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Abstract— Large scale wireless sensor networks (WSNs) monitoring applications. The data collection area is ran-
can be used for various pervasive and ubiquitous ap- domly divided into several clusters, where the numbers
plications such as security, health-care, industry automa  f cysters are pre-determined. Based on time division

tion, agriculture, environment and habitat monitoring. As . .
hierarchical clusters can reduce the energy consumption multiple access (TDMA), the sensor nodes transmit data

requirements for WSNs, we investigate intelligent techniges 10 the CHs, which aggregate and transmit the data to
for cluster formation and management. A genetic algorithm  the BS. A new set of CHs is chosen after specific time
(GA) is used to create energy efficient clusters for data intervals. A node can be re-elected only after all the
dissemination in wireless sensor networks. The simula- remaining candidates have been elected.

tion results show that the proposed intelligent hierarchial . .
clustering technique can gxttfnd the net\?vork lifetime for Lindsey e'_[ al. [_7] propose PEGA_‘SIS’ an extension
different network deployment environments. of LEACH, in which nodes transmit to their nearest
neighbors, which eventually transmit the messages to the
base station. The PEGASIS protocol is found to be more
robust to node failures as compared to LEACH. The
work in [8] shows that a two-tiered architecture is more
. INTRODUCTION energy efficient when hierarchical clusters are deployed
Recently, Wireless Sensor Networks (WSNs) are beat specific locations. Bandyopadhyay and Coyle [9] de-
coming an essential part of many application environscribe a multi-level hierarchical clustering algorithm, i
ments that are used in military and civilians. The keywhich the parameters for minimum energy consumption
applications of WSN are habitat monitoring, target track-are obtained using stochastic geometry. Ye et al. [10]
ing, surveillance, and security management [1] [2]. Thedescribe a contention-based, medium access protocol, S-
application of WSN consists of small sensor nodes thaMAC, which reduces energy consumption by using virtual
are low-cost, low-power and multi-functional. These smallclusters. Common sleep schedules are developed for the
sensor nodes communicate within short distances. Sinaglusters, and in-channel signaling is used to avoid colli-
energy consumption during communication is a majorsions. Cerpa et al. [11] propose ASCENT (Adaptive Self-
energy depletion factor, the number of transmissions mustonfiguring Sensor Networks Topologies) that operates
be reduced to achieve extended battery life [3] [4]. between routing and link layers. Any routing or data
Cluster-based approaches are suitable for habitat arnflssemination protocol can use ASCENT to manage node
environment monitoring, which requires a continuousredundancy. In ASCENT, nodes monitor their connectiv-
stream of sensor data. Cluster-based routing protocolgy and decide whether to become active and participate
are investigated in several research studies. For exampl@, the multi-hop networking. Moreover, nodes other than
researchers in [5] presented a theoretical study with active nodes remain in a passive state until they receive
special focus on the clustering problem in sensor networka request from active nodes.
with application to energy optimization. In their study, Muruganathan et al. [12] propose a centralized routing
they propose an optimal algorithm for clustering theprotocol called Base-Station Controlled Dynamic Cluster-
sensor nodes. The algorithm creates clusters of uniforimg Protocol (BCDCP). The protocol tries to distribute the
size such that the distance between the sensor nodes ametwork energy evenly among all the network nodes and
the CHs is minimized; the minimized distance helps toproposes a specialized approach for selecting the cluster
reduce the cost of transmission energy. heads. Like LEACH, the BCDCP divides the network into
Heinzelman et al. [6] describe the LEACH protocol, clusters that are each managed by a base station assigned
a hierarchical, self-organized cluster-based approach faCH. After every round, the base station computes the
: . . , — average energy of all the nodes and compares it with a
This paper is based on “Genetic Algorithm for Energy Effitien .
Clusters in Wireless Sensor Networks”, by Sajid Hussiamju\iWasey certain threshold energy level. The nodes whose energy
Matin, Obidul Islam, which appeared in the Proceedings &f #4th  level is greater than the threshold value become eligible
International Conference on Information Technology: Nemn@_ations to become cluster heads. Then, using a cluster splitting
(ITNG), Las Vegas, April 2-4, 2007©)2007 IEEE. Further, this work . . L. .
was supported in part by Discovery Grant of Natural Sciersed ~ &lgorithm, it divides the network into several clusters,
Engineering Research Council (NSERC) Canada. ensuring that the CHs are uniformly placed throughout
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the network area. The BCDCP further uses a balancethe best cluster formation that will give minimum energy
clustering technique [5] to ensure that all clusters haveonsumption during run time. The base station analyses
approximately the same number of sensor nodes. Ondle current network condition and applies the GA after
the BS finalizes the number of clusters, cluster headsvery iteration (a set of transmissions). The optimizer at
and cluster members, it creates an optimized routing patlthe base station selects the best solution based on the
BCDCP uses a multi-hop routing scheme to transfer thecquired knowledge through the GA fitness function. The
data to the base station. The cluster heads, instead pfoposed fitness function is based on parameters such
directly sending data to the base station, sends data @s energy consumption, number of clusters, cluster size,
their neighboring cluster heads. The cluster head closeslirect distance to sink, and cluster distance. Upon com-
to the base station transfers the aggregated data of tipdetion of iteration, the optimizer improves its decisions
network to the base station. The simulation results showy receiving feedback, which is then used to adjust the
that BCDCP reduces energy consumptionldy percent weights of the parameters of the fitness function for the
and15 percent from PEGASIS and LEACH, respectively. next iteration. In this paper, we provide thorough and

