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Abstract—In a heterogeneous Wireless Sensor Network (WSN), nodes was used for the selection of cluster heads. In Hybrid
factors such as initial energy, data processing capabilityetc. Energy Efficient Reactive protocol (HEER) [10], the cluster
greatly influence the network lifespan. Despite the successf o4 selection was based on the ratio of the residual energy

various clustering strategies of WSN, the numerous possiél f nod d th f th twork
sensor clusters make searching for an optimal network struc of nodes an € average energy of the network.

ture an open challenge. In this paper, we propose a Genetic ~Searching for a balance among many factors is non-trivial,
Algorithm based method that optimizes heterogeneous senso gn(d many optimization methods have been applied to tackle

node clustering. Compared with five state-of-the-art methds, our : : : )
proposed method greatly extends the network life and the avage the problem [11]. Genetic Algorithm (GA) provides an op

improvement with respect to the second best performance bad  timization method that, by defining an appropriate fitness
on the first-node-die and the last-node-die is 33.8% and 13%, function, identifies optimal or sub-optimal solutions tdisfy
respectively. The balanced energy consumption greatly impves  all constraints. GA has been used in the routing protocol of
Elt]he netvvorktlitf_e anld 2!'0_W9d thfe sensorthende_rgy to deplitle ?“E’- WSN [12], [13]. When GA is used, a key objective is to
€ computational efficliency orf our metnod IS comparable tone - . - :

others ar?d the overall avergge time across all expgriments i0.6 define an appropriate fitness function that encodes the rietwo
seconds with a standard deviation of 0.06. structure. However most of GA-based methods were developed
for homogeneous WSNs, e.g., HCR [14], while a few were
dealing with heterogeneous WSNs in which the difference
between sensors in the initial energy is the dominate factor
of heterogeneity. The Evolutionary based clustered Rgutin

. INTRODUCTION Protocol (ERP) [12] overcame the limitations of clustering
To improve network lifetime, clustering model has beeRased GAs by uniting the cohesion and separation error, and

used in Wireless Sensor Networks (WSNs) [1]. In a heterog%rpposed a fitness function based on these two factors.

neous WSN, in addition to the network geospatial factorgs, e. Although most of the research concentrated on energy as
distance to the base-station, and distance among nodes {2¢, only heterogeneity factor, many types of heterogeseeiti
factors such as initial energy, data processing capapbili§xist [11], [15], e.g., communication capability and data-p
and ability to serve as cluster head greatly influence ti§€ssing power. In this paper, we propose a sensor clustering
network lifespan [3], [4]. Methods have been proposed t8ethod for dynamically organizing heterogeneous WSN using
extend lifetime of a heterogeneous network. Stable Elrcti®A. Our method provides a framework to integrate multiple
Protocol (SEP) [5] used weighted probabilities to elecswu heterogeneity and clustering factors, which employs ramai
heads based on the remaining energy in sensor nodes. BRergy, expected energy expenditure, network localitgl an
veloped Distributed Energy-Efficient Clustering (DDEE®]) [ distance to the base-station in search for an optimal, dimam
and Threshold Sensitive Stable Election Protocol (TSEP) [aetwork structure for heterogeneous WSN. Heterogenetty fa
extended SEP by categorizing sensor nodes based on ené®fy are integrated as constraints to chromosomes, and a
level and cluster heads were selected from those with high@fidation process is performed to ensure network intggrit
energy. Similarly, Energy Efficient Heterogeneous Cluesler The contribution of this work is two-fold: First, expected
scheme (EEHC) [7] and Efficient Three Level Energy algenergy expenditure of each sensor node is proposed to provid
rithm (ETLE) [8] selected cluster heads based on probgbilian estimation of the possible energy state in the next round i
proportional to the residual energy. In [9], energy-efiitie a network clustering structure is formed. This is signifiban
multilevel heterogeneous routing (EEMHR) protocol was-pralifferent from the widely used energy history (e.g., consdm
posed, in which nodes were grouped into a hierarchy and #eergy and remaining energy) as a criterion for cluster lsead
ratio of the number of alive nodes to the total number déction. Second, a GA-based optimization method is dewslop

o . o _ that encodes the network clustering structure with intggri
Xiaohui Yuan (corresponding author) is with the Dept. of Qurer Science

and Engineering, the University of North Texas, Denton,aggxJ.S.A., email: validation and employs a fitness function of multlple aspect
xiaohui.yuan@unt.edu of the heterogeneous WSN.

