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ABSTRACT

Network lifetime maximization and quality of coverage are of paramount interest in
wireless sensor networks. This is because sensor nodes are battery powered and it
is essential to use the available energy optimally. Minimizing energy consumption will
lead to maximization of the network lifetime. Depending on the application, energy can
be efficiently used through good energy utilization methods. Sensor node deployment
and sensor scheduling are two main problems which concern optimal energy use. We
address sensor scheduling and sensor node deployment for target coverage problem in
wireless sensor networks. Each application will have a different coverage requirement.
Keeping this coverage requirement as the main objective, we identify methods to reduce
energy consumption for enhancing the network lifetime and improving the quality of

coverage.

This thesis first looks at random deployment of sensor nodes. Random deploy-
ments are usually dense. This may be the only way of deployment for some harsh
environments such as a battle field or a disaster region. A scheduling mechanism which
activates only a subset of sensor nodes at a time that is just enough to satisfy the re-
quired coverage level and the remaining nodes are set to sleep for conserving energy
is initially proposed. This, in turn, prolongs the lifetime of the sensor network. The
proposed heuristic performs better than the existing heuristics Greedy-Maximum Set
Covers (Greedy-MSC) and High Energy and Small Lifetime (HESL). Then a schedul-
ing scheme for M -connected coverage problem is proposed which requires the subset
of sensor nodes to be M-connected and to satisfy the required coverage. This leads
to a higher network lifetime and reliable data delivery. The proposed heuristic per-
forms better than Communication Weighted Greedy Cover (CWGC). These scheduling
mechanisms will be useful only for random dense sensor node deployments where each

sensor node has a fixed sensing range.

If the application permits deterministic deployment of nodes and if the sensor nodes

v



are limited, quality of sensing and energy conservation can be enhanced by restricting
the sensing range requirement. Sensing models can be categorized as binary sensing
model or probabilistic sensing model. In a binary sensing model, the target is either
fully monitored or not monitored. A probabilistic coverage model considers the effect
of distance and medium on the sensing ability of a node. A method for optimal deploy-
ment of sensor nodes such that the required sensing range is minimum for both binary
and probabilistic sensing models is also presented in this thesis. Artificial Bee Colony
(ABC) algorithm is used to compute the optimal deployment locations. A comparison
with Particle Swarm Optimization (PSO) shows that ABC algorithm performs better

than PSO for the given problem.

Finally the thesis gives a more general approach where a single round determinis-
tic deployment of sensor nodes with fixed sensing range is permitted. A heuristic is
initially proposed to solve this problem. The heuristic performs better than the ran-
dom sensor node deployment. Computing optimal deployment locations using ABC
algorithm outperforms the heuristic. The upper bound of network lifetime for a given
region with sensor nodes monitoring targets can be theoretically computed. This helps
in identifying the optimal positions wherein the network lifetime would be maximum.
A scheduling mechanism is then used to schedule these nodes so that this theoretical

upper bound of network lifetime can be achieved.
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CHAPTER 1

INTRODUCTION

1.1 Wireless Sensor Networks

A wireless sensor network consists of a group of sensor nodes that can coordinate their
actions through wireless communication and aim at performing tasks such as explo-
ration, surveillance, or monitoring and tracking target points over a specific region
(Cassandras and Li, 2005). Sensors can monitor physical or environmental conditions
such as temperature, humidity, vehicular movement, lightning condition, pressure, soil
makeup, noise levels, the presence or absence of certain kinds of objects, mechanical
stress levels on attached objects, and the current characteristics such as speed, direction,
and size of an object. Examples of sensors include seismic, infrared, thermal, visual,
acoustic and radar. Transmission media, power consumption, scalability, production
costs, fault tolerance etc. are some design constraints of a sensor network (Akyildiz

et al., 2002).

A similarity of WSNs (Wireless Sensor Networks) and MANETSs (Mobile Ad hoc
NETworks) is that both involve multihop communication. But they differ in the nature
of applications and routing requirements. Since the data being collected by multiple
sensors are based on common phenomena, there is likely to be some redundancy in the
data being communicated by the various sources in sensor networks (Krishnamachari
et al., 2002). Contrary to the nodes in a MANET, nodes in a WSN are battery powered
and cannot be recharged or replaced easily (Akyildiz et al., 2002). This makes the
power consumption important in WSN, whereas it is of no major concern in a MANET.

Mobility rate is also lower in a WSN as compared to a MANET.

There are two types of WSNs: structured and unstructured (Yick et al., 2008). An
unstructured WSN is one that contains a dense collection of sensor nodes. Sensor nodes

may be randomly deployed into the field. Once deployed, the network is left unattended



to perform monitoring and reporting functions. Network maintenance in an unstruc-
tured WSN becomes tedious as managing connectivity and detecting failures is difficult
due to the presence of large number of nodes. In a structured WSN, all or some of
the sensor nodes are deployed in a pre-planned manner. The advantage of a structured
network is that fewer nodes can be deployed with lower network maintenance and man-
agement cost. Fewer nodes can be deployed now since nodes are placed at specific

locations to provide coverage while ad hoc deployment can have uncovered regions.

Since nodes are battery powered, protocols designed for a WSN must be energy
efficient. This will maximize the network lifetime. The level of accuracy required for
the sensed data varies with the application. A good sensor network protocol design
includes low energy, low latency, high accuracy and fault tolerance (Tilak ez al., 2002).
Energy constraints combined with large deployments pose many challenges to the de-
sign and management of WSNs (Al-Karaki and Kamal, 2004). Since some networks
need unattended operation for months at a time, energy has to be managed carefully in

a WSN (Krishnamachari et al., 2002).

States of a Sensor Node: A sensor node will be in one of the following states

(Cassandras and Li, 2005):

e Sensing: The node monitors the region/object using an integrated sensor, digitizes
the information, processes it, and stores the data in its onboard buffer. The data
will later be sent to the base station.

e Relaying: A relaying node receives data from other nodes and forwards it towards
their destination.

e Sleeping: For a sleeping node, most device functions are either shut down or
work in low-power mode. A sleeping node does not participate in either sensing
or relaying. However, it wakes up from time to time and listens to the commu-
nication channel in order to answer requests from other nodes. Upon receiving a
request, a state transition to sensing or relaying may occur.

e Dead: A dead node is no longer available to the sensor network. This state might
be the result of no energy or some damage. A dead node cannot re-enter any other
state.



1.1.1 Applications

WSNs are employed in a vast variety of fields, such as: environmental monitoring
(e.g., temperature, humidity), military, monitoring disaster areas providing relief, file
exchange, conferencing, home, health (monitoring patients and assisting disabled pa-
tients), commercial applications including managing inventory and monitoring product

quality.

1.1.2 Research challenges

Energy efficiency, cost, and application requirements are some challenges that the de-
sign of a WSN must deal with (Yick et al., 2008). An efficient WSN requires the
optimization of both hardware and software. Hardware includes using low cost tiny
sensor nodes while software addresses issues such as network lifetime, robustness, self-
organization, security, fault tolerance, and middleware. Application requirements vary
in terms of computation, storage, and user interface and consequently there is no single

platform that can be applied to all applications.

Coverage and Connectivity Issues

The problem of coverage (Gu et al., 2011) determination is to determine if a currently
deployed sensor network provides the desired quality of monitoring with its set of cur-
rently active sensors. Coverage in a WSN needs to guarantee that the region is moni-
tored with the required degree of reliability. A coverage model of sensor nodes would
depend on the distance between the point of interest and the closest node. Therefore,
locations of sensor nodes constitute the basic input for the algorithms that examine cov-
erage of the network (Wang et al., 2010). In a deterministic deployment, the required
coverage degree affects the number of sensors to be deployed, the placement of these
sensors, connectivity, and energy (Yick et al., 2008). Coverage can either mean area
coverage or target coverage. Area coverage can further be classified as full coverage or
partial coverage. In full coverage, every point in it must be covered by at least one sen-

sor without allowing any uncovered points. But in some applications, partial coverage



is sufficient. For example, temperature or pressure sensing in environmental monitoring
applications, where reading at one point is adequate for a region since it may have the
same readings in its surrounding area. The overall coverage depends highly on the sens-
ing ranges and deployment scheme of the nodes (Poe and Schmitt, 2009). Connectivity
scales the adequacy with which the nodes are able to communicate. If a large number of
nodes fail due to lack of energy, a part of the network may get completely disconnected

from the rest (Jain and Liang, 2005).

Though sensing and communication ranges are generally assumed to be circular
discs, it need not be the same for all cases (Chen and Koutsoukos, 2007). If the sensor
network is dense, the possibility of the network being connected is more. The network
size might shrink due to sensor node failures or because of energy exhaustion. Connec-
tivity depends on the, possibly random, distribution of nodes (Al-Karaki and Kamal,
2004). It becomes an issue if the communication range is limited. The position of
the sensor nodes have a direct influence on the coverage and connectivity (Younis and
Akkaya, 2008). The k-connectivity problem targets at determining whether every pair
of sensors in the targeted area is connected by at least k£ paths and if not, how additional

sensors can be deployed to achieve the goal (Ma and Liu, 2007).

Sensor Node Deployment

Sensor nodes can be deployed randomly or can be placed in pre-computed locations.
Some methods of deployment are: dropping from a plane, delivering in an artillery
shell, rocket or missile, throwing by a catapult (from a ship board, etc.), placing in fac-
tory, and placing one by one either by a human or a robot (Akyildiz et al., 2002). After
deployment, topology changes are due to change in sensor nodes’ position, reachability
(due to jamming, noise, moving obstacles, etc.), available energy, malfunctioning, and

task details.

The computation and communication costs associated with deployment make it a
complex task (Heo and Varshney, 2005). The choice of the deployment scheme (ran-
dom/deterministic) depends highly on the type of sensors, application and the environ-

ment that the sensors will operate in. In random deployment, the sensor nodes are scat-



tered randomly (Al-Karaki and Kamal, 2004). This is the only way of deployment for
harsh environments such as a battle field or a disaster region. In deterministic deploy-
ment, the sensors are placed at pre-computed locations. It is necessary when sensors are
expensive or when their operation is significantly affected by their position. Determin-
istic deployment is one of the design optimization strategies. In such case, the coverage
of the monitored region can be ensured through careful planning of node densities and
fields of view and thus the network topology can be established at setup time. In ad-
dition to coverage, the nodes’ positions affect numerous network performance metrics
such as energy consumption, delay and throughput. For example, large distances be-
tween nodes weaken the communication links, lower the throughput and increase the

energy consumption (Younis and Akkaya, 2008).

Fault-Tolerance

Sensor nodes are unreliable units that are subject to failures. Sensor nodes have limited
power supply based on battery. Although there are different schemes to balance load
and energy usage among sensor nodes, certain nodes may still drain out of power too
soon and die out. The failed nodes may cause some area in the sensor network un-
covered, some neighbor nodes unable to send data packets to the sink, or even cause
network partitioned if enough nodes become unavailable (Du and Lin, 2005). Sensors
may fail due to the surrounding physical conditions or because they ran short of energy.
It may be difficult to replace existing sensors (Tilak et al., 2002). Once a wireless sen-
sor network has been deployed, sensors may fail over time for various reasons such as
environmental factors (wind, rain, thunderstorms), battery debonding, reprogramming

failures, etc.

Some sensor nodes may fail or be blocked due to lack of power, physical damage, or
environmental interference (Al-Karaki and Kamal, 2004). The failure of sensor nodes
should not affect the overall task of the sensor network. If many nodes fail, MAC and
routing protocols must accommodate formation of new links and routes to the data col-
lection base stations. This may require actively adjusting transmit powers and signaling
rates on the existing links to reduce energy consumption, or rerouting packets through

regions of the network where more energy is available. Therefore, multiple levels of



redundancy may be needed in a fault-tolerant sensor network.

Power Management

To guarantee basic levels of system performance such as connectivity, throughput and
delay, power management is essential (Pantazis and Vergados, 2007). Sensor node life-
time shows a strong dependence on battery lifetime. The protocols used in WSNss,
including reliability protocols, must be concerned with energy efficiency (Hassanein
and Luo, 2006). In a multihop ad hoc sensor network, each node plays the dual role of
data originator and data router. The failure of few nodes can cause significant topologi-
cal changes and might require re-routing of packets and re-organization of the network.
Hence, power conservation and power management take on additional importance. In
MANETS, power consumption has not been the primary consideration because of re-
placeable power sources. But in sensor networks, power efficiency directly influences
the network lifetime. The main task of a sensor node in a sensor field is to detect
events, perform quick local data processing, and then transmit the data. Power con-
sumption can hence be divided into three domains: sensing, communication, and data
processing (Akyildiz et al., 2002). It can also be categorized as communication re-
lated and non-communication related which includes processing or sensing (Chang and

Tassiulas, 2004).

The communication energy is defined as the sum of the energy required to transmit
data, using a transceiver (radio), and the energy required for the data processing (to
perform encoding and decoding). WSNs should operate with the least possible energy
required in order to increase the lifetime of the sensor nodes, ensuring at the same
time the network connectivity and availability. The cost of power management is a
key issue to validate the effectiveness of a power control scheme. By analyzing the
cost of a power control protocol in different aspects, qualitatively or quantitatively, its
usefulness and drawbacks can be clearly specified. The operational part of the sensor
is determined by the application it supports, e.g. the frequency of data collection, the
packet size of the collected data, the duration of measurements, the kind of the sensor
node employed and its characteristics (Pantazis and Vergados, 2007). Sensor-specific

power management is necessary because the characteristics and energy consumption of



sensors differ depending on their hardware architecture and design method (Kim et al.,

2008).

Existing power conservation mechanisms (Anastasi et al., 2009) for WSNs may be
classified into two main categories : Active and Passive (Pantazis and Vergados, 2007).
Active refers to mechanisms that achieve energy conservation by smartly utilizing en-
ergy efficient network protocols (by not turning-off the radio interface), while Passive
refers to mechanisms that save a node’s power by turning-off the radio (transceiver)
interface module. Energy-aware QoS in wireless sensor networks will certainly ensure
guaranteed bandwidth, or delay, through the duration of connection as well as provid-
ing the use of most energy-efficient path. For applications where the system is expected
to operate for long durations, energy becomes a severe bottleneck and much effort has
been spent on the efficient use of battery energy (Kansal et al., 2007). While shut-
down techniques can yield substantial energy savings in idle system states, additional
energy savings are possible by optimizing the sensor node performance in the active

state (Sinha and Chandrakasan, 2001).

Localization

The basic assumption in many applications is that sensor nodes have to know their
positions. For example, the sensed data must combine with location information, for a
server instantly to know where an event has happened (Sheu et al., 2010). With location-
based routing protocols, both routing and data forwarding are determined from the ge-
ographic location. If the positions of sensor nodes can be located more accurately, the
data transmission of the network will be more efficient (Liao et al., 2008). The location
of a node can be computed by a central unit (the sink node) or in a distributed manner,
the latter of which is more common in WSNs (de Oliveira et al., 2009). The problem
of estimating spatial-coordinates of the node is referred to as localization (Sichitiu and
Ramadurai, 2004; Dulman et al., 2008; Yick et al., 2008). It is important in WSNSs since
sensor nodes may be randomly deployed. There are several constraints for choosing a
localization technique, such as the limited computational power and the restricting en-
vironment conditions. A simple solution consists of equipping all nodes with global

positioning systems (Mourad et al., 2009). Global Positioning System (GPS) cannot be



used in WSNs as GPS can work only outdoors and cannot work in the presence of any
obstruction. Moreover, GPS receivers are expensive and not suitable in the construction
of small cheap sensor nodes (Al-Karaki and Kamal, 2004; Zhang et al., 2010; Wang and
Xu, 2010). Hence, there is a need to develop other means of establishing a coordinate

system without relying on an existing infrastructure.

Localization systems for WSNs usually employ a small set of nodes which are aware
of their own coordinates (called anchors) which will distribute this information to regu-
lar nodes in the network, helping them estimate their own positions (Chen et al., 2008).
Some nodes of sensor network should be equipped with a GPS device, while the others
get their positions automatically by a localization scheme. In general, the location-
aware nodes are called anchor nodes, and the remaining nodes are called normal nodes

(Sheu et al., 2010).

Many localization algorithms have been proposed over the past few years. The large
body of solutions for the sensor node localization problem can be categorized based
on whether the localization techniques are Range-based or Range-free, whether the
localization algorithms are Centralized or Distributed, and whether localization results
are Deterministic or Probabilistic (Teng et al., 2009). Range based techniques (Chen
et al., 2008) require special hardware for estimating the distance between anchors and
regular nodes, which may become prohibitively expensive. Range-free techniques, on
the other hand, do not impose such demand as an anchor informs other nodes about
its own position through message passing. After finishing the distance-from-anchor
estimation process, a regular node can determine its own position through a variety
of methods, such as multilateration, and triangulation. If necessary, an optional step is
performed, in which regular nodes exchange messages among themselves to refine their

locations.

Almost all existing localization algorithms consist of two stages (Liu et al., 2010):
1) measuring geographic information from the ground truth of network deployment;
2) computing node locations according to the measured data. Geographic information
includes a variety of geometric relationships from coarse-grained neighbor-awareness
to fine-grained inter-node ranges (e.g., distance or angle). Based on physical measure-

ments, localization algorithms solve the problem that how the location information from



beacon nodes (anchor nodes) spreads network-wide. Generally, the design of localiza-
tion algorithms largely depends on a wide range of factors, including resource availabil-
ity, accuracy requirements, and deployment restrictions; and no particular algorithm is

an absolute favorite across the spectrum.

Using mobile nodes to assist self-localization of a sparse sensor network is a new
research direction (Wu et al., 2007). Sparse sensor networks are deployed due to en-
vironment constraints, e.g., range measurements are missing due to obstructions in a
room, or to reduce cost by minimizing the number of sensors. In an extreme case,
the static sensors do not have range measurements between themselves since they are
transmitters or receivers only. For sparse sensor networks, all the existing localiza-
tion algorithms fail to work properly due to the lack of distance or connectivity data to

uniquely calculate the geo-locations.

For static WSNs, once node positions have been determined, they are unlikely to
change. On the other hand, mobile sensors must frequently estimate their position,
which takes time and energy, and consumes other resources needed by the sensing ap-
plication (Amundson and Koutsoukos, 2009). Furthermore, localization schemes that
provide high accuracy positioning information in WSNs cannot be employed by mo-
bile sensors, because they typically require centralized processing, take too long to run,
or make assumptions about the environment or network topology that do not apply to
dynamic networks. Localization in multihop environments (Wang et al., 2007) is even
more challenging, since nodes are often multiple hops away from anchor nodes, thereby

increasing the uncertainty in location.

Routing

Compared to wired networks, wireless networks have limitations such as high cost of
transmission, limited processing capabilities, and limited energy resources. Hence the
routing approaches that worked well for wired networks might not perform the same
way for WSNs (Raicu et al., 2005). The sensor nodes when randomly deployed can
be considered as ad hoc networks since there is no architecture or hierarchy in place;

though a dynamic organization is possible later.



Routing in WSNs (Al-Karaki and Kamal, 2004) is very challenging due to the in-
herent characteristics that distinguish these networks from other wireless networks like
mobile ad hoc networks or cellular networks. First, due to the relatively large number
of sensor nodes, it is not possible to build a global addressing scheme for the deploy-
ment of a large number of sensor nodes as the overhead of ID maintenance is high.
Thus, traditional IP-based protocols may not be applied to WSNs. Furthermore, sensor
nodes that are deployed in an ad hoc manner need to be self-organizing as the ad hoc
deployment of these nodes requires the system to form connections and cope with the
resultant nodal distribution especially that the operation of the sensor networks is unat-
tended. In WSNs, sometimes getting the data will be more important than knowing the
IDs of which nodes sent the data. Second, in contrast to typical communication net-
works, almost all applications of sensor networks require the flow of sensed data from
multiple sources to a particular base station. This, however, does not prevent the flow
of data to be in other forms (e.g., multicast or peer to peer). Third, sensor nodes are
tightly constrained in terms of energy, processing, and storage capacities. Thus, they

require careful resource management.

The routing protocols for WSNs can be classified based on the network structure
as flat network routing, hierarchical network routing, and location-based routing (Ming
and Wong, 2007). In flat network routing, all nodes have equal functionality and they
co-operate to perform the sensing tasks. The hierarchical network routing divides the
network into clusters or grids in order to achieve scalability and energy efficiency. In
hierarchical routing, nodes maintain a hierarchy of clusters that provides an addressing
and routing scheme (Iwanicki and van Steen, 2009). The location-based routing relies
on the node positions, which can be obtained from GPS device attached to the sensor to

handle the data routing.

