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1 Introduction

The placement of wireless sensor nodes in a deployment
region resulting from various deployment strategies impacts
the coverage in WSNs. The primary objective of
deployment in a WSN is coverage of the entire sensing
region for the duration of deployment. However, since
sensor nodes are prone to failure due to running out of
battery energy or failure due to device unreliability, it is
desirable to have every point of the deployment region
covered by more than one sensor at all times. The problem
of coverage in the deployment region has led to research in
both deterministic and random deployment patterns. While
randomly scattering nodes in a deployment region is
suitable for remote regions and eliminates the need for
planning the locations of sensor nodes, sensor nodes
deployed deterministically optimise available resources in
terms of number of nodes and achieve other objectives such
as rapid convergence of localisation algorithms and efficient
communication between nodes and sink.

In this paper, we study the following fundamental
deployment problem: Given that we have N homogenous
sensor nodes each with a certain sensing radius R, that cover
a deployment region of area A, what is a deployment pattern
such that we can achieve (a) k-redundancy (where
k-redundancy refers to each point in the deployment region
being covered by k£ > 1 sensors) in the deployment region
and (b) reliable network operation for at least 7 time units?
This paper addresses the problem of deployment of sensors
from the point of view of data obtained from the sensing
operation. We define a measure of reliability of the sensing
operation by the total amount of data obtained by the
Wireless Sensor Network (WSNs) at the end of the
minimum time 7 for which it was deployed to be
operational. Assuming that a sensor obtains an amount of
data I bytes in unit time, a WSN of y number of nodes in the
network yields yIT bytes of data at the end of T time units.

We propose a diffusion-based deployment pattern that
achieves this measure of reliability by modelling the total
data obtained as a hypothetical, non-stationary, singular
source that diffuses through the deployment region. At
every time instant when a node is deployed, the data source
is assumed to have diffused by an amount equal to the data
sensed by a single sensor for duration 7.

At the end of the diffusion process, the deployment is
complete and all the sensors have been deployed across the
region with k-redundancy. We show that the resultant
deployment pattern is advantageous in terms of use of
resources when compared to current regular deployment

patterns. Its advantage of requiring fewer number of sensors
holds for any desired level of redundancy in the network,
given that the number of nodes that we have to start with is
at least A/A;, where A; is the area sensed by a single node,
and A is the area of the entire deployment region. The
following list is a summary of differences between our
proposed diffusion-based deployment pattern and regular
deployment patterns:

e We describe a novel diffusion-based pattern for node
deployment in WSNs. The novelty of this pattern lies in
its potential for use in applications where deterministic
or random deployment of nodes is not feasible. An
example would be the deployment of a sensor network
for monitoring toxic chemical leakages in a wide area,
or monitoring the spread of an epidemic in a large
geographical region. Our proposed diffusion-based
deployment pattern assumes that all nodes are initially
located at a single point, and are then diffused (placed
at locations) throughout the sensing region
incrementally. This diffusion may be performed by a
mobile robot for unmanned applications. We design the
diffusion-based deployment algorithm such that the
distribution of the nodes at the end of the deployment is
uniform.

e The diffusion-based deployment pattern is designed to
provide network operation for at least a pre-specified
time 7. This is in contrast to regular deployment
patterns, where the topology of the network is
determined by application-specific parameters or is
random in random deployments.

We also study the entropy of establishing connectivity, £,
between nodes in a WSN. Establishing connectivity
between nodes in WSN is key to ensuring reliable network
operation. Connectivity guarantees that links in the WSN
exist for timely transfer of data from nodes to the base
station and for dissemination of queries and broadcast
messages from the base station to nodes in the network.
With the help of an analytical framework, we show the
dependence of E. on the densities of nodes and the role of
the fading environment on E.. We illustrate this framework
by presenting bounds on E, for a two-tier distribution of
computationally powerful nodes and regular wireless sensor
nodes in the network. These results can be used to design
WSNs for robust network operation even in the case of
sparse distribution of computationally powerful nodes in the
network and thus highlight the importance of optimal
network design in WSNss.
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The following are the contributions of this work:

e We design a diffusion-based deployment pattern that is
guaranteed to ensure network operation for at least time
T. This constraint is suitable for WSN applications,
where the utility is fixed and application-specific
(Ahn and Krishnamachari, 2006). An example of this
would be a WSN deployed to determine the presence of
intruders in a fixed time interval, after which the utility
of the application is unaffected by the presence of
intruders. We show that our diffusion-based deployment
pattern requires lesser number of sensors than regular
deterministic deployment patterns.

