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Abstract

Wireless sensor networks are becoming increasipgpbular due to their low cost and wide applicapita
support a large number of diverse application ar¢éasalization of sensor nodes is a fundamental
requirement that makes the sensor data meanimyfuireless sensor network (WSN) consist of spatiall
distributed autonomous devices using sensors toitaromwooperatively physical or environmental
conditions such as temperature, sound, vibratioesgure, motion or pollutants at different locasiohhe
development of wireless sensor networks was otfiginaotivated by a military application like batfield
surveillance. Node localization is required to négbe origin of events, assist group querying erisors,
routing and to answer questions on the network ramee One of the fundamental challenges in wireless
sensor network is node localization. This papercudises different approaches of node localization
discovery in wireless sensor networks. The ovenaéwhe schemes proposed by different scholarshier
improvement of localization in wireless sensor rats is also presented.

Keywords: Localization, Particle Swarm Optimization, Receisgignal Strength, Angle of Arrival.

1. Introduction+

A wireless sensor network consists of a large satexpensive sensor nodes with wireless commuioicat
interface. These sensor nodes have limited protgssid computing resources. Thus algorithms dedigne
for wireless sensor networks need to be both merandyenergy efficient. In most of the algorithms fo
wireless sensor network, it is assumed that thememodes are aware not only of their locationsdbsmn

the locations of their nearby neighbors. Henceallpation is a major research area in wireless @ens
networks. But, this problem has not been studiddnsively in three dimensional WSNs due to various
reasons. However, in some real world applicatie@nado the deployed sensor network operates imeg th
dimensional volume rather than in a two dimensioma@a. Deployment of WSNs for surveillance of
terrains, study of underwater ecosystem, spacetororg and exploration are some of the examples of
such applications.

Localization in sensor networks can be defined “&entification of sensor node's position". Foryan
wireless sensor network, the accuracy of its laatibn technique is highly desired. The existingpathm
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for localization can be broadly classified into thasic categories:
1. Range Based Technique
2. Range Free Technique

In range based mechanisms, the location of a sewsle can be determined with the help of the distam
angle metrics. These metrics are Time of ArrivadA), Time Difference of Arrival (TDoA), Angle of
Arrival (AoA), Received Signal Strength IndicatdRgSl). Though range based techniques are highly
accurate they should be equipped with highly expenisardware moreover a lot of computation work is
required. It increases the cost of the networkiandefficient in terms of computations. The vasaange
based techniques are Radio Interferometric MeasemefRIM) (Geziciet al. 2008), Multidimensional
Scaling (MDS) (Cheungt al. 2005), 3D - Landscape (ét al. 2004), DV-distance, DV-hop, Euclidean
distance (Costat al 2006) etc.

In range free techniques, the position of sensdetie identified on the basis of information traftsed by
nearby anchor node or neighboring nodes based prohon triangulation basis. The various range free
techniques are APIT (Boukerclet al. 2007) chord selection approach three dimensiondtilateration
approach SerLOC centroid scheme etc . Many motenigaes are discussed in (Saydal 2005). The
range free techniques have an error in accuradp 0j0% of the communication range of individual eod
(Patwariet al.2003). But, these techniques are much cheaperamupo the range based techniques.

Energy efficiency is a critical issue in wirelesnsor networks (WSNSs) since the sensor nodes'rigatte
have limited capacit (Boukerctet al. 2007). Once a WSN is in place, its lifetime musttlas long as
possible based on the initially provided amount esfergy. Consequently, techniques minimizing
energy-consumption are required to improve the osktvifetime. A widely employed mechanism is to
schedule sensor nodes activity so that redundatgsenter the sleep mode as often as possiblefarSo
various studies have addressed the energy optionizasue without considering the impact of the bem
of reporting nodes on the WSN performance. In ottands, how the network lifetime evolves with resipe
to the number of active reporting nodes.

2. Related Works

Localization approaches can be classified into edmgsed approaches, and range free approaches. The
main difference between them is the way to getdibtance information. The former relies on distaoce
angle measurement with radio signals such as Twhértyet al. 2001) and AoA, and needs expensive
measurement hardware. The latter uses specialgotstto eliminate the need for radio signal measerd.

