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ABSTRACT
This paper proposes an enhanced error node regaatgorithm to prolong the lifespan of a wireless
sensor network when some of the sensor nodes pwar. This algorithm is mainly based on the geneti
algorithm. The efficiency of the energy can be ewea by the sparse or compressive sensing feaQ@ue.
results show that compact sensing prolongs the arktlifespan and is more useful for wireless sensor
networks with a smaller coverage area.
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1. INTRODUCTION sensor nodes are identified , directed diffusion
(DD) [9] where the gathered information is

Latest techniques in micro processing, wirelesgansmitted to the sink node only when it has

and battery technology and smart sensors havelevant information for the probe signal, Reduce

enriched data processing [3], wirelesddentical Event Transmission (RIET) [16]

communication and detection skill. In sensoAlgorithm where the transmission of duplicate

networks, each sensor node has some degreeimformation is reduced for a single event and

wireless computational power to process an&educe ldentical Composite Event Transmission

transfer the live data to the data collection aentr(RICET) [16] algorithm is an enhanced version of

[2]. In general, sensor nodes are assumed to haRéET because it handles composite events.

limited processing power and highly constrained Whether the RIET or RICET algorithm is

energy resources [5]. A base station have a highapplied, the rank creating suites or involved probe

energy budget than the ordinary sensor nodgmckets must first be broadcast. Then, the sensor

because the base station performs the finalodes transfer the affair information to the sink

information aggregation and extraction tasks [7]. node, according to the algorithm, when the suitable
This paper proposes an enhanced error node actions occur. The sensor routing paths are shown

regaining (EENR) algorithm for improving the in Figure 1.

lifespan of the wireless sensor networks. Lifespan

of WSN decreases, either because the sensor nodes @ Sensor nodes

no longer have sufficient energy or they have A Sink node

reached their threshold. Implementation of an

EENR algorithm results in lesser substitutions of @ o ®

sensor nodes. The compact sensing method has \ &

been implemented with the EENR algorithm to

increase the energy efficiency, network lifetimel an

also reduces the cost of substituting the sensor & B

nodes. &
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2. RELATED WORK

The conventional approaches to WSN routing Figure 1: WSN routing
include the grade diffusion (GD) [13] algorithm
where the fellow nodes and routing paths of the
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The WSN may fail due to a variety of causesyWWSN applications is introduced and the welfares of
including the following the routing path might distributed compacted sensing is demonstrated. In
experience a disruption, the WSN sensing ard8], several random routing methods for WSNs
might experience a drip, the batteries of somexploiting compact sense (CS) based measurement
sensor nodes might be depleted, or the nodes wéachniques are proposed. In [10], the potential of
out after the WSN has been in use for a long timé&S based signal acquirement for minimal difficult
wireless link may experience failure or congestiorenergy — efficient ECG compression on a wireless
may result in degraded performance of the wireledsody sensor network mote is investigated. The
sensor network. In figure 2, the situation in efhi results of this study reveal that CS represents a
the outer nodes transfer affair information to the&ompetitive alternative to digital wavelet transfor
sink node via the inner nodes. The inner nodes thbased ECG compression solutions. In [11], a CS
have to deal with huge amount of databased approach for monitoring environmental
overwhelming energy at a quicker rate. If all thenformation using WSNs is presented.
inner nodes deplete their energy or otherwise stop The  proposed methods exploits the
to function, the affair data can no longer be ¢ent compressibility of the signal to reduce the amount
the sink node, and the WSN will no longer functiorof acquired data. In [12], a CS based data
[1]. collection algorithm for WSNs is proposed.
Theoretical analysis of the proposed algorithm

@ Sensor nodes shows that it can accurately recover data from a

A Sink node small amount of compressed data. In _[14], a
@ decentralized networking scheme that combines the
concepts of random channel access and CS to

achieve energy and bandwidth efficiency for

'@ @ ® underwater sensor networks is proposed. The
@, @ ® @ concept of sufficient sensing probability is
@ introduced to compensate for the random packet
@ 4 loss caused by collisions.
9 sl ]
o [ Therefore this paper proposes compact sensing
[ L incorporated into EENR algorithm which enhances
@ @ @ '@' the lifetime of the sensor networks thus reducing
@ sensor node replacement cost. Thus Usage of
compact sensing enhances the efficiency of the
Figure 2: WSN routing path when some nodes are wireless sensor network.
not working. 3. ENHANCED ERROR NODE REGAINING
ALGORITHM