e We establish the bounds on the entropy to establish
connectivity between nodes in a WSN. These bounds
can be easily extended to the case of heterogeneous
networks, where one tier of nodes is more powerful
than the next lower tier of nodes. The knowledge of the
entropy to establish connectivity is important in the
design of such heterogeneous networks, since the
density of nodes in each tier determines cluster sizes.
For the simple case of a hierarchical two-tier network
design of powerful and regular nodes, the cluster size
affects network performance parameters such as data
aggregation efficiency and latency of data transfer
between nodes and base station. Knowing the entropy
of establishing connectivity can help us obtain optimal
cluster sizes for efficient routing and data aggregation.

e The analytical framework of our diffusion-based
deployment pattern can be readily modified to find the
entropy of establishing connectivity in random as well as
deterministic deployment patterns. This can be done by
obtaining the expected distance between locations of
nodes and using them in the equations to find the entropy.

The rest of the paper is organised as follows. Section 2
presents related work in placement models for WSNs.
Section 3 describes the diffusion-based deployment
approach, presents the diffusion-based deployment
algorithm for placement of nodes by overlay of planar
graphs, and shows that the deployment pattern satisfies the
constraint of for WSNs to establish connectivity. In Section
4, we present simulation results to obtain the number of
nodes required to cover a deployment region in the
diffusion-based as well as other regular deployment
patterns. Section 5 presents the entropy of connectivity
between nodes for the diffusion based model of node
placement. Finally Section 6 concludes the paper and
presents directions for future research.

2 Related work

Many placement models for the deployment of sensor nodes
have been developed (Hsin and Liu, 2004; Aldosari and
Moura, 2006) according to various deterministic and stochastic
processes. Node placement in mobile WSNs has been studied
by Popa et al. (2006). Hsin and Liu (2004) describe algorithms
to improve coverage by using random and coordinated sleep

schedules in a network of static sensors deployed according to
the Poisson point process. A simple coverage model is
described by Wang et al. (2003), where the authors assume the
sensing circle of a node as the boundary of the node’s coverage
region. A point is said to be covered if there is a node whose
Euclidean distance to itself is less than the node’s sensing range
R,. Wang et al. (2004, 2005) discuss information-theoretic
approaches for sensor placement and selection for target
localisation and tracking. Dulman et al. (2006) study the
relationship between the number of hops and physical distance
between nodes in a random deployment of nodes. They show
that information about hop counts and node distances obtained
from the deployment strategy can be used in designing efficient
localisation protocols for WSNs. Krause et al. (2005a) model
the sensed spatial phenomena as Gaussian processes.
Knowledge of the Gaussian process allows for representation
of uncertainty about the sensed field. Using mutual-information
as an optimisation criterion, the authors describe an
approximation algorithm to find sensor placements that provide
most information about un-sensed locations. Koutsougeras et
al. (2008) study event-driven deployment that deploys nodes
based on the concentration of events in the deployment region.
With the help of self-organising maps, the authors study the
event-driven sensor coverage problem and show that the
proposed event-driven deployment results in better distribution
of sensors in the deployment region. Krause et al. (2005b)
optimise sensor placement using mutual information deduced
from modelling the sensed phenomenon as a Gaussian process
and taking communication costs and sensing quality into
consideration. Our work differs in that we study the
deployment problem with threefold objectives: placement of
nodes to satisfy coverage, connectivity and reliability. While
the objective of coverage and connectivity has been widely
studied, we study the problem with an additional constraint of
reliability. To this end, we present an algorithm for statistically
similar placement of static power-limited nodes in homogenous
WSNs. We use the general disc-based sensing and coverage
model for sensor nodes. The network is deployed for event-
driven sensing, where the nodes continuously sense the
environment for a given parameter and report to the base
station if the parameter deviates from some pre-defined
threshold condition, e.g. high temperature. There are two
widely used measures of network lifetime, one in which
lifetime is defined as the time until the first node runs out of
battery energy. The other measure of lifetime is the alpha-
lifetime (Zhang and Hou, 2004), which is defined as the entire
interval in which at least alpha portion of the region R is
covered by at least one sensor node. Existing literature in
WSNs seeks to improve network lifetime by focusing on
parameters such as improvement in coverage (Zhang and Hou,
2004), MAC protocol (Srinivasan et al., 2001) and operating
system performance (Gummadi et al., 2005). It is also
important to study the problem where we would want a
network to run for at least 7" time units with certain reliability
metric. Protocols designed for such operation would result in
robust real-life deployments, since the sensor network would
reliably operate for the desired time interval without being
subject to loss of information due to node failure from battery
depletion.
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3 Diffusion-based deployment approach

We consider the deployment of a WSN of homogenous, static
sensor nodes over a deployment region for monitoring
applications. We assume that the network of homogenous static
sensor nodes is deployed to run for at least 7" time units, such
that every point in the deployment region is continuously
sensed for the interval 7. We assume the disc model of sensing
coverage, and denote the area sensed by a node as A4, where A

is equal to R’ , and R, is the sensing radius of a sensor node.

