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Abstract: Energy efficiency is of utmost importance in Wireless Semsetiworks (WSN). A WSN that lives long proves to be more
worthy for the effort and cost involved in establishing tledwork. The standards and protocols in a WSN are expectezléodnomical

in their energy usage. Localization is one such importaed,avhere much contribution has been made by the reseatchensrove the
accuracy and not much in increasing their energy efficieimcthis work, a hierarchical approach to increase energyieffcy during
localization has been proposed. Existing localizationregghes, irrespective of the node’s remaining energy devedle a common
strategy for all the nodes. To balance the energy usage anumeg, the proposed algorithm uses different strategisdben current
energy level. Clustering is performed as part of local@atand the cluster heads also serve as localization headkeforcluster
members. Range estimation is done using fuzzy system aatizlation is performed by genetic simulated annealing.usation has
been carried out in NS2 and the results prove the efficienttyi®pproach over other approaches in saving energy asasvetbviding
high localization accuracy.
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1 Introduction Increasing the accuracy increases communication,
which in turn brings down the network lifetime. But quite
A Wireless Sensor Network (WSN) is a network of a number of researches have been dedicated to increase
energy constrained, memory constrained, and computatiothe energy efficiency of the localization strategies as
constrained sensor nodes deployed in the sensing field [ well. They range from simple approaches like maintaining
Energy scarcity has kindled the development of energythe simplicity of existing algorithms like WCLY to
efficient protocols to increase network lifetime. Network sophisticated methods like using additional hardware
lifetime is the time until which the first sensor node or (directional antennas)6] or transceiver optimization
group of sensor nodes run out of energy. [7]. Certain other approaches have optimized the
This paper introduces an energy efficient approach focommunication overhead to achieve energy efficiency as
localization to increase the network lifetime. Localipati  in [8] where the authors have proposed a method where
methods help sensor nodes identify their physical locatiorthe nodes get to choose optimal anchor pairs. A novel
after deployment. Broadly the localization algorithms areapproach was proposed by the authorsdhwhere the
classified into range-based and range-free. power of the anchor’s transmitter is varied and varying
Range-based algorithms are more accurate andange beacons are received by the sensor nodes. This
expensive. Range-free algorithms are less accurate améduced communication has been used to achieve energy
require no expensive hardware. They use messages passefficiency. The authors of10] used the concepts of
inside the network to localize themselves. Considerableanchor pair selection, hop size modification and reduced
research has been done to increase the localizationommunication between the anchor and beacon nodes to
accuracy of range- based and range-free approaiigs [ achieve energy efficiency. InL]] the authors mitigated
4].
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broadcast flooding and duty cycling to achieve energy The remaining part of the paper is organized as

optimization. follows. Section 2 gives insight into a sensor node’s
A common factor underlies all the above existing energy dissipation model. Section 3 details on clustering
strategies. mechanism used and localization strategy adopted for

The strategies are applicable for all the nodes, inmaster nodes. Section 4 details on the localization styateg
variable of its residual energy. Hence the energy diffeeenc of listenerNodes. Section 5 illustrates the simulation
among the nodes persists in these algorithms. parameters and various scenarios used for the study.

Thus the motivation behind the proposed approachSection 6 investigates the efficiency of the proposed
Hierarchical Localization Strategy (HLS), is to improve algorithm. Section 7 concludes the work with the
the lifetime by narrowing down the energy gap among theinferences made.
nodes.

Our previously developed localization strategy namely
MAP-GSA [4] achieved an RMSE as low as 1.6 m but at 2 Energy d|ss|pat|0n model of a sensor node
the expense of very high communication. If the number of
messages needed by MAP-GSA could be reduced at leaghe fundamental components of a sensor node are sensing
for the low energy nodes, the strategy will achieve goodynit, transceiver, microcontroller unit (MCU) and a small
accuracy and as.well as improve the energy.efﬁmency. battery [L§. The energy consumed by the MCU is

The major differences between the existing energyery less compared to the transceiver unit. Roughly,
efﬁCient |Oca|i2ati0n algoritth and the one proposed arethe energy cost Of transmitting data Of 1 Kb over 100
(1) the proposed algorithm does not use a common strategieters is approximately as same as executing 3 million
for localization for all the nodes (2) it uses a cross layerinstructions L9]. Sensing unit, in continuous event sensing
for its cluster members (3) the approach does not requirgensing, consumes less power. Thus power optimization in
special hardware like directional or smart antennas. the sensing unit is not efficient as it is highly application