Multipath routing improves the intrusion tolerance (Deng et al., 2006). Multi-
path routing (Ganesan et al., 2001) allows the establishment of multiple paths between
source and destination. The benefits of multipath routing are load balancing, whereby
the traffic between a source-destination pair is split across multiple paths, and ensuring

reliable data delivery.

Since the design requirements of a WSN is application driven, routing protocols
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which suffices the requirement need to be developed. For example, low latency preci-
sion tactical sensor has a different requirement from that of a periodic weather moni-
toring task. There might be redundant data in a weather monitoring system. Another
interesting issue for routing protocols is the consideration of node mobility. Most of
the current protocols assume that the sensor nodes and the base station are stationary.
However, there might be situations such as battle environments where the base station
and possibly the sensors need to be mobile. In such cases, the frequent update of the
position of the command node and the sensor nodes and the propagation of that infor-
mation through the network may excessively drain the energy of nodes (Al-Karaki and

Kamal, 2004).

Secure routing (Chang and Tassiulas, 2004) is vital to the acceptance and use of
sensor networks for many applications (Karlof and Wagner, 2003). Transmission power
consumption is closely coupled with the route selection. Routing protocol design (Mao
et al., 2011) for wireless networks is often guided by two essential requirements: min-
imize energy cost or maximize network throughput. Traditional routing protocols do
not take into account that a node contains only a limited energy supply (Schurgers and
Srivastava, 2001). Assuming the network lifetime as the time for the first node in the
WSN to fail, a perfect routing protocol would slowly and uniformly drain energy among
nodes, leading to the death of all nodes nearly at the same time. Typically, an ideal rout-
ing protocol would avoid the fast drain of sensor nodes with high energy consumption
(Bouabdallah et al., 2009). Depending on the type of sensors used in the network, the
detection probability of a sensor may decay with distance, environmental conditions,

and hardware configuration (Carter and Ragade, 2009).

1.2 Motivation

Network lifetime and quality of coverage are major factors which measure the effi-
ciency of a wireless sensor network. Energy efficient protocols should be designed so
that network lifetime can be maximized. There are different ways by which energy
consumption can be controlled. Depending on the application, energy saving mech-

anisms might vary. For example, energy preservation mechanism for a deterministic
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deployment of sensor nodes might not be applicable to a random deployment of nodes.
It is hence important to identify the coverage requirement, accessibility of the region,

method of deployment, availability and nature of sensor nodes, sensing model etc.

The coverage requirement of the application also has an impact on the network
lifetime. Some applications will require only few sensor nodes to monitor the tar-
gets/location points, whereas some might require a high number of sensor nodes to
monitor the targets/location points. Each target/location point in some applications will
have a different coverage requirement. This complicates the problem further. Com-
munication of the monitored data/information to the base station also depends on the

application.

If the whole area has to be monitored and the number of nodes are limited, optimal
deployment patterns will be useful. This may not always be helpful for target coverage
problem. Other methods to preserve energy and enhancing quality of coverage, such
as restricting sensing range should be taken into account in such cases. Apart from
this, sensing models too play a major part in a sensor node deployment. In a binary
sensing model, nodes can sense all the location points within its sensing range with
full confidence. But in a probabilistic sensing model, environment and distance also
affect sensing. If the sensor nodes have pre-specified sensing range, they can either be
deployed in a single round or multiple rounds. Multi-round sensor node deployment
may incur high cost. So a single round deployment and scheduling would maximize the

network lifetime and minimize cost.

The challenge thus opens up with the design of energy preserving mechanisms to
enhance network lifetime and to ensure the quality of coverage considering the nature

of application, coverage requirement, availability and nature of sensor nodes.

1.3 Contributions of this Thesis

In this thesis, we propose solutions to the following problems in wireless sensor net-

works:

1. Optimal deployment patterns are useful only if it is possible to place the sensors
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where desired. In some deployment scenarios, such as, when deploying in harsh ter-
rains, placing individual sensors at desired locations may not be feasible. We consider
random deployment of sensor nodes to achieve target coverage. Random deployments
are dense and we propose a heuristic to solve direct base station connected simple, %
and Q coverage problems. A sensor scheduling scheme to prolong network lifetime is
proposed such that at any time, only minimal number of sensor nodes that are required
to satisfy the required coverage are in active state. This heuristic could maximize the
network lifetime and meet the theoretical upper bound for all experimented cases. It

performs better than recent existing methods.

2. We address M-connected coverage problem for random deployment of sensor
nodes. M-connected coverage is required when M -connectedness should exist within
the nodes that are turned on, to guarantee the correctness of the information collected
and also to ensure the reachability of the information at other nodes including base sta-
tion. We propose a heuristic to solve M -connected simple, £ and Q coverage problems.

This heuristic performs better than CWGC method.

3. We also consider a case where the number of sensor nodes is very less and a
possibility of deterministic deployment exists. Such deployments are used when the
nodes are expensive and/or are limited in number. The sensors must be placed in exact
locations since there is only limited number of nodes extracting information. We use Ar-
tificial Bee Colony (ABC) algorithm and Particle Swarm Optimization (PSO) to solve
this problem so as to minimize the sensing range requirement to achieve simple/k/Q
coverage for a binary sensing model. This in turn saves energy and improves quality of

coverage. ABC algorithm performs better than PSO for this problem.

4. We use artificial bee colony algorithm to solve sensor node deployment problem
to achieve probabilistic simple/k/Q coverage. We compute the optimal deployment
locations such that all the targets are covered with the required minimum probability

and with the required level of coverage.

5. Finally we look into a more general model, where the user can deterministically
deploy the given sensor nodes (with fixed sensing range) and decide a schedule as of

which sensor nodes should be active at what time. Initially we propose a heuristic to
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solve sensor node deployment problem. We also use ABC to compute optimal deploy-
ment locations of sensors. Computing deployment locations using ABC algorithm is
powerful than the heuristic. After computing deployment locations, we use a heuristic
to schedule the sensor nodes such that the theoretical upper bound of network lifetime

is achieved.

1.4 Thesis Organization

Chapter 2 gives a detailed discussion of coverage problems in wireless sensor networks.
Heuristics to solve direct base station connected coverage problem and M -connected
coverage problem for all sorts of target coverage requirements are proposed in this chap-
ter. This is applicable to sensor deployments which are dense and random. Scheduling
mechanisms are proposed to improve the network lifetime. Chapter 3 discusses sensor
deployment problem for binary sensing model as well as probabilistic sensing model.
The assumption here is that the number of targets is higher than the number of sensors
to be deployed; and deterministic deployment of sensor nodes is permitted. Energy con-
sumption can be reduced by using the deterministic deployment scheme proposed. In
Chapter 4, we assume that the sensor deployment is deterministic and the sensor nodes
have predefined sensing range. We use an optimal deployment scheme for sensor de-
ployment and then propose scheduling mechanisms so that the theoretical upper bound

could be achieved. Conclusions and future directions in Chapter 5 end the thesis.
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CHAPTER 2

SENSOR SCHEDULING FOR COVERAGE
PROBLEM

2.1 Introduction

Coverage is one of the fundamental issues that arises in sensor networks, in addition
to localization, tracking, and deployment. Due to the large variety of sensors and
their applications, coverage is subject to a wide range of interpretations. In general,
coverage can be considered as the measure of quality of service of a sensor network

(Meguerdichian et al., 2001).

Dense deployment of sensor nodes in a wireless sensor network complicates the or-
ganization and scheduling of sensor nodes. Random deployment of sensor nodes usu-
ally involves a higher number of sensor nodes. Figure 2.1 shows a region where nodes
are randomly deployed. The locations, where sensor nodes are deployed, is marked in
red. A sensor node with sensing range s, is said to cover a circular region of radius
s, around it. When a target is covered, it may be covered by exactly one sensor node
or multiple sensor nodes. If each object that has to be monitored in the sensor field
is within distance s, from at least one sensor node, then the network is said to pro-
vide complete coverage. Figure 2.2 shows a sample deployment where 5 sensor nodes
{S1, Sa, S3, S4, S5} monitor 3 targets {7, T, T5}. All the targets are completely cov-
ered in the given deployment. The coverage requirement depends on the application.
Some applications require complete coverage at all times, whereas the coverage require-
ment can slightly be compromised for some other applications (Jain and Liang, 2005).
The time during which all the sensors can sense or communicate is limited because of

irreplaceable batteries.

In deterministic deployment, coverage can be maximized as a result of optimal

placement of sensor nodes. But when sensor nodes are randomly deployed, few objects



Figure 2.1: Random sensor node deployment

Figure 2.2: Direct Base Station Connected Coverage

in the region may be densely covered and few may be sparsely covered. Connectiv-
ity is another important issue which is directly related to coverage problem (Costa and
Guedes, 2010). Two sensor nodes are said to be connected if they both lie within the
communication range of one another. Figure 2.3 shows a deployment where there are

three sensor nodes {51, 52, S3} to monitor two targets {77, 75} . Each sensor node has
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Figure 2.3: Connected Coverage

a sensing range s, and a communication range c,.. For direct base station connected
simple coverage to be satisfied, it is sufficient if S; and S5 are activated. But for con-
nected coverage, in addition to .S; and S5, S5 should also be activated since S, connects

Sl and Sg.

Many researchers have studied coverage problem and solutions have been proposed.
Some of these address coverage problem for random deployment, and some for deter-
ministic deployment. Network connectivity has also been looked at in some works. To
ensure successful data transmission, network connectivity is essential. These algorithms
also aim at maximizing the network lifetime by minimizing energy consumption (Chen
and Koutsoukos, 2007). Connectivity helps to send the results back to the user and a
higher level of coverage ensures accuracy of monitoring. A higher level of connectivity
is required for some other applications when M paths should exist within the nodes that
are active, to guarantee the correctness of the information collected and also to ensure
the reachability of the information at the base station. This leads to the requirement of

M -connected coverage schemes.
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Energy will be wasted if all the sensor nodes are active at a time. It is therefore
necessary to identify subsets of sensor nodes which will satisfy the coverage require-
ment and schedule them accordingly. Though failure of one or more sensor nodes in
densely populated sensor regions may not cause drastic decrease in coverage; such oc-
currence in sparse sensor regions will reduce coverage and affect connectivity (Zhang
et al., 2008). The failure of one node should not affect the performance of network and
hence high density of sensor nodes is preferred for random deployment. The choice of

a good scheduling scheme is also critical for an efficient sensor network.

2.1.1 Types of Coverage Problems

Coverage problem can be classified based on the region/object to be monitored (Liu,
2007) as,

e Area Coverage Problem : The area coverage problem aims at monitoring/gathering
information about an entire region.

e Target Coverage Problem : The target coverage problem concerns about monitor-
ing a set of specific locations in the region.

Area coverage and target coverage problems can further be categorized based on
connectivity requirement as,
e Direct Base Station Connected Coverage : Each sensor cover should satisfy the

coverage requirement; and there may or may not exist a connected path among
these nodes.

e Connected Coverage : Each sensor cover should satisfy coverage requirement
and at least one path should exist among all the nodes that are in the sensor cover.

Connected Coverage can be classified based on the level of connectivity required

as,

e 1-Connected Coverage : The least complete connectivity requirement can be
termed as 1-connected coverage. At least one path should exist among all the
nodes in the sensor cover.

e M -Connected Coverage : Each node in a sensor cover should be connected to at
least M other nodes in the same sensor cover.
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The coverage requirement can be categorized as,

e Simple Coverage (also known as 1-Coverage) : Each target should be monitored
by at least one sensor node.

e k-Coverage : Each target needs to be monitored by at least k& sensor nodes, where
k is a predefined integer constant, k-coverage problem arises. Simple coverage
problem is a special case where k = 1.

e Q-Coverage : T' = {T13,T5,...,T,} should be monitored by Q = {q1, 2, ..., qn}
sensor nodes such that target 7 is monitored by at least ¢; number of sensor
nodes, where n is the number of targets and 1 < 7 < n.

The formal definitions are given in Section 2.2.

2.1.2 Importance

Sensor coverage is important while evaluating the effectiveness of a wireless sensor
network. A lower coverage level (simple coverage) is enough for environmental or
habitat monitoring (Yick et al., 2008) or applications like home security (Li and Gao,
2008). Higher degree of coverage (k-coverage) will be required for some applications
like target tracking to track the targets accurately (Yick et al., 2008), or if sensors work
in a hostile environment such as battle fields or chemically polluted areas (Li and Gao,
2008). More reliable results are produced for higher degree of coverage which requires

multiple sensor nodes to monitor the region/targets.

In some cases, for the same application, the coverage requirement may vary. For ex-
ample, for forest fire detections, the coverage level may be low in rainy seasons, but high
in dry seasons (Li and Gao, 2008). An example of Q-coverage is a video surveillance
system deployed for monitoring hostile territorial area where some sensitive targets like
a nuclear plant may need more sensors cooperate to ensure source redundancy for pre-
cise data (Gu et al., 2007). Both sensing and communication has to be considered in
some cases. In such applications, the nodes that are turned on should be connected
to ensure proper data transmission. In case of simple connected coverage, where it is
enough to have the nodes 1-connected, the network will be disconnected even if a sin-
gle node fails. Hence it is important to have sufficient connectivity along with sufficient

coverage. This paved the way for studying M-connected coverage problem where at
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least M -connectedness should exist within the nodes that are turned on, to guarantee
the correctness of the information collected and also to ensure the reachability of the

information at other nodes including the base station.

2.1.3 Network Lifetime and Energy Consumption

One of the most important factor to consider while developing a coverage scheme is
energy. Battery of sensor nodes is mostly irreplaceable and cannot be recharged. This
necessitates the need for a mechanism which conserves energy to prolong the network
lifetime. A sensor network should have reasonably high number of sensor nodes for a
random deployment, else the network may not satisfy coverage requirement or will not

be able to survive for a longer time.

Direct Base Station Connected Coverage

In this model, we consider targets in an inaccessible region to be monitored. The sensor
nodes are randomly deployed. The base station obtains the sensor node locations using
some localization method. The base station then computes a schedule and communi-
cates it to the sensor nodes. Network lifetime is defined as the time interval between
the instant at which the network starts functioning and the instant at which the targets
cannot be simple/k/Q covered. The following two parameters are considered for direct

base station connected coverage:

e Remaining energy of each sensor node

e Sensing range (prespecified and fixed)

M-Connected Coverage

Network lifetime is defined as the time interval between the instant at which the network
starts functioning and the instant at which the targets cannot be simple/k/Q covered or
M -connected coverage is not satisfied. The following three parameters are considered

for M-connected coverage:

e Remaining energy of each sensor node
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e Sensing range (prespecified and fixed)

e Communication range (prespecified and fixed)

2.1.4 Sensor Scheduling: A Method for Network Lifetime Enhance-

ment

Energy efficiency is a major concern since it directly influences network lifetime. In
most cases, wireless sensor networks are expected to operate for a long time in spite
of the fact that devices have limited battery. As the battery of the sensor nodes cannot
be recharged or replaced easily, it is important to make use of the available energy
effectively and efficiently. Activating all the sensor nodes at the same time leads to
multiple nodes monitoring the same target, thereby reducing the network lifetime. Thus,

energy conservation is a critical issue in sensor networks.

Generally random deployment includes a large population of sensor nodes and
scheduling is a frequently used method to conserve energy. Only a minimum number of
sensor nodes are activated to satisfy the coverage requirement and the remaining nodes
are set to sleep for conserving energy. Hence these scheduling schemes prolong the
lifetime of the sensor network. Apart from prolonging network lifetime, it also avoids
frequent communication collisions and redundant messages in a sensor network with
dense activated nodes (Chen and Koutsoukos, 2007). If more nodes are left to sleep,
the WSN may be disconnected. This will affect data communication and transmission.
Compared to direct base station connected coverage, some extra nodes might have to

be active to keep the network connected for satisfying connected coverage.

The algorithms designed for sensor scheduling can either be centralized or dis-
tributed. Since distributed/localized algorithms run on more nodes throughout the net-
work, it may be more complex (Mulligan and Ammari, 2010). Raman and Chebrolu
(2008) makes it clear why a centralized design need not always be looked down upon.
Lack of fault tolerance and lack of scalability are the key concerns for avoiding a cen-
tralized design. The former does not raise any major threat since most sensor network
deployments have a sink which is a single point of failure, and the latter too is not a big

concern since the sink nodes will generally have far greater CPU and memory capacity.
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2.2 Problem Definition

2.2.1 Direct Base Station Connected Coverage

Let us assume m sensor nodes {51, Ss, ..., S,,} randomly deployed to cover the area
R with n targets {71,7T5,...,T,}. Here, each sensor node can directly communicate
with the base station. The base station obtains the location of the sensor nodes through
some localization scheme and constructs a sensor-target matrix. Each sensor node has
an initial energy Fj and a sensing radius, s,. A sensor node 5;, 1 < ¢ < m, is said to
cover a target 7, 1 < j < n, if the distance d(S;, T;) between S; and 7} is less than s,..

The sensor-target coverage matrix is defined as,

1 if S; monitors 7T}
ST;; = (2.1
0 otherwise
where: =1,2,...,mandj=1,2,...,n

This matrix assists the base station in deciding the schedule.

1-Coverage Scheduling

Definition 1: Given an energy constrained wireless sensor network with m randomly
placed sensor nodes and n targets, schedule the sensor nodes such that all the targets are
continuously monitored and the network lifetime is maximized. In other words, given
a set of sensor nodes S = {S},S5s,...,S5,} with battery power b = {b1,b2,...,b,},
energy consumption rate e; for S; and a target set 7' = {77, T5, ..., T, }, find a schedule
{C1,...,Cy} for time tick {¢1, ...ty } such that for all ticks, each target is monitored

by at least one of the sensor nodes and the network lifetime 21{:1 tp is maximized.

k-Coverage Scheduling

Definition 2: Given a set of sensor nodes S = {51, Sy, ..., S,,} with battery power b =

{b1,bs, ..., by}, energy consumption rate ¢; for S; and a target set 7' = {11, T», ..., T},
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generate a schedule {C1,...,Cy}, for {t1,...,ty}, such that T = {1}, Ts,..., T, } is
covered by at least £ sensor nodes, 1 < k < m and the network lifetime Zgzl tp is

maximized.

Q-Coverage Scheduling

Definition 3: Given a set of sensor nodes S = {51, 5y, ..., S,,} with battery power b =
{b1,bs, ..., by}, energy consumption rate e; for S; and atarget set 7' = {71, 15, ..., T},
generate a schedule {C1,...,Cy}, for {t1,... ty}, such that T = {1, Ts,..., T, } is
covered by at least Q = {¢1, g2, - - ., ¢} sensor nodes, where each target 7;, 1 < j <mn,
is covered by at least g; sensor nodes at any time and the network lifetime 2’;21 tp
is maximized. 1-coverage and k-coverage are special cases of Q-coverage where all

q; = 1 and g; = k respectively.

Upper bound

The upper bound is the maximum achievable network lifetime for a particular config-
uration and as stated by Gu et al. (2007) and Chaudhary and Pujari (2009), the upper

bound is calculated as,

u = min; | —2— (2.2)
€;
where ¢; is the energy consumption rate of S;. For k-coverage, ¢; = k, j =
1,2,...,n.
2.2.2 M-Connected Coverage
Let us assume m sensor nodes {S;, So, ..., S, } randomly deployed to cover n targets
{T,Ts,...,T,} in a region. Each sensor node has an initial energy Fj, sensing radius

s, and communication radius c,. A sensor node S;, 1 < ¢ < m, is said to cover a target
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T;,1 < j < n, if the distance d(.S;, T;) between S; and T} is less than s,. Two sensor
nodes are said to be connected if one sensor node lies within the communication range
of the other. Here two matrices are computed: coverage matrix and connectivity matrix.

