal|(s,'w) 2 P(Itotal‘(s,w))

S,w

= Y ) P(N(Af=siNe)=P (N(A) = w|N2) - Liotai(s.) - (3.15)

s=0 w=0

Consequently, we can apply (3.15) to estimate the total information capacity for a particular

(N1, N2) and then look for the optimum deployment where E[li4] is maximum.
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3.2 Simulation Results
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Figure 3.1: The effect of varying area xatio-upon maximum information capacity where
N = 1000.

Now we have the analytical form of E[l;pq], by MATLAB simulations we can observe
the properties of F[I;q]. First we assume N = 1000, let Ag; = Ags = 2 and Ay = 7(5?), A,
could be 7(5?), m(7.5%) and 7(10?), the resulting variation of F[I;] is shown in Fig. 3.1.
In order to demonstrate more clearly, in Fig. 3.2 shown next page, we let A; be m(12.5?),
7(15%) and 7(20?) and again show the variation of E[I;]. From the figures we can tell that
the effect of area size is evident and significant. Since the network lifetime is determined by
the number of sensors deployed in the inner circle, and the deployment follows the Poisson
Point Process, we should put more sensors into the larger area to increase the probability of
sensors be deployed in the inner circle. In this case, the number of sensors deployed in the
inner circle can increase, so are the network lifetime and the information capacity. When we

increase the number of senors in Ay, which is Ny, the number of sensors N; is decreased, i.e.
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we increase the network lifetime of A; but decrease the network lifetime of A,. The total
information capacity would reach an maximum value for some optimal values of N; and N,
as we can see in the figures. There is an interesting observation that the effect of varying area
ratio would saturate eventually, as depicted in Fig. 3.2. The reason is simple, we can’t put
too few sensors in A, that would cause the network lifetime of Ay be too short. Since very
few sensors would be deployed in the inner circle of A,, the lifetime of the whole network
will be short as well. Thus there exists a threshold of saturation. When optimal deployment
of Nj reaches this threshold, it would remain the same but the total information capacity
decreases. For example, for the case A; = m(15%) and A; = 7(20?) in Fig. 3.2, the optimal

N for both cases are the same, but the total informal capacity decreases as A; increases.
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Figure 3.2: The effect of varying area ratio upon maximum information capacity where
N = 1000.

After examining the effect of area upon total information capacity, now we fix the area

Ay, Ay and vary Ag to see the effect of A\g upon total information capacity, the result is shown
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Figure 3.3: The effect of varying Agupon maximum information capacity.

in Fig. 3.3. We can tell the difference between-varying afea ratio and varying Ag ratio. The
variation of total information capacity is irrelevant to the variation of Ag ratio, which is due
to the assumption that the traffic load is evenly divided by those sensors deployed in the
inner circle. The total energy of those inner sensors implicitly imply the total information
capacity that the sink node can receive during the network lifetime. When \g is larger, the
energy consumption is larger, which leads to a shorter network lifetime, and vice versa. In
either case the total information capacity is the same, although the optimal values of NV,
and N, varied with different Ag ratio. Hence the conclusion here is that the maximum total

information capacity is irrelevant to variation of Ag ratio, only the area ratio would affect

the total information capacity.
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3.3 Searching Algorithm for Optimal Deployment

Here we introduce an algorithm to search for the optimal value of Vi, and then N, is therefore
determined by No = N — N;. The detailed MATLAB algorithm is listed in Appendix A. We
start from the concept of expected value, and by Dichotomy we can converge our searching

to the optimal value.

From the definition of network lifetime of (3.10), we have an idea of that the optimal value
of Ny occurs when Rounds(s) = Rounds(w), that is because if either one of them is bigger,
assume Rounds(s) is bigger than Rounds(w), it implies that we should take some sensors

from A; and deploy them into A, to prolong the lifetime Rounds(w) in the probability sense.

From the idea described above, we first examine the initial deployment, which is the
expected value of sensors to be deployed in_the inner circle of each area. For example, in Ay,

the expected number of sensors to be deployed-insthe inner circle can be expressed as :

F(s| = — 71" . (3.16)

Next, the expected number of sensors to be deployed in the inner circle of A, is :

Elw] = % . (3.17)

The initial deployment can be determined from (3.16) and (3.17), i.e., E[s] = E|w],given as

Ay

X=—""_'N 3.18
1A (3.18)

After obtaining X we can compute E[ly] for the cases of X —1, X and X + 1, respectively.
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This is because, from the observations of the simulation results of MICD, the maximum
value of N; occurs at the point that the slope changes from positive to negative. Since it
is not possible to determine the derivative of E[l;,] and X is a discrete value, hence we

compute E[ljq] for the cases of X — 1, X and X + 1 for obtaining the slope.