In order to improve the network lifetime, energy gspecific. Hence optimization in the transceiver unit can

dissipation of the nodes must be proportional to theirsypstantially reduce the energy consumption.
battery level. This proportional expenditure makes sure

that high and low energy nodes run out of energy more

or less around the same time. The proposed HLS worksz
based on this principle. The algorithm classifies nodes as™
high energy (Master nodes) and medium/low energy node
(Listener nodes). Master nodes can afford localizatioh wit
high communication. Localization in listenerNodes has to
be achieved with very few messages in order to sustain EN€rO¥% = TsiPsi+ g (Pxetec + Pamp) 1)

its remaining battery power. Hence they depend on master T, is the time taken for the transmission circuit to start
nodes. up. Rt is the power needed by the circuit during.TThus

The proposed approach brings down the averagehe startup energy is given by {F Ps). Let the total bits
number of messages needed by the listener nodes by g be transmitted be ‘n’, Rbe the bit rate, and fbe the
huge number using a fuzzy-based learning process. coding rate.

Existing fuzzy-based localization systems use fuzzy  Hence ‘n/(R*R.)’ is the time needed for transmission
logic for determining partial solutions to node’s locaon of n bits. Rmpis the power consumed by the amplifier and
[12] or for determining the edge weights accurately p,gq is the power taken by the rest of the circuit during
for weighted centroid algorithmsl1f|. In some cases transmission. Thus the second term gives the energy
fuzzy logic has been used for positioning users inneeded during transmission of ‘n’ bits.

indoor environmentsl4]. Few researches have used the  The energy needed by the receiver during reception
fuzzy inference system to improve existing localizing [2(] is given by,

technologies like trilaterationlp] and ring overlapping

1 Energy States of a Transceiver

The energy needed by a transceiver during transmission
and receptionZ(] is given by,

_ n
approachesig]. In [17] the authors used fuzzy system for Energ;l(x = TstPst+ m; Pocelec + nEd_ec _ _ (2)
positioning the nodes in a noisy environment. Pixelec is the power taken by the circuit anddzis the
Unlike these approaches where the fuzzy inferenceenergy needed to decode a single bit.
system is used for improving the accuracy, HLS Let T be the time at which a decision, whether a node

the fuzzy system has been used to achieve energghould remain active or be put in a deep sleep state, is

efficiency in listenerNodes by continuously learning taken. Suppose the node is decided to be put in an active

the RF environment and providing nearly accurateState at T. Let ‘T’ be the time of next event after ‘T". Let

range estimates between master and listener Nodes fdtactive b€ the power needed if the node is active. So the

localization. Three such accurate estimates are sufficierfirst term in Eq. (3) gives total energy needed by the node,

to position the listener Nodes with high accuracy. if the node remains active during T tqQ ©r in other words
remain in an idle listening state.
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Suppose the node is decided to be put in a deep sleeproadcasting node become thkaster nodesRemaining
state at T Let ‘Tqown be the time taken by the node low energy nodes which have energy levels much lesser
to achieve deep sleep state and the let power consumetian the broadcasting node becomeligtener nodesThe
during Tgown be Riown. SO the second term in equation (3) broadcasting node is understood as the ClusterHead (CH)
gives energy consumed by the node to achieve deep sledyy the neighbors and if there are two or more equal energy
state. The total time the node remains in sleep state;is ‘T nodes, one of them is chosen randomly as a CH and the
T-Tqown. Hence the last term gives total energy needed byother turns out to be aaster nodeof the Cluster. The

the node in deep sleep state. master nodes have a high duty cycle, and the listener nodes
Thus energy saved when a node is put in a deep sleepave smaller duty cycles to minimize idle listening. Master
state as opposed to being in an idle state is given by, nodes are independent in their localization mechanism

whereas the listener nodes depend on the master nodes.
After a certain time (pre-determined) the clustering begin
Esaved= (T1 — T) Pactive— [TdownPdown again with re-election of ClusterHead and master nodes.
+ (T2 — T — Tdown) Psleed (3) Unlike LEACH [22] where a CH cannot be elected
again for a few rounds, here the node can be elected as CH
From Equation (1), Equation (2) and Equation (3) it again if it still has the highest remaining energy among all

can be inferred that, to reduce the energy consumptiofits neighbors and the same goes for master nodes.
during communication, any optimization strategy must

reduce the,
1.Total time the transceiver is turned on. 3.2 Localization of Master Nodes
2.Number of times the transmitter and receiver are ) )
turned on. The master nodes have a comparatively higher duty-cycle.
3.Time spent on idle listening. The mobile anchors when they move across the sensing