The coverage matrix is defined as,

1 if S; monitors T;
ST;; = (2.3)
0 otherwise
where: =1,2,... mandj=1,2,...,n

The connectivity matrix is defined as,

1 if S; and S, are connected and i # z
CM,;, = 2.4)
0 otherwise
where: =1,2,... mandz=1,2,....,m

M-Connected 1-Coverage Scheduling

Definition 1: Given m sensor nodes S = {Si,Ss,...,S,,} with battery power b =
{b1,bs, ..., by}, energy consumption rate ¢; for S; and n targets T' = {11, T5, ..., T},
find a schedule {C}, ..., Cy} for time tick {¢1, ...,y } such that for all ticks,

1. each target is covered by at least one of the sensor nodes

2. each sensor node in Cp is connected to at least M other nodes in Cp where 1 <
M<m

3. network lifetime Y),_, p is maximized

M-Connected k-Coverage Scheduling

Definition 2: Given a set of sensor nodes S = {S1, Ss, ..., S,,} with battery power b =
{b1,bs, ..., by}, energy consumption rate e; for S; and a target set 7' = {1, T3, ..., T},

generate a schedule {C', ..., Cy}, for {¢, ..., ty}, such that for all ticks,
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1. each target is covered by at least k sensor nodes, 1 < k <m
2. each sensor node in Cp is connected to at least M other nodes in Cp where 1 <
M<m

3. network lifetime 211::1 tp 1s maximized

M-Connected Q-Coverage Scheduling

Definition 3: Given a set of sensor nodes S = {51, Sy, ..., .S,,} with battery power b =
{b1,bs, ..., by}, energy consumption rate e; for S; and a target set 7' = {11, T», ..., T},
generate a schedule {C,...,Cy}, for {t1,...,ty}, such that for all ticks,

1. T ={1,T,,...,T,} is covered by at least Q = {¢1, g2, - . . , ¢} sensor nodes, where
each target 7, 1 < 7 < n, is covered by at least ¢; sensor nodes

2. each sensor node in Cp is connected to at least M other nodes in Cp where 1 <
M<m

3. network lifetime S_),_, tp is maximized

2.3 Related Work

Slijepcevic and Potkonjak (2001) propose a heuristic that selects mutually exclusive sets
of sensor nodes, where the members of each of those sets together completely cover the
monitored area. The intervals of activity are the same for all sets, and only one of the
sets is active at any time. Cardei and Du (2005) present Maximum Covers using Mixed
Integer Programming (MC-MIP) for simple coverage problem, to extend the sensor
network operational time which outperformed the heuristic proposed by Slijepcevic
and Potkonjak (2001). The sensors are organized into a maximal number of disjoint set
covers that are activated successively. Cardei et al. (2005) design Linear Programming-
Maximum Set Covers (LP-MSC) and Greedy-Maximum Set Covers (Greedy-MSC) to
solve simple coverage problem. Since Greedy-MSC has a lower running time compared

to LP-MSC, it is more suitable for larger networks. A comparison on the network
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lifetime achieved using Greedy-MSC and the theoretical upper bound shows that for

higher number of sensors, Greedy-MSC could not achieve the upper bound.

Huang and Tseng (2003) present polynomial-time algorithms where the goal is to
determine whether every point in the service area of the sensor network is covered by
at least & sensors, where k is a predefined integer value. This paper has not given any
experimental results explicitly and also not compared with any of the existing schemes.
It only highlights the principle and methods used. The result is a generalization of
some earlier results where only k£ = 1 is assumed. Based on Helly’s Theorem and
the geometric properties of Reuleaux triangle, Ammari and Das (2010a) show how to
achieve energy-efficient k-coverage of a region of interest. Ammari and Das (2010b)
derive the minimum sensor spatial density to ensure k-coverage of a 3D space based
on the geometric properties of Reuleaux tetrahedron. Yen et al. (2006) formulate a
mathematical expression for expected k-coverage taking into account the border effects.
In this paper, they try to maximize degree of coverage of a sensor network. They provide
a formula for estimating the degree of coverage and verified through experiments. The
authors claim that it depends only on the desired expected coverage ratio, and not on

the number of sensors or the sensory range.

Zhang et al. (2007) propose a framework for At Most k£ Coverage Problem (AM
k-Coverage). A centralized algorithm is proposed to divide dense wireless sensor net-
work into coverage subsets based on GA (Genetic Algorithm), which is a quasi-parallel
method. The degree of coverage is flexible in this framework. The result comparison
with MC-MIP (Cardei and Du, 2005) shows that the heuristic proposed by Zhang et al.
(2007) achieved more cover sets than MC-MIP (Cardei and Du, 2005). An algorithm
was devised by Hefeeda and Bagheri (2007) for computing near-optimal hitting sets
where an optimal hitting set corresponds to an optimal solution for k-coverage. The
obtained network lifetime is less than the optimal network lifetime by at most a loga-
rithmic factor. Li and Gao (2008) develop Perimeter Coverage Level Greedy Selection
(PCL-GS) and Perimeter Coverage Level Greedy Selection Algorithm (PCL-GSA) to
solve the k-coverage problem. GS deals with the case where sensors have fixed sensing
range and sensors are divided into disjoint cover sets. GSA deals with the case where

sensors can adjust their sensing range and sensors are divided into non-disjoint cover
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sets. Our approach resembles GS where the sensing range is fixed. Experimental results

of GS show that the network lifetime can be 90% of the ideal network lifetime.

Q-Coverage problem is addressed by Gu et al. (2007) and Chaudhary and Pujari
(2009). A method is proposed by Gu et al. (2007) based on column generation, where
each column corresponds to a feasible solution. The column with the steepest ascent
in lifetime has to be identified, and based on that a search for the maximum lifetime
solution will be iteratively performed. An initial solution is generated through a ran-
dom selection algorithm. This column based approach achieved better network lifetime
compared to LP-MSC (Cardei et al., 2005). Chaudhary and Pujari (2009) present a
greedy heuristic, High Energy and Small Lifetime (HESL), to generate Q-covers by
prioritizing sensors in terms of the residual battery life. HESL yields network lifetime
close to the optimal network lifetime for less cover activation time and smaller values
of Q. Our aim is to maximize the network lifetime so as to achieve the optimal network

lifetime in all cases.

Zhou et al. (2004) present a centralized approximation algorithm and a distributed
version of the algorithm to solve connected k-coverage problem. The distributed prior-
ity algorithm is more efficient in applications where the query is executed for less than
a few hundred times. For longer running queries, the distributed greedy algorithm is
more efficient. Lu et al. (2005) generalize the sleep/active mode by adjusting sensing
range to maximize the total number of rounds and presents a distributed heuristic. A
more generic connectivity condition that can be used even when the transmission range
is less than twice the sensing range is considered. It deals with the case of scheduling
sensors’ activity by self-configuring sensing ranges, in the environment where both dis-
crete target coverage and network connectivity are satisfied. Gupta et al. (2003) design
and analyze algorithms for self-organization of a sensor network into an optimal logical
topology in response to a query. A distributed version of the approximation algorithm
that is run by the sensors in the network and results in a self-organization of the network

into a topology involving a near-optimal number of sensors is also designed.

Zhao and Gurusamy (2008) consider the Connected Target Coverage (CTC) prob-
lem with the objective of maximizing the network lifetime by scheduling sensors into

multiple sets, each of which can maintain both target coverage and connectivity among
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all the active sensors and the sink. A faster heuristic algorithm based on the approxi-
mation algorithm called Communication Weighted Greedy Cover (CWGC) algorithm

is designed and a distributed implementation of the heuristic algorithm is presented.

Ammari and Das (2008) compute the minimum sensor spatial density necessary for
complete k-coverage of a sensor field. A tighter bound on network connectivity of k-
covered WSNs, where the radius of the communication disks of sensors only needs to

be at least equal to the radius of their sensing disks, is also derived.

Heinzelman et al. (2000) propose a method, Low-Energy Adaptive Clustering Hi-
erarchy (LEACH) which is based on clustering and also points out that using a direct
communication protocol or MTE routing will not be optimal. Direct communication
will require a large amount of transmission power from each node if the base station
is far away from the nodes. In the case of minimum-transmission-energy (MTE) rout-
ing, the nodes closest to the base station will be used to route a large number of data
messages to the base station. Thus these nodes will die out quickly, causing the energy
required to get the remaining data to the base station to increase and more nodes to die.
With the use of clusters, LEACH is able to achieve large reduction in energy dissipation.
Local computation in each cluster reduce the amount of data that must be transmitted

to the base station.

Bai et al. (2008) investigate the problem of finding an optimal deployment pattern
that achieves four connectivity and full coverage. A Diamond pattern, which can be

viewed as a series of evolving patterns is proposed.

Most of the works related to target coverage focus on direct communication or MTE
routing, where the nodes closest to the base station is largely used. Unlike all of these,
we focus on identifying a minimum-sized cluster which is M -connected and meets
simple/k/Q-coverage requirement. Once this cluster is decided, routing information to

the base station is done as in LEACH.
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2.4 Proposed Method

2.4.1 Direct Base Station Connected Coverage

We propose a weight-based multi-stage method for determining the cover sets. It in-
cludes the following main steps:

1. Weight Assignment

2. Cover Formation

3. Cover Optimization

4. Cover Activation and Energy Reduction

Algorithm 1 shows the proposed method. Each run () is one iteration set to check
the network lifetime. The first run finds the network lifetime using the priority of the
sensor nodes. If the obtained network lifetime is less than the theoretical upper bound,
it tunes the weight component to search for a better solution. This tuning is done till the
network lifetime equals the upper bound or it exceeds the maximum number of times

tuning can be done(max_run).

Weight Assignment

Weight assignment is performed to decide the priority of sensor nodes. The more the
weight of a sensor node, the higher the priority of the sensor node. Cover sets are

decided based on this priority.

Weights are calculated for each sensor node by the base station by considering three
factors:
1. Weight due to the remaining energy (w;)
2. Weight due to covered targets (ws)

3. Weight due to peers (w3)
1. Weight due to the remaining energy

Each sensor node assigns a weight to itself which is equivalent to the remaining

battery power of the sensor node. For each node 5; in the optimized cover set, the
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Algorithm 1 Proposed Method

1:
2:
3:

D A A

10:
11:
12:
13:
14:
15:
16:

17:
18:
19:
20:

Input: ST, B
Initialize k/Q, max_run
for r = 1 to max_run do
for iteration=1to Y ;" b; do
if cover possibility exists then
Calculate weight due to remaining energy (according to Equation 2.5)
Determine cover based on priority (Algorithm 2)
Optimize cover (Algorithm 3)
Activate optimized cover and reduce battery power (Algorithm 4)
else
break
end if
end for
Calculate network lifetime (nlife)
if nlife < u then

Tune weight deciding component and/or parameter (according to Equa-

tion 2.9)
else
break
end if
end for

weight assigned by itself decrements by the rate of energy consumption.

wlzbi

2. Weight due to covered targets

(2.5)

All sensor nodes are assigned weights based on the targets it cover and is calculated

as given below:

_ ST,
YT S ST,

wst

The sum of weight due to covered targets of a sensor node 7 is given by,

n
’U)tlz E wstij
j=1
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wy = wt; (2.8)

3. Weight due to peers

Weight assigned to a sensor node by other neighboring nodes within the communi-
cation radius constitute weight due to peer sensor nodes (ws). This component is not

considered in this section as we consider only direct base station connected model.
Total Weight

The total weight of a sensor node is a function of the weight due to the targets it

cover and the weight due to the remaining energy.

We define

w = w) +w) +w (2.9)

where -1 < (<1,-1<~y<land-1<6<1

Nodes with different coverage degree may coexist in a network. Though the ini-
tial battery power of all the nodes in the network might be the same, it may vary in

accordance with the cover activation.

The weights are recalculated for all the nodes at each time instant if,
1. Weight due to the remaining energy changes: It happens due to reduction in battery
power for nodes which were in the previous cover.
2. Node turns off due to no battery power: The targets which were monitored by sensor

nodes that turn off will reassign weights to all other sensor nodes monitoring it.

This weight recalculation might trigger a priority change and subsequently a new

cover might be generated at the next time instant.

Cover Formation

A cover can be generated in different ways if the network has nodes which make all the
targets k/Q covered. The proposed approach uses a priority based method. In the order

of priority, if any new sensor node contributes to £/Q coverage requirement, it will be
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added to the cover set. In general, a sensor node S; can be added to a cover set C'ov_S
if and only if

1. for simple coverage problem: Cov_S U {S;} covers any new target

2. for k-coverage problem: C'ov_S U {S;} contributes to k-coverage requirement

3. for Q-coverage problem: C'ov_S U {S;} contributes to Q-coverage requirement

Algorithm 2 describes cover formation.

Algorithm 2 Cover Formation
: Input: Sorted S in descending order of w

—_—

2: Output: Cov_S

3: Initialize Cov_S = ¢

4: fori=1tomdo

5. if S; contributes to coverage then
6: Cov_S = Cov_S U{S;}

7 endif

8:  if coverage requirement met then
9: break;
10:  end if
11: end for

Cover Optimization

Once the coverage requirement is met, the obtained cover set is optimized. By optimiz-
ing the generated cover, the proposed scheme attempts to minimize the energy usage.
It should be noted that this is the second phase of redundancy elimination, the first one
being at the cover formation. A problem that arises with the cover formed at the cover
formation phase is that it might still have nodes that need not be active to cover all the
targets. This is possible because it is a step by step addition till all the targets are cov-
ered. A node can thus be dropped for not contributing to coverage at the time of cover
formation or for not contributing to coverage after cover formation. The nodes in the
cover set are subject to optimization using least priority first approach. This method of
elimination prevents the higher priority nodes being discarded at the initial stages of op-
timization itself. The least priority node in the cover set cannot be eliminated from the
cover set as it satisfies the £/Q coverage requirement. Elimination starts from the last
but one node as per increasing priority. A node S; € Cov_S, 1 < i < length(Cov_S),

represented as S;.C'ov_S will not be added to the optimized cover set Opt.C'ov_S' if
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Cov_S — {S;.Cov_S} meets k/Q coverage requirement. Cover optimization is dis-

cussed in Algorithm 3.

Algorithm 3 Cover Optimization
1: Input: Cov_S

2: Output: Opt.Cov_S

3: Initialize Opt.Cov_S = ¢

4: for i = length(Cov_S) downto 1 do

50 if Cov_S — {S;.Cov_S} meets k/Q coverage requirement then
6: Ignore S;.Cov_S

7: Cov_S = Cov_S — {S;.Cov_S}

8: else

9: Opt.Cov_S = Opt.Cov_S U{S;.Cov_S}

10:  endif

11: end for

Cover Activation and Energy Reduction

The sensor nodes in the optimized cover are activated. The total energy that each node
consumes should not fall beyond the minimum usable energy, F,,;,. When the battery
power reaches F,,;,, the node becomes inactive and will not be able to monitor any
more targets further. A node changes its state from active to inactive when the remain-
ing battery power is lower than the minimum usable energy. As the battery power is
drained when a node is active, the weight assigned by the node to itself reduces. The
network terminates when no cover can further be formed. The detailed steps are shown

in Algorithm 4.

As we assume that the number of sensors deployed in the area is greater than the
optimum number required to monitor the targets, determining the sensor covers and
switching from one cover to another in a scheduled manner such that only minimum
number of sensor nodes remain active at any time instant is supposed to improve net-

work lifetime.

To summarize, the proposed method is a multi-stage process where the first stage
considers wy is the only weight deciding factor. The cover sets are computed based on
the descending order of weight. The network lifetime is computed and compared with

the theoretical upper bound. If both are same, those are the best possible cover sets, else
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Algorithm 4 Cover Activation and Energy Reduction
1: Input: Opt.Cov_S
2: for i =1 to length(Opt.Cov_S) do
3:  S;.state = true

4:  decrement b;

5: if bz < Emzn then
6: for j=1tondo
7: M;; =0

8: end for

9: endif

10: end for

wsy 1s considered for deciding the weight and the process is repeated. If the best network

lifetime is still not achieved, a third phase includes tuning of parameters 3 and ~.

2.4.2 M-Connected Coverage
Cover Formation

Initially, a cover is computed without looking into connectivity. There may be different
ways to generate sensor covers if the network has nodes which make all the targets
1/k/Q covered. We use a priority based method to compute the covers. The priority
of sensor nodes is calculated based on the remaining battery power. The more the
remaining battery power of a sensor node, the higher the priority of the sensor node. In
the order of priority, if any new sensor node contributes to 1/k/Q coverage requirement,
it will be added to the cover set. In general, a sensor node S; can be added to a cover
set C'ov_S if and only if

1. for simple coverage problem: C'ov_S U {S;} covers any new target

2. for k-coverage problem: C'ov_S U {S;} contributes to k-coverage requirement

3. for Q-coverage problem: C'ov_S U {S;} contributes to Q-coverage requirement

The detailed algorithm is discussed in Algorithm 5.

Cover Optimization

The cover may have nodes which need not be active for coverage condition to be sat-

isfied. These nodes will be eliminated at this phase. The last node in C'ov_S will be
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Algorithm 5 Cover Formation
1: Input: Sorted S in descending order of battery power

2: Output: Cov_S

3: Initialize Cov_S = ¢

4: forv=1tomdo

5. if S; contributes to coverage then
6: Cov_S = Cov_S U{S;}

7. endif

8:  if coverage requirement met then
0: break;
10:  end if
11: end for

the one which completes the 1/k/Q coverage requirement. Hence it will not be elim-
inated. Elimination check starts from the last but one node in Cov_JS. It continues
for all the other nodes in C'ov_S in the least priority first order. This curbs the pos-
sibility of higher priority nodes being eliminated at this stage. A node S; € Cov_S,
1 <i < length(Cov_S), represented as S;.C'ov_S will not be added to the optimized
cover set Opt.Cov_S if Cov_S —{S;.Cov_S} meets 1/k/Q coverage requirement. The

cover optimization algorithm is given in Algorithm 6.

Algorithm 6 Cover Optimization
1: Input: Cov_S

2: Output: Opt.C'ov_S

3: Initialize Opt.Cov_S = ¢

4: for i = length(Cov_S) down to 1 do

50 if Cov_S — {S;.Cov_S} meets 1/k/Q coverage requirement then
6: Cov_S = Cov_S — {5;.Cov_S}

7. else

8: Opt.Cov_S = Opt.Cov_S U {S;.Cov_S}

9: endif

10: end for

M -Connected Cover Formation

The optimized cover is checked for M -connectivity. The connectivity matrix helps
in finding out whether the nodes are M -connected or not. If the nodes are not M-
connected, the nodes which got eliminated at the cover optimization phase and the
nodes which did not form a part of C'ov_S with battery power more than the minimum

usable energy will also be considered. Since any node can play a vital role in making
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an M-connected cover, we add these remaining nodes one by one to the optimized

cover and check for all possible M -connected subsets at each new addition. If any

M -connected subset meets coverage requirement, this subset will be the M -connected

cover. Algorithm 7 shows the formation of M -connected cover.

Algorithm 7 M-Connected Cover Formation

1:

_.
e

11:
12:
13:
14:
15:
16:
17:
18:
19:

20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:

R Al

Input: S in descending order of battery power, C'ov_S, Opt.Cov_S
Output: M_Connected_Cover
Initialize M _Connected_Cover = ¢;flag =0
Total_S = Opt.Cov_S U{Cov_S — Opt.Cov_S} U{S — Cov_S}
Rem_Nodes = Total_S — Opt.Cov_S
ToCheck = Opt_Cov
if ToCheck M-connected then
M _Connected_Cover = ToCheck
else

for i = 1 to length(Rem_Nodes) do
ToCheck = ToCheck U Rem_N odes(i)
if ToCheck M-connected then
M _Connected_Cover = ToCheck
break;
else
ToCheckl = ToCheck
j=1
while T'oCheckl # ¢ do
M _Connected_Subset = ToCheck1(j) U Nodes in T'oCheck satistying
M -connectivity starting with T'oCheck1(}j)
if M_Connected_Subset meets coverage requirement then
M_Connected_Cover = M_Connected_Subset
flag =1
break;
end if
ToCheckl = ToCheckl — M_Connected_Subset
end while
end if
if flag = 1 then
break;
end if
end for
end if

M-Connected Cover Optimization

A node S; € M_Connected_Cover, 1 < i < length(M_Connected_Cover), rep-

resented as S;.M_Connected_Cover will not be added to the optimized cover set
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Opt.M_Conn_Cov if M_Connected_Cover — {S;.M_Connected_Cover} is M-
connected and meets 1/k/Q coverage requirement. M -connected cover optimization

algorithm is given in Algorithm 8.