The proposed DRL is a range-free mobile localizatipproach for outdoor environments.

(Geziciet al. 2008) is a range-based approach for mobile WSNshalnse only local information. It uses
range measurements between nodes to build a netemdedinate system. It has shown that despite
possible range measurement errors and motion ofiddes, the algorithm provides enough stability and
location accuracy. However, the amount of informmtxchange as well as graph calculation is quiteh
and it needs hardware capable of supporting the O¥btain the range between two mobile nodes.

DV-Hop (Patwariet al.2003) is used in static wireless networks which enage of multi-hop information.
It is a range-free approach. An anchor floodsdtstion to the whole network with a packet contajrthe

anchor’s position. With hop-count from that anchad average hop-distance, this node can derivawits

position by triangulation. In the triangulationettistance between a node and an anchor is estirastiie

multiplication of hop-count and hop-distance.

MCL (Sayedet al.2005), is a range-free approach for mobile WSNELMeriodically updates its samples,
which are node's probabilistic distribution of ltoas by repeating the prediction and filtering qass. It
predicts samples’ next time step distribution witide velocity and filters out impossible samplethwiew
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observations. Observations include the condititias the node hears a seed directly (i.e. they aeehop
away), or some of the node’s neighbors are oneawvegy from certain seeds (i.e. such seeds are two-ho
away from the node). However, if a node has no sétdn two-hop away from it, it cannot locate ifse
Also, the prediction and filtering process may aome lots of iterations if it keeps failure of guiessa
possible position. Moreover, this repeating failoomdition may be an infinite loop if none of thergples
can be filtered successfully. MCL has no solutiothis.

Recently (Gezicet al. 2008), a new approach to source localization wapgsed. It utilizes Received
Signal Strength (RSS) measurements. In partictiiarspatially distributed sensors measure the pafver
the signal due to the source that arrives at tbeation. In the sequel, using an energy-decay medeh
sensor is able to extract some information abautlistance to the source of interest. Finally, réuired
location of the source is derived by proper fusiéthe information extracted at a number of acteesor
nodes. Note that a sensor node is characterizadtia® if its measurement is greater than a prechited
threshold. In order to avoid the ambiguities thédeadue to the unknown transmit power of the seuirc
was proposed to compute ratios of measurements tthgairs of active sensors.

In (Biswaset al. 2006), maximum likelihood multiple-source locativa based on RSS measurements was
considered. In the problem of source localizatiaas iormulated as a coverage problem and estimétes o
the necessary sensor density which can guararteml&ation error bound were derived. In (Albowietz

al. 2001), a distributed “incremental sub gradiealtjorithm was proposed to yield iteratively theise
location estimate.

More recently, a distributed localization algoritlemjoying good convergence properties was propdsaed.

(Sayedet al. 2005), a non-linear cost function for localizatimas proposed and it was proved that its
gradient descent minimization is globally conveggirlowever, all the aforementioned approaches requi
knowledge of the energy decay model and/or thestnétrpower of the source of interest.

In (Dohertyet al. 2001), the case of unavailable information abbateénergy decay model and the transmit
power of the source (i.e. model-independent cases) eonsidered. The location of the source was elériv
by properly averaging the locations of active semsales.

3. Approaches to measure distance between two nodes

There are different ranging approaches to measstande between two nodes.
TOA: time of arrive

AOA: anger of arrive

TDOA: time difference of arrive

RSSI: Received signal strength indication

Noise issue:

Interferometric:

For example, ranging method used in GPS is TOAnRMtiplying the time shift to the speed of radio
propagation, we can calculate the distance. Thelpoppproaches used for ranging in WSN are TDOA. A
mote working in TDOA is often equipped with a sowgighal or ultra-sound signal transceiver in additi

to the radio transceiver. When a mote does rangirggnds simultaneously RF signal and sound signal
known as piggy-back signals. Time stamps are odfteerted in the radio messages. When a mote recaive
radio message indicating that a sound signal israpanying with it, the mote start a counter to ¢ahe
time shift between radio arriving and sound argvitCompared to the propagation speed of radio, the
sound speed is quite slow. We can consider thairtteeshift of these two signals arriving at theeaiger is

the time needed by the sound signal flying from tila@smitter to the receiver. By multiplying thené
shift to the speed of wave, we can calculate teadce between these two nodes.
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4. Proposed M ethod

The ad hoc localization problem (AHLP) has the taknding the physical location of all nodes. @tthe
subset of nodes named as location-aware (LA) ndaesy their exact location.