field broadcasts beacons. The master nodes in the anchor’s
In simpler terms, reducing the number of messagewicinity receive as much beacons as possible and use MAP-
communicated, it is possible to simultaneously achieveGSA for localization. Our prior work to HLS namely
(1) and (2). Localization on demand and putting a nodeMAP-GSA was a highly fine grained localization with a
in deep sleep state reduce idle listening and frequenRMSE of 1.6 m. Since the listener Nodes are completely

switching between transceiver states. dependent on masters, the accuracy of localization for the
The proposed work tries to incorporate all the abovemaster nodes has to be very high to mitigate propagation
inferences made from the transmission states. of localization error. A brief insight to MAP-GSA is given

for better understanding of HLS.

3 System Model and L ocalization of High

Energy Nodes 3.2.1 Mobile Anchor Positioning (MAP)

The study assumes random placement of ‘n’ sensoPAOb'le anchors periodically broadcast beacons as they

nodes in a two-dimensional sensing field. There are 'm1ove through the network. All the sensor nodes in the

mobile anchor nodes. Anchor nodes move through th communication range of the anchor node receive the
R C . i)eacons.
sensing field, broadcasting beacons at regular intervals. The beacons contain the location of the mobile anchor

Two nodes Nodeand Nodgare neighbors, if they are in . ; .
communication range of each other. The communicationat the time of sending the beacon. A master node receives

. as many beacons as possible.
range of all the sensors is the same. At the time of localization, each master node picks up

two beacons (§and $) which are farthest from each other
. Refer Figure 1).

3.1 Clustering Scheme ( Thesg two)beacons mark the boundary of master

] ) node’s communication range. With those two beacon co-
Each sensor pegms a hello timer after deploymept antdinates (g and S) as centre and the sensor node’s
at the beginning of every clustering phase. The timerscommunication range as radius, the sensor node constructs
value is inversely proportional to the remaining energyyyo circles. The two circles must intersect each other
of the node 21]. The timer of the Sensor Node (SN) 55 hoth beacons are within communication range of the
which has the highest energy goes off first. This SNgensor node.
broadcasts its residual energy to all its one hop neighbors.  Now, the intersection points of the two circles @d

All the receiving one hop neighbors switch off their timers p,y can be concluded as probable locations of the sensor
if the received energy is higher than its own residualygge.

energy. The SNs categorize themselves into two categories. The reason being,
SNs which have energy levels that are on par with the
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Fitness Function

Let (a,b) represent the anchor’s location (from beacon
packet received). The gene in the population is represented
as (x,y). Let ‘current_distance’ be the distance between
a gene in the population (x,y) and the anchor’s location.
The actual distance measured between the master node
and the anchor isjdMaster nodes measure many sugh d
(via methods like RSSI or TDOA) when the anchor is at
locations (a,b). With these definitions, the fithess funrctio
for this problem is defined as minimizing the difference
between the current_distance and the actual distange (d
thereby enhancing localization accuracy. Let the size of
initial population be ‘n’ and the number of measured
distances be 'm. The fithess function for each gene in
population is hence given by the following function.

21<i<n abS<\/(Xi—aj)2+(yi—bj)2 —dj) 4)

1). The beacon points lie on the boundary of 1<j<m
communication of the sensor node. The communication , )
range of the sensor node and the anchor are the sarfe?Pulation Selection
Hence, the sensor lies in the boundary of the beacon’s The best among the population is selected based on
communication range. the fitness value of each individual in the population. The

2). The sensor node should lie in the boundary ofselected individuals undergo reproduction which forms
communication of both the beacons. Hence the twothe population for the next generation. Roulette wheel
intersection points of the circles are the probable locatio selection is the chosen method of selection.
of the sensor noqe. . . . Reproduction

The two locations determine the approximate location o ] )
of the sensor node. Still there remains a non-negligible  For each individual in the population, a small value
error of localization. To bring down this error, Genetic 4d is calculated by equation (5)Ad" is a function

Fig. 1: Probable locations of sensor node determined by MAP.