Learning algorithms such as genetic algorithms (GAsyigorous investigation of the results and discuss the desig
use prior network knowledge to reduce energy conand implementation issues of simulation.
sumption. Turgutet al. [13] use a GA to enhance the We use a radio model described in [6]. In this model,
performance of clustering algorithms in mobile ad-hocfor a short range transmission such as within clusters, the
networks. The WSN is represented in the form of chro-energy consumed by a transmit amplifier is proportional
mosomes. This encoded information is used to obtain th&#® d*, whered is the distance between nodes. However,
best solution (network) by applying biological operationsfor a long range transmission such as from a cluster head
such as crossover and mutation. In this approach, the belét the base station, the energy consumed is proportional
solution is based on the fitness function which defines th& d*. Using the given radio model, the energy consumed
fate of an individual chromosome. Er,, to transmit a message of lengttbits from a node

In another direction, Jiret al. [14] use a GA for ¢ t0 anodej is given by Equation 1 and Equation 2 for
reduce energy consumption in WSNs. In their work, along and short distances, respectively.

GA allows the formation of a number of pre-defined

independent clusters, which assists in reducing the total Er; = 1B+ l€ld?j (1)
minimum communication distan_ce. Their results show Ep = I1E, + le.d? )
that the number of cluster-heads is about 10 percent of the “ "

total number of nodes. The pre-defined cluster formatiotMoreover,Er, the energy consumed in receiving thiit
also decreases the communication distance by 80 percemessage, is given by:

as compfared to the direct transmis.sion distance. . Ep = IE, +1Epp 3)

Ferentinos et al. [15] extend the ideas proposed by Jin
et al. [14] by improving the GA fitness function. The whereEzr represents the cost of beam forming approach
focus of their work is based on the optimization propertiedo reduce the energy consumption. The constants used in
of a genetic algorithm. The characteristics used in théhe radio model are as follows: a) energy consumed by
design of the fitness function of a GA include the statughe amplifier to transmit at a shorter distanceds= 10
of sensor nodes, network clustering with the choice of appJ/bit/n?, b) energy consumed by the amplifier to transmit
propriate cluster-heads, and the choice between two signat a longer distance is = 0.0013 pJ/bit/nt, c) energy
ranges from the normal sensor nodes. This improves theonsumed in the electronics circuit to transmit or receive
uniformity of measurement points as well as it reduceghe signal isE, = 50 nJ/bit, and d) energy consumed for
energy consumption. beam formingEgr = 5 nJ/bit.

Hussain and Matin [16], [17] propose a hierarchical The remainder of this paper is organized as follows:
cluster-based routing (HCR) protocol where nodes selfSection Il describes the proposed technique of GA-based
organize into clusters and each cluster is managed bjtelligent hierarchical clusters. Section Il discusses
a set of associates called head-set. Using round-robgimulation and implementation details. Section IV pro-
technique’ each associate acts as a cluster head (Cmdes the results and discussion. Fina”y, Section V con-
The sensor nodes transmit data to their cluster head§ludes the paper and provides a few directions for the
which transmit the aggregated data to the base statiofi/ture work.