Algorithm 8 M/ -Connected Cover Optimization
1: Input: M_Connected_Cover
2: Output: Opt.M_Conn_Cov
3: Initialize Opt.M_Conn_Cov = ¢
4: for i = length(M_Connected_Cover) down to 1 do
5. if M_Connected_Cover —{S;.M_Connected_Cover} meets k/Q coverage re-
quirement and is M -connected then

6: Ignore S;.M_Connected_Cover

7: M _Connected_Cover = M_Connected_Cover — {S;.M_Connected_
Cover}

8: else

9: Opt.M_Conn_Cov = Opt.M_Conn_Cov U {S;.M_Connected_Cover}

10: endif
11: end for

2.5 Results and Discussion

2.5.1 Direct Base Station Connected Coverage

We consider a 500m x500m region with the number of sensors varying from 300-600
to monitor 25 targets. Sensing range of each sensor node is fixed as 75m. Initial battery
power of each node is set to 100 units. £, is O and e is 1 unit of energy per unit of
time. Results are noted for various k values, ranging from 1-5 and for Q ranging from

1-3, 1-4 and 1-5. Results are reported as an average of 25 experiments for each case.

Comparison of upper bound and network lifetime without cover optimization

The theoretical upper bound is calculated initially. Experiments are conducted with
remaining battery power as the only priority deciding factor. Figure 2.4 shows the
experimental results for simple coverage problem. Figure 2.5 and Figure 2.6 show the
upper bound and the network lifetime without cover optimization for different values

of k£ and Q respectively.
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Figure 2.4: Comparison of upper bound (U.B), network lifetime without cover opti-
mization (W.C.O), network lifetime with cover optimization (C.O) using
only w; and network lifetime using proposed approach (P.A) for simple
coverage problem

Comparison of network lifetime without cover optimization and with cover opti-

mization

There is a scope of improved network lifetime with cover optimization. Figure 2.7
and Figure 2.8 show that optimizing the generated cover yields much better results.
Network lifetime cannot be further improved so as to achieve the upper bound because

remaining battery power is the only criteria that decided the cover formation.

Comparison of upper bound and network lifetime using proposed approach

Since the upper bound is known, the parameter o can be varied to check for the best
network lifetime. The selection of tuning parameter is crucial. This specifies how the
weight components can be tuned to search for improved network lifetime. The upper

bound is met for certain instances. For those instances where the upper bound is not
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Figure 2.5: Comparison of upper bound and network lifetime without cover optimiza-
tion for k-coverage problem
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Figure 2.6: Comparison of upper bound and network lifetime without cover optimiza-
tion for Q-coverage problem
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Figure 2.7: Comparison of network lifetime without cover optimization and with cover
optimization for k-coverage problem
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Figure 2.8: Comparison of network lifetime without cover optimization and with cover
optimization for Q-coverage problem
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Figure 2.9: Comparison of upper bound and network lifetime using proposed method
for k-coverage problem
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Figure 2.10: Comparison of upper bound and network lifetime using proposed method
for Q-coverage problem
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Figure 2.11: Impact of varying number of nodes & varying £ for k-coverage problem

achieved, adaptive tuning of weight deciding parameter is done. It is evident that there
exists some instances where the sensor nodes that cover least number of targets should
be given priority and the nodes which cover large number of targets should be kept in
reserve for use in later cycles. An inverse of target assigned weight helps to achieve
the upper bound. Figure 2.9 and Figure 2.10 show that this adaptive tuning mechanism
achieved the optimal network lifetime for all the experimented cases. The theoreti-
cal upper bound and the experimental output using the proposed heuristic scheme are

represented using bold face in Table 2.1 and Table 2.2.

Impact of varying number of nodes, varying £/Q

The network is modeled as both sparse and dense to study the impact of varying number
of nodes. The number of sensor nodes deployed in the region is varied between 300-
600. Figure 2.11 and Figure 2.12 show that for higher number of sensor nodes, we
experience an increase in the network lifetime. It also shows that higher £/Q value
decreases the network lifetime. The higher the coverage requirement, the lesser the

network lifetime, because there may not be enough number of sensor nodes to satisfy
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the coverage requirement.
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Figure 2.12: Impact of varying number of nodes & varying Q for Q-coverage problem

Comparison of Greedy-MSC, HESL and proposed approach

Table 2.3 shows the comparison of network lifetime using Greedy-MSC and proposed
approach. The proposed approach consistently achieves the best network lifetime. Ta-
ble 2.4 shows the comparison of network lifetime using HESL and proposed approach.
The number of sensor nodes is fixed as 450 and the number of targets is varied between

200-400. The proposed approach outperforms HESL in all the experimented cases.
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Table 2.4: Comparison of network lifetime using HESL and proposed approach for Q-
coverage problem

Q=[1-3] Q=[1-4] Q=[1-5]

N.T | UB | HESL PA UB HESL PA UB | HESL PA

200 | 327.64 | 325.96 | 327.64 | 245.64 | 243.92 | 245.64 | 210.84 | 209.32 | 210.84

250 | 301 301 301 | 243.64 | 241.76 | 243.64 | 195.84 | 192.6 | 195.84

300 | 205.32 | 203.68 | 205.32 | 231.28 | 231 | 231.28 | 205.32 | 203.68 | 205.32

350 | 289.76 | 287.76 | 289.76 | 231.64 | 231 | 231.64 | 185.4 | 184.04 | 1854

400 | 317 | 312.16 | 317 |223.88 | 221.68 | 223.88 | 197.2 | 196.04 | 197.2

Time Complexity Analysis

We compare the execution time of Greedy-MSC, HESL, and the proposed algorithm.
Execution time highly depends on the machine in which the algorithm is executed. Let
the execution time of a demo code be tx; units of time and the execution time of the
algorithm which has to be evaluated be tx units of time. ‘txo/tz,’ is constant for all
machines where the demo code and the algorithm is executed. We report the time com-

plexity values in Table 2.5 based on this to avoid machine dependence.

Greedy-MSC vs Proposed Approach

The execution time is observed separately for three different cases; (a) when both
methods achieve the same network lifetime (b) when the proposed algorithm outper-
forms Greedy-MSC at the first run itself and (c) when the proposed algorithm performs
better than Greedy-MSC after tuning weight deciding component. We present the ex-
ecution time for all the above three categories in the time complexity comparison of
Greedy-MSC and proposed algorithm in Table 2.5. The execution time of the proposed
approach is less when compared to Greedy-MSC in cases where both methods achieved

the optimal network lifetime. But in certain cases where Greedy-MSC cannot achieve
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Table 2.5: Time Complexity of Greedy-MSC, HESL and proposed algorithm

a! b? el d* e

Alg®| G-MSC | PA | G-MSC | PA | G-MSC | PA | HESL | PA | HESL PA

T.C7| 5929 | 5209 | 5006 | 5310 | 3.921 | 6.102 | 7.426 | 7.426 | 7.398 | 13.263

N.L%| 1200 1200 1160 1200 960 1000 433 433 425 433

! when G-MSC and P.A achieved upper bound

2 when P.A outperformed G-MSC at first run

3 when P.A outperformed G-MSC after tuning weight deciding component
4 when HESL and P.A achieved upper bound

3 when P.A outperformed HESL after tuning weight deciding component

6 Algorithm

7 Time complexity

8 Network Lifetime

the optimal network lifetime, the proposed approach can achieve the best result in the
first run itself with a slight increase in the execution time. This increase is because there
are more number of cover sets to be formed as compared to G-MSC. But in cases where
the optimal network lifetime was not achieved at the first run of the proposed approach,
the weights are recalculated and the cover sets are recomputed. This increases the exe-

cution time significantly, but the optimal network lifetime is achieved.

HESL vs Proposed Approach

There are cases where HESL and proposed method achieve the same network life-
time and cases where proposed method achieved better network lifetime than HESL.
These two categories are shown in the time complexity comparison of Greedy-MSC
and proposed algorithm in Table 2.5. The time for execution of HESL and proposed
algorithm are the same when both achieves the same network lifetime. In cases where
proposed approach achieved better results, the time taken for execution is high because
the covers are recomputed. HESL studies the influence of cover activation time over
network lifetime. The more time a cover remains active, less will be the execution time

since the next cover will be computed only after that greater amount of time.

The proposed approach performs slightly better in terms of execution time where the
results are comparable between Greedy-MSC. The proposed approach requires more

execution time when it is able to increase the network lifetime which cannot be achieved
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by the other two existing approaches. The objective of this work is to maximize the
network lifetime and moreover the scheduling is decided off-line. Thus an increase
in execution time is of little concern particularly when the network lifetime can be

increased.

2.5.2 M-Connected Coverage

We consider a 200m x 200m region for experiments. The number of sensor nodes is
varied between 150-250 to monitor 25 targets. The sensing range is fixed as 40m and
the communication range is 80m. Experiments are carried out for simple coverage, k
values 2, 3, 4 and Q values ranging from 1-3, 1-4 and 1-5. M can take an integer value

between 1 and 3.

Impact of varying £/Q

When £/Q requirement increases, the number of nodes that need to be active increases
and since the number of nodes is large in each cover, there is a large possibility of the
nodes being connected. This will leave the network lifetime unaffected when connec-

tivity is also considered.

Impact of varying M

For simple coverage problem, when M increases, a slight decrease in network lifetime
is observed (Figure 2.13). This is because only very few nodes need to be active for
satisfying the coverage requirement. For making them )M -connected, some other nodes
will have to be active, bringing down the overall network lifetime. In case of higher
k/Q coverage requirement, since more number of nodes need to be active, there are
chances that these nodes will be M-connected as well. Figure 2.14 and Figure 2.15
show the network lifetime for M-connected k-coverage and M-connected Q-coverage

respectively.
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Figure 2.13: Network Lifetime for A/-Connected simple coverage problem
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Figure 2.15: Network Lifetime for M -Connected Q-coverage problem
Impact of varying number of nodes

When average network lifetime is considered, for higher number of sensor nodes, net-
work lifetime may or may not increase. The location of targets, location of sensors and
the £/Q values contribute to determining the network lifetime. When given a region
with more sensor nodes, it need not be necessary that the network lifetime will be high.
If the region has more idle sensor nodes, there are chances that the network lifetime
may drop compared to a region with less number of sensor nodes where most of them

are non-idle.

Comparison with CWGC

Communication Weighted Greedy Cover (CWGC) (Zhao and Gurusamy, 2008) uses a
greedy method to select the set of source nodes (called source set) that cover the tar-
gets and it couples the communication cost and the selection of source sets. Though

the method is for multi-hop communication where a sensor cannot reach the sink node
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Figure 2.17: Comparison of CWGC and proposed approach for M-Connected simple
coverage problem

directly, and many of the assumption do not match our model, we perform a compari-
son based on the operational time of a sensor cover in CWGC. In CWGC, each cover
operates for a fixed time duration, unless some sensors in the cover will die before the

end of the time duration due to the lack of energy. This might not give the optimal
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Figure 2.18: Comparison of CWGC and proposed approach for A -Connected k-
coverage problem where M = 2

network lifetime for some cases. We have shown this with an example in Figure 2.16
for k-Coverage problem with £ = 2. The region has 3 sensor nodes Si, S;, S3 with
battery power 100 units and energy consumption rate 1 unit, and two targets 77 and
T,. Each sensor node is able to monitor both the targets and all the three sensor nodes
are connected. Let the initial cover formed be {5}, S2}. With CWGC, the same cover
will be active till at least one node dies. So, the cover will be active for 100 units of
time, yielding a network lifetime of 100 units. With our proposed method, if covers
are computed for each time instant, based on priority of sensor node(battery power),
the following will be the sensor covers {{S1, 52}, {Ss, S1},{S2, 53}, ...}. This will
give a network lifetime of 150 units. Figure 2.17 shows a comparison of our proposed
approach with CWGC for simple coverage problem. Figure 2.18 and Figure 2.19 show
a comparison of our proposed approach with CWGC for k-coverage and Q-coverage

problems respectively together with A/-Connectivity.
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Figure 2.19: Comparison of CWGC and proposed approach for M -Connected Q-
coverage problem where M = 2

2.6 Conclusion

In dense networks, where the number of sensor nodes are large, the possible combi-
nations of cover sets are large and choosing the best cover sequence among those is a
difficult task. Cover optimization naturally extends lifetime for some cases where the
optimal solution cannot be achieved. There are special cases where nodes that monitor
more number of targets should be reserved for later use. The results obtained show that
in such cases, the adaptive tuning helps to achieve the optimal network lifetime. Our
proposed approach finds a cover sequence such that the network lifetime matches the

theoretical upper bound for all experimented simulations.

Sensitive applications of wireless sensor networks require high level of connectivity
as well as coverage. We propose a method to schedule the sensor nodes such that only
minimum number of sensor nodes will be active, satisfying connectivity and coverage
requirement. This leads to a higher network lifetime. The need for such a method
arises when all the targets need not be monitored with the same proximity and when

M -connectedness should exist within the nodes that are turned on, to guarantee the
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correctness of the information collected and also to ensure the reachability of the in-
formation at other nodes including base station. We observe that the introduction of
connectivity does not affect the network lifetime to a greater extent. The proposed

method performs better than CWGC.
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CHAPTER 3

SENSOR NODE DEPLOYMENT PROBLEM

3.1 Introduction

Since energy is the most critical issue in WSNSs, it is necessary to optimize energy
consumption in various ways. Using a proper node deployment scheme, energy con-
sumption can be reduced and can thus extend the lifetime of WSNs (Poe and Schmitt,
2009). In addition to energy consumption, the number of nodes can be reduced and the

quality of coverage can also be improved.

Maximization of network lifetime is one of the main challenges in wireless sensor
networks. Energy can be efficiently used through proper energy utilization schemes,
depending on the application. If the application permits deterministic deployment of
nodes, energy wastage can be controlled by restricting the sensing range required and
the quality of coverage can be improved in case of probabilistic coverage. Sensor nodes
are deployed to achieve either area coverage or target coverage. Figure 3.1 shows a
deployment to achieve area coverage. In such cases, if the sensors have fixed sensing
range, optimal deployment patterns are preferred to minimize the number of sensor
nodes required. In this chapter, we focus on target coverage problem. The number of
sensor nodes to be deployed are limited and the sensing range has to be minimized to

control energy usage and improve quality of coverage.

3.1.1 Types of Sensor Deployments

The deployment of sensor networks varies with the application considered. In some en-
vironments, it can be predetermined and be strategically hand placed. The deployment
can also be undetermined: the sensors may be air-dropped or deployed by other means.

The sensors can also be deterministically deployed by a robot, which can place them



Figure 3.1: Area Coverage

on the exact localization predetermined to optimize the use of network resources (Fil-
ipe et al., 2004). While random node deployment is required in many applications, we
need to explore possibility of other deployment methods since an inappropriate node
deployment can increase the complexity of other problems like routing, clustering, data

aggregation etc. in WSNs (Poe and Schmitt, 2009).

Depending on the density of nodes in a network, a sensor network deployment can

be categorized as dense deployment or sparse deployment.

e Dense Deployment
A dense deployment involves relatively large number of sensor nodes in the re-
gion of interest. It is used when higher level of coverage has to be satisfied.

e Sparse Deployment
A sparse deployment includes only a few number of nodes in the region of inter-
est. It is used when dense deployment is impossible because of cost of deploy-
ment or other factors (Mulligan and Ammari, 2010)

Based on the type of deployment, a sensor network deployment can be categorized

as random deployment or deterministic deployment.

e Random Deployment
Random deployment is suitable if no prior knowledge of the region is available.
It is mainly used for military applications, inaccessible area, hostile region etc.
However, random deployment does not always lead to effective coverage, espe-
cially if the sensors are overly clustered and there is a small concentration of
sensors in certain parts of the sensor field (Zou and Chakrabarty, 2003).
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e Deterministic Deployment
Deterministic deployment is suitable for accessible regions. It is also prefered
if powerful, sophisticated and expensive nodes are used which require careful
planning and placement (Liu and Mohapatra, 2005). Non-sensitive applications
usually use deterministic deployment.

3.1.2 Types of Sensing Models

Most research works assume that the sensing region of a sensor node is a sensing disc,
that is, a sensor node has the uniform contribution in all directions of its sensing re-
gion. In the basic model, only if an event occurs within the sensing region, it is always
assumed to be detected with probability 1 otherwise with probability 0. This idealized
binary model has been extensively used to analyze the coverage problems of sensor
networks. But in real deployment of sensor nodes, the sensing capabilities of sensor
nodes have relations with the environment and then it is imperative to have practical
considerations at the design stage. Such a sensing model is known as probabilistic
sensing model. Thus, in general there are two sensing models: binary sensing model

and probabilistic sensing model.

Binary Sensing Model

In a binary sensing model, the target is either monitored with full confidence or not mon-
itored. Let S = {51, 52,...,S5,,} be the set of sensor nodes and 7" = {11, T5,...,T,}
be the set of targets in a given region. A sensor node located at (1, y1, z1) can cover a
target at (9, yo, 22) if the Euclidean distance between the sensor node and the target is

less than or equal to the sensing range s,.

V(T —22)2 4+ (g1 —y2)2 + (21 — 22)2 < s, (3.1

A binary sensing model is given by,

1 if dij < Sp,
ST); = (3.2)

0 otherwise
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Figure 3.2: An example of binary sensing model
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Figure 3.3: Binary Sensing
wherei =1,2,...,mandj = 1,2,...,n. d;; corresponds to the Euclidean distance

between S; and T}

Figure 3.2 shows a deployment which follows a binary sensing model. The sensor

can monitor all the location points/objects within its sensing range, with full confidence.
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Figure 3.4: Probabilistic Sensing

Probabilistic Sensing Model

Most of the research done in coverage assumes that the sensing ability within a sensing
area is deterministic, every point within the sensor’s range will be seen by the sensor.
This is not always the case with real sensors. A real sensor would be more likely to
detect an event that is physically closer to the sensor than one that is near the edge of
its sensing range due to attenuation of the signal. A probabilistic coverage model takes
into consideration the effect of distance on the sensing ability of a node (Mulligan and

Ammari, 2010).

Under probabilistic sensing models, the sensing range is no longer a disk. The
overlap among sensing ranges of different sensors is not clearly defined. Therefore,
the overlap minimization idea may not work with probabilistic coverage protocols that
seek to optimize the number of activated sensors (Hefeeda and Ahmadi, 2010). With
probabilistic model, the probability that the sensor detects a target depends on the rel-
ative position of the target within the sensors’ sensing range. Basically the probability

of detecting a target is assumed to diminish at an exponential rate with the increase in
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distance between a sensor and that target. A sensor can detect targets that lie in its line

of sight.

Probabilistic coverage applies with some kinds of sensors e.g. acoustic, seismic etc.,
where the signal strength decays with distance from the source, and not with sensors
that only measure local point values e.g. temperature, humidity, light etc. (Ahmed et al.,

2005). It can be used for applications which require a certain degree of confidence.

As in (Zou and Chakrabarty, 2005), we use the following exponential function to

represent the confidence level in the received sensing signal:

e~ if dij < s,
ST, = (3.3)

0 otherwise

where 0 < o < 1 is a parameter representing the physical characteristics of the

sensing unit and environment.

The coverage of a target 7; which is monitored by multiple sensor nodes S; is given

by,

STy(S;) =1— ] (1-5Ty) (34)
S;€8;

Figure 3.3 and Figure 3.4 represents binary sensing and probabilistic sensing respec-
tively. In binary sensing (Figure 3.3), the probability of sensing immediately becomes
zero when the distance of target from the sensor node is greater than or equal to the
sensing range (s,). But in probabilistic sensing (Figure 3.4), the probability of sensing

slowly decreases with distance.

3.1.3 Sensor Deployment as an Optimization Problem

WSN issues such as node deployment, localization, energy-aware clustering and data-
aggregation are often formulated as optimization problems. If the nodes can be deter-

ministically deployed and if the targets are fairly large in number compared to the given
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Figure 3.5: Random deployment with fixed sensing range

number of sensor nodes, energy usage can be restricted by limiting the sensing range

requirement.

In this chapter, both the sensing models are considered. The binary sensing model is
initially considered, where the aim is to reduce the sensing range required to achieve the
required coverage. In probabilistic k-coverage, given a region with m sensor nodes and
n targets, each target needs to be monitored by at least k sensors, where 1 < k < m, as
well as monitored with a required probability p for the network to function. Figure 3.5
shows a random deployment of sensor node S;. Here .Sy has a pre-defined sensing range
s,. Figure 3.6 shows a case of deterministic deployment of S; where the sensing range

is restricted/reduced so that it is optimal for all the targets to be monitored.