Let the amount of data sensed by a node #; in unit time interval
be I bytes. We also assume k sensors sensing every point in the
region at any point of time. Hence, the total amount of data
obtained from the sensing region at the end of the time interval
T is kITA/A,. We also assume error-free communication links
between the nodes and the base station. At the end of the
interval T, the base station would have obtained kITA/A, data
from the network if the sensing region were completely
covered by at least k4/4, sensor nodes for the entire interval 7.
This is the lower bound on the data that can be obtained from
the region with the given number and sensing range of sensor
nodes. The problem statement is as follows: Given that the
minimum total data to be gathered is kITA/A,, where k is the
redundancy in the network, / is the data in bytes sensed by a
single node with sensing area R, T is the desired interval of
network operation and A is the deployment area, we need to
find a placement strategy that achieves the desired amount of
data. We assume the total data is aggregated into a single entity
I centred at a point p, where point p is an arbitrary location of
placement of the first sensor node. We view Ir as a diffusing
data source that diffuses across the deployment region. At the
end of the deployment process, the total data is spread across
the sensing region by the individual nodes that individually
sense ITA/A; amount of data. The diffusion equation for the
diffusing source /7 can be written as:

% =D ale
ot o’

(M

where D is the diffusion coefficient. Let x be the Euclidean
distance between any two locations of sensor nodes. Our
goal is to find the length scale function L(¢) (communication
range), of the independent variable x such that for any two
times #; and #,, there are two locations x; and x, where the
solution appears to be the same. In other words, when
distance x is properly scaled, the ratios

I (x,,1,) _ 1;(x,,1,)
I (1) ()
must have the same numerical value for all pairs of values

of time #; and #, (Bai et al., 2006). There are two possible
criticisms of the use of this equations that we will address:

2

e Equation (1) is the one-dimensional diffusion equation,
and since we are studying the deployment pattern in a
two-dimensional deployment region, this equation is
not appropriate. However, regardless of dimensionality,
the diffusion equation can be split into uncoupled
dimensionally independent equations (Ursell, 2007).
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Hence for ease of calculation, we use the one-
dimensional equation in two iterations to determine the
x and y coordinates in each iteration of the diffusion.

e The data distribution model is a singular, mobile source
that is moving around in the sensing field to determine
the locations of sensors. Even though WSNs are
deployed to sense unpredictable events in varying bit
rates, since we assume that there is no data aggregation,
the total amount of data bytes accumulated at a central
base station is the sum of individual node data at the
end of the time duration 7. Thus deployment according
to the diffusion-based deployment pattern is a reverse
approach to designing the network based on anticipated
network capacity.

We wish to find the length scale L that will satisfy the
diffusion equation (1). The significance of determining the
length scale is that it will provide us with the diffusion
length. We use the diffusion length to find the distance
between nodes. The diffusion equation (1) can be satisfied if
it has the form

I (x,t) =T(O)F (i) €)

with 77 = x/L(¢) . Thus, the solution is the product of a pure

function 7 of time and a function F that depends, at most, on
a similarity variable 7. In order to find the solution to
equation (1) with the given initial and boundary conditions,
we compute the partial derivatives of equation (3) and
inserting them into equation (1), we obtain,

zaT

2 L —
p? Ij+(La—L)n6—F— Ot |fp=o. (4)
on ot) On T

This equation can be viewed as an ordinary differential
equation in F(n), if the coefficients in parentheses are

independent of time. Hence, we impose the additional
constraints,

La—L =2Da (5)
ot
and
I’ or
ot
—==Dg. 6
T Jit (6)

Equation (4) becomes

2
OF v 2an® _pr—o, )
on on

where « and g are constants, and the diffusion coefficient D
is inserted for simplicity. To find the length scale L and the
concentration scale 7, integrate equation (5) with respect to ¢,

L’ (t)= Ly +4aDt, ®)
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where L, is some initial value. Substituting this value of L
from equation (8) in equation (6), we get