Moreover, the energy-efficient clusters are retained for
a longer period of time; the energy-efficient clusters are II. INTELLIGENT CLUSTERING
identified using heuristics-based approach. The HCR protocol [16], [17] is enhanced by using a GA

Hussain et al. [18] improve the HCR protocol by usingat the BS. The BS uses a GA to create energy-efficient
a Genetic Algorithm (GA) to determine the number of clusters for a given number of transmissions. The node
clusters, the cluster heads, the cluster members, and tierepresented as a bit of a chromosome. The head and
transmission schedules. A GA is used at the base statiomember nodes are represented.asand0s, respectively.
which provides energy efficient solutions to the optimizer,A population consists of several chromosomes and the
This provides the base station with the ability to determinébest chromosome is used to generate the next population.
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Based on the survival fitness, the population transformpopulation will be the basis for the next selection. The
into the future generation. Initially, each fitness paramet individuals (chromosomes) with better fitness values have
is assigned an arbitrary weight; however, after evenpetter chances of selection. There are several selection
generation, the fittest chromosome is evaluated and thmethods, such as: “Roulette-Wheel” selection, “Rank”
weights for each fitness parameter are updated accordelection and “Tournament” selection. In Tournament
ingly. selection, which is used in this paper, two chromosomes
The GA outcome identifies suitable clusters for theare chosen at random from the population. First, for a pre-
network. The BS broadcasts the complete network detaildefined probability p, the more fit of these two is selected
to the sensor nodes. These broadcast messages includad with the probability (1-p) the other chromosome with
the query execution plan, the number of cluster headdess fitness is selected [19].
the members associated with each cluster head, and the4) Crossover: Crossover is also known as recombi-
number of transmissions for this configuration. All the nation of component materials due to mating. It is a
sensor nodes receive the packets broadcasted by the BBnulation of the sexual reproductive process which is
and clusters are created accordingly; thus completing theesponsible for the transfer of genetic inheritance. The
cluster formation phase. This is followed by the dataoutcome of crossover heavily depends on the selection

transfer phase. of chromosomes made from the population. Crossover is
a binary genetic operator acting on two parents. There
A. Genetic Algorithm Background are different crossover operators that have been developed

for various purposes. The simplest is the single-point
crossover whereby a point is chosen at random, and the
two parent chromosomes exchange information after that
point. An example of single-point crossover is shown in

A Genetic Algorithm performs fithess tests on new
structures to select the best population. Fitness detesmin
the quality of the individual on the basis of the defined
criteria. In nature, an individual's fitness is its ability t

: : : ) . Figure 1.
pass on its genetic material. Anything that contributes to
this ability contributes to the organism’s overall fitness. First Second
This ability includes traits that enable it to survive and| Chromosome| 11001 [ 01100000110 | 10010 | 10110001110
further reproduce. In a GA, fitness is evaluated by the Offspring 11001 | 10110001110 | 10010 | 01100000110

function defining the problem. The fate of an individual Fig. 1. A single-point crossover.
chromosome depends on the fitness value; the better the
fitness value, the better the chance of survival. GAs solve In Figure 1 the bit sequences of first chromosome,
design problems similar to that of natural solutions forstarting from the crossover point, are copied to the second
biological design problems [19]. chromosome and vice versa. The crossover results in two
1) Population: A population consists of a group of new offspring that have different bit sequence from their
individuals called chromosomes that represent a complefgarents. Crossover is done after the selection process and
solution to a defined problem. Each chromosome is aepends on the probability defined for the crossover called
sequence ofs or 1s. The initial set of the population crossover rate. The probability that the crossover will
is a randomly generated set of individuals. A new poputake place depends on the crossover rate. Generally the
lation is generated by two methods: steady-state GA androssover rate is high, arout®® to 95 percent.
generational GA. The steady-state GA replaces one or two 5) Mutation: As a result of crossover, the new genera-
members of the population; whereas the generational GAon introduced will only have the traits of the parents.
replaces all of them at each generation of evolution. IfiThis can sometimes lead to a problem where no new
el i ti sm a variation of generational GA that is adoptedgenetic material is introduced in the offspring. Mutation
in this paper, the GA keeps a certain number of thellows new genetic patterns to be introduced in the
best individuals from each generation and copies themew chromosomes. Mutation introduces a new sequence
to the new generation. The result is a new generationf genes into a chromosome but there is no guarantee
that will have some of the individuals from the previousthat mutation will produce desirable features in the new
population and others that evolve as a result of crossovaashromosome. The selection process will retain it if the
and mutation. fitness of the mutated chromosome is higher than the
2) Fitness: In nature, an individual's fitness is its general population, otherwise, selection will ensure that
ability to pass on its genetic material. This ability inobsd the chromosome does not live to mate in future. As with
traits that enable it to survive and further reproduce [20]crossover, the mutation rate is defined to control how
In a GA, fitness is evaluated by the function defining theoften mutation is applied. Unlike crossover, the mutation
problem. The fate of an individual chromosome dependsate is very low, around 0.5 to 1 percent.
on the fitness value. The chances of survival are higher In GAs, the probability of mutation can be implemented
for better fitness values. either on a per-bit basis or on a per-chromosome basis.
3) Sdection: The selection process determines whichFor a per-bit basis, if the mutation rate is 0.001, each bit in
of the chromosomes from the current population willa chromosome has 0.1 percent chance of being mutated.
mate (crossover) to create new chromosomes. These névor a per-chromosome basis, the mutation rate of 0.001
chromosomes join the existing population. This combinedneans there is a 0.1 percent chance of a chromosome
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being mutated. and thus the energy consumption will be higher. For a
In this paper, the proposed GA implements mutatiorreduced energy consumptioft, should not be too large.