Here we use the simplest method of Dichotomy to approach the optimal value from the
initial deployment X, i.e., if E[l;p1q] of X + 1 is greater than E[l;,q] of X, and E[l;yq] of
X is greater than E[liq] of X — 1, the slope of E[liq] at X is positive, which implies we
should put more sensors to obtain a larger E[liyy]. Thus, the optimal value certainly exists
in the interval [X, N]. We set an variable named of fset to be (N — X)/2, and by examining
the slope at Y = X + (N — X)/2, we can determine whether the optimal value lies in the
interval [X, Y] or [V, N|. Namely, if the slope at Y is positive, then the optimal value exists

in the interval [Y, NJ; if it is negative, the optimal value appears in the interval [ X, Y].

Assuming that the optimal valug existsyin theiintetval [X, Y], then we set the value of

of fset to be :

—alfh

; (3.19)

of fset = 4

Repeat the same process and then we can narrow the searching interval, eventually the
optimal value is obtained. The detail algorithm is shown in Appendix A. By using this
algorithm, we can examine the effects of varying ratio of area or \g. The results are shown

below.

Fig. 3.4 depicts the optimal value of Ny with respect to the ratio of A;/A; = K while
Ar1 and Ago are identical and fixed, and N = 1000. It is seen that, when K is small, we
should put plenty of sensors to the larger area even if there is only a slight change of area
ratio, which implies that in the Maximum Information Capacity Deployment, area is the

critical concern. Moreover, the optimal value of N; saturates when A; /A, is large.
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Figure 3.4: Optimal: /Ny of MICD undér varying area ratio.

Fig. 3.5 depicts the optimal value of ‘Vi-with respect‘ to the ratio of Ag1/Ag2 = m while
A; = Ay, and N = 1000. We can tell‘that the optimal value of N is less sensitive to the
variation of Ag ratio on comparing Fig. 3.4 and Fig. 3.5. The curve of Fig. 3.4 increases
sharply and reach the saturation state relatively quickly, while the curve of Fig. 3.5 increases
slowly and smoothly, and doesn’t reach saturation even when Agi/Age = m is very large.

The effect could be seen more clearly in Fig. 3.6.
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Chapter 4

Generalized Maximum Information
Rate Deployment

4.1 Generalized form of MIRD

We can generalize the deployment problem of Chapter 2 to K regions, and each region has
its own area A and average event oceurring rate Az, respectively. The deployment problem

can be formulated as :

(4.1)
K
I(Ny,...,Ng) = Zfai (Agi - A; - 1),
\ i=1
where
fu = 1-ePm?
(4.2)
D, = & i=1,... k.

The general form of the number of sensors INV; of the ith region A; for the K-area case can

be computed as :
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N

K
I(Ni. o Ng) = > fur Qe A D) = Y (= 5™) - (g A1)
i=1 ]

Let X; = AAgl and R; = ™ then

](Nla"‘7NK>

I
]
>
=
Q)
=z
Y

By applying the method of Lagrange Multiplier to this optimization problem, we formulate

the objective function as :

g(N177NK):]<N177NK)+)\(N_N1_N2__NK>a

where A is an unknown scaler to be determined: The maximum value of I(Ny,...

dg . : )
occurs when N, ~ 0,7=1,..., K written-as :

99  _ p ,—N;jR;  \ _
a_JVj —X]RJB S )\—O

= A= X;Re ™M j=1,... K.

Thus

N.

J

1
=5 [In(X,;R;) —InA].

J

Since

Ni4...+Ngk =N,
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>NK)

(4.4)

(4.5)



hence

1

ZLlR[MXﬁﬁ—mM:N
J

In A
— In S,

where S; and S5 are two constants, calculated as :

 S-N

Y

ko T
S“:Ziiﬁz&’
7=1 7=1
" In(REX) 1o &
)18 2
Sy = Z# e WZAJ hl(ﬂ"f’ )\Ejl) .
Jj=1 j=i
From (4.5) and (4.6), we get
1 Sy N
N: = — |In(X:R)) - 224+ =
J Rj H( J J) Sl + Sl :|
k
> An(mr?Agl)
, A =
2 i=1
= 7T_7“J2 In(mr“Ag;l) — W_T’JQ - + —

2 & \
ZAj In o
N; = kAj N % Ino; — j:1k
DA DA
Jj=1 \ Jj=1 Y,

(4.6)



Here we show a 3-dimensional plot as shown in Fig. 4.1 to demonstrate that the total
information rate indeed reaches maximum value at the exact values of sensors estimated

from (4.8).
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Figure 4.1: 3-areas case of MIRD, where N =21, A1 = Ags = A\g3 = 2, A1 = Ay = A3 =
m(5%).

