
International Journal of Advanced Computational Engineering and Networking, ISSN: 2320-2106,  Volume-4, Issue-11, Nov.-2016 

Adaptive Sensing For Energy Efficient Data Collection in Wireless Sensor Networks 
 
1 

ADAPTIVE SENSING FOR ENERGY EFFICIENT DATA 
COLLECTION IN WIRELESS SENSOR NETWORKS 

 
1VIPAN ARORA, 2T.P. SHARMA 

 

1,2NIT Hamirpur 
E-mail: 1vipan.arora@gmail.com, 2teekparval@gmail.com 

 
 

Abstract— Wireless sensor networks are generally deployed in inaccessible terrains for monitoring certain physical 
parameters like temperature, humidity, radiations, vibrations etc. As large numbers of sensor nodes are sensing the region, it 
is likely that sensed data may be both spatially and temporally correlated. These correlations can be exploited to decrease 
communication and data exchange so as to minimize energy loss. Therefore, effective energy management in these networks 
should include policies for an efficient utilization of the sensors, which become one of the main components that affect the 
network lifetime. In this paper, we propose an Effective Adaptive Sensing Algorithm (EASA) that controls the sensing rates 
of sensor nodes. To do this, algorithm utilizes the local estimation and correlations at every sensor node and finds correlation 
among these sensed values at cluster head level. The strategy thrives at dynamically altering the sensing frequency of sensor 
nodes based on this correlation. Highly correlated values depict the static nature of the event under observations whereas 
highly uncorrelated values points towards very dynamic event. Thus, sensing a static event repeatedly resulting in redundant 
data as well as missing some important readings due to low sensing frequency is both taken care of by dynamically setting 
the sensing frequency. Simulation results show that EASA provides substantial energy saving as compared to other adaptive 
sensing algorithms. 
 
Index Terms— Wireless Sensor Networks, Sensor Node, Cluster Head, Adaptive Sensing, Energy Efficiency. 
 
I. INTRODUCTION 
 
Wireless Sensor Network (WSN) consists of large 
number of SNs which are small in size, low cost and 
have limited memory, sensing, computation and 
wireless communication capabilities. SNs measure 
the ambient conditions from the environment 
surrounding them. In these applications, SNs are 
deployed to operate autonomously in unattended 
environments. In addition to the ability to probe its 
surroundings, each sensor has an on board radio to be 
used for sending the collected data to a base-station 
either directly or over a multi-hop path[1][2]. 
SNs are energy constrained devices. Energy 
consumption is generally associated with 
communication and more the communication more is 
the energy consumption. The solution to this problem 
could be the periodic replacement of the node battery. 
But, this is not viable every time as SNs may be 
inaccessible in some applications such as monitoring 
snow avalanches, tsunami or volcanoes etc. Further, 
different applications may require persistent long-
term data collection because the gathered data make 
sense only if the data collection procedure lasts for 
months or even years without interruption. Therefore, 
data collection strategy must be carefully designed to 
reduce energy consumption at SNs, so as to prolong 
the network lifetime.[3][4]. 
In sensor networks, sending large amount of raw data 
directly to the sink can lead to several undesirable 
problems. First, the quality of data may be 
deteriorated by packets losses due to the limited 
bandwidth of SNs. Second, intensive data collection 
incurs excessive communication traffic and 
potentially results in network congestions. Also, 
excessive communication results in the exhaustion of 