on a per-bit basis. Mutation, unlike crossover, is a unaryrhis metric will control the size of the clusters.

genetic operator that affects only a single chromosome. A 3) Cluster Distance - Standard Deviation (SD): For

chromosome selected for mutation will have a randomlyuniform spatial distribution of sensor nodes, where nodes

selected bit changed from 0 to 1, or vice versa. are uniformly placed, the variation in the cluster distance
should be small. However, for non-uniform spatial dis-
Offspring 1 Offspring 2 tribution, where nodes are randomly placed, the cluster

Original | 1100110110001110 | 1001001100000110
Mutated | 1100110010001110 | 1001001100000110

distances must not be necessarily the same. The variation
in cluster distances should be tuned according to the
deployment information. If the deployment is uniform,

: . variation in cluster distances will indicate poor network
E|gure 2 shows the effect of mutation on the two O.ﬁ' configuration and must be tuned to get uniform clusters.
rHowever, in case of random deployment, there will be
clusters of different sizes and the variation in cluster
distances is acceptable. The cluster distan§ds, with
a deviationy can be computed as follows:

Fig. 2. An example of mutation.

the eighth bit ofof f spri ng 1 is changed froni to O;
however, due to very low probability of mutation, there
is no mutation inof f spri ng 2.

6) Population Generation: The WSN nodes are repre-
sented as bits of a chromosome. Head and member nodes Z?:l detuster;
are represented as 1s and 0s, respectively. The fitness of = h )
a chromosome is determined by several parameters such A
as node density and energy consumption. A population _
consists of several chromosomes and the best chromo- SD = Z(M ~ detuster,)* ()

some is used to generate the next population. For the _
initial population, a large number of random cluster heads 4) Transfer Energy (E): Transfer energyk, represents

are chosen. Based on the survival fitness, the populatid€ €nergy consumed to transfer the aggregated message
transforms into the future generation. from the cluster to the BS. For a cluster withmember

nodes, cluster transfer energy is defined as follows:

i=1

B. Fitness Parameters

The fitness of a chromosome is designed to minimize

the energy consumption and to extend the network llf.el'he first term of Equation 8 shows the energy consumed

tlme_. A few fitness parameters are described in thlsfo transmit messages frolmnmember nodes to the cluster
section. head. The second term shows the energy consumed b
1) Direct Distance (DD) to Base Sation: The direct X . gy y
. g : the cluster head to receivemessages from the member
distance,D D, to base station is the sum of all distances . .
T . ) nodes. Finally, the third term represents the energy needed
from sensor nodes to the BS. This distance is defined as :
follows: 0 transmit from the cl-us.ter head to the BS.
' m 5) Number of Transmissions (T): The number of trans-
DD = Z dis (4)  missionsT are assigned by the BS, for each data transfer
i=1 stage. The value of' can be adjusted according to the
whered,, is the distance from the nodéo the BS node. network conditions and current energy levels. Moreover,
For a larger network, this distance should be minimizedlarger values ofl" indicate that the outcome of the GA
otherwise, the energy of most of the nodes will be wastedWill be used for a longer period of time. In other words,
However, for a smaller network that has a few closelyfor larger 7" values, the superior optimum solutions, as
located nodes, direct transfer to BS may be an acceptab¥¢ell as inferior optimum solutions serve for a longer
option. period of time. Hence]" should be adjusted to reinforce
2) Cluster Distance (C): The cluster distance] is the ~ the outcome of a superior solution. The quality of best
sum of the distances from the nodes to the cluster heaghromosome is determined from the history of previous
and the distance from the head to the BS. For a clustepA solutions.
with k member nodes, the cluster distanceis defined
as follows: C. Fitness Function
. The chromosome fitnesdy, is a function of all the
O — de td, 5) above fithess parameters, which is defined as follows:

k
E=Y Er, +kxEg+Er,, (8)

j=1

=1
whered,;, is the distance from nodeto the cluster head  F = Z(wi x fi),Vfi € {C,DD,E,SD, T}  (9)
h and d; is the distance from the cluster headto i
the BS nodes. For a cluster that has large number of The initial fithess parameters can be assigned arbitrary
widely-spaced nodes, the cluster distance will be higheweights, w;. Then, after every generation the best fit
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chromosome is evaluated and the weights for fitnesachieved, and total transfer distance from network to
parameters are updated as follows: the BS. The simulator is implemented in Java using the
Eclipse development environment [22]. The simulation of
a wireless sensor network environment requires several