T(1)=y(L +4aDi)" ™, (9)
where the multiplicative constant y can be chosen arbitrarily
because the linear diffusion equation is homogenous in /7,
and hence in 7. Equations (8) and (9) represent the
functional form of the length and concentration scales
respectively. Our scale of interest is the length scale L, since
it determines the distances between sensor nodes. Hence, «
must be real and non-negative, or else from equation (8), L
becomes imaginary. Accordingly we solve the diffusion
equation for the case « = 0. In this case Ly, must be non-zero
or the length scale equation (8) ceases to exist. Let the

-B

arbitrary constant y =| L, |** so that equation (9) becomes,

£ por
4a 2
T(t)—]lm(l+4aDtJ —eh (10)
a—0 LO
Equation (7) becomes
o0’F (7)=0 (11
on’

where, the similarity variable 7 is

X X

L (£lL])

n= (12)

For a bounded solution to the length and concentration scale
equations, the exponent in equation (10) should be negative.

Let =—A". Thus the solution to equation (11) takes the form

+idx

F(n)oece™. (13)

Collecting the partial results equations (10) and (13) and
substituting them in equation (3), we get

2
A”Drt +idx

I (x,0)xce 5 el (14)

where we need to solve for the constant length scale L, to
obtain the Euclidean distances between sensor positions in the
placement problem. Consider a circular deployment region of
radius R that contains the aggregate data source /. The
deployment process causes the aggregate source to diffuse at a
rate proportional to the number of sensors and the distance
from the initial position of the source. We define equilibrium of
the diffusion process as the time instant ¢ where all the sensors
have been placed in the sensing region. Let the equilibrium
data concentration be a constant value 7. We need to solve the
diffusion equation throughout the sensing region with the initial
and boundary conditions,

IT(r,0)=Iw,0<r<R (15)
and

I.(r,t)=1,1>0. (16)

The one-dimensional diffusion equation being a linear
equation, any constant is a trivial solution of the diffusion
equation as is any first-degree polynomial in x. We use a
function u(r,t)=r(/+k) (where k; is a constant) as a

solution of the diffusion-equation of the data source such
that

I ()= 1 +(1, — 1)1, (17)

r

which satisfies the initial and boundary conditions.

u(r,O):r,0<r<R, (18)

u(r,t)=0,t>0, (19)
and

limu/r <o, (20

r—0

We use the solution developed in equation (14) such that the
initial conditions of the unknown function u are satisfied.
The data source diffuses along the radius R of the sensing
region. The radius R of the deployment region is a natural
length scale L, and we write the second exponent in
expanded trigonometric form,

-22D1

u(rt)ece [ Asin(Ar/R)+ Beos(Ar/R)] @1)

Thus the complete solution of the data source diffusion-
equation from Ghez (2001) is

7n21r2D1
* (- )Me R? sin(nrﬂ/R)
I, =1, 2 I, —I 22
" ; (nrm/R) (22)

Next, we compute the rate of data source diffusion J, across
the sensing region.
or, _2D(1,-1,),

J,=-D—L=
or R

(iR ( (23)

e

i nzr/R cos(nzr/R)—sin (nﬂr/R)}
=1 (n;rr/R )2 '

We evaluate the rate of data diffusion at a small distance &
from the initial position of the source » = 0, where £ = 0.
Using the small-angle approximation in equation (23), we
get,

J,=2D(1, —18)(mJE/\/§R)ie(’"”@R)2. (24)

We denote the quantity Dt as the diffusion length. If the
diffusion length is small compared to the radius of the
sensing region, the exponent in equation (24) varies slowly
with n and we can replace the sum by an integral over the
continuous variable

&= nr[Dt/R.
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Hence, we get,
J, = (Ix —Ie)*

(wiaN2R) R DN erfe (w/ilR).

(25)

Denote d, =~/Dt as the diffusion length and re-arranging
the terms we get,

o~ g erfe [”—d’J (26)
m R

where m is a constant given by
m=(1,~1,)(nNeN2R) R 7. 27)

The problem of finding the distances between sensor nodes
thus reduces to determining d; at time instants ¢. Since the
diffusion-length d; is small compared to the dimensions of
the sensing region, the argument of the complementary error

. d
function, % —0.

d/ :_Ota (28)

Jo, the rate of data diffusion, can be viewed as the diffusion
of an amount equal to /TA/4, from the data source at every
time instant when a sensor is deployed at a distance d; from
the position of the source at the previous time instant.
Conserving the dimensionality of Jj,

_ ITA/4,
d?