Mohamed Elhoseny and Alaa Mohamed Riad are with the Dept. of . . .
Information Systems, Mansoura University, Mansoura, Egyp In the rest of this paper, Section Il formulated the clusigri

Zhengtao Yu and Cunli Mao are with the School of Informati@eihology problem in heterogeneous WSNs and describes our method.
a’;]d Automation, Kunming University of Science and Techggld<unming,  Section 11l discusses our experimental results includicgra-
China. . . . .

Hamdy K. EI-Minir is with the Dept. of Electrical EngineegnKafr EI- Parison study with f!Ve State'_Of'the'art methods and a@lys
Sheikh University, Kafr El-Sheikh, Egypt. of energy consumption. Section IV presents the conclusions

Index Terms—Wireless Sensor Networks, Genetic Algorithms,
Clustering Methods, Energy Conservation

1089-7798 (c) 2013 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See
http://lwww.ieee.org/publications_standards/publications/rights/index.html for more information.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation informe
10.1109/LCOMM.2014.2381226, IEEE Communications Letters

Il. SELF-CLUSTERING METHOD FORHETEROGENEOUS  practice, minimizingD is equivalent to assigning sensor nodes
NETWORK USING GENETIC ALGORITHM to clusters following the nearest neighbor rule.

A. Network Model and Clustering Factors The fitness function integrates energy factors (i.e., E}), (1

We adopt the first order radio model to describe sens%‘?at'al distances, and the local sensor density as follows:

energy status [16]. The consumed enefgpf a sensor node B
s is the summation of energy used to acquirbits of data f= Z
(EA(1)), receivel’ bits of data E£(1')), processl” bits of °

data@? (1)), and transmit” bits of data over a distanaé whereF(t) is the remaining energy of sensor nodat round
(ET(1",d)): t and E;(0) is the initial energy of sensor node E is the

" R o I total energy cost if the messages are transmitted directiy f
E,=EJ()+ES()+ E (") + Eg(I",d), (1) all sensor nodes to the base-statidn.is the total distance

whereEE = E;+'E*, andE; is the idle energy expenditure.Peétween the CHs and the base-statign
ET = E; +1"d", andn = 4 for long distance transmission R ¢
andn = 2 for short distance transmission, aAd denotes the D=> "D(s;,B) )
cost of beam forming approach for energy reduction. i=1

To compute the expected consumed endtiggf a non-CH where eachs; is a sensor node that serves as a CH. Including
sensor nodes’ and a CH sensor node we assumd bits sensor density favors the choice of CHs with more close
of data are collected by each sensor node in a round. Let treghbors.
number of sensors in a cluster headed ipe V,; the expected

consumed energy for s and s’ are computed as follows: ¢ Chromosome Validation and Evaluation

Ey = E+ID?(s,s), @) In a heterogeneous WSN, functions and capabilities of
E, = E+NJE*+ (N, + 1)iD%(s,B), (3) Sensors vary. Some sensors are unable to serve as clus?ler hea
whereas some are preferred to take the role due to their supe-
where E is the constant energy consumption including thgor processing power and available energy. However, idaks
energy of data acquisition, processing and idle. Functiogptimization method such as GA provides no integrated mech-
D(s',s) and D(s, B) use Euclidean distance to approximat@nism for ensuring alignment of different roles of the sesso
the distances between sensor nodes inside the clusterand fin addition, the random initialization and GA operationsiich