Afi=fi— fi—1 (10)
] ) ) modules such as network configuration, communication
The Af expression represents the change in the fitnesg,q routing.

parameter value. In the simulation, three types of layouts are used: a)

random, 2) grid, and 3) cluster grid as shown in Figure 4.
Figure 4 (a) shows a random layout with the given seed;
improves the value of weights based this layout is used for debugging, verification, and valida-

wherec; = —L+
i T T : -
on the previous experience [21]. After every generationlion Purposes. Figure 4 (b) shows a random layout used

the best fit chromosome is evaluated to see the im-
provement in its fithess parameters such as cluster size || .
percentage headers, energy consumption and the standar
deviation (with respect to distance). A suitable range of
initial weights can be determined during simulation, as
discussed in Section IV. .

The proposed technique uses a GA to determine the [
initial set of hierarchical clusters, as shown in Figure
3. At the start, the GA uses all the nodes to create

w; = wi—1 + CGAf; (11)

(a) Random Layout (Seed) (b) Random Layout

clusters but during the operation, only the alive nodes {--------------v--

are used to create new clusters, since a node may die
during the data transfer phase. The cluster optimizer
uses the GAs suggested clusters, query type, and the
current network condition to create optimized clusters tha

provide the query execution plan and the transmission
schedules. The sensor nodes are configured according to (©) GridLayout (@ Cluster Grid
the optimized cluster information, which is followed by rig 4 Types of nodes layouts.

the data transfer phase. Once the BS has received the

required transmissions, the GA at the BS creates newr performance evaluation. As several random layouts
clusters for the WSN. The participating nodes are giverran be generated, this layout is used to obtain confidence
to the GA and a new set of clusters are obtained. in the results. Further, the random deployment of nodes

- is also used in military and security applications, where
. Initial Nodes

nodes are dispersed in a random fashion by an airplane
Start

Participating Node

—

or other moving devices.
Figure 4 (c) shows the grid layout that creates the nodes

Genetic Algorithm at fixed distances; this layout can be used to incorporate
location awareness in the proposed HCR protocol. A grid
Clusters type of network topology is usually used in applications

Y related to agriculture in which nodes are manually placed
in a field at known locations.

Finally, Figure 4 (d) shows the cluster grid that is
a combination of grid and random placement in which
nodes are randomly created but there are a fixed number
of clusters. The cluster grid can be used to validate
Y the cluster formation of the protocols. This cluster grid
topology can be used in academia, such as university
— buildings in which each room might have several sensors.

Figure 5 shows a graphical user interface of the
simulator. The simulation parameters can be adjusted
dynamically by using the input text fields of the graph-
ical interface. The output has two sections: a list of
chromosomes (on the left side) and a graphical display
of the network configuration (on the right side). The
list shows the entire population of the last generation,

The main objective of the simulation is to comparewhere the best chromosome is initially selected. The
different cluster-based routing protocols on the basis ohetwork configuration of the best chromosome is shown
system lifetime, energy dissipation, total transmission®n the right side. A user can browse through the entire

Cluster Optimizer

Optimized clusters

Data Transfer

Fig. 3. Flow chart to demonstrate the steps involved in elust
optimization.

Ill. SIMULATION
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Fig. 5. Simulation of Protocols.