SNs batteries. Third, intensive data collection leads to 
excessive energy consumption during sensing. 
Authors in [5][6] report that the lifetime of a sensor 
network can be increased from one month to more 
than eighteen months by lowering the data flow rates 
of SNs.  
As larger numbers of SNs are deployed for sensing 
data, the sensing process is likely to produce huge 
amount of redundant or correlated data. The nearby 
SNs tend to collect similar data. To increase the life 
time of network, the energy consumption of SNs 
must be reduced. To achieve this, spatial or temporal 
correlations can be exploited to manage the set of 
nodes that collect redundant data. For efficient data 
gathering with a minimum use of limited resources, 
sensors should be configured to report data more 
intelligently by making local decisions. Data 
aggregation and spatial correlation are possible 
techniques for local decision-making. By exploring 
such correlation, sensors reduce their sampling rates 
so as to eliminate possible redundancies and thus 
reduce the amount of consumed energy for data 
transmission. As a result, the lifetime of WSNs is 
prolonged. [7][8]. 
In this paper, we propose an efficient approach for 
adaptive sensing in sensor networks to achieve low 
communication cost by using the correlations in 
sensed data. Our approach achieves low 
communication cost by exploiting the fact that 
physical environments generally exhibit predictable 
stable state and strong correlations, which can be 
used to infer the readings of sensors. Present work 
proposes to do the above at the two levels: the local 
estimation at SNs and dynamically changing the 
sensing rates of SNs by exploiting data correlation at 
CH level. The local estimation builds estimation 
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model using linear regression analysis for each SN to 
estimate its local readings and reduce the 
communication cost between each SN and its CH. 
The local estimation achieves self adaption by 
periodically checking the differences between its 
estimation and the actual sensor readings. If the 
actual sensor readings consistently differ from the 
model in function, the local estimation regulates its 
parameters automatically. The nodes after sensing the 
data send it to CH. The CH gathers data from nodes 
under its control and finds correlation. Accordingly, it 
adaptively sets the sensing rate of SNs under its 
cluster. The overall goal is to prolong the life time by 
reducing the overall transmission and also to avoid 
missing important readings due to low sensing 
frequency. This paper is organized as follows. 
Section 3 presents system model and assumptions. 
Section 4 presents local estimation and section 5 
presents adaptive sensing. Simulation results are 
presented in Section 6. 
 
II. RELATED WORK 
 
Data collection is a fundamental issue in wireless 
sensor networks. There have been lot of work on data 
collection in WSNs. Directed diffusion [9] is a 
general data collection mechanism that uses a data-
centric approach to disseminate queries and gather 
data. Cougar and TinyDB [10][11] provide query-
based interfaces to extract data from sensor networks. 
These works mainly focus on query-based data 
gathering, but none of them consider the case of 
efficient long-term large-scale data collection. 
The density of SNs in the interested area may be 
spatially and temporally correlated. In case of a high 
density of nodes, the sensing process is likely to 
produce a large amount of redundant or spatially 
correlated data. In this case, nodes spatially close tend 
to collect similar information. Since the reduction of 
energy consumption is a key issue to increase the 
lifetime of the network, spatial correlation can be 
exploited to manage the set of nodes that collect 
redundant/similar data [12]. 
For more efficient data gathering with a minimum use 
of limited resources, sensors should be configured to 
report data more intelligently by making local 
decisions. Data aggregation and spatial correlation 
are possible techniques for local decision-making. 
Such strategies help to maximize energy conservation 
in an application-specific sensor network 
[13][14][15]. In [7], the authors propose an algorithm 
(YEAST) that constructs a spatial correlation aware 
dynamic and scalable routing structure for data 
collection and aggregation in WSNs. This leads to 
both low quality routing trees and a lack of load 
balancing support, since the same tree is used 
throughout the network lifetime.  
In [16], the authors propose a decentralized approach 
to adaptive sampling, which uses a Kalman filter to 
predict the SN activity and correspondingly adjust the 

sampling frequency. In [17], the authors propose 
adaptive sampling algorithm (ASA) that estimates 
online the optimal sampling frequencies for sensors. 
This approach requires the design of adaptive 
measurement systems, minimizes the energy 
consumption of the sensors and, incidentally, that of 
the radio while maintaining a very high accuracy of 
collected data.  
 
III. SYSTEM MODEL AND ASSUMPTIONS 
 
We assume a large-scale WSN comprising of 
homogeneous nodes. Network is represented as a 
directed graph G = (V, E), where V is the set of all 
nodes {S1, S2, …, Sn}and E is the set of edges 
between nodes. The cardinality of V represents the 
total number of nodes Nt in the network, i.e. Nt=|V|. 
Without any loss of generality, each node in V is 
assigned a unique identifier. If node i can 
communicate directly with node j, a corresponding 
edge eij exists in E. If Rt is the transmission range of a 
node, then the set E is defined as: 

{푒 |푖, 푗	Ɛ	푉	d 	< 푅 } 

where dij is the Euclidean distance between nodes i 
and j. SNs are organized into clusters. Also, we 
assume that the sink/base station has the topology 
information of the network. Following 
symbols/notations are used:  
 

 
 
Each cluster has a head which functions as a server 
for all other nodes (i.e. clients) in the cluster. The 
head maintains the links to the neighboring clients 
within its cluster and the heads in its neighboring 
clusters. It periodically exchanges “hello” messages 
with its clients and neighboring CHs. To 
communicate with its neighboring heads it specifies 
the IDs of the neighboring clusters in the messages. 
SN continuously monitors an attribute x and 
generates a data value xt at every time instance t. 
Without local prediction capability at the SN, it sends 
all data values to the CH. With local prediction, 
however, a SN can selectively send its data values to 
the CH. Each cluster defines a correlation region and 
nodes within each cell are assumed to be spatially 
correlated. Only one node within the cluster notifies 
the sensed information and that node is considered to 
be the SN..Clusters are independent from each other, 
so the change of SNs in one cell does not require any 
reconfiguration. The alternation of a SN in each 
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cluster is done to balance the energy consumption of 
correlated nodes. 