Et) E 1 1
ES(O) + E + B + Ngcs’((s)a (6)

the cluster head to the base-statiBnrespectively. introduce chromosomes that completely violate the current
The local sensor density is proportional to the number @énsor properties. In our method, heterogeneity is predent

sensors within the-vicinity as follows: as constraints and hence a validation process is needebefo
Go(8) o ||Ss|l, and S, = {s;: D(s, 5;) < &} (4) evaluating chromosomes’ fitness to ensure network integrit

Fig. 1 shows the validation process. In GA optimization,
whereS; is the set of sensor nodes in thevicinity of s and a new chromosome represents the proposed structure for the

function|| - || gives the set size. WSN. Each gene defines the expected role of the correspond-
ing sensor node, i.e., whether it serves as a cluster head or
B. Network Structuring using Genetic Algorithm a member node. The process consults the ‘ability to serve

In our GA-based method, a binary chromosome is used4§ @ CH'. and the “Sufficient Energy’ tables. The ‘ability to
describe the network structure, in which ‘1’ represents a cgerve as a CH'’ table is used to determine whether the node can

and ‘0’ represents a member node to a cluster. When a sen%?fly? ‘?‘S a cluster head ("1’ re.present‘s Sérving as a C“fmdr h
becomes inactive, i.e., out of power, its correspondingegefi"d ‘0’ @ member node). While, the ‘Sufficient Energy’ table

value is set to -1’, which exempts this sensor from furthdp USed to present the availability of nodes, i.e., "1’ desot
GA operations. available nodes gnd O denotes dlsabled.nodes. The V@Mat
In each network transmission round, sensor node stafl/9C€SS determines if & chromosome IS complied with the
data is transmitted to the base-station together with the d§Onstraints and updated the bit accordingly. An example is
collected from the field. Such data is used by the GA to seareROWn in Fig. 1. o .
for the optimal clusters and the computation is carried qut b !N GA optimization, crossover operation is performed with

the base-station. After the cluster heads and member nol¥Q randomly selected chromosomes decided by the crossover
are decided, the base-station broadcasts the assignmehes ¢ Probability. When crossover is determined not to be coretijct

sensor nodes to prepare the next round of data acquisitiontn® Parent chromosomes are duplicated to the offspringwith

The mapping a chromosome to sensor clusters is by mifil@nge. In practice, this probability is close to 1.
mizing the network communication distanBeas follows: The mutation operation involves altering the value at a
randomly selected gene within the chromosome. Similarly,

C N a mutation probability is used. Different from the crossove
D= ZZD(S“SJ) ®) probability, the mutation probability is usually fairly sdh
=15=1 Essentially mutation operation could create completely ne

whereC' is the number of clusters in a network ang, is the species, i.e., an arbitrary locus in the fitness landscapecéi
number of member nodes in a cluster headed by npdén it is a means to get out of a local optimum. Recall that when
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New
Chromosome

[ ] each analysis. Our method, denoted by GAHN, exhibits the
longest average network life. The average improvement with
Ability to Serve [ 10 10101 1 1] 0l1 111 01] respect to the second best performance based on FND and

sen et LND are 33.8% and 13%, respectively. Fig. 2 depicts the
number of live nodes throughout the network life, which
------------ Y[RV LYV IV VIR el presents a progressive view. The dash line with solid dotsho
the result of GAHN. The balanced energy consumption greatly
improves the network life and allows the sensor energy to
deplete evenly.

Sufficient
Energy

Validated
chromosome [101-10000000-101]

Fig. 1. The chromosome validation process is to ensure mietimbegrity.
Red bits mark the constraints and the changed bits. TABLE Il
NETWORK TRANSMISSION ROUNDS WHEN FIRST AND LAST NODE DIES

a sensor node becomes inactive, its corresponding gene is seMetnods| ETLE_ERP__HEER DDEEC TSEP GAHN
FND 1514 2010 1780 1100 1086 2690

to -1 to exempt it from mutation operations. LND 6904 9200 6150 8900 7640 10400
After validation, Eq. (6) is used to evaluate the fithess of

each chromosomes. An intermediate pool of chromosomes is

created to hold the individuals created in a generation, and  *1

--+-HEER
depending on the needs user can specify any intermediate
population size that is greater than the initial populasme. “ e

The evolution terminates when one of the following criteria ; ToTTsER
is satisfied: 1) the maximum number of generations is regched g” ~S-ERP
or 2) the fitness converges. Upon completion of the GA % <4 ETLE
evolution, the chromosome that gives the best fitness value Em o GAHN
is used to restructure the WSN. . .