population to view the graphical representation of all The classNet wor k represents a network of all the
the chromosomes. The list shows the status of energpodes scattered within a pre-defined area. The simulator
number of headers, number of unassigned nodes, numbienplements different types of network layouts (topolo-
of member nodes, fitness value, number of active nodegjes). The Network class is responsible for randomizing
cluster distance, and the sequencé®fandl’s. the fields, setting up a BS at a specific location, starting
In the network visualization, the clusters are distin-the election process for cluster heads, and resetting the
guished by different shapes (with different colors). Thesensors in the network, if needed. The network size and
cluster heads are shown as filled shapes and members 88 distances can be varied to test the network perfor-
shown as hollow shapes. The sink is shown as a filleanance. A Network object contains the information about
circle in the right most direction. the total number of nodes in the network, the number
The network size can be scaled in the simulation. Du®f active nodes, and the number of cluster heads. The
to scaling, the layout remains the same but the spaciniyetwork class also controls the number of transmissions
between the nodes is adjusted according to the givefor a round.
network size. The BS is located to the east of the network. The clas<Cl ust er represents clusters of the WSN. A
Cluster object creates clusters around the selected cluste
head. The nodes select their cluster heads and are added
to the member list. The cluster also has an associate
For an in-depth analysis of cluster-based routing prototist that holds the set of associates of each cluster. The
cols, an efficient and accurate design model is needed. Thguster members are associated to their head-set. If a node
design model requires the simulation of a sensor networkiecomes an associate or the energy level falls below the
its configuration, communication and the energy dissithreshold, the cluster object removes the node from the
pation that takes place within the network. The classegmember list. Only the active associate member transmits
are designed such that they encapsulate entities used tifie aggregated data of the member nodes to the BS.
WSNSs. Furthermore, the classes used in the simulation
can easily be extended to add new capabilities to the
cluster-based routing protocol. The descriptions of a fevP: Protocol Related Classes
classes used in the simulator are given below. The protocol related classes simulate the election and
1) Network Related Classes. The classNode repre- data transfer phases. The simulation is based on the
sents the sensor nodes. Each node hasdtisdy location  following assumptions: 1) there are no packet drops, 2)
and an initial starting energy a2J. The Node class channels are symmetric, 3) nodes are stationary, 4) queries
maintains a record of the energy level of the node asire continuous and persistent, and 5) all nodes have the
it performs long or short range transmissions. Each nodsame start energy. The protocols are compared based on
dies if its energy level falls below the minimum thresholdthe total number of transmissions and the percentage of
energy. The node can have different states, such as: apdes that are alive.
member of a cluster, b) cluster head, c) associate, d) The Routi ng class takes care of the election
unassigned, and d) dead node. One of the special nodpkase. An abstracel ecti on() method is defined
is a BS which has an x and y location but does not havén this class. At the beginning of each round, it se-
any energy constraint. lects a pre-defined number of cluster heads using the

A. Design and Implementation
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creat eAssoci at e() method; the cluster heads send of the algorithm is as follows: while at least minimum
long range advertisements to the network nodes. Basatimber of nodes are alive, a) selpébof clusters heads,
on the signal strength, nodes select their cluster headb) remove the selected cluster heads from candidate list,
The createMenber () function assigns the nodes c) create clusters around the cluster heads, d) each cluster
to the cluster heads. Th&®outi ng class uses the head selects a set of associates based on the connectivity
LeachNet wor kEner gy class to compute the energy with member nodes, e€) consume energy of each node for
consumed during header selection and member creatiodata transmission phase, f) identify the energy efficient
The LeachRouting class is a subclass of the clusters and retain them for the next round, g) decrease
Rout i ng class and implements the LEACH protocol the p%value bypr % (percentage clusters retained), and
including theel ect i on() method of the Routing class. h) disassociate the rest of the nodes from their cluster
For pure LEACH, each cluster has a single cluster headeads.
The number of cluster heads depends on the predeter- The Geneti cNet wor k class implements a genetic
mined percentage of CHs. Each node generates a randagorithm. The CHs, cluster size, and cluster mem-
number and checks with the threshold function; if thisbers are determined by thgeneti cAl goi rthm()
number is less than the threshold function, the nodéunction. TheGeneti cNet wor k class uses th&lode
becomes a cluster head. The cluster head list is theglass to create the chromosomes; Thepul at e()
passed to the network nodes which select their clustenethod creates several chromosomes, each of which rep-
heads based on the signal strength. ThachRout i ng  resents a network configuration with several clusters. The
class usesCl ust er objects to create clusters. As an Geneti cNetwor k class uses théNet wor kEner gy
extension, once clusters are formed, they can also acquigdass to estimate the cost of the transmission that takes
associates for their clusters. The number of associates c@tace every iteration.
be pre-defined or clusters can be adaptive e.g. the numberFigure 6 shows a flow chart to illustrate the phases and
of associates depends on the size of the cluster. the execution of the simulated protocols. The simulation
The algorithm to simulate LEACH protocol is as fol- starts with the network setup phase, which creates a
lows: while at least minimum number of nodes are alivenetwork of a pre-defined number of nodes; each node
a) selectp% of cluster heads, b) remove the selectedS assigned an x and y location and initialized with 2
cluster heads from candidate list, c) create clusters arourdoules of energy. After the network set up, the election
the cluster heads, d) consume energy of each node for daphase begins: the network is divided into several clusters
transmission phase, and e) disassociate all the nodes fro#id each of which is managed by a head-set. In case of
their cluster heads. intelligent clustering, a GA at base station creates ctaste