Jy (29)
Therefore the diffusion length d, , ie., the Euclidean
distance between sensor nodes for a diffusion-based
placement of sensor nodes across the sensing region is given
by

d, = 3——t. (30)

s

1 ITA
m A

3.1 Deployment algorithm for sensor nodes
according to the diffusion-based
deployment algorithm

Since we know the Euclidean distance d; between sensor
nodes for the placement problem, we now define the graph
G, which is obtained by tracing the motion of the mobile
data source along the sensing region.

3.1.1 Simulation of the diffusion-based deployment
pattern

We denote the point where a sensor is deployed as the
vertex of the graph G, and the distance between sensors
deployed at time instants ¢ and ¢ + 1 as an edge of G. The
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length of this edge is d;. Our aim is to draw planar graphs
iteratively in the plane given by the sensing region. The
algorithm proceeds as follows:

Step 1: Starting from the center of the plane, we draw a
planar graph G, over the plane of the sensing region that
traces the motion of the mobile data source, i.e. distance
between sensors deployed at time instants # and ¢ + 1 is d,. In
this step, we deploy A/4; number of sensors in the region.
This step deploys the minimum number of sensors required
to cover the region.

Step 2: Repeat step one to increase the redundancy of
coverage. This procedure continues for k steps, where £ is
the known value of redundancy that we wish to achieve in
the network. At the end of k£ iterations, the plane of the
sensing region can be viewed as covered by overlay of
planar graphs, each of which covers the sensing region
completely. The overlaying of planar graphs G; where
i=1,2,..k, completely covers the sensing region with

redundancy k.

3.2 Relationship between the diffusion length and the
sensing radius

Since the communication range R, has been shown to be at
least twice the sensing radius R; (Zhang and Hou, 2004) for
connectivity, we check if our deployment satisfies this
condition of connectivity. Re-writing equation (30) with

A =7R’, we get,

}1 ITA
d, = 3— t=jR*>, 31
1 m TCR? J s ( )
.. . . 1 ITA
where j is a constant given by j = 3———¢ for a constant
m

t. Since the area of the sensing region 4 is large and the time
for which the network is deployed T is large, j >> 2,

d,>2R™>. (32)

For the relationship between d, and sensing radius Ry, as
R — o0

d, = 1im 2R =0, (33)

R —0

This equation holds because, as R, — oo, the entire sensing

region can be covered by only one sensor and there is no
requirement for other sensors to be placed at distances equal
to the diffusion length from the position of the previous
sensor. For finite values of Ry, the diffusion length is always
greater than twice the sensing radius and satisfies
connectivity between adjacent nodes. Thus, our deployment
problem satisfies the conditions for coverage and
connectivity in the sensing region. Figure 1 shows the
topology resulting from diffusion-based deployment pattern
for two different ratios of communication radius to the
sensing radius, i.e. 7./7, .



228 R. Machado et al.

Figure 1 Diffusion-based deployment for varying r./r;,. The
figure on the left depicts r./r; = 2 and the figure on the
right depicts r./ry = 5 (see online version for colours)
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4 Results

We now show how the diffusion-based sensor deployment
pattern results in higher reliability while requiring less
number of sensors than regular deployment patterns. From
Section 3.2, we see that the diffusion-length d; is the distance
between sensors deployed at successive time instants. When
there is no redundancy in the network, d; is also the minimum
distance required for nearest sensor neighbours to
communicate. Hence, the ratio of the diffusion length to
the sensing radius d,/R, is also the widely studied coverage

and connectivity metric r/r,, which is the ratio of the

s

communication range to the sensing range.

4.1 Number of sensors required to sense the entire
deployment region

In this section, we show that the diffusion-based
deployment pattern satisfies not only reliable operation by
sensing /7 amount of data; it requires less number of sensors
than regular deployment patterns with the required level of
k-redundancy in the network. To show this, we use the
results obtained by Bai et al. (2006) where they define a
parameter called the Area Per Node (APN) to show that out
of the four regular patterns of deployment, namely square,
triangular lattice, rhombus and hexagonal patterns, no
pattern is best for all values of 7,/r,. The APN denotes the

area of the Voronoi polygon of all points in a Euclidean
plane S. The number of nodes needed to cover the entire
sensing region for a given regular deployment pattern is
obtained by dividing the area of the deployment region by
the maximum APN. We use R, = 30 m and a circular
deployment region of radius 1000 m. The communication
range is varied between 15 m and 30 m. Figure 2 shows the
ratio of the number of sensors needed to cover the
deployment region using the diffusion-based approach to
the number of sensors needed for each of the regular
deployment patterns. The diffusion-based approach requires
63% (Ndi[’ﬁtsion/]\]xquare)n 54% (Ndi{ﬁtsion/Nhexagon) and 82%
(Naigusion Nirianguiar) 1ess number of sensors than the square,
hexagon and triangular-based deployment patterns.