Simulated Annealing (GSA) is used. of the difference between the actual_distancg @hd
current_distance.
_ . a)2 . h)2 _ .
3.2.2 Genetic Simulated Annealing d=ax* <\/(X‘ aj)"+ (vi — bj) dJ) (5)

- , ) i , In Eq. 5, the value ofd’ ranges from 0 to 1. Thus this
The efficiency of evolutionary algorithms in solving  aq js ysed to produce a small change in the corresponding

critical issues in WSN has been proven. . individual, by either adding or subtractidg in one of the
In this approach, GSA has been used to determingyes or both.

with accuracy the node’s location from the approximated During reproduction phase, single point crossover
location (as a result of MAP). This proceeds in the js performed on all the individuals to form the next

following phases. generation. Selection and reproduction can be iteratively
Genetic Encoding performed till the minimal fitness is reached. In order
éo improve the localization accuracy further, simulated

The genes to perform GSA are to be encoded. Sinc T
annealing is performed.

at the end of localization, a two dimensional location of
the sensor node is needed, the gene has the followingimulated Annealing

structure. The first chromosome represents the position  gjmylated annealing is performed on a small portion
of sensor node in x axis and the second chromosomes e population. Initially a high temperature is initizgid
represents the position of the sensor node in y axis. Both, annealing. The temperature goes down gradually
the chromosomes are real valued. throughout the annealing process. For each individual,
Population Initialization a new neight_)oring solution is crea}ed. The decision of
ihether moving to the new solution depends on the
i

location of the sensor node. Each gene in the population i ltness OT thg new _individual and the current temperature.
generated around the possible locations (from MAP) of the, Iaboratlng,]f'the fltpess ofthe new solution 'h.as improved,
sensor node in its x axis or y axis or both. This method oft.he new individual is selected with probability 1. If the
population initialization narrows down the solution space fitness _has weakened, the new individual is chosen with
The function to initialize the population determines the probability between 0 and 1.

accuracy of the calculated locations.

Each gene in the population represents a possibl
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The probability of choosing the new state of the Since the master node, by now, is already aware of
individual is given by the Boltzmann—-Gibbs distribution its location, with the beacon received, it is capable of
[23]. This is given by Eq. 6 determining the accurate distance between the sending

/T > R(0,1) (6) anchor and itself. The receiving master node records the

’ corresponding RSSI of the beacon message as well.

The received RSSI values and calculated distance
values are used to define membership functions. Once the

arning phase is over, the system has to convert the input

RSSI into corresponding distance. Fuzzy inference system
When the temperature is high, the algorithm allows ;a5 this. P g y y

moving to the new solution even if the new solution does

not provide improvement. This step allows the algorithm Define Linguistic Variables and Terms

to skip getting stuck in local minimum and takes risk for Linguistic variables have values as words or group of

arriving at global minimum. As the temperature comeswords from natural language. RSSI and DISTANCE are

down, the probability of moving to less fit solution inputand output linguistic variable for the proposed work.

decreases. Linguistic values of these variables are {very high, high,
A random number R is generated. If the value of themedium, low, very low} for RSSI and {very less, less,

decision factor is greater than R, then solution is acceptednedium, high, very high} for Distance.

else it is rejected. Define Membershio E .
GSA substantially reduces the Root Mean Square efine iembers .|p unct.|on ) ) .

Error (RMSE) of localization. MAP-GSA has been =~ A membership function is used to fuzzify crisp

proved as an efficient method of localization by variousinputs to fuzzy inputs during fuzzification. Triangular

experimentations. But itimposes a tax on the sensor node’§1embership function is well suited for a WSN because of

battery, as the sensor node has to receive a lot of beacor§ computational simplicity. The triangular membership

for localization. The next method of localization works function [24] is defined by equation (7).

around a way to solve this problem efficiently.

HereAd is the difference in fitness of old and the new
modified individual. T is the current temperature of the
annealing process. R is a random number between 0 a
1.

0, x<a
X—a
4 Learning the RF Environment by M aster g 2SXs<b
H(X) =9 c=x (7)
Nodes —, b<x<c
c—b "~
0

) —

4.1 Fuzzy System for Localization
; is the degree of membership varying between 0
The approach proposed in our work puts forward that  H() is . J
the fuzzy system which has been widely used to increasémol ﬁ Xh's the mput”_RSSI vglue (;Of!o‘? fuzmﬂﬁofl. (a,bt,)(_:)
localization accuracy can use the learning process to bringre th(te.t recla hon-collinear points defining each fuzzy bin
down the communication inside the WSN. ea(;. t”a'n% e):t . ted by Fi > Th ¢
Master nodes, during localization, can simultaneously Ictorially, It IS represented by Figure 2. 1he master

learn about the local RF environment with the help oandes dur|.ng the learning phase collects RSSI and
orresponding distance values. Based on the values, the

the beacon messages received. Trivial Position estimatinr% bershio functi ted b h ¢ q
systems depend on the relationship between distance a embership functions are generated by éach master node.