The HCRout i ng is a subclass of routing which im- for the WSN. D_uri_ng the election phase, each cluster is
plements the head-set approach. HERout i ng class also provided with its own TDMA schedule to ensure that
maintains a candidate list which stores all the node§€Nsors turn their radios on only when they are required
that can become cluster heads. THERout i ng class to transmit; otherwise, they can keep their radios off.
implements theel ecti on() method of the “Routing” The election phase is followed by the data transfer
class. In HCRouting, once cluster formation is Comlo|etephase: the cluster members transmit data to their cluster
each cluster acquires a pre-defined number of associatd¥€ads, the cluster heads aggregate the data received from
Furthermore, the clusters can be adaptive; i.e., the numb@fl the member nodes and transmit the aggregated data to
of associates depends on the size of the cluster. THBe BS. After every data transfer phase, the intermediate
algorithm to simulate the head-set approach (HCR-1) jgesults are logged. The results contain the status of the
as follows: while at least minimum number of nodeshetwork, such as: number of nodes alive, total transmis-
are alive, a) selegp%of clusters heads, b) remove the Sions, total energy dissipated, and energy status of the
selected cluster heads from the candidate list, c) creafé€twork nodes. The data transfer phase continues until a
clusters around the cluster heads, d) each cluster hedie-defined number of transmissions are achieved.
selects a set of associates based on the connectivity with Before the next election phase, the simulation checks if
member nodes, e) associates switches role after evefypre-defined number of nodes are alive; if the number of
transmission, f) consume energy of each node for datﬁOdes falls below the pre-defined number, the simulations
transmission phase, and g) disassociate all the nodes fropfPps and outputs the final result. This check enables
their cluster heads. the network to continue until too few nodes are alive to

In addition to head-set approach, RéRout i ng class ~ ransmit accurate data to the BS.
uses the “retain cluster” technique (HCR-2). At the end of
each round, the cluster performance is evaluated and the
energy efficient clusters are retained for the next round
by the el ecti on( ) method. The remaining nodes The GA-based protocol is compared with other cluster-
are disassociated from their cluster heads and they tak®ased protocols such as LEACH [6], HCR-1 and HCR-
part in the next election phase. The network now ha® [17], and [14]. The experiments uf290 nodes (V),
the clusters retained from previous round as well as newetwork area ofl00 x 100 m? denoted as\/, and base
clusters formed in the current round. A brief descriptionstation is200m away from the network.

IV. RESULTS ANDDISCUSSIONS
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The GAs outcome heavily depends on the fithess **f
function. The fithess function is composed of several  zof

fitness parameters; each parameter is assigned a weigh ool —0
which is updated by the reinforcement learning, as dis-
cussed earlier. One of the important tasks is to assign
suitable initial weights. For this a simple experiment wasFig- 8. Fitness for various simulations.
conducted to get a range of suitable initial weights.
The weights of the fithess parameters are tuned using
reinforcement learning but it is important to determine theThe greater variations in the “average values” are due to
suitable initial weights for the fitness parameters. Figuréhe low fitness chromosomes that were filtered during the
7 shows the graphs for the number of transmissions witigelection criteria; only the best fit chromosomes survived
respect to weight of a particular fitness parameter, whildor the next generations.
the remaining parameters are disabled. The weights giving The GA used in the proposed cross layer optimization
relatively larger number of transmissions are chosen ais an extension of [14], which uses a very simple fithess
initial weights. function; the fithess function has only two parameters
The best fitness values for 500 simulation experimentsglealing with total transfer distance and the number of
are shown in Figure 8. A random topology was generatethe cluster heads in the network. The graph in Figure
for every simulation. Thewerage fitness graph shows 10 shows that the proposed GA performs better than the
the average of all the chromosomes in the populatiofA used in [14]. This improvement is due to additional
obtained in the final generation. The graphs show thafitness parameters that included standard deviation of
the best fitness values were significantly better than theluster distance, estimated transfer energy and number of
average fitness values for all the experiments. transmissions. These parameters ensure that only the chro-
The variation between best and average fitness witlhosomes (network configurations) that give maximum
respect to the increase in the number of generations iBumber of transmissions and reduced energy consumption
shown in Figure 9. The results show very small variationgire selected for future generations.
in the value of the best fithess of the chromosomes. The graph of the variation in the number of clusters
This means that the fithess function was successful im the network lifetime is shown in Figure 11(a). The
identifying the optimum solution for most of the cases.graph shows the number of clusters with respect to the

Simulations
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level and are relatively closer to the BS. For this reason,
the proposed GA-based approach tends to give more
transmissions.

