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Abstract—  Wireless sensor networks (WSNs) consist of large
numbers of scattered sensor nodes embedded in physical space for
continuous and accurate monitoring of various physical conditions.
Since reliability and energy conservation are the two key
considerations in WSNs, data aggregation should be exploited in
order to save energy and thereby increase the lifetime of the network.
Distributed Data Storage (DDS) is an efficient approach for the
reliable data access. The DDS scheme based on Compressive Sensing
(CS) reduces the number of transmissions and receptions during the
data dissemination process which ensures an energy efficient network
structure. A new class of DDS scheme, referred to as Spatio-
Temporal Adaptive Compressive Sensing (ST - ACS), is proposed to
reconstruct sparse or compressible signals from small number of
measurements. The proposed scheme exploits both the spatial and
temporal correlations among sensor readings which significantly
provide an improved recovery performance with reduced number of
transmissions and receptions, resulting in much higher energy
efficiency. This energy efficient data collection can be proved by the
adaptive node sampling method which provides more accurate data
recovery than the existing approaches. Such a substantial data
aggregation makes the proposed algorithm feasible in practice.

Keywords—Compressive Sensing, Distributed Data Storage,
Spatial Correlation, Temporal Correlation and Wireless Sensor
Networks.

I. INTRODUCTION

Wireless Sensor  Networks (WSNs) are  spatially
distributed autonomous sensor nodes to monitor
physical or environmental conditions, such as temperature,
sound, pressure, etc. and to cooperatively pass their data
through the network to a main location. The more modern
networks are bi-directional, also enabling control of sensor
activity. The development of wireless sensor networks was
motivated by military applications such as battlefield
surveillance; today such networks are used in many industrial
and consumer applications, such as industrial process
monitoring and control, machine health monitoring, and so on.
The design of a WSN depends significantly on the application,
and it must consider factors such as the environment, the
application’s design objectives, cost, hardware and system
constraints. Unlike other networks, WSNs are designed for
specific applications. Each application differs in features and
requirements [1].
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For volatile WSNs environments, to provide both high data
availability and integrity guarantees, a data storage scheme
was proposed in [2]. The decentralized coding algorithms for
distributed storage in [3] are used to solve the problem related
to the required number of storage nodes and source packets, in
the scenarios where network nodes are vulnerable because of
limited energy or a hostile environment. However, they need a
large amount of wireless transmissions and receptions during
the data dissemination process.

A new advanced technique in sampling theory, known as
compressive sensing (CS) [4] allows representation of original
signal by considering the minimum number of measurements.
A clustering algorithm for random and uniform topology in
WSN [5] has been proposed. In WSNSs, sensor nodes with
similar readings can be grouped such that, it is enough to
report a single reading from the entire group. A representative
node is selected from each cluster to do the reporting job. This
helps to increase the battery life of sensor nodes. However,
efficiently identifying sensor groups and their representative
nodes is a challenging task.

To balance the energy consumption of the entire network
and extend the lifetime of the network, a self adaptive and self
organized clustering protocol referred as Low Energy
Adaptive Clustering Hierarchy (LEACH), has been proposed
in [11]. It is a typical representation of hierarchical routing
protocol which includes distributed cluster formation. The
mechanism of correlated data gathering based on compressed
sensing [9], utilizes the joint correlation pattern of a multi-

dimensional WSN signal ensemble via Kroneckersparsity
basis. It significantly reduces the data traffic in correlated data
gathering multi-hop WSNs. This signal compression and
acquisition method can be used to exploit the inherent
temporal and spatial correlation of the sensor signals.

A data gathering technique[7] for a denser wireless sensor
network structure, the spatial correlation among them can be
utilized for data compression. It effectively utilizes the
compressive sensing method to reconstruct the compressible
signals. The spatial proximity of nodes and the temporal
behaviour of the sensing operation causes the observations
sensed to be associated spatio-temporally [10]. However, due
to unfavorable environmental conditions and low energy
resources available in WSN, there are instances when the
nodes lie within the same spatial space and measure the same
attribute yet the observations sensed by them are not related.
Here, this mechanism identifies the degree of association or
disassociation between the nodes.
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In this paper, we consider both the spatial and temporal
(spatio-temporal) correlations among the sensor readings to
enhance the energy efficiency of DDS and propose a new
class of distributed data storage method, referred as Spatio-
Temporal Adaptive Compressive Sensing (ST - ACS). The
sensed readings are subjected to constitute separable sensing
matrices. The Kronecker product framework is used for an
efficient data recovery from the minimum number of samples.
Simulation results demonstrate that, compared with the Low
Energy Adaptive Clustering Hierarchy (LEACH) protocol,
one of the conventional hierarchical routing protocols
decreases the number of transmissions and receptions with
almost the best recovery performance.