RSSI for range estimation. Generally, range is calculateduilding Fuzzy Inference System

from RSSI, based on any of the radio propagation models. Fuzzy inference system receives a RSSI and generates
But in this work, instead of assuming a single radio a corresponding Distance. This is built by human
propagation model throughout the network’s lifetime, understandable If-then rules. If-then Rules are used to map
learning the path loss pattern from the RF environmeninput to output.

every now and then is done, giving more accurate range The input is RSSI and output needed is corresponding
estimates. fuzzy system is used for this RF environmentlistance. The If-Then rules are tabulated in Table 1.

learning process. This proceeds in following phases. .
gp P gp Table 1 Fuzzy Rules in Fuzzy Inference System

Learning Phase

Mobile anchors move around the sensing field If RSSI is very low then Distance is very high.
passing beacons at regular intervals. The beacons convey If RSSI is low then Distance is high.
the anchor's location at the time of sending the If RSSI is medium then Distance is medium.
beacon message. Whenever mobile anchors come in If RSSl is high then Distance is less.

communication range of a master node, the master nodes  If RSSlis very high then Distance is very less.
receive beacons as part of their localization process.
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RSSIindbm Distancein m Determining Crisp Distance

In the population initialization phase, each gene in the

] o VAN population is a function of the distance and the received
o e x—¢ location (both obtained from the master nodenode node’s
80 e 300 message) in its x chromosome or y chromosome or both.
jﬁedium Medium /A\ Medium Fitness Function
70 50 20 40 Let current_distance be the distance between the gene

in the population and the master node’s location (obtained
from the message). Let actual_distance be the measured
distance between master node and the listener node (sent
by the master node as result of fuzzy inference system).
Fitness function for this problem is defined as minimizing
the difference between the current_distance (m) and the
actual distance (d.

Genes are represented by (x,y). The location of the
listener node is (a,b). ‘d’ is the measured distance between
the two nodes. Let ‘m’ be the total number of help
messages received. Let ‘'n’ be the population size. Now the
fitness function is as follows.

2 2

Localization of the listener nodes happens in two phases. 21 <i<n abs<\/(x. 3)"+ vi—by) d’) ®
First phase is range estimation phase using the abovefuzzy 1<]<m

system. This phase approximates the node’s distance from Population selection, reproduction and simulated
few master nodes. Second phase is location estimatioannealing proceeds similar to previously explained
phase, which identifies the node’s geolocation using theGSA. Fuzzy logic accurately estimates the range of
distance estimates from range estimation phase. listenerNodes from master nodes. With the ranges from
known location obtained, genetic algorithm uses the range

Less

. High

60 40

/\Less

Qutput

InputRssi=-63 dbm

I
Output Distance=30m

Fig. 2. Calculation of Fuzzy Distance from input RSSI

4.2 Localization of Listener Nodes

Range Estimation Phase

Once each master node builds the inference systerﬁo search across the solution space for probable location

they can help the listener nodes. When a listener nodé

f a sensor node. Simulated annealing searches the

wants to know its location, it broadcasts a help messagdi€ighboring space of the solutions obtained and improves
All the master nodes receiving the help message, respond® 8ccuracy by a huge amount.

back. The master nodes receiving the help message,
identify the RSSI (the work can be extended to work
with TOA/TDOA also) of the signal. The inference system
uses the rule base to map the RSSI to distance. The input
RSSI intersects the input fuzzy bins (refer Figure 2). The
intersection points are extended to output distance bins.

This extension truncates the output bins at the height
of intersection. The truncated area under each output bin is
added to get the total area. The centre of gravity of the total
area gives the crisp distance value corresponding to input
RSSI value. This crisp distance is sent back as a reply to
the listener node.

The listener node receives a message containing
location of the master node and the distance between the
master node and the listener node. Thus, the listener node
identifies its range from all the master nodes in its vicinity

By now, a listener node has few known locations and
its distance from those known locations.

Location Estimation Phase

With few known locations and distances from them,
GSA is used to determine the listener node’s location with
high accuracy.

Genetic Encoding Phase

The genetic encoding phase is similar to the GSA
briefed above.

Table 2: HLS at MasterNode

1: rssi+— Receive help message from listener node

2: fuzz_rssk— Fuzzify the rssi of input message

3: fuzzy_distance- Fuzzy inference system gives
distance to the corresponding rssi

4: dist«— Defuzzify the fuzzy distance to determine crisp
distance

5: Unicast [loc.(location of Master node), dist] to listene
node

Table 3 HLS at ListenerNode

1: Broadcast help message to master Nodes in range.
2: [loc,dist]«— Receives location of master node and its
range from the masterNode.