Given a network graph G = (V, E) where {Vgps} is@bset of the nodes in {V} i.e{Vgpd} {V} are LA
nodes. The locations of non-LA nodes can be foynfi/b— {Vgps}. .

The AHLP is non-trivial for a number of reasons:

To find the location,

1. A node should know

 The locations of at least three LA nodes

« Distance between the node and any of these LAsiod

2. Or it should measure

« The distance and an (absolute) angle betweewnm@y A node and node
Though the measurements are correct, it is notifgestor the LA nodes to surround each regular node
This is because

« MANETs may be randomly arranged

» Only a small percentage of nodes are LA nodes.

Hence estimating node locations based on othershtmbation (multi-hop information) is a better stibn

for this. Some sensory devices are needed to pratdh reading the algorithms require distancenglea
measurements. All nodes do not have the same senapecity. These algorithms need to work in a
heterogeneous environment with different locatiensery capacities.

Let us first consider the scenario in which thessemeading consists of no measurement noise énterte.

In order to locate a node, at least three RSSlimgadrom different LA nodes and only two AoA reags
are needed. Only one RSSI reading and one AoAmgdddm the same LA nodes are essential to lobate t
node when both measurement types are availabgudim a case, better coverage must be provided By Ao
readings for locating more nodes than RSSI readings

In PSO the individuals are termed as particles.s€hgarticles spread in the multi- dimensional dearc
space representing a possible solution to the dimiénsional problem. Each particle has fithessesfor
optimization and it can be evaluated by the fitnfesstion. These particles have velocities to diteeir
movements. Initially PSO contains a group of randsmtutions and by means of updating generations it
searches for optimal solution.

In iteration, updating of each particle is donddijowing two "best" factors.

Pbest: It is the best fitness the particle haseagh so far and stored in memory.

Gbest: It is the "global best" value obtained sdofaany particle in the population

Lbest: It is the "best" value obtained so far by particle in the population in its topological gebors.

After every iteration, if more optimal solution figund by the particle and population then the plaest

gbest (or Ibest) are updated respectively. Thedsrfunction, f, is based on the signal streng®SliRand

an angle of arrival (AoA) of the LA node. For a ead, the fithess function can be calculated by
f=Ao0A(n)/RSSI(n)

The position of the particle is based on its prasiposition, n p and its velocity over a unit ofi¢:

Pri1= Pt Viou
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The velocity of a particle is computed as follows:
The pseudo code is as follows:
1. Get AoA and RSSI values for LA node.
2. Initialize population with random positions arelocities
3. Non LA nodes associate with another node baseithe@ maximum signal strength received from each
LA node, thus forming mini swarms
4. Evaluate fitness of each particle in swarm aqPe
5. For each patrticle in each mini swarm
5.1. Find particle best ( pbest ) — compute fitrafgzarticle.
5.2. If current pbest pbest <, then
5.2.1. pbest = current Pbest

5.2.2. location current location = Pbest
5.3. End if
5.4. Find local best ( Ibest ) for the mini swarm
5.5. Lbest location = location of min (all pbestlis mini swarm)
5.6. Update velocity of particle as per (3)
5.7. Update position of particle as per (2)
6. End For
7. Repeat steps 5.1 through 5.7 until terminatmmdéion is reached.

5. Evaluation M ethods

Measurement error is in proportion to the distabetween the sensor and the target. A mean of the
absolute value is 10% of distance, for exampledigtance between a sensor and a target is 10m,
measurement error is given as a random value betv&e and 2m. Measurement error is independent of
distance and the mean of the absolute value isThis.is based on the assumption that sensors hear t
target do not always measure the precise effecsudi obstacles. This follows the upper boundasfes
both the above two models. If a system can manage a large error model, it's no exaggeration tp sa
that it is free of measurement error.