I1. PRELIMINARIES AND SYSTEM MODEL
A. Fundamentals of Compressive Sensing

The CS theory has established that a compressible signal
can be accurately recovered from a relatively small number of
measurements. Basically, the rationale behind CS is centered
upon two main pillars as below.

Sparsity: With an orthogonal basis (dictionary) ¥ € RN
xN,a signal vector x € RN is considered compressible

andK- sparseifx:‘I’a,wherethecoefficientvectoraeRNhas
atmostK(K<N)nonzeroentries.Ithasbeenestablished
in[9]thatsensorreadingsinaWSNareoftencompressible
duetothespatialandtemporalcorrelation.

Sampling: Given the K-sparse signal x and a sensing matrix

® € RM xN , CS is capable of recovering x reliably from

the observationvectorye rRM (M«N)with
y =®x=D V0, (1)
providedthattheequivalentmeasurementmatrix A=®¥e

RM XN satisfies RIP [4] or in most practical scenarios, low
mutual coherence [4]. The mutual coherence of a matrix A is
defined as

||:r1-r1.-]|
— R i "’ ol
u(A) MAX 2522 ”E[”zllﬂjll; (2)

where ajand aj denote the columns of A. According to [4],

a smaller value of [(A) will lead to a more accurate recovery
ofx.

Sparse Solution: Under this scheme, three properties of
matrices; the spark, the mutual incoherence and the restricted
isometry property have recently been introduced in CS. These
properties for matrices that are Kronecker products and show
how these properties relate to those factors. For the mutual
incoherence the results for sums of Kronecker products can be
used.

B. System Model

We consider a WSN with N nodes randomly and uniformly
distributed in a unit square area. N nodes are assumed to have
an identical transmission radius r, and thus any two nodes
are connected if their distance is smaller than r. According to
[8], this guarantees the connectivity of the whole network with
a high probability. Each node is assumed to have a large

storage capacity, thereby allowing multiple data packets to be
stored. Sensor readings are assumed to exhibit both spatial and
temporal correlations.

I1l. PROPOSED SCHEME

In a hierarchical wireless sensor network structure, the
Spatio-Temporal Adaptive Compressive Sensing (ST - ACS)
is performed. The system is considered to have n number of
nodes with a large storage capacity, which are scattered
randomly in the desired environment in order to monitor the
corresponding environmental conditions.

A. Spatial Correlation Model

The proposed scheme of similarity based cluster formation
increases the life time of the network by forming effective
cluster regions. Here, each node will send the basic
configurations such as node identification, residual power,
measured data, etc. to their neighboring nodes within their
transmission radius. Based on the received details each node
analyzes their characteristics and identifies their level of
superiority with respect to their neighbors. As a result, the
node with the highest energy level will take the role as a
Cluster Head (CH).

Each cluster head will collect the corresponding data
(sensed information) from their neighbors and compare with
their available information. The sensor readings having more
similarities with that of the cluster head will be considered as
the Cluster Members (CMs) to the respective cluster heads.
Therefore, the network structure consists of number of clusters
each with a single CH and the respective highly correlated
CMs. Each distributed cluster is responsible for sensing and
measuring the physical phenomenon of data in the sensor
region. The spatially correlated data, aggregated at the CHs
are processed and stored according to the Compressive
Sensing (CS) based distributed data storage scheme. Adaptive
sampling is performed in order to improve the level of CS.
Then the appropriate data will be sent to the sink node.

The correlations among the sensor nodes with respect to the
neighboring clusters can also be considered effectively with
the help of the Pearson correlation estimator. Since CHnode
verifies the data accuracy for their respective distributed
cluster, it reduces the power consumption, data redundancy
and communication overhead which in turn increase the
lifetime of the networks. The resultant characteristics of the
proposed scheme are compared with the LEACH protocol [11]
and that reveals the effectiveness of the Trend and Magnitude
based Similarity Clustering scheme.