Figure 2 Ratio of number of nodes needed in the diffusion-based
approach to that in the square, hexagonal and triangular
patterns (see online version for colours)
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4.2 Reliability of WSN as a function of the
deployment pattern of nodes in the network

In this section, we derive the reliability of the data obtained
from a wireless sensing network as a function of the amount
of data sensed by the nodes in the network. Since every
node senses a quantity of data / in unit time, the total
amount of data sensed by the network of sensor nodes for
duration T of deployment is given by I, = kITA/A, . But,

d=r= 3/ﬂt = ﬂﬂt, (34)
A, m

where N = A/A_ is the number of nodes needed to cover the

region completely according to the disc model for sensing.
Solving for /7 and substituting for Nygisions Nsquares Nhexagon
and N ianguiar» W compare the amount of data sensed by the
diffusion-based pattern with that in other regular
deployment patterns namely, I, —diffusion, I, —square,
I, —triangular and I, —hexagon and plot these ratios in

Figure 3. The diffusion-based pattern has higher reliability
as shown by improvement in amount of data bytes sensed.
As seen from Figure 5, the improvement in reliability from
the diffusion-based deployment pattern is by a constant
factor equal to 1.9 (hexagonal), 1.7 (square) and 1.3
(triangular lattice) patterns. The transition behaviour of the

curves in Figures 2 and 3 at the values 1, V2 and V3 is
due to the bounds of the APN and has been derived by Bai
et al. (2006) for the hexagonal, square and triangular
patterns, respectively. We direct the reader to Bai et al.
(2006) for a detailed derivation of the APN for various
regular deployment patterns. As seen in Figure 4, the greater
efficiency of the diffusion-based deployment algorithm is
because the coverage from nodes placed at the same point is
treated differently in the diffusion-based deployment pattern
and the regular deployment patterns studied by Bai et al.
(2006). In the diffusion-based deployment pattern, if n > 1
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sensors are deployed at a point, the coverage provided by
these sensors is considered to be n times the coverage
provided by a single sensor. Defining vacancy as the area in
the deployment region that is not within the sensing range of
any node, the diffusion-based deployment pattern results in
a lower vacancy by virtue of the redundancy coverage
which is factored into the estimation of coverage in the
network. This is illustrated in Figure 4, where two sensors n;
and n; are deployed at adjacent locations. For the diffusion-
based deployment, the computation of coverage provided by
n; and n; is represented by the dotted circles. A more
realistic coverage computation is shown for regular
deployment patterns, where the coverage provided by #; and
n; is the union of the coverage provided by #; and n;. These
differing computations of coverage result in the diffusion-
based deployment pattern requiring lesser number of
sensors and providing more data yield than that obtained in
regular deployment patterns.

Figure 3 Data sensed as a function of the coverage in
regular and diffusion-based patterns (see online version
for colours)
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5 Entropy of establishing connectivity between
nodes

In this section, we study the entropy of establishing
connectivity between nodes in WSNs. We use the results of
diffusion length from Section 3 to obtain the entropy of
establishing connectivity from nodes to a central base
station. We then establish the bounds on this entropy for a
heterogeneous WSN of two types of nodes: computationally
powerful nodes like cluster-heads (CHs) that act as local
data processing centres and points of communication from
nodes to base station (BS) and regular nodes that gather data
about the phenomenon and transmit it to a local CH. Here
we extend our analysis of connectivity entropy to
heterogeneous networks and establish the dependence of
this entropy on the density of nodes in each tier of the
network. In the rest of this paper, we will refer to the
powerful nodes in the second tier as CHs, though this
framework can be extended to different kinds of
heterogeneous networks.

In this section, we study the following problem: What is
the entropy of establishing connectivity E, to a BS from any
node in the WSN? Nodes can connect to a BS through
multiple nodes that act as relays. We provide an analytical
framework for deriving the dependence between E,. and the
distributions of nodes in the deployment region. Since the
randomness of the wireless channel plays an important role
alongside node locations in determining the connectivity
graph of the network, we model the wireless channel with
randomness introduced by a lognormal shadow fading
environment. This implies that a link between two nodes #;
and »; separated by a Euclidean distance s(i, j) = d, exists
only if the signal attenuation between the nodes does not
exceed the threshold attenuation ratio for communication
between the nodes. Knowing the Euclidean distance
between the nodes n; and n;, we denote the probability of
forming a link between the nodes by P(A(i, /)| s(i, ). Ina

shadow fading environment, the expression for
P(A(i,j) | s, j)) is given by Bettstetter (2002).