6. Challenges exist when implementing localization in WSN

As we discussed earlier, WSN is a resourced canstmatwork. Because of the battery power supply an
in order to avoid interference, the effective comiunation range is limited to some extent. The sémsta
may arrive at the destination via multi-hop. Thigatglity of a routing path is not guaranteed, Be touting
path between the data source and data sink maywitiryime. When we try to use multi-hop routingtpa

to estimate the distance between a node and tteoteathe errors caused in these approximation have
adverse impact on the accuracy of localization BNV

Another factor influencing localization accuracyhe ranging errors. Whatever kind of ranging apphes

is adopted, there will always exist some noisehia tanging measurements. Moreover, because the
characteristics between each transmitter-receia@r may not be the same, this kind of ununiformity
between different motes also exerts negative impacthe accuracy of localization. Before we begin t
implement localization in WSN, we will have to deetsimulation first to see what accuracy is expkcte
concerning localization in multi-hop WSN.

7. How to simulate localization processes using NS2?

If we have a network topology we know the coordasadf each node in the topology and also the distan
matrix between each node. However, as simulatiguitinve use only part of the distance matrix and
choose three typical nodes as beacons. The lotializgoal is to figure out the unknown coordinatés
other nodes except the beacons. After that, we esauate the error distributions by comparing the
0|Page
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estimated coordinates of each node and their @ligimordinates.

By specifying the number of nodes, distance of giiit and the random noise relative to the spaoiing
each grid, we can programme to generate a randtteripaf the network which means that we can get an
array of nodes with the known co-ordinates and alsdknow the full distance matrix between any nodes
In order to simulate the process of localizatiorstéad of using the full distance matrix, we wiive to
reduce the direct connectivity in the full distameaetrix.

8. Experimental Results

We show that each distinct region formed in thisin& can be uniquely identified by a location seqee
that represents the distance ranks of referencesnmcthat region. We present an algorithm to cansthe
location sequence table that maps all these feabiohtion sequences to the corresponding regigns b
using the locations of the reference nodes. Thiketis used to localize an unknown node (thathis,rtode
whose location has to be determined) as followse Thknown node first determines its own location
sequence based on the measured strength of skptaleen itself and the reference nodes. It thercbes
through the location sequence table to determiee“tiearest” feasible sequence to its own measured
sequence. The centroid of the corresponding ragitaken to be its location.

In order to evaluate the described approachesnsoseetwork localization, many numerical testsever
performed. We performed a variety of simulationexkments to cover a wide range of network (numbfer o
nodes), the radio range, and the distance measntean®r and computation time. The key metric for
evaluating all the listed methods was the accucddie location estimates which versus the deplaoyme
communication and computation cost. The table vshbe transmission ranges of different networks

Due to measurement uncertainty, it is difficultfited a good metric to compare the results obtangdg
different localization methods. The localizationogris denoted as LE. It is expressed as a pergeaor.

It is normalized with respect to the radio rangealtow a comparison of results obtained for différsize
and range networks. Figure 6 shows that the lcatidiz error decreases as the number of nodes sesea
Increasing the density of anchors makes localinag@asier, but it increases the network size and
deployment cost. The value of the transmission eéangetermines the number of neighbours of eacle nod
in the network. The radio range considered fromiberval [0.21 — 0.02].

9. Conclusion

In the sensor networks the nodes move randomlyirwitie coverage area. The problem considered én thi
paper is the exploration of an unknown environmeith the goal of finding the nodes at an unknown
location(s) using location aware (LA) nodes. Thigrkvhas demonstrated the use of a distributed PSO
algorithm with a novel adaptive RSS weighting facad angle of arrival AoA factor to guide LA nodes
for locating target(s) in high risk environmentssEntially, to reduce the energy consumption ordynall
number of sensors are activated to track and ledhie target; while others are turned into slegplen
The proposed method is evaluated on various mybilibdels and localization is performed by learning
movement patterns and their parameters. The resuite that our approach is better than the preijous
proposed approaches for range free localizatidmigaes for three dimensional wireless sensor nitwo
terms of beacon overhead, localization time, laedion error, computation and space required fgr an
per-cent of mobile sensor nodes.
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Table 1. Number of Nodes Vs Radio Range

Number of Nodes Radio Range
100 0.21
200 0.17
500 0.15
1000 0.11
1500 0.08
2000 0.06
2500 0.04
3000 0.02
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