3: populatiork— Initialize population for Genetic
Simulated Annealing.

4: Perform selection and reproduction.

5: Select the best among the population and perform
simulated annealing.

6: Repeat above two steps iteratively till accurate locatio
of listener node is reached.

Localization happening in the listener node and the

master node is briefed in Table 2 and Table 3.

Population Initialization Phase
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5 Simulation Setup and Performance 1000 gy — S

u T T
M[unI#u: ation W
v

Evaluation 500 I - P.GSA
|

The simulation setup is as seen as shown in Table
4 for analyzing the results. To study the performance
of HLS in terms of its localization efficiency, various kil |
positioning parameters (like anchor density) are varieds soo |
and evaluated. To measure its performance in terms of it: = pors.

|
|
|
|
I
|
Table 4 Simulation Settings - | S AT I —

energy efficiency, four different scenarios are implemente - :, g‘ .
and tested. The results obtained are the average of 3 ‘:E ] - 5 |
simulation runs. HLS is compared with LIR]]. Section 200 1
5.2.4 debriefs LIP. 100 | .
Number of Nodes 100 100 200 300 400 300 60 700 800 90 1000
Sensing field 1000m x1000 m -
No. of Mobile Anchors 3
Beacon Interval 5s Fig. 3: Actual vs Identified Locations by MAP-GSA
% of ClusterHeads 10
Transmission Range 100 m
Receiving range 100 m 1000 - -
Initial Energy (0.1-1.0)J u TR &
Simulation Time 2500 — 120000 s m Y 5
; o m o
Transmit Power 35.28e-3W wop  _om o wm o, o
Receiving Power 31.32e-3W "
Idle Power 712e-6 W a0 | . o ||
Sleep Power 144e-9W d R L
. W g & (o] B w |
400 |- [} f' = = A
5.1 Study on Localization Accuracy w® = oW
X
200 | lY mv M ™ m 4
5.1.1 Plot of Actual Locations vs Calculated Locations - agTh '. u my®
m m u
Fig. 3, Fig 4 and Fig.5 show the plot of actual location vs. O e
identified location in a two-dimensional area. X

The pink rectangle represents the actual location and
the green triangle represents the calculated locations.

Quantitatively localization accuracy is measured Fig. 4: Actual location vs. location identified by HLS
by Root Mean Squared Error (RMSE). RMSE is a
quantitative measurement of the difference between the
results predicted by an estimator and the actual observed
values. RMSE is calculated by Eq. 9, whergi(y.) and  the position est_ima.tion_ strategy have highly influenceq the
(Xei, Yei) are the actual location and estimated location of RMSE of localization in HLS. Thus HLS could provide
the Sensor Node ‘i’ respectively and ‘n’ is the total number & tradeoff between very fine grained accuracy and energy
of SNs. efficiency.

RMSE= /5 110 (% — %)+ (Vai —Ye)  (9)

The RMSE of LIP L] is 14.6 m, HLS is 4.73 m but  5.1.2 Beacon Interval
MAP-GSA has the least RMSE of 1.6 m. But this comes
with the price of increased communication. Decreasing the beacon interval decreases the RMSE of
HLS performs better than LIP in terms of localization localization in both MAP-GSA and HLS (Fig. 6). Since
accuracy. In LIP since the SNs depend on each other ithe nodes receive beacons from many new positions,
addition to the anchors for localization, the localization the sensor nodes are able to achieve higher localization
error propagation is high. Lower error in HLS when accuracy.
compared to LIP is attributed to the use of MAP-GSA In HLS the accuracy of the master nodes is increased
as the localization strategy for some part of the WSNWhich positively affects the accuracy of the listenerNodes
Moreover, during the localization of listener nodes, theIn LIP, not much impact is observed as the beacons from
number of fuzzy bins in the FIS and the use of GSA asthe same positions are often broadcasted. Hence decreased
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Fig. 5. Actual location vs. location identified by LIP
16 T T T | I
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more fuzzy bins, each RSS measurement triggers more
fuzzy rules and hence a more accurate range estimate
is obtained. Fig. 7 shows the impact of bins on the
localization accuracy. The other methods are unaffected by
the change in the number of bins.