3.1.4 Swarm Intelligence to solve Optimization Problems

Swarm Intelligence (SI) is an innovative distributed intelligent paradigm for solving
optimization problems that originally took its inspiration from the biological examples
by swarming, flocking and herding phenomena in vertebrates (Abraham et al., 2006).
It lends itself to forms of distributed control that may be much more efficient, scalable

and effective for large, complex systems (Fleischer, 2003). Some examples of swarm
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Figure 3.6: Deterministic deployment with optimal sensing range

systems are: ant colony, flock of birds, group of bees etc. The increased flexibility of
collective structures in an insect colony triggered by simple modulations of the individ-
ual behavior opens interesting ways toward the design of self-adaptive artificial swarm

intelligent systems (Garnier et al., 2007).

The techniques evolved from the collective behaviors of swarm systems can be used
to solve some complex problems. Inside a colony of insects, some features seem to be
actively maintained constant and thus get out from the dynamic evolution of the colony.
Robustness and flexibility are two important properties of these self-organized patterns.
Robustness is the ability for a system to perform without failure under a wide range
of conditions and flexibility is the ability for a system to readily adapt to new, differ-
ent, or changing requirements. Robustness results from the multiplicity of interactions
between individuals that belong to the colony. This ensures that, if one of the interac-
tions fails or if one of the insects misses its task, their failure is quickly compensated
by the other insects. This also promotes stability of produced patterns whereas indi-
vidual behaviors are mostly probabilistic. Flexibility of self-organized systems is well
illustrated by the ability of social insects to adapt their collective behaviors to changing
environments and to various colony sizes (Deneubourg et al. 1986). The adaptations
can occur without any change of the behavioral rules at the individual level. For in-
stance, in the case of selection of shortest path in ants, a geometrical constraint applied
on one of the two alternative paths increases the time needed by the ants to come back
to their nest through this path and thus biases the choice toward the other path with-

out any modification of the insects’ behaviors (Garnier et al., 2007). Some examples
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of swarm intelligence algorithms are Ant Colony Optimization (ACO) (Dorigo et al.,
1996; Dorigo and Blum, 2005), firefly algorithm (Yang, 2009; dos Santos Coelho et al.,
2011), harmony search (Geem et al., 2001; dos Santos Coelho and Mariani, 2009).

Though there is a large body of literature in this area, we discuss two swarm intelli-

gence algorithms we have used:

Particle Swarm Optimization

Particle Swarm Optimization (PSO) algorithm models the social behavior of bird flock-
ing or fish schooling. PSO is a population-based stochastic optimization technique and
well adapted to the optimization of nonlinear functions in multi-dimensional space.
PSO consists of a swarm of particles moving in a search space of possible solutions
for a problem. Every particle has a position vector representing a candidate solution to
the problem and a velocity vector. Moreover, each particle contains a small memory
that stores its own best position seen so far and a global best position obtained through

communication with its neighbour particles (Kennedy and Eberhart, 1995).

Conceptually, it seems to lie somewhere between genetic algorithms and evolution-
ary programming. It is highly dependent on stochastic processes, like evolutionary
programming. The adjustment toward pbest (particle best) and gbest (global best) by
the particle swarm optimizer is conceptually similar to the crossover operation utilized
by genetic algorithms. It uses the concept of fitness, as do all evolutionary computation

paradigms (Eberhart and Kennedy, 1995).

It consists of a swarm of s candidate solutions called particles, which explore an
nd-dimensional hyperspace in search of the global solution (n represents the number of
optimal parameters to be determined). A particle ¢ occupies position x;4 and velocity
v;q in the d** dimension of the hyperspace, 1 < i < sand 1 < d < nd. Each particle
is evaluated through an objective function f(z1;zs;. .. ; Tnq), where f : R™ — R. The
cost (fitness) of a particle close to the global solution is lower (higher) than that of a
particle that is farther. PSO thrives to minimize (maximize) the cost (fitness) function.
In the global-best version of PSO, the position where the particle ¢ has its lowest cost is

stored as (pbest;;). Besides, gbest,, the position of the best particle. In each iteration
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tr, velocity v and position x are updated using equation (3.5) and equation (3.6). The
update process is iteratively repeated until either an acceptable gbest is achieved or a

fixed number of iterations tr,,,; is reached.

vig(tr + 1) = w.v(tr) + 1.1 (tr).pbestiy — xiqg + po.12(tr).(gbesty — x;4)  (3.5)

Tig(tr + 1) = xig(tr) + vig(tr + 1) (3.6)

Here, ¢ and 9 are constants, and 71 (¢r) and r(¢r) are random numbers uniformly
distributed in [0,1].
The basic steps of PSO (Eberhart and Kennedy, 1995) are:

Initialize particles

Do

For each particle

Calculate the fitness value

If the fitness value is better than the best fitness value (pbest) in history

Set current value as the new pbest

End

Choose the particle with the best fitness value of all the particles as the gbest
For each particle

Calculate particle velocity according to velocity update equation (Equation(3.5))
Update particle position according to position update equation (Equation(3.6))
End

While maximum iterations or minimum error criteria is not attained

Artificial Bee Colony Algorithm

Artificial Bee Colony (ABC) Algorithm (Karaboga and Basturk, 2007, 2008; Karaboga
and Akay, 2009) is an optimization algorithm based on the intelligent foraging behavior

of honey bee swarm.
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In the ABC algorithm, the colony of artificial bees contains three groups of bees:
employed bees, onlookers and scouts. A bee waiting on the dance area for making
decision to choose a food source, is called an onlooker and a bee going to the food
source visited by itself previously is named an employed bee. A bee carrying out ran-
dom search is called a scout. In the ABC algorithm, first half of the colony consists of
employed artificial bees and the second half constitutes the onlookers. The position of
a food source represents a possible solution to the optimization problem and the nectar
amount of a food source corresponds to the quality (fitness) of the associated solution.
For every food source, there is only one employed bee. In other words, the number of
employed bees is equal to the number of food sources around the hive. The employed
bee whose food source is exhausted by the employed and onlooker bees becomes a

scout.

In the ABC algorithm, each cycle of the search consists of three steps: sending the
employed bees onto the food sources and then measuring their nectar amounts; selecting
the food sources by the onlookers after sharing the information of employed bees and
determining the nectar amount of the food; determining the scout bees and then sending
them onto possible food sources. At the initialization stage, a set of food source posi-
tions are randomly selected by the bees and their nectar amounts are determined. Then,
these bees come into the hive and share the nectar information of the sources with the
bees waiting on the dance area within the hive. The information about food sources is
shared by dancing (waggle dance) in the designated dance area inside the hive. This
mysterious dance is essential for colony communication, and contains information re-
garding a food patch: the direction in which it will be found, its distance from the hive
and its quality rating (or fitness). The nature of dance is proportional to the nectar con-
tent of food source just exploited by the dancing bee. At the second stage, after sharing
the information, every employed bee goes to the food source area visited by itself at the
previous cycle since that food source exists in its memory, and then chooses a new food
source by means of visual information in the neighborhood of the present one. At the
third stage, an onlooker prefers a food source area depending on the nectar information
distributed by the employed bees on the dance area. As the nectar amount of a food
source increases, the probability with which that food source is chosen by an onlooker

increases, too. Hence, the dance of employed bees carrying higher nectar recruits the
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onlookers for the food source areas with higher nectar amount. After arriving at the
selected area, it chooses a new food source in the neighborhood of the one in the mem-
ory depending on visual information. When the nectar of a food source is abandoned
by the bees, a new food source is randomly determined by a scout bee and replaced
with the abandoned one. Every bee colony has scouts that are the colony’s explorers.
The explorers do not have any guidance while looking for food. They are primarily
concerned with finding any kind of food source. As a result of such behaviour, the
scouts are characterized by low search costs and a low average in food source quality.
Occasionally, the scouts can accidentally discover rich, entirely unknown food sources.
In the case of artificial bees, the artificial scouts could have the fast discovery of the
group of feasible solutions as a task. In ABC algorithm, one of the employed bees is
selected and classified as the scout bee. The classification is controlled by a control
parameter called “limit”. If a solution representing a food source is not improved by a
predetermined number of trials, then that food source is abandoned by its employed bee
and the employed bee associated with that food source becomes a scout. The number of
trials for releasing a food source is equal to the value of “limit”, which is an important
control parameter of ABC algorithm. There are three control parameters in the ABC:
the number of food sources which is equal to the number of employed and onlooker

bees, the value of limit and the maximum cycle number.

Artificial recruiting could similarly represent the measurement of the speed with
which the feasible solutions or the good quality solutions of the difficult optimization
problems can be discovered. The survival and progress of the bee colony are dependent
upon the rapid discovery and efficient utilization of the best food resources. Similarly,
the successful solution of difficult engineering problems is connected to the relatively
fast discovery of good solutions especially for the problems that need to be solved in real
time. In a robust search process, exploration and exploitation processes must be carried
out together. In the ABC algorithm, while onlookers and employed bees carry out the

exploitation process in the search space, the scouts control the exploration process.

This algorithm starts by associating all employed bees with randomly generated
food sources (solution). In each iteration, every employed bee determines a food source

in the neighborhood of its current food source and evaluates its nectar amount (fitness).
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The i*" food source position is represented as D; = (X;,Y;). F'(D;) refers to the nectar
amount of the food source located at D;. If an employed bee’s new fitness value be-
comes better than the best fitness value achieved so far, then the employed bee moves to
this new food source abandoning the old one, otherwise it remains in its old food source.
When all employed bees have finished this process, they share the fitness information
with the onlookers in side the hive, each of which selects a food source according to
the probability. The probability depends on the quality of the food source. With this
scheme, good food sources will get more onlookers than the bad ones. Each bee will
search for a better food source around neighborhood patch for a certain number of cycle
(limit), and if the fitness value will not improve within limit number of cycles, then that
bee becomes scout.

The basic steps of ABC algorithm (Karaboga and Basturk, 2008) are:

Initialize

Repeat

Move the employed bees onto their food sources and determine their nectar amounts
Move the onlookers onto the food sources and determine their nectar amounts
Move the scouts for searching new food sources

Memorize the best food source found so far
Until (requirements are met)

We use Artificial Bee Colony algorithm to compute the optimal deployment loca-
tions so that the sensing range requirement is at minimum, satisfying k-coverage and

probabilistic coverage.
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3.2 Problem Definition

3.2.1 Deployment for Binary Sensing Model
Sensor Coverage

A sensor node located at (x1,y;, 21) can cover a target at (o, yo, 22) if the Euclidean
distance between the sensor node and the target is less than or equal to the sensing range

Sp.

\/($1 —29)2+ (Y1 —y2)? + (21 — 22)2 < s, 3.7

Mean of location points

The mean value of the location points (2, vy, 21) for L = 1,2,..., N, is represented

by (a1, as, az), where

N

a; = % (3.8)
N

1y = % (3.9)
N

as = % (3.10)

Simple Coverage

Given a set of targets 7' = {17, T5,...,T,} located in U x V' x W region and a set of
sensor nodes S = {S1,S5,...,S,}, the objective is to deploy the sensor nodes such
that all the targets are continuously monitored and the network lifetime is extended by

keeping the sensing range at minimum. In other words, the objective is to cover all the
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targets in a given region by at least one sensor node and to minimize the function

F =V;((max(distance(S;, Hy)))) (3.11)

where H is the set of all targets monitored by S;,i = 1,2,...,m,g=1,2,...,h,

where h is the total number of targets ,S; monitors.

k-Coverage

Given a set of targets T = {73, T5,...,T,} located in U x V x W region and a set
of sensor nodes S = {S1,S,...,S,}, the objective is to deploy the sensor nodes
such that all T = {T},T5,...,T,} is covered by at least k¥ number of sensor nodes,
1 < k < m and the network lifetime is extended by keeping the sensing range at
minimum. In other words, the objective is to cover all the targets in a given region by

at least k sensor nodes and to minimize F' (Equation(3.11)).

Q-Coverage

Given a set of targets 7' = {11,T5,...,T,} located in U x V' x W region and a set of
sensor nodes S = {S1,S5,...,S,}, the objective is to deploy the sensor nodes such
that all T = {T3,T5,...,T,} is covered by at least Q = {q1, ¢2, - - ., ¢, } sensor nodes,
where each target 75, 1 < j < n, is covered by at least ¢; sensor nodes, 1 < g; < m, at
any time and the network lifetime is extended by keeping the sensing range at minimum.
In other words, the objective is to cover each target by at least g; sensor nodes and to

minimize F' (Equation(3.11)).

Cluster Formation

Partitioning the targets into clusters will be a key to identify the position of sensor
nodes. Each sensor node is associated to a cluster. Let the set of clusters to be formed
be represented as CL = {CLy,CLy,...,CL,}. A target T, belongs to C'L; if and
only if distance(1},S;) < distance(T};,5;)V; where | = 1,2,...,m ;1 # iand j =
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1,2,...,n. After computing clusters, if any CL; = ¢, mark CL = CL — {CL;}
it implies that S; is not associated to any cluster. For simple coverage problem, each
target is associated to exactly one cluster and for £ and Q-coverage problems, each

target is associated to minimum of k£ and g; sensor nodes respectively.

3.2.2 Deployment for Probabilistic Sensing Model
Sensor Node Deployment to achieve probabilistic target k-coverage

Given a set of n targets 7" = {13,T5,...,T,} located in U x V x W region and m
sensor nodes S = {57, 52, ...,S,}, place the nodes such that each target is monitored
by at least k-sensor nodes and with a total probability p and sensing range is minimum.
The objective is to cover each target with at least k& sensor nodes and probability p and

to minimize the function

F =V, ((max(distance(S;, Hy)))) (3.12)

where H is the set of all targets monitored by S;, 1 =1,2,... . m,g=1,2,... h,

where h is the total number of targets .S; monitors.

Sensor Node Deployment to achieve probabilistic target Q-coverage

Given a set of n targets T = {T3,T5,...,T,} located in U x V x W region and m
sensor nodes S = {51,599, ...,5,}, place the nodes such that T" = {7}, 15, ..., T, } is
monitored by Q = {¢1, ¢2, . . ., ¢, } number of sensor nodes such that target 7; needs to
be monitored by at least ¢; number of sensor nodes, where 1 < ¢ < n and with a total
probability p such that the required sensing range is minimum. The objective is to cover

T); with at least g; sensor nodes and probability p and to minimize F ((Equation(3.12)))
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3.3 Related Work

Due to the dynamic and distributed nature of deployment, it is a challenging task to
obtain full coverage in the region of interest and to utilize energy of each sensor in
a relatively fair fashion (Heo and Varshney, 2005). There are several approaches for
sensor deployment with respect to area coverage problem. The sensors are assumed to
have fixed sensing range in most cases. Optimal deployment patterns are proposed to
achieve area coverage and to minimize the number of nodes to be deployed. Majority

of the models use binary sensing model.

Chellappan et al. (2005) consider sensors’ mobility to be restricted to a flip. The
main aim is to maximize the coverage and to minimize the number of flips. A movement
plan is determined such that this is achieved. The base station collects information
regarding the number of nodes per region and a movement plan is decided as of where
to flip. The solution is minimum-cost maximum flow based and is executed by the base
station itself. The base station sends the movement plan to the corresponding sensors.
Another solution is also proposed that does not need a centralized node. In this solution,
the individual sensors collect region information and execute the solution separately to

identify the movement plan.

Howard et al. (2002) address sensor deployment for mobile sensor networks, where
each node has the capability to sense, communicate, compute and move. It can be used
for environments which may be both hostile and dynamic. Mobile networks have self-
deployment property which implies that they can start from some initial configuration
and spread out such that maximum coverage of the field is achieved. A potential-field-
based approach in which nodes are treated as virtual particles, subject to virtual forces,
is proposed. These forces repel the nodes from each other and from obstacles. This
ensures that the nodes spread out quickly to maximize the coverage area. Apart from
replusive force, a viscous friction force which ensures that the network will finally
reach a state of static equilibrium, is also present. The network will automatically be
reconfigured if there is some change in the environment. Energy is saved by avoiding

unnecessary moves.
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Heo and Varshney (2005) propose a deployment method for a rectangular region
with some number of sensor nodes. All sensor nodes are assumed to have identical
capabilities for sensing, communication, computation and mobility. The sensing area
and communication area are assumed to be circular discs. The aim is to find the posi-
tions and movements of nodes to achieve maximum coverage and to form a uniformly
distributed wireless network in minimum time and with minimum energy consumption.
To solve this, some heuristics are developed and the performance is evaluated based on

coverage, uniformity, and the time and distance traveled until convergence

Wang et al. (2005) consider the sensing field as an arbitrary shaped region with
obstacles. The proposed method can be applied on an indoor environment. The sensing
field is initially divided into smaller sub-regions based on the shape of the field. The
sensors are then deployed in these smaller sub-regions. The sensing field is modeled
as an arbitrary polygon possibly with obstacles. Results show that only few sensors are
required to ensure full coverage of the sensing field and connectivity of the network as

compared to other methods.

Chang et al. (2009b) propose a robot-deployment algorithm that overcomes un-
predicted obstacles and employs full-coverage deployment with a minimal number of
sensor nodes. Node placement and spiral movement policies are proposed for the robot
to deploy sensors and an obstacle surrounding movement policy is proposed to reduce
the impacts of an obstacle upon deployment. When the robot encounters an obstacle,
its algorithm switches to obstacle state wherein the robot adopts the obstacle surround-
ing movement policy to move and deploy sensors, reducing the impacts of obstacles on
deployment. Simulation results show that the proposed algorithm significantly reduces

the number of deployed sensors and improves the resistance to obstacles

Tan et al. (2009) design schemes to maximize sensing coverage and also guarantee
connectivity for a network with arbitrary sensor communication/sensing ranges or node
densities, at the cost of a small moving distance. The moving distance is minimized
which will ultimately reduce energy consumption. This can be applicable to all fields;

irrespective of the field layout or shape of the obstacle.
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Dhillon and Chakrabarty (2003) propose two algorithms for sensor placement in a
sensor field. The objective is to optimize the number of sensors and to determine the
deployment locations. The proposed algorithms address coverage optimization under
the constraints of imprecise detections and terrain properties. These algorithms are tar-
geted at average coverage as well as at maximizing the coverage of the most vulnerable

grid points. The issue of preferential coverage of grid points is also modeled.

Tang et al. (2006) study relay node placement problem. The cluster-based network
model consists of relay and sensor nodes. Relay nodes serve as cluster heads and form a
connected network topology for information dissemination. The relay nodes are capable
of aggregating data packets from the sensor nodes in their clusters and transmitting
them to the sink node via wireless multi-hop paths. The objective is to place the fewest
number of relay nodes in the playing field of a sensor network such that each sensor
node can communicate with at least one relay node and the network of relay nodes is

connected

Du and Lin (2005) propose to improve sensor network performance by deploying a
small number of mobile sensors in addition to a large number of static sensors. Mobile
sensors are used to increase sensing coverage, provide better routing and connectivity
for sensor networks. Under-covered areas are identified and mobile sensors are moved
towards that area. Simulations show that coverage and network performance can be

significantly improved by having a small number of mobile sensors.

Shen et al. (2006) propose Grid Scan which is applied to calculate the basic coverage
rate with arbitrary sensing radius of each node. The basic goal of this approach is to
provide a better coverage with less nodes. It can be used to ensure k-coverage of the
area. A re-deployment approach is followed which is used to get equivalent coverage
rate using less number of sensor nodes or to achieve higher coverage rate with the same

number of sensor nodes.

Bartolini et al. (2008) propose SNAP & SPREAD, an algorithm for autonomous
deployment of mobile sensors. It applies to area coverage problem. Decisions regarding
the behavior of each sensor are based on locally available information and do not require

any prior knowledge of the operating conditions.
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Wu and Yang (2005) propose SMART (Scan-based Movement-Assisted sensoR de-
ploymenT method) that deals with the deployment of mobile sensors. The movement-
assisted Sensor deployment deals with moving sensors from an initial unbalanced state
to a balanced state. SMART uses scan and dimension exchange to achieve a balanced

state and also addresses communication holes in sensor networks.