The power consumption of the sensor nodes in

WSNSs is inevitable. Fault node recovery algorithm 1o EENR algorithm is mainly based on the
is an algorithm to search for and exchange less ICET algorithm combined with the GA. The

sensor nodes and to reuse the most routing pPatRgNR algorithm forms the probe value, routing
[1]. ~ The genetic algorithm (GA) [17], iS @ (apje fellow nodes and load value for each sensor
stochastic adaptive global search and optimizatiof, je using the GD algorithm. In the EENR
method established in 1975, based on the concefpithm, the number of non-working sensor nodes
of natural heredities. The current paper prop@ses is"-qnsidered during the WSN operation, and the

enhanced error node regaining (EENR) algorith arameter 4 is calculated according to (1)
which is based on reduce identical composite event

transmission algorithm combined with the genetic )
algorithm.  The EENR algorithm forms a routing m:g?‘ﬁ“’"”ﬁ Bj
table using the grade diffusion algorithm and

exchange the faulty sensor nodes using the genetic

algorithm. This algorithm can make use of the 1

same routing path as the faulty node is replaced. i
g p y p B_I = r,m'l:'<_|||:.lll = ¥ (1}
.\J.

There are many studies on applications of
compressive sensing theory on wireless sensor
networks. In [7], new models for joint system in

0, otherwise
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In (1), Probe is the sensor node’s probe valuee Th In step 3 the algorithm eradicates the
variable ¥77¥™2l s the number of sensor nodeschromosomes with the least fitness values and

: holds the rest. We use the elitism strategy ameg ke
the half of the chromosomes with better fithess
Whiues and put them in the mating pool. The worse
chromosomes will be deleted and the new will
bstitute them after the crossover step [1].

with the probe value j. The variab®™" is the
number of sensor nodes still working at the prese
time the probe value j. The parameteis set by
the user and must have a value between 0 and 1.
the number of sensor nodes that function for eac%

probe is less thap Bj will become 1, and A wil In step 4 cross over and mutation is used to

e odes e o rodiy the Sigle chvomosome. ' Tuo Singe
P 9 Athromosomes are selected from the mating pool to

The parameters are encoded in binary string a qoduce two new offspring. The rate of choice is

SEve as the chromoso_mes for the GA. Th ade according to the roulette-wheel selection and
elements_, n the_blnary strings are anUSted Kem.ssthe fitness value [1]. Figure 4 represents the
or exploit the fitness value. The fitness funCt'onqossover step '

e .

generates its fitness value, which is composed
multiple variables to be adjusted by the GA. At 4
each iteration of the GA, a prearranged number « [ 1 [ 1 [ 0 [ 1 o Jo ] 1] o]
individuals will produce fitness values connectec
with the chromosomes. In general, the GA contair [0 [0 |1 [ 1 [o]1] o]
5 steps.

Stepl: Generate the chromosomes with initie @

(=]
—
(3]
b
o
(3]
=1
[
)
|
[==]
[==]
sy

gene values

Step2: Calculate the fitness values of eac
chromosomes using fitness function.

Step3: Selection of best chromosomes from th | ;L |

mating pool
Step4: Apply the genetic operations such a

cross-over and mutation. [oJ o1 J1JoJo] 1] o]
Step5: Go to step
In this step 1, the GA creates chromosomes and Figure 4: Chromosome step

each chromosome is an expected solution. The
elements in the genes are either 0 or 1. A 0 means
the node should be replaced and a 1 means that

4 8 12 16 20 24 78 84
node need not be replaced. T 1] ol 1 o] 1] 0]
In a network if suppose, 8 sensor nodes are n
working and if their node numbers are 4, 8, 12, 1¢ @
20, 24, 78 and 84. Which is represented by Figure

a chromosome of length 8 and the gene is either |

or 1 o Jo 1P olo] 1] o]

Figure 5: Mutation step

4 3 12 16 20 24 78 B4
1

[ 1] o1t Jo]Jol 1] o] Mutation is used to introduce qualities not
found in the original chromosome and protects the
Figure 3: Chromosome and its gene. GA from converging too fast. Here we simply flip

a gene randomly in the chromosome as shown in

In step 2, the fitness value is calculatedhe figure 5.This process is repeated until the
according to the fitness function [1]. In the EENRoptimal chromosome is found.
algorithm, the goal is also to reclaim the most  The chromosome with the best fitness value is
routing paths and to change the fewest sensg@ie solution after the iteration. The EENR
nodes. The highest fitness value is requiregigorithm will replace the sensor nodes in the
because the WSN is looking for the most existinghromosome with genes of 0 to extend the WSN
routing paths and the least number of substitutioffespan.
of sensor nodes.
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4. COMPACT SENSING THEORY seconds. Here the result is compared with the

previous method fault node recovery algorithm
In traditional signal processing, a sensofFNR).
acquires the signal at least at its Nyquist rate fo
proper reconstruction. The acquired discrete $ign==i TE——
as one dimensional vectoeR" can be represented ., ‘ - ‘ En