I11. RESULTS AND DISCUSSION o

0 2000 4000 600\0 - 8000 1000;
The simulated WSN is in an area of 100 meters by 100 Hemonk Trasmsoh Kot ds

meters (n) with 50 sensors randomly placed in the field anglig 2. percentage of live nodes throughout network lifetim

the data packet size is 400 bits. The network parameters are

listed in Table I. The heterogeneity includes differentiadi  Fig. 3 illustrates an example of the remaining energy of
power, data processing efficiency, and capability of sevirsensors at four transmission rounds. At round O, i.e., the
as cluster head. For the sensors with greater data proges#iitialization, 5 nodes (highlighted with green bars) aneléd
efficiency, the energy used is 50% of that used by a regulsith greater energy at.J. The red bars mark sensors unable
sensor. 10% of sensor nodes possessed greater initialyenédg serve as cluster head. As transmission continued, the
and data processing efficiency, and 10% of sensor nodes @@aining energy of sensors gradually reduces mostly gvenl
unable to serve as cluster head. The heterogeneous seresors a
chosen randomly in each experiment.

08 Round 0
TABLE | -
LRI RO
Parameters | Values 0; Round 1000
Initial energy 0.5J or 1.0J 06
Idle state energy 50n.J/bit 04
Dara sgregation energy s/ b LT TR TR
Amplification energy d>dy | 10pJ/bit/m? 1 Found 2000
(cluster head to base-station) d < do | 0.0013pJ/bit/m? 0.8
,E\mplificatior} ener%y 9 zll > Zl gfs//lo = %fsl Zz
sensor to cluster heas <dp mp/10 = Emp1 0a
Ut b o
The population size of our GA is 30 and the number of o= Round 3000
generations is 30. The crossover probability and mutation >
probability are 0.8 and 0.006, respectively. Theicinity is ] | | | | I
I. [T I | ||||.| s lnall .||||I. T T
20 meters.

Table Il compares the network life of our method with fiverig. 3. The remaining energy of sensor nodes at certainrtiss®n rounds.
state-of-the-art methods, which include HEER [10], TSER [4
DDEEC [6], ETLE [8], and ERP [12]. The average number Table Il lists the average remaining energy of the low-
of rounds when first node dies (FND) and last node digsitial-energy sensors and its standard deviation at uario
(LND) are reported; and 10 experiments are conducted foansmission rounds. Small STDs indicate balanced energy
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consumption among sensors. Due to unequal distances tordmedomly placed sensors with the other parameters rengainin

cluster head, the energy expenditure for the member nodles same. The average time used by GAHN is comparable to

varied. It is inevitable that STDs continued to increase.  the other methods. Note that the most time-consuming psoces
in GAHN is evaluating fitness, which can be implemented with

TABLE Il parallel programming to improve efficiency.
REMAINING ENERGY (J) AND ENERGY STANDARD DEVIATION (STD).

Rounds[ 500 1000 1500 2000 2500 _ 3000 IV. CoNCLUSION
Mean | 0431 0363 02905 0226 0158 0.090 In this paper, we propose a self-clustering method for het-
STD | 0.010 0.020 0.031 0.042 0.052 0.062 erogeneous network using Genetic Algorithm that optimizes
the network life. Compared with five state-of-the-art mekho
our proposed method greatly extends the network life and the
average improvement respect to the second best performance
based on the first-node- and the last-node-die are 33.8% and
13%, respectively. The average number of clusters in all
rounds of our experiments is 6, among which 97% of times
high-initial-energy nodes serve as cluster head. The Hvera
. average time across all experiments is 0.6 seconds with a
standard deviation of 0.06.
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