B. Time Correlation Model

Data collected at different time intervals from a specific
sensor may be correlated if the set of collected data varies in a
similar way. This is referred as temporal correlation. Due to
the nature of the physical phenomenon, there is a significant
temporal correlation among each consecutive observation of a
sensor node and gathered data is usually similar over a short-
time period. Thus, in these cases, sensor nodes do not need to



International Journal on Applications in Information and Communication Engineering

Volume 2: Issue 4: April 2016, pp 1-4. www.aetsjournal.com

ISSN (Online) : 2394-6237

transmit their readings if the current reading is within an
acceptable error threshold regarding the last reported reading.
The sink node can just assume that any unreported data is
unchanged from the previously received ones. The degree of
correlation between consecutive sensor measurements might
vary according to the characteristics of the phenomenon.

Since the data generated by sensor nodes during
continuously monitoring periods usually are of high temporal
correlation, it indicates that there are redundant data in the
successive data sequence, which causes unnecessary data
transmission and energy consumption. Here, we focus on data
transmission reduction and corresponding energy saving
between sensor nodes and aggregators. The proposed time
correlation scheme utilizes ARIMA model [14] to predict the
data of next several periods at both ordinary sensors and
aggregators based on the same amount of recently sensed
values. The ordinary sensors and aggregators work
coordinately to reduce the amount of messages transmitted
within the network.

The main idea behind this scheme is to decrease the number
of transmitted data values between sensor nodes, aggregators
and sink node by utilizing time series prediction model. This
can effectively save the energy of wireless sensor nodes while
keeping the predicted data values within application-defined
error threshold.

C.Spatio-Temporal Correlation Model

The spatio-temporal correlation happens when the nature of
the collected data has both spatial and temporal correlations,
i.e., nodes close geographically have the same reading that is
similar to the previous one. In this case, solutions that use both
correlations can take advantage of the nature of the detected
event to decrease the number of reported data. This model
combines both the effective trend and magnitude based
similarity clustering and ARIMA model based temporal
correlation. Thus the proposed ST-ACS scheme vyields a
reliable and efficient data recovery with reduced number of
transmissions.

The recovery accuracy is improved by Kronecker product
structure [6]. The metrics used to make performance
comparisons are the normalized mean absolute error(MAE)
which isused to evaluate the recovery accuracy and the
number of transmissions which is to measure the level of
energy efficiency.

IV. SIMULATION RESULTS

The simulation of our proposed scheme considers the
reference network comprising of 100 nodes distributed
randomly in an area of 100 m x 100 m along with a Base
Station (BS) which is located at the position of (50, 50). The
other required parameters under consideration are the amount
of transmission energy = 50 nJ/bit, Efs= 10 pJ/bit/m* and
Emp= 0.0013 pJ/bit/m*. The energy for data aggregation is set
as EDA = 5 nJ/bit/signal. The transmission radius of each
node is taken as a radius of 25m. The cluster heads are

responsible for
member’s data.

The mean absolute error is estimated for various values of
error threshold and the related variations are plotted in the
form of a graph in Fig. 1.
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The relationship between the network energy levels and the
different values of error threshold is depicted in the below Fig.
2.
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Fig.2 Energy Vs Threshold

The accuracy level of data is represented in Fig. 3 with
respect to the actual data representation obtained from the
individual node measurements.
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Fig.3 Accuracy Level of Data

The reduced energy consumption of the nodes by using the

proposed ST-ACS scheme is evident from the following Fig.

4,

Comparison of Energy Levels
25 T T T

—e— Leach —&— Spatio-Temporal —&— Spatial

] e S S S :

Energy

0 20 25 30 25 40 0
Cluster Size

Fig.4 Comparison of Energy Levels

V. CONCLUSION

Thus, the optimum performance of the proposed ST-ACS

scheme is validated from the simulated results. By an effective
utilization of spatial and temporal correlations among the
sensor readings, this scheme provides an improved energy
efficiency and reliable data recovery.

[1]

[2]

(3]

REFERENCES

J. Yick, B. Mukherjee, and D. Ghosal, “Wireless sensor network
survey,” Computer Networks, vol. 52, no. 12, pp. 2292 — 2330, Aug.
2008.

R. Zeng, Y. Jiang, C. Lin, Y. Fan, and X. Shen, “A distributed
fault/intrusion-tolerant sensor data storage scheme based on network
coding and homomorphic fingerprinting,” IEEE Trans. Parallel Distrib.
Syst., vol. 23, no. 10, pp. 1819-1830, Oct. 2012.