1 1 10 i
P(A(i,j>|s(i,j>)=5—5ewf(f7jlogms(’;”d3} (35)

where « is the path loss exponent due to the deterministic
geometric component of attenuation in a shadow fading
environment. ¢ denotes the standard deviation of the stochastic
component chosen from a normal probability density function
of attenuation. », is the normalisation term denoting the
maximum distance granting a link in the absence of shadow
fading. For threshold attenuation £, r, is given by

[ ﬂzh J
I/'O _ 10 a.10db ]
Further, we model the entropy to establish connectivity as a
random sequence of vertices that a node #; traverses as it
proceeds to establish connectivity with the base station. The
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probability of choosing another node #; as the next hop node
is proportional to the weight of the edge linking nodes n;
and n; and is given by P;;. The weight of an edge is given by
the probability of forming a link between the nodes »; and n;
subject to the shadow fading environment. P; can be
expressed as the ratio of the weight of edge W, between
nodes n; and n;, to the total weights of all edges W,
emanating from node n;. Thus P; is given by

P =W,W, (36)

Additionally, since nodes are assumed to be randomly
assigned the sleep or awake states and since a node in the
sleep state cannot form links with other nodes, the weight of
an edge linking node »; to another node #; in the sleep state
is taken to be zero. We also assume that node n; knows the
number of neighbours it has, by counting the number of
links it can form. The node »; with the highest edge weight
(lowest signal attenuation) is chosen as the next hop node
for node n;. The sequence of nodes that a node n; uses to
reach the base station is modelled as the sequence of
random states {S;}, where the maximum value of » is given
by the number of nodes in the network. The sequence of
states can be expressed as

S, =0. (37)

and S, = P. (randomly choosing any node in the network as
the starting vertex).

8,1 =8,*P, (38)

n+l

Thus the entropy to establish connectivity E, is the entropy
of the random sequence of states {S,} and is given by,

H(S,,S,,..S,)= iH(S,. | S (39)

=H(S )+ i:H(S,. IS, (40)

where equation (39) holds because of the chain rule of
entropies and equation (40) is due to property of Markov
chains. Let / be the number of edges emanating from node

n., i.e. the probability of forming a link from node #, to /

other nodes exists. Thus, the second term of the expression
can be expressed as,

S (W), 41)

i=2 j=1
where H depends on the (probability of forming a link
from node 7, to node n; )/ sum of probabilities of forming a
link from node », to all / nodes. / is the number of

neighbour links that a node has in presence of shadow
fading environment. The entropy of starting the graph at any
node is given by

H(S,)=~1/nlogl/n, (42)

where n = number of nodes in the network. To obtain the
second term of the expression for E., we note that

P(A(,j)|s(@i,j)) is given by equation (35) and W, is

i

obtained as the sum of the probabilities P(A(i, DIs, j))

on all links emanating from node #; .

5.1 Boundson E,

To study the entropy to establish connectivity between tiers
of nodes in a heterogeneous network, we consider a WSN of
two types of nodes: a homogeneous set of wireless sensor
nodes that perform sensing and another homogeneous set of
CHs, where each CH aggregates data from the nodes
belonging to its cluster. The deployment region is assumed
to be a two-dimensional Euclidean space of area A in which
the wireless sensor nodes are distributed as a Boolean model
formed by a Poisson-distributed sequence of random sets.
These random sets are the disk-shaped circles of coverage
of individual nodes with radius . The centers of coverage
circles are assumed to form a stationary Poisson process of
intensity 4, . We define another similar stationary Poisson

process of intensity A, for the CHs. The CHs are assumed

to have greater processing power to enable inter-cluster
communication capabilities and for data aggregation from
nodes belonging to its cluster. Clustering is a realistic
scenario for large-scale, dense WSNs deployed according to
a random topology for sensing in remote, hostile
deployment regions.

We model the links between nodes and the CHs as a
connected random graph, where the nodes comprise the
vertices of the random graph, and the links between nodes
comprise the edges of the random graph. The links between
nodes represent the connectivity between nodes and CHs
and the number of nodes attached to a CH represent the
cluster size. We assume that a node can be either in sleep or
awake states. In the sleep state, a node’s transceiver is
turned off and hence cannot form links with any other
nodes. In this section, we provide upper and lower bounds
on E_ and show its dependence on the intensity of CH

distribution as well as on the probability of connectivity
between nodes, P(A(u,v)|s(u,v)).