A. Effect of Network Layouts
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Fig. 10. Comparison between the GA approaches 10

percentage of live nodes. The numbers of clusters are
higher when most of the nodes are alive. On average, thet
number of clusters varies betwednto 6 percent when - .
more than50 percent of the nodes are alive; however, o ‘
there are spikes due to the random nature of the GA e rercentase ot Alveades
evolution process. There a0 transmissions in each Fig 12, GA's suggested clusters with respect to perceratige nodes.
round. As the number of alive nodes decreases with time,
the consumed energy reduces accordingly; there are fewer Figure 12 shows graphs of the variation in the number
nodes to transmit. Although GA successfully reduces thef clusters in the network lifetime for grid and random
energy consumption most of the time, there are a fewayouts. The graph shows the suitable number of clusters
cases of higher energy consumption; this is due to thevith respect to the percentage of alive nodes. As expected,
poor average fitness of the final population. the numbers of clusters are higher when most of the
For LEACH, the optimum percentage of number of nodes are alive. On average, the number of clusters varies
clusters must be known for reduced energy consumptiorbetween 4 to 8 percent when more than 50 percent of
Moreover, a node selected as a cluster head could be tomdes are alive; however, there are spikes due to the
far from the BS, resulting in a high energy transmissionrandom nature of the GA evolution process.
from the cluster head to the base station. On the other Figure 13(a) shows the graphs of percentage of alive
hand, the GA generates random networks and the fitnessimdes with respect to the number of transmissions for
computed for each network configuration. GA eliminatesgrid and random layouts. Moreover, the initial weights
the network configurations that give either high transferare tuned based on the ranges. As the network goes
distance or result in high or low cluster size. Unlike through the data transmission phase, the optimizer tunes
LEACH, the genetic algorithm does not require all thethe weights using reinforcement learning. The graphs
nodes to become cluster heads. Moreover, the GA's fitheshow that performance is independent of the network
function selects the nodes that have a higher energhayout.

ber of Clusters

80 70 60 50 40 30 20 10
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¢) random. In grid layout, the nodes are placed at every
5m on the horizontal axis and at 10m on the vertical axis.
The cluster grid creates random patches at fixed distances.
Finally, the random layout randomly distributes the nodes
in the given network area.

Figure 14(b) shows graphs to compare the behavior
of four cluster-based routing protocols: LEACH, HCR-1,
HCR-2, and the GA approach. Initially, all the protocols
show a similar performance; however, when more tkan
percent of nodes have died, LEACH and HCR-1 drops
quite rapidly. On the other hand, as HCR-2 has fewer
elections, the nodes conserve their energy and survive
over more transmissions. Since the GA uses cross layer
optimization, the energy consumption during reconfigu-
ration is minimal. Unlike other cluster-based protocols,
GA is adaptive to the current energy levels of the sensor
nodes. Most of the time, the numbers of transmissions
are increased bg0 percent. Similarly, Figure 14(c) and

Figure 13(b) shows the graphs of the variation inFigure 14(d) show the graphs for cluster-grid and random

the energy consumption per cluster formation during théayouts, respectively. In all the network layouts, GA
network lifetime, for random and grid layouts. The graphsoutperforms the remaining three protocols. Moreover, as
show the consumed energy with respect to the number @GA evolves for the later transmissions, the cross layer
transmissions. As the number of alive nodes decreasesptimization becomes more significant.

with time, the consumed energy reduces accordingly;

there are a fewer nodes to transmit.

Figure 14 shows the graphs of percentage of alive nodes
with respect to the number of transmissions received by Our proposed intelligent energy-efficient hierarchical
the base station. Figure 14(a) shows the consistency in th@ustering protocol performs better than the traditional
simulation outcomes. Although in Figure 14(a), five sim-cluster-based protocols. The simulation results indicate
ulation run are shown, similar results were obtained foithat using GA-based hierarchical clusters increase the
a large number of simulation experiments. The simulateshetwork life time. In future, the cross layer optimization
network layouts are as follows: a) grid, b) cluster grid, andusing query and routing strategies can be investigated.

V. CONCLUSION AND FUTURE WORK
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Moreover, the work can be extended by including multi-[19] D. Goldberg, B. Karp, Y. Ke, S. Nath, and S. Sesh@mnetic al-

hop communication between cluster heads. Furthermore,
other learning techniques could be incorporated to detefy,

mine energy efficient clusters.
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