50000 Al o1 FIF

as a linear combination of basis vectfs}! as

000

1200000

X=ZIis¥: x=ws 2 = .
wherey is the basis matrix withsicolumny;. The S
signal x is called L-sparse if only L of the == T
coefficients in transform domain vector S iSu.
nonzero. The compressibility of most practica’®
signals is the basic point for transform codingy | =
transform coding, the full signals®™ is obtained:; S
all transform coefficients are calculated byySx;
the largest L coefficients are located and theagst

deleted. Finally, only the largest L coefficiearsd =

Figure 6: Events Vs Active nodes

Events Vs Packet_loss

their locations are encoded and forwarded. o
Although transform coding decreases the [
amount of data communicated will be mentioned. o

1) Although only L<<M coefficients are
required, all M measurements, which may .

be large, are needed to be attained. ,ﬂ //_/—
2) All the transform coding coefficients are

computed even though only L of them will

be used and the rest are deleted. | e e
3) Locations of the coefficients must also be )

encoded introducing an extra overhead. Figure 7: Events Vs Packet Loss

o oEE
Events Vs Avg_Egy_Consumption

The reconstruction in CS is done by solving an =}
optimization problem, is convex and can be solved =
using linear programming and global optimal
solutions can be achieved. The base station
consumer more energy than the ordinary sensor
nodes. The base station must know the
measurement matrix of the WSN to solve the
optimization problem [15]. The measurement
matrix does not change through the lifetime of the =
wireless sensors, hence the sensor nodes can lpg e s e s s s s o s
preloaded with this data before deployment.
Alternatively, this matrix can be transmitted te th
sensor nodes by the base station; however, such &
data dissemination is not frequent, and thus, does ..
not lead to any significant energy consumption. :

Figure 8: Events Vs Average Energy Consumption

5. SIMULATION

A simulation of the enhanced error node

regaining algorithm with the compact sensing was . Yol

performed and the results are shown below. The —

simulation was done by using NS-2 simulator. In
our analysis the number of sensor nodes taken are ]

100, one base station and our simulation star2$ at Figure 9: EventsvsTotal recovery sensor nodes
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The results shows that the performance of IEEE Trans. Wireless Commun., vol. 1, no. 4,
EENR algorithm is better compared to that of FNR Oct. 2002, pp. 660-670.
algorithm in terms of power consumption, lifetime[6] K. Akkaya and M. Younis, “A survey on
of sensor network and substitution of sensor nodes. routing protocols for wireless sensor networks”,
The amount of packet loss has been significantly Ad Hoc Netw., vol. 3, no. 3, May 2005, pp.
reduced in EENR algorithm in comparison with  325-349.

FNR [71 D. Baron, M. B. Wakin, M. F. Duarte,
S. Sarvotham and R. G. Baraniuk,
6. CONCLUSION AND FUTURE WORK “Distributed compressed sensing”, Rice Univ.,

Dept. Electr. Comput. Eng., Tech. Rep.
In real time WSNs the sensor nodes use battery TREE-0612, 2006.
power supplies and thus have limited energi8] X. Wang, Z. Zhao, Y. Xia, and H. Zhang, “

resources. In addition to the routing, the Compressed sensing for efficient random
optimization of substitution of sensor node is also  routing in  multi-hop wireless sensor
important. Network”, Int. J. Commun. Netw. Distrib.

Syst., vol. 7, no. 3-4, Sep. 2011, pp. 275-292.

This paper proposes an enhanced error no@@] C. Intanagonwiwat, R. Govindan, D. Estrin,
regaining algorithm for wireless sensor network J. Heidemann and F. Silva, “Directed
which is based on the fault node recovery algorithm  diffusion for wireless sensor networking:,
combined with the compact sensing method. |IEEE/ACM Trans. Netw., vol. 11, no. 1,Feb.
Therefore the power consumption of the sensor 2003, pp. 2-16,
nodes are decreased by using the compact sensft§] H. Mamaghanian, N. Khaled, D. Atienza and
method and at the same time the substitution of P. Vandergheynst, “Compressed sensing for
faulty nodes are also reduced, Thus enhancing the real-time energy-efficient ECG compression
lifetime of sensor node as well as the reduction in  on wireless body sensor nodes”, IEEE Trans.
replacement cost of the sensor node. Biomed. Eng., vol. 58, no. 9, Sep. 2011, pp.

Further the lifetime of sensor network can be 2456-2466.
improved by putting some sensor nodes with leq41] W. Chen and I. J. Wassell, “Energy efficient
residual energy to sleep states. We have also signal acquisition via compressive sensing in

planned to incorporate sink mobility into our wireless sensor networks”, in Proc. Int. Symp.

network. Wireless Pervasive Comput. Feb. 2011, pp. 1-
6.
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