If the WSN is designed for operation such that all
wireless sensor nodes as well as CHs are awake at all times,
the probabilistic nature of a node being in the ‘awake’ or

‘sleep’ states is eliminated. The sequence of states {S,} thus

depends only on the probability of forming links between
nodes, i.e. when the signal attenuation stays below the
threshold required for communication. The upper bound on

the entropy E is obtained when all the nodes are

c—max

awake and every node i maintains links to all its neighbors
who lie within the one-hop communication range.
Additionally, the assumption of the log-normal distribution
allows for forming links with nodes located greater than
distance d, away from a node i. The sequence of states
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{S,} can then be modelled by a random walk on a
connected graph with a stationary Markov chain, and its

entropy E is given by

c—max

E_..=H(S.S,,..

c—max

’Sn):H(SZ |Sl)’

=D MH (S, 18 =),

i=1

(43)

where g, is the stationary distribution of the Markov chain.

The lower bound on the entropy E, can be similarly

obtained. When the attenuation due to fading results in zero
probability of connectivity for any node pair, the graph
formed by the wireless sensor nodes and CHs does not
contain any edges. Thus the lower bound E, . is just the
entropy of choosing any given node as the starting vertex to
analyse the entropy of connectivity to the CH.

E

c—min

=H(S,). (44)

While the above analysis holds for a given intensity A, of
distribution of CHs, we can also present bounds on E, for

varying levels of CH distribution. The bounds in this case
are readily obtained. If the intensity of distribution of CHs,
A,, 1s increased to be equal to the intensity 4, of wireless

sensor nodes while keeping the area of the deployment
region constant, the distribution of CHs relative to that of
the nodes becomes a high-intensity distribution and the
expected number of nodes per cluster is one. In this case the
entropy of the sequence of states, assuming connectivity
between nodes and CHs, is just the entropy of choosing one
out of n nodes in the WSN and provides the lower bound on
entropy for equal distributions of CHs and wireless sensor
nodes. Thus,

EL,_mns.t.(/"t2 =/ ) = H(S] ) =—1/nlogl/n. (45)

Similarly, when the distribution of CHs is much less than that
of nodes, i.e. A4, =4, the expected cluster size per CH

increases. The largest cluster size is obtained when the
intensity of CH distribution A, equals zero. This results in a
WSN with only one CH for all n = kA4/4, wireless nodes, and
the entropy E_ is the highest. Thus the upper bound on E_,
assuming connectivity among nodes and CHs is given by

E, puSt(4 =0)=H(S,,S,,...5, ). (46)

c—max

6 Concluding remarks

In this paper, we addressed the problem of reliability in WSNs
from the point of view of data obtained from the sensing
operation in the deployment region. We proposed a diffusion-
based approach to the placement of nodes in the sensing region
by modelling the total data content of the network as
hypothetical, non-stationary, singular data source. At every
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time instant when a node is deployed, the source diffuses an
amount of data equal to the data content sensed by a single
node over the duration of deployment. The solution to the
diffusion-based deployment problem is a function of the
communication radius of the sensor node. We also investigated
the ratio between the number of sensors required to cover the
sensing region using the diffusion-based approach to those
required using regular (square, hexagon and triangular-lattice)
deployment patterns and found that the diffusion-based pattern
requires lesser number of sensors than the aforementioned
regular patterns. We introduced a measure of reliability of
network operation in terms of the total amount of data sensed
by the network and showed that the reliability of network
operation is a function of the deployment pattern of nodes in
the network. Finally, we measured the reliability of WSNs
deployed using regular deployment patterns and showed that
the diffusion-based approach to deployment of sensor nodes
results in reliable network operation compared to other regular
deployments. We also provided an analytical framework to
determine the entropy of establishing connectivity in
heterogeneous networks in a shadow fading environment. The
sequence of nodes used to determine E, may not be the

shortest path to the powerful node, but is more robust since at
every time instant, a node n, chooses the next-hop node that

has the least attenuation among all nodes linked to node n, .

Our results draw attention to the need for sensitivity analysis of
distributions of CHs relative to the number of nodes in a WSN.
We also present bounds on the entropy to establish connectivity
and show its dependence on the density of CHs as well as on
the attenuation caused to the randomness in the wireless channel.
Future work in this direction includes incorporating edge
effects by providing efficient coverage in the boundary of the
deployment region. More work in this area can be
investigation of the problem of stochastic sources of error in
sensed data due to device unreliability and sink-initiated error
detection and recovery problem for deviant sensors in WSNs.
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