5.1.4 Impact of Node Density

Node Density affects the performance of LIP but not MAP-
GSA and HLS. Unlike LIP, there is no propagation of
localization error in MAP-GSA, and HLS. This can be
seen from Fig. 8 where node density is plotted against
localization error.

5.1.5 Impact of Number of Anchors
The total number of anchors in a WSN has a direct

influence on the localization time and accuracy. From Fig.
9 it is observed that HLS and LIP performs well in the

beacon interval results in unnecessary broadcasts whicpresence of many anchors.

decrease the energy efficiency of the strategy. Hence the But more anchors also imply an

increase in

experiments are carried out with beacon interval 5s anccommunication which affects the energy of a node. So

the speed of the anchor as 30m/s.

5.1.3 Impact of Number of Fuzzy Bins on Accuracy

in HLS 3 mobile anchors have been used throughout.
Similarly the authors have fixed 5% beacons in LIP. Also it
is observed that MAP-GSA is not affected by the number
of anchors as it is affected by the beacon interval. This is
because though a node benefits by beacons from different

The number of fuzzy bins in the fuzzy inference systempositions from many anchors, a node cannot afford to
is an important parameter which directly impacts thewait indefinitely for the possibility of beacons from new
localization accuracy of the sensor nodes. When there arpositions. As soon as it starts to receive the beacons, it
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waits only for a limited amount of time before it begins its
localization.

5.2 Study on Energy Efficiency

To evaluate the performance of the HLS algorithm in terms
of its energy efficiency, four different scenarios are set up
and studied.

5.2.1 Scenario 1 — MAP-GSA

The sensor nodes are randomly deployed in the sensing
field. Mobile anchors move around the network passing
beacons. In this scenario, there is no hierarchy of nodes
based on remaining energy level. All the sensor nodes
listen to the medium for messages from anchor. Whenever
an anchor comes in its range and broadcasts a beacon, the
sensor node stores the message.

As soon as the required number of messages
is obtained, localization begins. Here the localization
strategy used for all nodes is MAP-GSA. Average energy
needed and the lifetime of the WSN for Scenario 1 is
shown in Table 5.

Table 5 Avg. Energy and Network Lifetime of Scenario 1

Avg. Energy for one round of
localization of high energy Nodes 0.124 Joules
Average Energy for one round of
localization of low energy nodes 0.124 Joules
First Node Death 336s
Half Node Death 3702s

5.2.2 Scenario 2 — HLS (without Duty Cycling)

The sensor nodes are deployed in the sensing field and
mobile anchor moves around the network passing beacons.
A formal cluster of nodes do not exist. The sensor nodes
are aware of their remaining energy and if the remaining
energy is greater than a pre-determined threshold MAP-
GSA is used, else FIS and GSA are used for positioning.
Average energy needed and the lifetime of the WSN for
Scenario 2 is shown in Table 6.

Table 6 Avg. Energy and Network Lifetime of Scenario 2
Average Energy for one round of
localization of higher energy nodes 0.259 Joules
Average Energy for one round of
localization of low energy nodes 0.0161 Joules
First Node Death 108 s
Half Node Death 2568 s

5.2.3 Scenario 3 -HLS

The sensor nodes are deployed and mobile anchors passes
beacons along their path in the network. Hierarchy of
nodes exists and clear distinction between master nodes
and listener nodes is present. Formal clustering of nodes
happens in the network. The elected clusterheads prepare
a TDMA schedule for its cluster members to follow

© 2018 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

770 %N S\ M.Karthiga, R.Venkatesan: A Hierarchical approach to nlogdalization...

and broadcast itZ2]. Here, the cluster head and master

nodes perfqrm MAP-GSA while Iistengr npdes perform 0.25 L HEISNs '— i
FUZZY estimation and GSA for localization. Average LE SNs mmmm
energy needed and the lifetime of the WSN for Scenaria
3 is shown in Table 7. ” 02 L |
Table 7 Avg. Energy and Network Lifetime of Scenario 3 %
Average Energy for one round of =]
localization of higher energy nodes 0.023 Joules £ 015 F i
Average Energy for one round of > '
localization of low energy nodes 0.0016 Joules g
First Node Death 2358s & 0.1 L i
Half Node Death 10382s g '
3
5.2.4 Scenario 4- LIP 0.05 |
The Sensor nodes use a localization strategy called th 0

LIP [11]. Similar to HLS, LIP also works in two phases.