4.2 Analyses of 3-area case of MIRD

Here we show some conceptual analyses of 3-area case of MIRD. First we consider the third
area having fixed parameters, thus there are four modes of the this area : (1). Ajz is large
and Ags is small; (2). Aj is small and Ags is large; (3). Both A3 and Ags are large; (4). Both
As and A\g4 are small. Under these four modes of the third area, first we fix the value of \g;
and Agy to be 2, and vary the ratio of Ay/A; = K, A; = 7(5?) to see the effect of area upon
optimal deployment of Ny, Ny and N3, when N = 600. The results are shown in the next

few pages.

First we compare Fig. 4.2a with Fig. 4.2b, the difference is A3 = 7(10?) in Fig. 4.2a

being larger than Az = 7(2.5%) in Fig. 4.2b. We observe that the variation of N3 in Fig. 4.2a
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is larger than that in Fig. 4.2b, we should put more sensors to N3 when Ajs is large in order
to increase the area coverage f,3 and obtain more information. Since \g; = Ags = A\g3 = 2,

N5 would be larger than N3 when A, is larger than As.

_ 2. — — 2, _ — —
A, = T(A0D) A, =2, A, = T1(5), A, = Ag, =2, N = 600,
500 T T T T

Number of sensors Nl,N2 and N3.

Figure 4.2: Optimal deployment of N;, N, and N3 with respect to variation of area ratio :
Ay /A; = K while there are four modes of the third area.

Then we compare Fig. 4.2a with Fig. 4.2d, the difference is that A\g3 = 10 in Fig. 4.2d,
which is larger than Agz = 2 in Fig. 4.2a, while A3 = 7(10%). We can see that even A,
grows to very large, we still put large number of sensors to N3, which is caused by the large
area of A3 with large \g3, as it’s more efficient to put more sensors in A3z to obtain more

information.

Now we compare Fig. 4.2c with Fig. 4.2b, with A3 = 7(2.5%) and A\gz = 10 in Fig.
4.2c and A\g3 = 2 in Fig. 4.2b. Here the curve of Nj is similar to each other, which due to
Az = m(2.5%) is small, we need only few sensors in Az to achieve enough area coverage fu3.

For example, when N3 = 50 and Az = 7(2.5%), fu3 = 0.9997, when N3 = 25, f,3 = 0.9817.
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Figure 4.2: Optimal deployment of Ny, Ny and N3 with respect to Ay/A; = K while there
are four modes of the third area.
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In the end we depict the variation of maximum information rate with respect to Ay/A; =
K under four modes of the third area in Fig. 4.2e. We can see that the highest curve is the
mode of both Ag3z and Aj are large, and the lowest curve is the mode of both Ag3 and Aj

are small, which is reasonable result based on our previous discussion.

After complete the discussion about the effect of area, now we fix the areas of A; and
Ay to be m(5%), and vary Ags/Ap1 = m to see the effect of \g upon optimal deployment
and maximum total information rate, while there are again four modes of the third area.
Firstly we compare Fig. 4.3a with Fig. 4.3b, we observe that the curves of N;, Ny and
N3 are flat and there is little difference whether Ags is large or small when determining
the optimal deployment. This is due to the area coverage f, is enough, for example, when
N3 = 400 and Az = 7(10%), f,3 = 0.9817; when N; = 100 and A; = 7(5%), f.u = 0.9817;

while Ag2/Ag1 = m is growing, we should takessome senors from N3, N; to No.

— 2 _ _ _ _ 2 _
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Number of sensors Nl, N2 and N3
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0 1 2 3 4 5 6 7 8 9 10

Figure 4.3: Optimal deployment of N;, Ny and N3 with respect to variation of Ags/Ag1 = m
while there are four modes of the third area.
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Comparing Fig. 4.3b with Fig. 4.3c, we observe that N3 in Fig. 4.3b is around 4 times
than that in Fig. 4.3c. It’s reasonable that we should put more sensors in the larger area.
Notice that when A3z = 7(10%) and N3 = 400, then f,3 = 0.9834; when A3 = 7(2.5%) and
N3 = 80, then f,53 = 0.9999. Now comparing Fig. 4.3c with Fig. 4.3d, the difference
is Agz = 10 in Fig. 4.3c and Ag3 = 2 in Fig. 4.3d. It seen that the curves of optimal
deployment are very similar, which implies that the effect of A\g becomes irrelevant to optimal
deployment when area coverage is large enough. Notice that when Az = 7(2.5%) and N3 = 80,
faz = 0.9999; when Ay = m(5%) and Ny = 220, f, = 0.9998, then we can get a better

understanding of this conclusion.