Ma and Yang (2005) present ATRI (Adaptive TRIangular deployment) algorithm
which maximizes coverage area and minimizes coverage gaps for large scale unattended
mobile sensor networks. The positions are adjusted close to equilateral triangulations,
which is proved to be the optimal layout to provide the maximum no-gap coverage. It
requires only the location information of nearby nodes. This is cost effective since it

avoids communication cost for exchanging global information.

Andersen and Tirthapura (2009) consider sensor deployment in a three dimensional
space to achieve a desired degree of coverage. Another objective is to minimize the
number of sensor placed. In this paper, sensor deployment is modeled as a discrete

optimization problem.

Ahmed et al. (2005) propose a probabilistic coverage algorithm to evaluate area cov-
erage in a randomly deployed wireless sensor network. The coverage issues in wireless
sensor networks are investigated based on probabilistic coverage and propose a dis-
tributed Probabilistic Coverage Algorithm (PCA) to evaluate the degree of confidence
in detection probability provided by a randomly deployed sensor network. Coverage
has been considered in terms of maximal support and breach paths, exposure, quality
of surveillance and area coverage etc. This work is more related to area coverage. Area
coverage checks whether every point in the target area is covered at least by a sensor

node such that there is no coverage hole in the target area.

Zou and Chakrabarty (2005) address the problem of selecting a subset of nodes that
are active for both sensing and communication. The active node selection procedure is
aimed at providing the highest possible coverage of the sensor field, i.e., the surveillance

area. It also assures network connectivity for routing and information dissemination.

Carter and Ragade (2009) address area coverage problem for probabilistic deploy-

ment of sensor nodes. The problem is formulated as an optimization problem with the
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objective to minimize cost while covering all points above a given probability of de-
tection coverage threshold. A probabilistic coverage matrix is defined to decouple the
coverage determination method from the model. A Genetic Algorithm (GA) approach is
presented to solve the optimization problem. Hefeeda and Ahmadi (2010) propose and
evaluate a fully distributed, probabilistic coverage protocol. Experimental study shows
that the protocol activates less sensors than the others while maintaining the same level

of coverage.

ABC algorithm is used to solve optimization problems. Karaboga and Basturk
(2007) compare the performance of the ABC with that of GA, Particle Swarm Opti-
mization (PSO) and Particle Swarm inspired Evolutionary Algorithm (PS-EA) which
are also swarm intelligence and population based algorithms as the ABC algorithm. In
order to demonstrate the performance of the ABC algorithm, PSO, PS-EA, GA and
ABC algorithms are tested on five high dimensional numerical benchmark functions
that have multimodality. From the simulation results it is concluded that the proposed
algorithm has the ability to get out of a local minimum and can be efficiently used for
multivariable, multimodal function optimization. The results show that ABC outper-

forms the other algorithms.

Here we use ABC algorithm to find out the optimal deployment locations of sen-
sor nodes such that the required sensing range is minimum for simple/k/Q coverage

achieved. We consider binary sensing model as well as probabilistic sensing model.

3.4 Proposed Method

3.4.1 Deployment for Binary Sensing Model

The targets are stationary. A solution is a set of locations where the sensor nodes can
be deployed to cover all the targets as required with minimum sensing range. Initial
solutions are randomly generated. Let the solution population be B. The solution cor-
responding to a bee a is denoted as B, = {(x1,y1,21), (T2, ¥2,22)s - - s (Tny Y, Zm) }
where a = 1,2,...,nb , nb represents total number of bees and m represents total

number of nodes to be deployed.
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Figure 3.7: Random deployment of sensor nodes within a given region

The initial task is to form clusters according to their location. Each cluster has a
sensor node associated as cluster centroid with it. The Euclidean distances of the targets
and the sensor locations are calculated. Clusters are formed based on this distance
measure. Clusters are generated in such a way that no sensor location in a solution is

left idle without being part of a cluster.

Figure 3.7 shows a 900m x 900m region where 100 targets need to be monitored with
5 sensor nodes. It is noticeable that though the region is 900m x 900m, it is enough if the
sensor nodes are randomly deployed within the region where the targets are clustered.
The sub-region where the targets are clustered is marked in Figure 3.8. Figure 3.9 shows

the sensor deployment after identifying this sub-region.

The number of targets in a cluster will be less if the sensor to which the cluster
is associated is located at a remote place. The number of clusters formed is exactly
equal to the number of sensor nodes to be deployed. The employed bees return with
the solution having cluster centroids. All the deployment locations in a solution are
replaced by the corresponding cluster centroid. The pseudocode for forming clusters is

given in Algorithm 9.

The Euclidean distance between each target and the sensor location to which it is
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Figure 3.9: Sensors deployed within the sub-region where targets are clustered

associated is used as the fitness function to evaluate the solutions. Each sensor node is
associated to a cluster, where a cluster corresponds to the set of targets monitored by the
sensor node. Let D; = (D1, D;2, D;3) be the initial position of i cluster. F'(D;) refers

to the nectar amount at food source located at D;. After watching the waggle dance of
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Figure 3.8: Sub-region where targets are clustered
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Algorithm 9 Cluster Formation
1: for each B, do
2. war=20

3 repeat

4 if var = 0 then

5: Calculate distance between each target and all the sensor locations

6 Form clusters by assigning targets to 1/k/Q sensor nodes which are at min-

imum distance
7: if all sensor nodes form cluster then
8: Move the sensor location to centroid of all target location points that are
associated with it

9: var =1
10: else
11: Move sensors without assigned targets to random target locations
12: end if
13: end if
14:  until var =1
15: end for

employed bees, an onlooker goes to the region of D; with probability GG; defined as,

F(D))
Gi= =t 3.13
ST F(D) G-13)

where m is the total number of food sources. The onlooker finds a neighborhood

food source in the vicinity of D; by using,

where §;; is the neighborhood patch size for j'* dimension of " food source, v is
random uniform variate € [-1, 1] and calculates the fitness value. It should be noted that
the solutions are not allowed to move beyond the edge of the region. The new solutions
are also evaluated and compared using the fitness function. If any new solution is better
than the existing one, the new one is retained and old one is discarded. Scout bees
search for a random feasible solution. The solution with the least sensing range is
finally chosen as the best solution. The pseudocode of proposed method is given in

Algorithm 10.
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Algorithm 10 Proposed Method of sensor deployment for binary sensing model
1: Initialize the solution population B
Evaluate fitness (Equation(3.11))
Produce new solutions based on cluster centroids
Choose the fittest bee
cycle =1
repeat
Search for new solutions in the neighborhood
if new solution better than old solution then
Memorize new solution and discard old solution
end if
Replace the discarded solution with a newly randomly generated solution
through a scout bee
Memorize the best solution
cycle = cycle + 1
: until cycle = maximumcycles

e A A

HH
—_ O

—_ = =
Rl N

3.4.2 Deployment for Probabilistic Sensing Model

Let the solution population be B. The region is assumed to have only stationary
targets. Each solution B, = {(x1,y1,21), (T2, y2,22)s -+ (Tin, Ym, 2m) } Where a =
1,2,...,nb, nb the total number of bees and m the total number of nodes to be de-
ployed, corresponds to a bee. Unlike the method described in Section3.4.1, in this
case the initial solution is generated in such a way that all the targets can be proba-
bilistically covered, and no sensor node is left idle without contributing to probabilistic
1/k/Q-coverage. The sensor nodes which can make each target 7} meet the required
probability is then identified. Let this subset be R;. If R; satisfies 1/k/Q-coverage
requirement of 7, T is assigned to each sensor node in R;. If it does not satisfy 1/k/Q-
coverage, then identify the nearest nodes which do not belong to R?; that can make 7T;
1/kQ-covered, along with R;. T} is assigned to these new sensor nodes in addition to
R;. Each sensor node is then moved to the center of all the targets which are assigned
to it. This move is not allowed if some target will not be probabilistically covered due

to this shift of location.

The Euclidean distance between each target and the sensor location to which it is
associated is used as the fitness function to evaluate the solutions. Each sensor node is
associated to a cluster, where a cluster corresponds to the set of targets monitored by the

sensor node. Let D; = (D;1, Dy, D;3) be the initial position of i'" cluster. F'(D;) refers
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to the nectar amount at food source located at D;. After watching the waggle dance
of employed bees, an onlooker goes to the region of D; with probability G; defined
as in Equation 3.13. The onlooker finds a neighborhood food source in the vicinity of
D; by using Equation 3.14. It should be noted that the solutions are not allowed to
move beyond the edge of the region. The new solutions are also evaluated by the fitness
function. If any new solution is better than the existing one, choose that solution and
discard the old one. Scout bees search for a random feasible solution. The solution with
the least sensing range is finally chosen as the best solution. Algorithm 11. explains the

proposed scheme.

Algorithm 11 Proposed Method of sensor deployment for probabilistic sensing model
1: Initialize the solution population B
Evaluate fitness ((Equation(3.12)))
Produce new solutions based on probabilistic 1/k/Q-coverage
Choose the fittest bee
cycle =1
repeat
Search for new solutions in the neighborhood
if new solution better than old solution then
Memorize new solution and discard old solution
end if
Replace the discarded solution with a newly randomly generated solution
Memorize the best solution
cycle = cycle + 1
: until cycle = maximumcycles

e AERD

—_ = = = =
Ll S e =

3.5 Results and Discussion

3.5.1 Deployment for Binary Sensing Model

Experimental set up

We consider a 200m x200m x20m region for experiments. For ABC algorithm, the
number of bees (colony size) is taken as 10 with equal number of employed bees and
onlookers. The limit value is 50, number of cycles is 500 and the number of runs is 3.
For PSO algorithm, the number of particles is 10. The number of targets to be monitored

1s varied from 100 to 250. Three instances are considered for each case. The number
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of sensors to be deployed is varied from 10 to 30. £ takes values 1, 3 and 5. Q ranges
from 1-5 and 3-5. The best sensing range obtained over all runs, the mean of sensing
range of all runs and the standard deviation are reported. Experiments are conducted

using MATLAB 7.

Analysis of Results

Impact of varying © and Q

The value of £ is initially set as 1, which implies simple coverage problem. The optimal
deployment locations and the required sensing range are computed using the proposed
method. The same is done for £ = 3 and £ = 5. An increase in sensing range is
observed but it is evident that the sensing range requirement does not increase in pro-
portion to the increase in k. The same is observed for Q-coverage requirement also. Q
which has values ranging from 1 to 5 and 3 to 7 are used as coverage requirement crite-
ria. Table 3.1 and Table 3.2 show the sensing range requirement for £ and Q coverage
problems respectively. Figure 3.10 shows an instance where 10 sensor nodes are to be
deployed in a region and £ takes values 1, 3 and 5. Figure 3.11 shows an instance where
Q-coverage requirement has to be satisfied with the least required sensing range. Both
the figures clearly show that sensing range requirement does not increase in proportion

with the coverage requirement.

Impact of varying number of sensor nodes

The number of sensor nodes to be deployed in the region is varied from 10 to 30. The
number of clusters increase as the number of sensor nodes increase. The sensing range
requirement decreases when more number of nodes are to be deployed. Figure 3.12
and Figure 3.13 show this decrease in sensing range requirement when the number of

sensor nodes are increased, for £ and Q coverage problems respectively.
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Figure 3.10: Sensing range requirement for k-coverage problem where number of sen-
sor nodes to be deployed is 10

Impact of varying number of targets

The number of targets to be covered is varied from 100 to 250. Results show that the
sensing range requirement need not essentially be high for higher number of targets.
Sensing range requirement is highly dependent on the location of the targets to be cov-
ered. The results can also be used to find the minimum number of sensor nodes required

to cover specific number of targets with a given sensing range in the 3-D region.

Sensitivity Analysis

Since it may be hard to deploy the sensors exactly at positions where sensing range is
optimal, we conduct sensitivity analysis. We change the optimum deployment positions
by £0.05 and calculate the new required sensing range. The variation in required sens-
ing range is found to be of less significance. The analysis reveals that the deployment
solutions obtained through the proposed ABC based method is a robust one and does

not change significantly with a slight variation in the optimal deployment positions.
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Figure 3.11: Sensing range requirement for Q-coverage problem where number of sen-
sor nodes to be deployed is 10
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Figure 3.12: Sensing range requirement for k-coverage problem where number of tar-
gets is 100

Figure 3.14(a) shows a region where 5 sensor nodes are randomly deployed to cover

100 targets. It is evident that random positioning of sensor nodes will lead to higher
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Figure 3.13: Sensing range requirement for Q-coverage problem where number of tar-
gets is 100

sensing range requirement. Figure 3.14(b) shows the sensor positioning using proposed

method.

3.5.2 Performance comparison of ABC and PSO algorithm for sen-

sor node deployment

Table 3.3 shows that ABC performs better than PSO for most cases of k-coverage prob-
lem. With 100 targets to be covered with 10 sensor nodes and £ = 1, PSO and ABC
performs equally well. The same is observed for £ = 5. But for £ = 3, ABC performs
better than PSO. When 150, 200 and 250 targets are to be covered, ABC consistently
performs better than PSO in minimizing the required sensing range. ABC achieves
significant better results when 200 targets are to be covered with £ = 3 and £ = 5.
Table 3.4 shows a comparison of ABC and PSO for Q coverage problem. For all the
cases, ABC outperform PSO.
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Figure 3.14: Random Deployment vs Deterministic Deployment

Table 3.3: Comparison-ABC and PSO for k-coverage problem

k=1 k=3 k=5
N.T N.S PSO ABC PSO ABC PSO ABC
100 10 38.8848 38.8848 943126 92.2272 109.8947 109.8947
150 10 38.3071 38.2093 87.1409 86.3083 107.4020 106.0641
200 10 427753  42.2403 97.3731 95.8521 116.4750 111.4267
250 10 42.5557 41.27 100.5250 99.5288  110.39394 110.0405
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Table 3.4: Comparison-ABC and PSO for Q-coverage problem

Q=[1-5] Q=([3-7]
N.T N.S PSO ABC PSO ABC
100 10 111.7030 111.6439 125.5504 125.2670
150 10 111.6057 111.5673 132.4023 132.4023
200 10 1222658 122.2077 138.8689 138.1892
250 10 117.2917 116.6738 131.9910 130.8441

Table 3.5: Sensing Range for Probabilistic Coverage

Sensing Range

o} Probability Best Mean Standard Deviation
0.6 2.0616 2.0616 0
0.05 0.7 2.0616 2.0616 0
0.8 2.0616 2.0616 0
0.9 2.0616 2.0616 0
0.6 2.0616 2.0616 0
0.1 0.7 2.0616 2.0616 0
0.8 2.0616 2.0616 0
0.9 3.8748 3.9071 0.0465
0.6 2.0616 2.0616 0
0.15 0.7 2.0616 2.0616 0
0.8 3.8586 4.0558 0.3406
0.2 0.6 2.0616 2.0616 0
0.7 3.5618 3.6170 0.0927

3.5.3 Deployment for Probabilistic Sensing Model

Initially, we consider a 10 x 10 x 10 grid for experiments. The number of targets is
10 and the number of sensor nodes is 5. The number of bees (colony size) is taken
as 10 with 5 employed bees and 5 onlookers. The number of cycles is 500, limit for
neighborhood search is 20 and the number of runs is 3. MATLAB 2007a is used for

implementation.

Probabilistic Coverage

Initially, we compute the sensing range required for probabilistic coverage without con-

sidering k. The required probability for coverage is varied from to 0.6 to 0.9. « is varied
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Table 3.6: Sensing Range for Probabilistic Target £-Coverage

Sensing Range

« Probability & Best Mean Standard Deviation
0.6 2 3.9249 3.9844 0.0531
3 6.1847 6.2085 0.0315
0.7 2 3.7814 3.9384 0.1550
3 6.1974 6.2051 0.0089
0.05 0.8 2 3.9514 3.9802 0.0251
3 6.1901 6.2034 0.0142
0.9 2 3.8407 3.9497 0.1330
3 6.1847 6.2054 0.0187
0.6 2 3.9175 3.9870 0.1050
3 6.1847 6.2235 0.0366
0.7 2 3.9098 3.9505 0.0423
3 6.2043 6.2235 0.0262
0.1 08 2 3.9105 3.9433 0.0289
3 6.1870 6.2013 0.0125
0.9 2 3.9206 4.2680 0.3030
3 6.1968 6.2175 0.0319
0.6 2 3.9538 3.9658 0.0107
3 6.1847 6.2187 0.0296
0.15 0.7 2 3.9236 3.9490 0.0304
3 6.1847 6.2129 0.0289
0.8 2 3.9286 4.0131 0.0757
3 6.2005 6.2144 0.0128
0.6 2 3.9319 3.9531 0.0198
3 6.1851 6.1876 0.0042
02 07 2 3.9119 3.9789 0.0749
3 6.1847 6.1963 0.0113

from 0.05 to 0.2. Table 3.5 shows the sensing range requirement for probabilistic cov-
erage. When a = 0.05, the required sensing range does not change for any of the
required probability. But when « increases to 0.1, the sensing range required increases
for a detection probability of 0.9. Similarly, a variation in sensing range is observed at
0.8 for &« = 0.15 and at 0.7 for « = 0.2. This implies that for higher «, the sensing
range requirement varies at a smaller detection probability. It is also observed from
Table 3.5 that for higher value of «, no solution exists for higher probability value (for

alpha = 0.2, probability greater than 0.7, there is no solution).
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Table 3.7: Sensing Range for Probabilistic Target Q-Coverage

Sensing Range

« Probability Q Best Mean Standard Deviation
1-2 2.0616 2.0616 0
0.6 1-3 3.9751 4.0235 0.0439
1-4 3.9427 3.9547 0.0208
1-2 2.0616 2.0616 0
0.7 1-3 3.7723 3.8672 0.0836
0.05 1-4 3.9147 3.9761 0.0719
1-2 2.0616 2.0616 0
0.8 1-3 3.8876 3.9565 0.0815
1-4 3.8286 39514 0.1233
1-2 2.0616 2.0616 0
0.9 1-3 3.943 3.9721 0.0297
1-4 3.9254 3.9858 0.055
1-2 2.0616 2.0616 0
0.6 1-3 3.8579 3.9443 0.1061
1-4 39178 3.9591 0.0611
1-2 2.0616 2.0616 0
0.7 1-3 3.8544 3.9946 0.1216
0.1 1-4 3.8623 3.9178 0.1078
1-2 2.0616 2.0616 0
0.8 1-3 3.9269 3.9494 0.0264
1-4 3.9652 4.0359 0.0627
1-2 3.6976 3.9003 0.1771
0.9 1-3 4.0306 4.1559 0.1095
1-4 4.1482 43142 0.1648
1-2 2.0616 2.0616 0
0.6 1-3 4.0044 4.0378 0.0289
1-4 3.9331 3.9378 0.004
1-2 2.0616 2.0616 0
0.15 0.7 1-3 3.9766 3.9827 0.0061
1-4 3.9273 3.9803 0.0912
1-2 3.4953 3.6227 0.1207
0.8 1-3 3.8904 4.0533 0.168
1-4 3.9161 4.0423 0.1204
1-2 2.0616 2.0616 0
0.6 1-3 3.9354 3.9735 0.0449
0.2 1-4 3.8028 3.9391 0.1228
1-2 3.4768 3.5369 0.0941
0.7 1-3 39114 4.0044 0.1294
1-4 3.8978 3.9552 0.0516
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Probabilistic £-Coverage

To observe the difference in sensing range required for probabilistic k-coverage, k takes
values 2 and 3. The required probability for coverage is varied from 0.6 to 0.9 and « is

varied from 0.05 to 0.2.

Table 3.7 shows the sensing range requirement for probabilistic k-coverage. For a
constant detection probability, the sensing range requirement may or may not increase
with k. This is because for some cases, more than & sensor nodes may have to monitor a
target for satisfying probabilistic coverage. Due to the same reason, there are instances
where probabilistic coverage and probabilistic k-coverage requires the same sensing
range. For example, o = 0.05 and probability = 0.6 for probabilistic coverage requires
sensing range of 2.0616 units, and o = 0.05, probability = 0.6, £ = 1 for probabilistic
k-coverage requires the same sensing range. But in this case, when k = 2, the sensing

range required increases.

Probabilistic Q-Coverage

« 1s assumed to take values 0.05, 0.1, 0.15 and 0.2. We vary Q-values 1-2, 1-3 and
1-4. The required probability is set to 0.6, 0.7, 0.8 and 0.9. The sensing range required
depends highly on Q. With « at 0.15, the targets cannot be covered with a probability

0.9 and with o = 0.2, the targets cannot be covered with a probability 0.8 or higher.