Z. Kong, S. Aly, and E. Soljanin, “Decentralized coding algorithms for
distributed storage in wireless sensor networks,” IEEE J. Sel. Areas
Commun., vol. 28, no. 2, pp. 261-267, Feb. 2010.

(41

[5]

(6]

[71

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

M. Duarte and Y. Eldar, “Structured compressed sensing: From theory
to applications,” |IEEE Trans. Signal Process., vol. 59, no. 9, pp. 4053—
4085, Sep. 2011.

Bhavana H.T and Jayanthi K Murthy, “Spatial correlation based
clustering algorithm for random and uniform topology in WSNSs,”
IURET, Vol. 3, Issue: 6, elSSN: 2319-1163, pISSN: 2321-7308, June
2014.

Bo Gong, Peng Cheng, Zhuo Chen, Ning Liu, Lin Gui, and Frank de
Hoog, “Spatiotemporal Compressive Network Coding for Energy-
Efficient Distributed Data Storage in Wireless Sensor Networks,” IEEE
Communications Letters, 2015.

Alireza Masouma, Nirvana Meratnia and Paul J.M. Havinga, “A
distributed compressive sensing technique for data gathering in
Wireless Sensor Networks,” in Elsevier, 2013.

X. Yang, X. Tao, E. Dutkiewicz, X. Huang, Y. Guo and Q. Cui,
“Energy-efficient distributed data storage for wireless sensor networks
based on compressed sensing and network coding,” IEEE Trans.
Wireless Communications, Vol. 12, No. 10, Oct. 2013.

M. Leinonen, M. Codreanu and M. Juntti, “Distributed correlated data
gathering in wireless sensor networks via compressed sensing,” Proc.
ACSSC, Pacific Grove, pp. 418-422, Nov. 2013.

B. Ali, N. Pissinou, and K. Makki, “Identification and validation of
spatio-temporal associations in wireless sensor networks,” in Proc.
SENSORCOMM, Athens, Greece, June 2009, pp. 496-501.

LalitaYadav and Ch. Sunitha, “Low Energy Adaptive Clustering
Hierarchy in Wireless Sensor Network (LEACH),” IJCSIT, Vol. 5 (3),

ISSN: 0975-9646, 2014.

G Box, G Jenkins and G Reinsel, “Time Series Analysis: Forecasting
and Control,” 4"edn. (Wiley, NJ, 2008), pp. 47-92.

Amit S. Bhosale, Sanjay R Khajure and Manish S. Sharma,
“Efficient Data Collection in Wireless Sensor Networks using Spatial
Correlation Algorithm,” IJRITCC, ISSN: 2321-8169, Vol. 3, Issue: 2
418-423, Feb. 2015.

Guorui Lil and Ying Wang, “Automatic ARIMA modeling-based
data aggregation scheme in wireless sensor networks,” EURASIP
Journal on Wireless Communications and Networking, 2013.

Chongging Zhang, “Cluster-based Routing Algorithms Using Spatial
Data Correlation for Wireless Sensor Networks,” in Journal of
Commun., Vol.5, No.3, March 2010.

[Y. Rivenson and A. Stern, “Compressed imaging with a separable
sensing operator,” |EEE Signal Process. Lett., vol. 16, no. 6, pp. 449—
452, June 2009.

L Xiang, J Luo and A Vasilakos, “Compressed data aggregation for
energy efficient wireless sensor networks,” in Proceedings of 8th IEEE
Conference on Sensor, Mesh and Ad Hoc Communications and

Networks, pp. 46-54, 2011.

S. Jokar and V. Mehrmann, “Sparse solutions to underdetermined
kronecker product systems,” Linear Algebra and its Applications, vol.
431, no. 12, pp. 2437 — 2447, Dec. 2009.

L Villas, A Boukerche, H Oliveira, R Araujo and A Loureiro, “A spatial
correlation aware algorithm to perform efficient data collection in
wireless sensor networks.” Ad Hoc Netw. 11(3), 966-983, 2013.

H Xu, L Huang, Y Zhang, H Huang, S Jiang, G Liu, Energy-efficient
cooperative data aggregation for wireless sensor networks. J. Parallel
Distrib. Comput. 70(9), 953-961, 2010.