In the first phase all the sensor nodes invariable of its
residual energy receive beacons from static anchors. Witl Scenario

the beacons they roughly estimate their position. In the

second phase, they refine their estimated location with

the help of the neighbor’s location and range which is Fig. 10: Mean Loc. Energy for High and Low Energy Nodes
calculated by RSSI. LIP achieves energy efficiency by
limiting the flooding of beacon messages. Unlike DV-Hop,
only a fraction of messages are flooded. Moreover in the, .
refinement phase, nodes are in low-duty cycle state fill't still can be seen that HLS has an edge over.LIP. HLS
neighbors are ready with valid position estimates. Averag erforms better as there are NIL broadcasts unlike LIP.

e ; Beacon messages are one way from anchor to sensor
energy needed and the lifetime of the WSN for Scenario 4 ; . .
is shggvn in Table 8. nodes and their TTL is 1 whereas TTL of a beacon in

. ) LIP is fixed randomly and chances of receiving the same

Table 8 Avg. Energy and Network Lifetime of Scenario 4 paacon again by nodes is high in LIP. Moreover in HLS,

Average Energy forone round of | o gas 50l no added communication is needed in learning the RF
localization of higher energy nodes environment as the same beacon messages are used for

Average Energy for one round of both learning and localization.
localization of medium energy nodesg 0.082 Joules g

First Node Death 1610s
Half Node Death 7740 s 5.2.6 Average Energy of Localization in Low Energy
Nodes

1 2 3 4

5.2.5 Comparison of Average Energy of Localization of Scenario 2 shows an improved performance in case of
High Energy Nodes listener nodes unlike Scenario 1 (Fig. 10). This is because

of the drastic reduction in the number of messages needed

The primary goal of HLS is to make the nodes spendby the low energy nodes for localization. In case of

energy proportionately to increase network lifetime. ThesScenario 1, the lower and higher energy nodes require
plot (Fig. 10) showing the average energy consumptior@PProximately equal number of messages. But in Scenario
of master nodes shows that h|ghest energy Consumptioa, the burden of localization falls on the master node and

happens in Scenario 2 than in Scenario 1. the listener node just needs only a minimum of three
This is because the master nodes in Scenario 2 ifnessages for localization. S
addition to localization also continuously learns aboetth [N case of listener nodes, it is intuitive that HLS

RF environment and helps the listener nodes. In cas®rovides better optimization than LIP because of the
of scenario 3 and scenario 4, this energy Consumptioﬁjrasuc reduction in the number of beacons needed.
drastically comes down due to reduced number of help,
beacon and hello messages, and duty cycling.

Master nodes in HLS have increased responsibility
than in LIP as the listener nodes are completely dependerﬁ)

on them and it also learns the RF environment. This shouldrnough residual energy is important for a sensor Node’s
prove as a setback in terms of energy optimization buljfetime, standard deviation of residual energy of the

5.2.7 Mean Residual Energy and Mean Standard
eviation of Residual Energy across Rounds
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nodes plays a still more important role in determining the | | T
network lifetime (Fig.11 and Fig.12). 12000 FND mmm |
If the energy gap among the high and low energy nodes HND i—

increases or remains the same, the low energy nodes rut g
out of energy quicker than the high energy nodes breaking S 10000 - N
the network connectivity. This WSN becomes futile even 9
when some nodes still have battery power left. Hence v 8000 .
decreasing the MSD of the nodes’ residual energy has bee £
the motivation of this work. b=
The energy difference among the nodes remains ] 6000 - N
the same throughout in LIP as LIP provides the same E
optimization for all the nodes in the WSN. However, HLS g 4000 | -
caters the needs of the listener nodes whose participatio g
is very less when compared to the master nodes. =
2000 =
5.2.8 Network Lifetime 0

1 2 3 4

Network lifetime is often measured by First Node Death

(FND) and Half Node Death (HND). FND is the time at Scenario
which the first node runs out of energy in a WSN. HND

is the time at which half of the nodes in a WSN run out

of energy. Fig. 13 shows a comparative study of FND and Fig. 13: Plot of FND and HND
HND respectively for all the four scenarios. LIP fares well
when compared to MAP-GSA but FND as well as HND
are high in case of HLS when compared to all the other .
scenarios. 6 Conclusion

Proportional consumption of energy, zero broadcastss, .
nil collisions, and re-transmissions during localization imulation results prove that fuzzy-based HLS can
have provided HLS an edge over LIP in terms of energybe cqncluded as a hlghly energy efﬁqent localization
efficiency. HLS has improved the network lifetime by 46% technique. This technique does not involve complex
in case of FND and by 34 % when HND is considered. algorithms or special hardware devices like directional
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