We also consider a 100 x 100 x 20 grid for experimentation. Three instances of
100 targets being monitored by 10 sensor nodes are considered. k is varied from 1 to 5.
The required probability is set to 0.8 and « is assumed to be 0.01. Table 3.8 shows the
sensing range requirement for this set-up. There is no significant variation in standard
deviation even with an increase in k. This shows that the method is a reliable one even
for higher k. Table 3.9 shows the sensing range required for Q-coverage problem. With
Q-coverage requirement, for probability 0.8 and 0.9, the sensing range required for Q

values 1-2, 1-3 and 1-4 are the same.
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Table 3.8: Sensing Range for Probabilistic Target k-coverage (100x 10020 grid)

Sensing Range

k Instance Best Mean Standard Deviation
1 19.2000 19.3030 0.2485
1 2 19.2428 19.3317 0.1487
3 18.6335 19.0473 0.3584
1 28.3267 28.5713 0.2630
2 2 29.5044 29.7045 0.3058
3 28.3521 28.5780 0.1957
1 41.8409 42.5757 0.6741
3 2 43.9295 44.0164 0.1469
3 43.7273 44.0340 0.5125
1 49.8290 49.8973 0.0611
4 2 50.3353 50.5659 0.2514
3 50.7494 51.2090 0.7510
1 51.6985 52.2129 0.4852
5 2 52.192 52.498 0.3183
3 54.0340 54.4637 0.5567

Table 3.9: Sensing Range for Probabilistic Target Q-coverage (100x100x20 grid)

Sensing Range

Probability Q Best Mean Standard Deviation
1-2 28.0531 28.0764 0.0378
0.6 1-3 28.0543 28.0998 0.0517
1-4 28.0545 28.0560 0.0027
1-2 28.0538 28.0955 0.0422
0.7 1-3 28.0545 28.1372 0.0737
1-4 28.0545 28.1345 0.1386
1-2 28.0545 28.4431 0.3564
0.8 1-3 28.0545 28.4431 0.3564
1-4 28.0545 28.4431 0.3564
1-2 28.9500 29.2468 0.2888
0.9 1-3 28.9500 29.2468 0.2888
1-4 28.9500 29.2468 0.2888
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3.6 Conclusion

This chapter concentrates on WSN deployments where the deployment of sensor nodes
is carefully planned and controlled instead of random deployment. Though there are
deployments where sensor nodes have to be randomly deployed, there are applications
where the deployment can be made much more efficient by optimal deployment. Both

the sensing models; binary and probabilistic are taken into consideration.

For a binary sensing model, we propose an ABC based method to find optimum
sensor deployment positions in a 3-D terrain in order to satisfy different target coverage
criteria, namely, simple, k-coverage and Q-coverage. Extensive simulations are carried
out with varying number of sensor nodes, number of targets, k-values and values of Q
to find the minimum sensing range requirement. We notice that sensing range require-
ment does not increase in the same proportion with increase in k or Q requirements. An
increase in number of sensor nodes to be deployed, decreases the sensing range require-
ment. But for a given number of sensor nodes, an increase in the number of targets to
be covered need not always make the sensing range requirement high. This method is
also suitable to find the optimal number of sensor nodes required to satisfy a coverage

criteria.

We also explore the use of both probabilistic coverage, probabilistic k-coverage and
probabilistic Q-coverage models for target coverage problem and propose a method to
compute the optimal deployment locations so that the sensing range requirement is min-
imum. ABC algorithm is used to solve probabilistic coverage, probabilistic k-coverage
and probabilistic Q-coverage. The variation in sensing range is studied for a range
of detection probabilities (p), coverage requirement (k) and physical medium charac-
teristics (o). ABC algorithm proves to be reliable in getting the optimal deployment
locations. The standard deviation of obtained sensing range among various runs does
not change significantly for a larger region or for higher values of £/Q which justifies

the robustness of the proposed algorithm.
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CHAPTER 4

SENSOR NODE DEPLOYMENT AND SCHEDULING
PROBLEM

4.1 Introduction

Energy efficient protocols should be designed to extend the lifetime of a wireless sensor
network (Cheng et al., 2008). This is since sensor nodes operate on batteries and re-
placing batteries every week in building networks is a laborious task and replacing them
in a less friendly environment may not be possible (Hohlt ez al., 2004). Some sensitive
applications require higher-order coverage, meaning that the phenomenon of interest
should be simultaneously monitored by multiple sensors (Bellazreg et al., 2010). k-
coverage is often discussed in the context of reliability or fault tolerance (Ma and Liu,
2007). Energy usage should be optimized for all sensor operations, which include sens-
ing, computation, and communication (Yao and Giannakis, 2005). It is also important
to maintain a balance of energy consumption in the network so that certain nodes do not
die much earlier than others. In order to maintain some energy balance in the network,
it is useful to adopt deterministic deployment and use scheduling mechanisms further.
Sensor scheduling (Ma and Liu, 2007; Chachra and Marefat, 2006) preserves energy
since some sensors that share common sensing region and tasks switched into sleep

mode.

Random deployment of sensor nodes may result in an inefficient WSN, where some
areas are densely deployed while the other areas have a low density deployment (Chang
et al., 2009a). Dense deployment in some areas increases the hardware cost, whereas
a sparse deployment in the other areas results in coverage holes or network partitions.
As a result, there is no guarantee for full coverage, and considerable hardware costs are

needed.

Optimal deployment patterns is useful if it is possible to place the sensors where



desired. In some deployment scenarios, such as when deploying in harsh terrains, plac-
ing individual sensors at desired locations may not be feasible. In these circumstances,
sensor node deployments may follow some probability distribution. In deterministic
deployment, the details of the region will be known and since a provision of deploying
nodes at specific locations prevail, there exist two ways by which network lifetime can
be maximized. One is at deployment phase and the other is at scheduling phase. Given
a region with targets being monitored by sensor nodes, the upper bound of network
lifetime can be mathematically computed. This information can be used for comput-
ing locations which would be appropriate for coverage to be satisfied as well as net-
work lifetime to be maximum. Once the deployment locations are computed, sensor
nodes can be scheduled to achieve the optimum lifetime. Sensor node deployment and

scheduling in this way contributes equally to extend the network lifetime.

Both sensor node deployment and scheduling are important to ensure prolonged
network lifetime. Traditionally, the problems of sensor placement and scheduling have
been considered separately from each other. A balanced performance is crucial for
most applications. One approach of sensor node deployment is to deploy few nodes
with large batteries. This might not be effective since it is sensitive to node failures
(Krause et al., 2009). Additionally, packaging constraints can limit the size of the
battery deployed with the nodes. Hence it can be more effective to deploy a larger
number of nodes with smaller batteries, that are activated only a fraction of the time.

Later, scheduling becomes a crucial task to obtain longer lifetime.

Some planned deployments (Ma and Liu, 2007) aim at minimizing the number of
sensors to be deployed. Splitting sensor node deployment into multiple rounds may
incur higher deployment cost, e.g., an aircraft needs to fly along the deployment line
multiple times to accomplish the task (Yang and Qiao, 2010). Deploying a large num-
ber of scheduled sensors has the benefit that it allows trading off power and accuracy.
The deployed network might have several modes of operation: a scheduled mode of
operation, where only a small fraction of sensors is active, and a “high density” mode
where all (or a larger fraction of) sensors are activated. For example, in traffic moni-
toring, once a traffic congestion is detected (during scheduled mode), the high density

mode could be used to accurately identify the boundary of the congestion (Krause et al.,
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2009).

The network performance with respect to target detection, is directly related to the
placement of the sensors within the field of interest (Lazos et al., 2007). Different
sensor node deployment strategies can cause very different network topology, and thus
different degrees of sensor redundancy (Wu et al., 2005). A good sensor node deploy-
ment with sufficient number of sensors which ensures a certain degree of redundancy
in coverage so that sensors can rotate between active and sleep modes is required to

balance the workload of sensors (Wu and Yang, 2007).

4.2 Problem Definition

Given a set of n targets T = {T3,T5,...,T,} located in U x V region and m sensor
nodes S = {S51,95,...,Sn}, place the nodes such that all targets are covered as per
the coverage requirement and schedule the nodes such that the network lifetime is max-
imum. The objective is

1. To deploy the sensor nodes such that the network lifetime upper bound is maximum
and

2. To schedule the sensor nodes so as to achieve the optimal network lifetime

4.2.1 Upper Bound of Network Lifetime

Assume m sensor nodes {5, Ss,...,S,,} randomly deployed to cover the region R
with n targets {1}, T5, . .., T, }. Each sensor node has an initial energy F and a sensing
radius, s,. A sensor node S;, 1 < i < m, is said to cover a target 7}, 1 < j < n, if the

distance d(S;, T]) between S; and 7j is less than s,. The coverage matrix is defined as,

1 if S; monitors T;
ST;; = 4.1)
0 otherwise
where: =1,2,...,mand 7 =1,2,...,n
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The upper bound is the maximum achievable network lifetime for a particular con-
figuration and as stated by Gu et al. (2007) and Chaudhary and Pujari (2009), the upper

bound is calculated as,

u = min; | —2— (4.2)
€
where e; is the energy consumption rate of S;. For k-coverage, ¢; = k, j =

1,2,...,n.

4.2.2 Sensor Node Deployment
Sensor Node Deployment to achieve 1-coverage

Given a set of n targets T = {T3,T5,...,T,} located in U x V region and m sensor
nodes S = {S1,S5,...,5n}, place the nodes such that each target is monitored by
at least one sensor node and the network lifetime is maximum. The objective is to

maximize u such that each target is monitored by at least one sensor node.

Sensor Node Deployment to achieve k-coverage

Given a set of n targets 7' = {13, T5,...,T,} located in U x V region and m sensor
nodes S = {S1,S,...,Sn}, place the nodes such that each target is monitored by

atleast k-sensor nodes and to maximize w.

Sensor Node Deployment to achieve Q-coverage

Given a set of n targets 7' = {13,T5,...,T,} located in U x V region and m sensor
nodes S = {51, 52,...,Sn}, place the nodes such that each target 7;, 1 < j < n, is

covered by at least ¢; sensor nodes and to maximize u.
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4.2.3 Sensor Node Scheduling
1-Coverage Scheduling

Given m sensor nodes S = {51, 52, ...,S,,} with battery power b = {b1, b, ...,b,},
energy consumption rate e; for S; and n targets 7' = {1}, T»,...,T,}, find a schedule
{C1,...,Cy} for time tick {¢y, ..., ¢y} such that for all ticks,

1. Each target is covered by at least one of the sensor nodes

2. Network lifetime >_),_, tp is maximized

k-Coverage Scheduling

Given a set of sensor nodes S = {51, S, . . ., S, } with battery power b = {by, b, ..., by},
energy consumption rate e; for S; and a target set 7" = {711,75,...,T,}, generate a
schedule {C1,...,Cy}, for {t1,...,ty}, such that for all ticks,

1. Each target is covered by at least k sensor nodes, 1 < k < m

2. Network lifetime >_),_, tp is maximized

Q-Coverage Scheduling

Given a set of sensor nodes S = {51, 5, ..., S, } with battery power b = {by, b, ..., bn},
energy consumption rate e; for S; and a target set 7" = {711,75,...,T,}, generate a
schedule {C1,...,Cy}, for {t1,...,ty}, such that for all ticks,

1. T ={Ty,Ts,...,T,} is covered by at least Q = {q1, g2, - - . , ¢, } sensor nodes, where
each target 7;, 1 < 7 < n, is covered by at least g; sensor nodes

2. Network lifetime Egzl tp is maximized
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4.3 Related Work

Most of the existing works on sensor node deployment problem focus on area coverage.
Bartolini et al. (2010) propose GREASE which is a distributed deployment algorithm.
Environments with obstacles are considered for sensor node deployment. This reduces
the sensing range of sensor nodes that are deployed. Full coverage can be achieved if

the number of available sensors exceeds a given threshold.

The performance of multiround sensor node deployment is studied by Yang and
Qiao (2010). Optimal strategies that use fewest sensors to cover a barrier are also de-
rived. The results show that a simple two-round sensor node deployment leads to effi-
cient barrier coverage. A solution to the movement-assisted sensor deployment problem
is proposed by Wu and Yang (2007) using global network information. The monitoring
area is a 2-D grid-based mesh and the focus is on load balance solutions in WSN that

minimize total moving distance of sensors.

Chang et al. (2009a) present Obstacle-Resistant Robot Deployment (ORRD) al-
gorithm to near-deploy optimal number of sensors over the monitoring region, which
achieves full coverage. A node placement policy, a serpentine movement policy, and
obstacle-handling rules are presented. An environment that contains several irregular
obstacles is considered to identify the number of required sensors to achieve full cover-

age.

Ibrahim et al. (2007) adds an available set of relays to enhance the connectivity of
a network. The network is not allowed to be disconnected. But sensors at some point
of time might not be able to send its own data as well as relay the other sensors’ data
due to loss of energy, leading to a coverage gap in the network area. This necessitates

adding relays to ensure connectivity.

From the perspective of coverage, Onur et al. (2005) address quality of the deploy-
ment and propose quality measures, which indicate if the deployment provides suffi-
cient coverage, or whether redeployment is required or not. Lazos et al. (2007) address
wireless sensor deployment for detecting mobile targets. The target detection problem

is mapped to a line-set intersection problem and analytic expressions for the probability
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of detecting mobile targets are derived.

Bredin et al. (2005) consider the problem of deploying or repairing a sensor net-
work to ensure a specified level of multi-path connectivity (k-connectivity) between all
nodes. This is required to guarantee fault tolerance against node failures and high ca-
pacity through multi-path routing. Chin (2009) propose a sensor deployment approach
which uses optimal sensor distribution as a reference. Initially, the optimal sensor distri-
bution for the given terrain is calculated. A clustering based approach is then developed
to guide sensors to appropriate locations. Regions with and without obstacles are con-

sidered for deployment.

Wu et al. (2005) estimate redundant sensing areas among neighboring wireless sen-
sors. Methods to estimate the degree of redundancy without the knowledge of location
or directional information are presented. Meng et al. (2010) address the area coverage
redundancy problem for randomly deployed WSNs. Liu et al. (2007) propose a mathe-
matical method for calculating the coverage fraction in WSNss. It is assumed that the de-
ployed sensor nodes can cover the whole area. If a node’s sensing area is monitored by
its active neighbor nodes, it can be considered as a redundant node. A lightweight node
scheduling (LNS) algorithm is proposed based on this idea. It prolongs the network
lifetime of the sensor network by turning off redundant nodes without using location

information.

Liu et al. (2005) aim at designing and analyzing sensor node scheduling algorithms.
There is only one subset of sensor nodes active at any given time. Since the network is
assumed to be dense, each subset might be sufficient to cover most of the area. Blind
points are areas that cannot be monitored by any sensor node for a given time period.
The algorithm cannot guarantee the elimination of blind points. Blind points at this time
can be covered at some other time, as long as it is within the sensing range of certain

sensor nodes.

Yen and Cheng (2009) assume random deployment of sensor nodes and consider
powering off redundant sensors temporarily. This helps to conserve energy while re-
taining sufficient network coverage. A range-based sleep scheduling (RBSS) protocol

which needs sensor-to-sensor distance but no location information, is proposed. RBSS
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attempts to approach an optimal sensor deployment pattern that demands the minimal
number of working (awake) sensors while preserving 100% area coverage. It requires

the ability to estimate transmission distances between neighboring sensors.

Yu et al. (2007) present techniques to implement a query mechanism to collect data
periodically over sensor networks. A scheduling algorithm to schedule sensor node
operations to achieve contention-free communication in aggregate monitoring applica-
tions is proposed. A deterministic transmission schedule can be computed for each
sensor node which in turn guarantees the successful completion of data aggregation
within a known time. The algorithm helps achieve significant amount of savings on

power consumption over CSMA based alternative approaches.

Keshavarzian et al. (2006) consider the design of efficient wakeup scheduling schemes
for energy constrained sensor nodes that adhere to the bidirectional end-to-end delay
constraints posed by applications that require immediate notification of rare but urgent
events and also fast delivery of time sensitive actuation commands. Makhoul and Pham
(2009) address the area coverage problem of scheduling the activity of randomly de-
ployed nodes to extend the network lifetime in the context of surveillance applications.
Xiao et al. (2006) consider the optimal power scheduling problem for the decentral-
ized estimation of a noise-corrupted deterministic signal in an inhomogeneous sensor

network.

Choi and Das (2006) propose a coverage-adaptive random sensor scheduling for
application-aware data-gathering in wireless sensor networks. The goal is to maximize
the network lifetime. In each round, £ data reporters (sensors) which can meet the
desired sensing coverage specified by the users/applications is identified. Geometric
probability theory and a randomization technique is used to select these k data reporters.
A data gathering tree is formed by the selected k data reporters for a round. This avoids
wait-and-forward delay which may result from the random sensor scheduling. The
entire monitored area is covered within a fixed delay since all sensors have an equal

opportunity to report sensed data periodically.

Kompella and Snoeren (2003) present a practical realization of lazy packet schedul-

ing that attempts to minimize the total transmission energy in a broadcast network.
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This is achieved by dynamically adjusting each node’s transmission power and rate on
a per-packet basis. Yao and Giannakis (2005) focus on a single-hop sensor data col-
lection although the scheduling protocol can also be used in multihop networks with
multilevel hierarchy to support communication between nodes and cluster heads, and
between cluster heads and higher level gateways. Arai et al. (2008) address a sensor
scheduling problem for a class of systems whose measurements are influenced by state
dependent noise. The sensor scheduling problem is formulated as a model predictive

control problem with single sensor measurement per time.

Bellazreg et al. (2010) investigate the effect of radio temporal irregularities on sen-
sor deployment and sleep scheduling and claim that the sensor coverage range varies
according to time because the available energy decreases. Chang and Chang (2008) pro-
pose node placement, topology control, and scheduling protocol to prolong the sensor
network lifetime, balance the power consumption of sensor nodes, and avoid collision.
This applies to area coverage problem. The whole monitoring area is partitioned into a
number of equal-sized zones. Then two node-placement techniques, namely Distance-
based and Density-based deployment schemes, are proposed to balance the power con-
sumption of sensor nodes. Distance-based scheme controls the node placement distance
and use power control mechanism to balance the power consumption. Nodes that are
closer to the sink node will be deployed with a smaller distance to their neighbors. The
Density-based scheme deploys more sensor nodes in the zone closer to the sink node
since the sensor nodes in the zone closer to the sink node consume more energy for
packet forwarding. One sensor node in a zone stays active, while the other nodes sleep.
Thus, sensor nodes in the higher density zone will have more chance to sleep for en-
ergy balance. A collision-free MAC scheduling protocol is also proposed to prevent the

packet transmissions from collision.

Ma and Liu (2007) investigate sensor networks with directional sensing and com-
munication capability and propose a method for deploying sensor nodes with directional
sensing range, and subsequent connectivity checking and repairing. A deployment strat-

egy, with sensors having adjustable sensing ranges to cover an area, is also proposed.

Sensor node deployment and sensor node scheduling have been mostly considered

as separate problems. In this chapter, we address network lifetime maximization with
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respect to both deployment and scheduling.

4.4 Proposed Method

The proposed method has two phases: sensor node deployment and sensor scheduling.
The nodes are initially deployed randomly. Based on the theoretical upper bound of
network lifetime, we compute the optimal deployment locations using ABC algorithm.
A heuristic is then used to schedule the sensor nodes such that the network lifetime is

maximum. Algorithm 12 describes the proposed method.

Algorithm 12 Proposed Approach

1: Input: S, T

2: Output: Optimal location of S and sensor schedule

3: Deploy S randomly

4: Compute network lifetime upper bound using Equation 4.2

5: Recompute sensor node positions using ABC algorithm such that the upper bound
of network lifetime is maximum

6: Design sensor schedule using the proposed heuristic for sensor scheduling such that
the network lifetime upper bound is achieved

4.4.1 Sensor Node Deployment

Since the upper bound of network lifetime can be computed, we have to find the deploy-
ment locations such that the network lifetime is maximum. First we propose a heuristic
to compute the deployment locations and then later we use ABC algorithm to compute
the locations and make a comparative study on the performance of the heuristic and

ABC based method to solve this problem.