We demonstrate the curves of maximum total information rate under corresponding
optimal deployment in Fig. 4.3e. We find that the curves are straight lines, which differ
from the case previously discussed, that is dueste the area coverage f, is an exponential form

with respect to the information rate while that.of. A\g“is a linear form.

From the discussions of varying area and varying Ag in 3-area case of MIRD, we can
conclude that area is a critical concern to the optimal multi-area WSN deployment, which
implies that when the total number of sensors-/N are not enough for every region to achieve
sufficient coverage, the non-linear effect of exponential form is critical. From Fig. 4.2a and
Fig. 4.2d, Fig. 4.3c and Fig. 4.3d, we conclude that the effect of Ag is critical when f,
is small, and becomes irrelevant when f, is sufficient large, which is the same conclusion

obtained in the analyses of 2-area MIRD.

There are too many scenarios that can be discussed, for example we can vary N to see
what is the resulting effect. This is somehow too complicated to be investigated, thus here

we only discuss some simple scenarios, but the basic principle still holds.
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Chapter 5

Conclusion

In this work we introduce the Maximum Information Rate Deployment(MIRD) and the
Maximum Information Capacity Deployment(MICD) for multi-area WSNs. We assume the
sensors are randomly deployed by the 2-dimensional Poisson Point Process, and the occur-
rence of event follows the Poisson Progess. In thet MIRD, we don’t consider the issue of
energy consumption and network lifetime, but-focus on how to deploy the sensors in mul-
tiple areas to obtain the maximunyinformation rate. Through detailed analyses of 2-area
MIRD, we should put more sensors into the larger area in order to achieve better coverage
fa, and should put more sensors in the area'with larger A\g. Still we conclude that the effect

of A\g is a critical issue of MIRD when area coverage f, is not enough.

Later we discuss the energy consumption and define the network lifetime of multi-area
WSNs, and obtain the deployment when maximum information capacity is desired. Through
detailed simulation results, we conclude that area is the most critical issue of MICD, since
the network lifetime is determined by those sensors around the sink node and more sensors

would increase the probability of sensors to be deployed around the sink node.

Finally in the analyses of 3-area case of MIRD, we apply Lagrange Multiplier to obtain
the optimal sensor deployment. It becomes more complicated when determining the optimal
deployment if there are more areas, however the conclusions obtained from 2-area MIRD

still holds.
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Appendix A

Searching Algorithm for Optimal
Deployment of MICD

We express the searching algorithm as the follows :

//Initial deployment
get expected number of sensors N_1 : X/{A1}=(N-X)/A2;
N1 = X;

//determine initial offset

offset = \frac{(N-N1)}{2};

while{}

x = E[I_{total}(N_1-1)1;

y = E[I_{total}(N_1)];

z = E[I_{total}(N_1+1)];
// slope at N1 is positive
if y<z && y>x

N_1 = N_1 + offset;

offset = offset/2;
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if offset < 1
offset = 1

end

// slope at N1 is negative
elseif y>z && y<x
N_1 = N_1 - offset;
offset = offset/2;
if offset < 1
offset =1

end

// This is the case we are looking for,
// slope change from positive to.negative and optimal value appears
elseif y>z && y>x
N1
break;
end

end
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Appendix B

Problem Explanation

When applying Differentiation to obtain N;, Ny in 2-area WSNs, there exists an implicit
problem, the number of sensors Ni, N5 should be natural numbers, in Differentiation, /Ny,
N, are treated as real numbers, for example the results might be N; = 46.7 and Ny = 53.3,
when N = 100. Obviously there are two choices for us, one is setting N; = 46 by floor
function, then No = N — N; = 100°= 46 = 54; the.other one is setting N; = 47 by ceiling
function, then Ny = 53. Thus wescan conclude that the error of applying Differentiation
won’t exceed one sensor, and it’s a folerable. Heérein our work we use the floor function
for the convenience. Then same conclusion can"be applied to Lagrange Multiplier, since

Lagrange Multiplier uses partial differentiation.
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