A Heuristic for Sensor Node Deployment

Here we propose a heuristic for sensor node deployment (Algorithm 13). Initially, place
the sensor nodes randomly. If any sensor node is idle (without monitoring any target),
the node is moved to the least monitored targets’ location. This is to ensure that all

sensor nodes play their part in monitoring targets. Sort the sensor nodes based on the
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number of targets it cover. Place the sensor node at the middle of all the targets it covers.
Find the next nearest target and place the sensor node in the middle of all these targets.
If it can cover this new target along with targets it was already monitoring, allow this
move, else discard the move. This is done till the sensor node cannot cover any new
target. At the end, upper bound is computed. The drawback of this approach is that
it depends on the initial position of the sensor nodes. Though it may perform well for

dense deployments, consistency cannot always be guaranteed.

Algorithm 13 A heuristic for sensor node deployment
1: Place sensor nodes randomly
: for i = 1tomdo
if S; does not monitor any target then
Move S; to the least monitored target
Recompute sensor-target coverage matrix
end if
end for
: § = Sensor nodes sorted in ascending order of number of targets it cover
: fori=1tomdo
repeat
Place S; at the center of all targets it cover

e ARERD

HH
—_ O

12: Move S; to the center of all targets it cover and its next nearest target

13: if S; can cover a new target then

14: Recompute sensor-target matrix

15: else

16: Discard move

17: end if

18:  until S; cannot cover another target

19: end for

20: Compute upper bound of network lifetime using sensor-target coverage matrix

ABC based sensor node deployment

Algorithm 14 describes ABC algorithm. Let the solution population be 5. The re-
gion has only stationary targets. Each solution B, = {(z1,v1), (Z2,%2), -+, (Tim, Ym) }
where ¢ = 1,2,...,nb, where nb and m represents the total number of bees and the
total number of nodes respectively, corresponds to a bee. The initial solution is gener-
ated in such a way that all the targets are covered, and each sensor node covers at least

one target. The network lifetime is computed for each solution using Equation 4.2.
This network lifetime is used as the fitness function for evaluating the solutions.
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Each sensor node is associated with a cluster, where a cluster corresponds to the set
of targets monitored by the sensor node. Let D; = (X;,Y;) be the initial position
of i'" cluster. F'(D;) refers to the nectar amount at food source located at D;. After
watching the waggle dance of employed bees, an onlooker goes to the region of D;

with probability G; defined as,

F(D;)

“ =S FDY

4.3)

where m is the total number of food sources. The onlooker finds a neighborhood

food source in the vicinity of D; as,

where §;; is the neighborhood patch size for ;' dimension of i food source, and
f is a random uniform variate € [-1, 1]. It should be noted that the solutions are not
allowed to move beyond the edge of the search region. The new solutions are evaluated
using the fitness function Equation 4.2. If any new solution is better than the existing
one, the old solution is replaced with a new solution. Scout bees search for a random
feasible solution. The solution with the least sensing range is finally chosen as the best

solution.

Algorithm 14 ABC Algorithm
1: Initialize the solution population B

2: Evaluate fitness
3: cycle =1
4: repeat
5. Search for new solutions in the neighborhood
6:  if new solution is better than old solution then
7: Memorize new solution and discard old solution
8: endif
9:  Replace the discarded solution with a newly randomly generated solution
10:  Memorize the best solution
11:  cycle = cycle + 1
12: until cycle = mazximumcycles
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4.4.2 A Heuristic for Sensor Scheduling

As mentioned earlier, another objective of this paper is to schedule the sensor nodes

such that the theoretical upper bound of network lifetime can be achieved.

To achieve this, we propose a weight-based method for determining the cover sets.
It includes the following main steps:
1. Weight assignment
2. Cover formation
3. Cover optimization

4. Cover activation and Energy reduction

Algorithm 15 Heuristic for sensor node scheduling
1: Input ST, b
2: Initialize k/Q, maz_run, priority calculated using battery power
3: for r =1 to mazx_run do
4:  foriteration=1to ) ", b; do
5 if cover possibility exists then
6: Determine cover based on priority
7
8
9

Optimize cover
Activate optimized cover and reduce battery power

else
10: break
11: end if
12:  end for

13:  Calculate network lifetime (nlife)
14:  if nlife < u then

15: Consider weight due to covered targets to compute priority
16:  else

17: break

18:  end if

19: end for

Weight Assignment

Weight assignment is performed to decide the priority of sensor nodes. The more the
weight of a sensor node, the higher the priority it has. Cover sets are decided based on

this priority.

The base station calculates weight for each sensor node by considering two factors:
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a) Weight due to covered targets and b) Weight due to the remaining energy

a) Weight Assigned by the node itsel f

Each sensor node assigns a weight to itself which is equivalent to the remaining
battery power of the sensor node. For each node 5; in the optimized cover set, the

weight assigned by itself decrements by the rate of energy consumption.
b) Weight due to covered targets

All sensor nodes are assigned weights based on the targets it covers as:

= o 4.5
=1 Zzn; STy (%)

Wi
Nodes with different coverage degree may coexist in a network. Though the initial
battery power of all the nodes in the network might be the same, subsequently it may

vary in accordance with the cover activation.

The weights are recalculated for all the nodes at each time instant if,
1. Weight due to the remaining energy changes: It happens due to reduction in battery
power for nodes which were in the previous cover.
2. Node turns off due to no battery power: If a sensor node that monitors a target turns

off, it will reassign weights to all other sensor nodes monitoring it.

This weight recalculation might trigger a priority change and subsequently a new

cover might be generated at the next time instant.

The proposed heuristic (Algorithm 15) initially finds the network lifetime using
weight assigned by the nodes itself (battery power). If the obtained network lifetime
does not match the theoretical upper bound of network lifetime, the weight due to cov-

ered targets is considered to compute the lifetime.
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Cover Formation

A cover can be generated in different ways if the network has nodes which make all the
targets k/Q covered. The proposed approach uses a priority based method (Algorithm
16). In the order of priority, if any new sensor node contributes to k/Q coverage re-
quirement, it will be added to the cover set. In general, a sensor node .S; can be added
to a cover set C'ov_JS if and only if

1. for simple coverage problem: Cov_S U {S;} covers any new target

2. for k-coverage problem: C'ov_S U {S;} contributes to k-coverage requirement

3. for Q-coverage problem: C'ov_S U {S;} contributes to Q-coverage requirement

Algorithm 16 Cover Formation
1: Input: Sorted S in descending order of assigned weight
2: Output: Cov_S
3: Initialize Cov_S = ¢
4: forv=1tomdo
if S; contributes to coverage then
Cov_S = Cov_S U{S;}
end if
if coverage requirement met then
break;
10:  end if
11: end for

R N

Cover Optimization

Once the coverage requirement is met, the obtained cover set is optimized (Algorithm
17). By optimizing the generated cover, the proposed scheme attempts to minimize the
energy usage. It should be noted that this is the second phase of redundancy elimination,
the first one being at the cover formation. A problem that arises with the cover formed
at the cover formation phase is that it might still have nodes that need not be active to
cover all the targets. This is possible because it is a step by step addition till all the
targets are covered. A node can thus be dropped for not contributing to coverage at
the time of cover formation or for not contributing to coverage after cover formation.
The nodes in the cover set are subject to optimization using least priority first approach.

This method of elimination prevents the higher priority nodes being discarded at the
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initial stages of optimization itself. The least priority node in the cover set cannot be
eliminated from the cover set as it satisfies the k/Q coverage requirement. Elimination
starts from the last but one node as per increasing priority. A node S; € Cov_S,
1 <i < length(Couv_S), represented as S;.C'ov_S will not be added to the optimized

cover set Opt.Cov_S if Cov_S — {S;.Cov_S} meets k/Q coverage requirement.

Algorithm 17 Cover Optimization
1: Input: Cov_S
2: Output: Opt.Cov_S
3: Initialize Opt.Cov_S = ¢
4: for i = length(Cov_S) down to 1 do
50 if Cov_S — {S;.Cov_S} meets k/Q coverage requirement then
6: Ignore S;.Cov_S
7: Cov_S = Cov_S — {S;.Cov_S}
8
9

else
Opt.Cov_S = Opt.Cov_S U{S;.Cov_S}
10:  endif
11: end for

Cover Activation and Energy Reduction

The sensor nodes in the optimized cover are activated. The total energy that each node
consumes should not fall beyond the minimum usable energy, F,,;,. When the battery
power reaches F,,;,, the node becomes inactive and will not be able to monitor any
more targets further. As the battery power is drained when a node is active, the weight
assigned by the node to itself reduces. The network terminates when no cover can

further be formed (Algorithm 18).

As we assume that the number of sensors deployed in the region is greater than the
optimum number required to monitor the targets, determining the sensor covers and
switching from one cover to another in a scheduled manner such that only minimum
number of sensor nodes remain active at any time instant is supposed to improve net-

work lifetime.
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Algorithm 18 Cover Activation and Energy Reduction
1: Input: Opt.Cov_S
2: for i =1 to length(Opt.Cov_S) do
3:  S;.state = true

4:  decrement b;

5: if bz < Emzn then
6: for j=1tondo
7: M;; =0

8: end for

9: endif

10: end for

4.5 Results and Discussion

We consider a 500mx 500m region for experiments. The number of targets is 25. The
number of sensor nodes is varied from 100 to 250. Sensing range of each sensor node
is fixed as 75m. Initially, each sensor node has 100 units of battery power. Energy

consumption rate is 1 unit. Simulations are carried out using MatLab 2007a.

4.5.1 Sensor Node Deployment
Random Deployment

In random deployment, there is more chance of targets being not detected or targets
not being covered with the required level of coverage. However, this may not hold true
with dense deployment of nodes. There is another possibility of some targets being
monitored by many sensor nodes, and some by very few sensor nodes. This difference
in the number of sensor nodes monitoring each target will affect the network lifetime.
The sensor nodes may be positioned in a better way so as to avoid this variation which
will yield better lifetime. Though random deployment has these drawbacks, there are

applications where random deployment is the only feasible strategy.

Figure 4.1, Figure 4.2 and Figure 4.3 show the network lifetime for various deploy-
ment methods. Random deployment does not yield as much network lifetime as other
methods do. Figure 4.1 shows that for simple coverage problem, random deployment

survives when 100, 150, 200 and 250 nodes are deployed. But Figure 4.2 shows that
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when 100 sensor nodes are to be randomly deployed, k£ = 2 will be satisfied, but £ = 3
and £ = 4 will not be satisfied, ultimately giving zero network lifetime. Figure 4.3
shows that for 100 sensor nodes and @ ranging from 1 to 5, random deployment does
not work. This clearly shows that when the number of nodes to be deployed is high,
random deployment can be done, but when the number of sensor nodes is not sufficient

enough, random deployment fails.

Heuristic

The heuristic could consistently achieve better results compared to random deployment.
Figure 4.1, Figure 4.2 and Figure 4.3 clearly show it. Figure 4.2 shows that when
100 sensor nodes are randomly deployed, £ = 3 condition can not be satisfied. But
with the heuristic, the network can be active for some time. The same is observed for
k = 4. Random deployment yields zero network lifetime, but the heuristic can make

the network survive for more time.

When the number of nodes is increased to 150, £ = 3 and £ = 4 requirement
is possible even with random deployment. In these cases, heuristic can achieve much
higher network lifetime. Figure 4.3 shows that the heuristic is able to satisfy Q ranging
from 1 to 5 with 100 sensor nodes deployed, whereas random deployment fails. The

results confirm that the heuristic performs better compared to random deployment.

ABC based Deployment

Though deterministic deployment may be time consuming, it helps in improving net-
work lifetime. It might require only a few nodes to be active at a time to satisfy coverage
requirement, as compared to random deployment. In the experiments, we have taken
the number of bees as 10, number of cycles is 5000 and the number of runs is 5. The
limit for neighborhood search is set as 30. Deployment using ABC algorithm could
achieve much higher network lifetime compared to random deployment and the pro-
posed heuristic. Irrespective of number of sensor nodes, coverage requirement etc.,
this method consistently achieves better network lifetime. Figure 4.1, Figure 4.2 and

Figure 4.3 depict it.
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Figure 4.1: Network Lifetime for simple coverage problem using random deployment,
proposed heuristic and ABC algorithm

Other Observations

a)Varying number of Nodes : The number of sensor nodes to be deployed in the
region is varied from 100 to 250. The network lifetime increases when higher number
of nodes are to be deployed. b)Varying Coverage Requirement : An increase in
network lifetime is observed but it is evident that the network lifetime does not increase
in proportion to the increase in k. The same is observed for Q-coverage requirement

also.

4.5.2 Sensor Scheduling

Since the optimal deployment locations are known, now the sensor nodes have to be
scheduled such that each sensor node need not be awake all the time. Theoretical upper
bound helps to analyze how far the proposed heuristic is successful. With battery power
as the priority deciding factor, though most instances could obtain network lifetime

equal to upper bound, there are a few instances where the network lifetime does not
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Figure 4.2: Network Lifetime for k£ coverage problem using random deployment, pro-
posed heuristic and ABC algorithm

match the computed upper bound. For these instances, the second weight deciding
factor is considered. An inverse of this helps to achieve theoretical upper bound. Thus
we observe that there are a few cases where if the sensors monitoring more number of
targets are kept in reserve for later use, theoretical and experimental network lifetime

matches.

Figure 4.4 shows a comparison of upper bound of network lifetime and the network
lifetime obtained using proposed approach for simple coverage problem. The proposed
approach could achieve the theoretical upper bound in all the instances. Figure 4.5 and
Figure 4.6 show the comparison of upper bound and the network lifetime obtained using
proposed approach for k-coverage and Q-coverage problems respectively. The network
lifetime obtained using proposed approach matches the theoretical upper bound for all
these requirements as well. Figure 4.7 shows a comparison of the proposed method
and Greedy-MSC (Cardei et al., 2005). Greedy-MSC was proposed to solve simple
coverage problem. In Greedy-MSC, a critical target (the target most sparsely covered)

is selected initially. Once the critical target has been selected, the heuristic selects the
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Figure 4.3: Network Lifetime for Q-coverage problem using random deployment, pro-
posed heuristic and ABC algorithm

sensor with the greatest contribution that covers the critical target. Once a sensor has
been selected, it is added to the current set cover, and all additionally covered targets
are removed from the set of targets to be covered. When all targets are covered, the
new set cover is formed. Our proposed method could achieve better network lifetime

for simple coverage (k = 1) and higher values of k£ as shown in Figure 4.7.

Computing positions using ABC algorithm outperforms random deployment and
heuristic. The heuristic proposed to schedule the sensor nodes meets the theoretical

upper bound in all experimented cases.

4.6 Conclusion

We propose a heuristic to solve sensor node deployment problem when deterministic de-
ployment of nodes with fixed sensing range is permitted. We also compute deployment
locations for sensor nodes using artificial bee colony algorithm such that the network

lifetime is maximum. Experimental results show that ABC based sensor node deploy-
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Figure 4.5: Network Lifetime for k-coverage problem after scheduling
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ment is powerful than the heuristic. In order to avoid the battery drain of all nodes at
a time, sensor node scheduling is done so that only minimum number of sensor nodes
required for satisfying coverage requirement need to be active. The other nodes can
be reserved for later use. This method helps to prolong the network lifetime. We use
a heuristic which is powerful enough to schedule the sensor nodes in such a way that
the network lifetime matches the theoretical upper bound of network lifetime. Network
lifetime can be extended by using this method of deploying at optimal locations such
that it achieves maximum theoretical upper bound and then scheduling them so as to

achieve the theoretical upper bound.
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CHAPTER 5

CONCLUSIONS AND FUTURE WORK

The wide applicability of wireless sensor networks has opened up a lot of research chal-
lenges. Since sensor nodes are battery powered, designing energy efficient protocols
become a major challenge. Efficient use of the available energy will lead to network
lifetime maximization. We address deployment and scheduling problems to achieve

different types of target coverage in wireless sensor networks.

The work described in this thesis looks at random deployment and deterministic de-
ployment of sensors. Random deployment considers dense deployment; deterministic

deployment considers sparse as well as dense deployments.

5.1 Summary of Contributions

We consider both deployment methods: random and deterministic. Chapter 2 addresses
sensor scheduling for random deployment of sensor nodes for direct base station con-
nected coverage as well as M-connected coverage. Chapter 3 looks at deterministic
deployment of sensor nodes for both binary sensing model and probabilistic sensing
model where the deployment locations are computed such that the required sensing
range is minimum. Here, the number of sensor nodes is assumed to be limited. Chapter
4 addresses deterministic deployment where the sensor nodes have fixed sensing range.
Sensor nodes are deployed at pre-computed locations and further scheduled. The thesis

can be summarized as below:

1. Given a region with dense randomly deployed sensor nodes, how to schedule the
sensor nodes such that the network lifetime will be maximum with simple/k/Q coverage
(as required by the application) achieved? A sensor scheduling scheme to prolong net-
work lifetime is proposed such that at any time, only minimal number of sensor nodes

that are required to satisfy the required coverage is active. The proposed heuristic solves



simple, k and Q coverage problems. The heuristic outperforms some existing methods
and achieves the theoretical upper bound of network lifetime for all the experimented

cases.

2. Given a region with dense randomly deployed sensor networks, how to schedule
the sensor nodes such that the network lifetime will be maximum with M -connected
simple/k/Q coverage (as required by the application) achieved? We propose a heuristic
which requires only a subset of sensor nodes which are M-connected and meets the

required coverage to be active at a time. This heuristic performs better than CWGC.

3. Given limited number of sensor nodes, where to deploy the nodes such that the
required sensing range will be at minimum with simple/k/Q coverage (as required by
the application) achieved for a binary sensing model? We use artificial bee colony
algorithm to compute the optimal deployment locations followed by a sensitivity anal-
ysis test to check the robustness of the obtained solution. Restricting the sensing range
in turn saves energy and enhances quality of sensing. Experimental results show that

artificial bee colony algorithm performs better than PSO for this problem.

4. Given limited number of sensor nodes, where to deploy the nodes such that
the required sensing range will be at minimum with probabilistic simple/k/Q coverage
(as required by the application) achieved for a probabilistic sensing model? We use
artificial bee colony algorithm to compute the optimal deployment locations so that the

required sensing range to achieve probabilistic simple/k/Q coverage is minimum.

5. Given some sensor nodes (with fixed sensing range) that can be deterministi-
cally deployed, where to deploy them and how to schedule them so as to achieve the
required target coverage level and maximize the network lifetime? Initially we propose
a heuristic to solve this problem. We also use artificial bee colony algorithm to com-
pute the optimal deployment locations. Experimental results show that ABC algorithm
performs better than the heuristic. After computing the optimal deployment locations,
we use a heuristic to schedule the sensor nodes so that the theoretical upper bound of

network lifetime could be achieved.
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5.2 Future Work

There can be much more work done to improve the energy efficiency and to maximize
the network lifetime of a wireless sensor network taking into consideration the differ-
ent sensing models, communication models, coverage required as per application etc.

Following are some extensions of this thesis we plan to make in the future:

1. Study scheduling and deployment algorithms for deployments with multiple sinks.
In this thesis, we have assumed only one base station. In future, we propose to study

these problems for deployments with multiple sinks.

2. Modify routing algorithms to enhance network lifetime. Existing routing algo-

rithms can be modified for these problems to further increase the network lifetime.

3. Study scheduling and deployment algorithms for regions with mobile targets. We
have assumed the targets to be static. We plan to modify these algorithms for mobile

targets.

4. Study connected coverage for deterministic sparse sensor node deployment. In
this thesis, we propose heuristics for M -connected coverage problem for random dense
sensor node deployment. In future we plan to investigate on connected coverage prob-
lem for deterministic sparse sensor node deployment where the sensing range and com-

munication range should be at the minimum with the targets being covered as required.

5. Study probabilistic connected coverage for random sensor node deployment.
Connected coverage for dense random deployment of sensor nodes, where the sensing
range of a sensor node is fixed, is addressed in this thesis. A method to deterministically
deploy the sensor nodes to achieve probabilistic target coverage such that the required
sensing range is minimum, is also proposed. Further extension would be to consider

probabilistic connected coverage for random sensor node deployment.

6. Study probabilistic sensor scheduling for deterministic deployment. This thesis
includes sensor scheduling mechanism of sensor nodes. It assumes a binary sensing
model. Scheduling schemes to achieve probabilistic coverage for deterministic deploy-

ment need to be studied.
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