 

 
Figure 1.Abstract view of adaptive sensing 

 
The main aim of the proposed algorithm is to 
adaptively change the sensing rate of SNs. The EASA 
algorithm consists of two functional components 
local estimation of data at node level and adaptive 
sensing of data to change the sensing rate of SNs. 
During local estimation, SNs estimate the data using 
linear regression analysis. If the difference between 
the estimated value and the original value is no larger 
than a given threshold, the SN does not upload its 
data to its CH otherwise it will upload the data to CH. 
The CH will find the correlation between sensed data 
and adaptively changes the sensing rate of SNs. 
 
IV. LOCAL ESTIMATION 
 
In the local estimation model, past values can be used 
to predict current and future values. The sample to be 
predicted can be closely approximated as a linear 
combination of past samples. Linear regression 
analysis is used for predicting the future values from 
the past values buffered at SNs. This model is capable 
of predicting data that evolves slowly over time and 
does not require a large amount of training data or a 
priori knowledge of the distribution of sensor values. 
Hence, it is suitable for SNs with limited computation 
capability 
In this model, the reading generated by SNs at time t 
is modeled as y=a+bx, where y is linear trend 
component that grows over time and a, b are 
constants. The expected value of y and S, sum of 
squares of deviations of observed value is given as 
follows. Let (x1,y1), (x2,y2), (x3,y3),……….. (xn,yn) be 
n pairs of sensed vales . 

 
be the line of regression of y on x. Therefore, the 
equation to the line of regression of the y on x is  

y-ȳ =  (x-x̄) 
By utilizing the local estimation, a SN can estimate a 
newly generated reading through a data model 

learned from its historic data. Each SN sends the 
parameters of its local estimation data to its CH, 
rather than the raw sensor readings. If the difference 
between the estimated value and the original value is 
no larger than a given threshold, the SN does not 
upload its data to its CH.  

If (de-do)<δ 
 
This means there is no much difference in the sensed 
data and estimated data. Therefore SNs are sensing 
the same event again and again. If the difference 
between the sensed data and estimated data is more 
than given threshold that means sensed values are 
changing and it will upload the data to CH. Each SN 
generates a reading every t seconds and inserts it into 
a queue Q of length N. During the parameter learning 
phase, each SN compute the coefficient a and b of the 
trend component based on the n readings contained in 
Q by applying least-squares regression. Then it 
computes the difference between each reading stored 
in Q and its estimated trend value. Since the local 
estimation model can be uniquely identified by the 
above-mentioned coefficients, a SN transmits them to 
it CH, and the CH can reconstruct the model to 
estimate the readings of this SN. 
 
V. ADAPTIVE SENSING OF SENSOR NODES 
 
SN after sensing an event sends the data to the CH. 
The CH receives data from multiple sensors. This 
data from multiple sensors can also be correlated. 
These coefficients of correlations are computed by 
using the following equation at CH. 

 
r x,y =  ∑ 	 	 	( / ) 		∑( ) 		∑( )		

∑ 	( )	(∑ ) 							 ∑ 	( )	(∑ ) 						
 

 
The value of rx,y is between  -1 < r < +1.  The + and – 
signs are used for positive linear correlations and 
negative linear correlations, respectively. When the 
value of r is 1 then x and y are perfectly correlated. 
Stronger the correlation, means the sensors are 
reading similar data over different time intervals. This 
further infers that the event is relatively static. But if 
event is static and SNs are sensing the event at the 
same sensing rate and transmitting it to CH, then a lot 
of redundant data is generated which is not useful. 
Thus, it wastes a lot of energy in unfruitful sensing 
and transmissions. To avoid this wastage of energy, 
sensing rate of SNs must be reduced by some factor.  
On the other extreme, if r is 0 then most of data 
readings are uncorrelated. This infers that event is 
highly dynamic and thus every reading sensed by 
sensors is different. This situation further suggests 
that we might be missing some important readings 
with existing sensing rate and thus sensing rate must 
be increased to capture it. Sensing rate is altered as 
following formula 

SR=SR*(1+3r)/2 
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This is devised to ensure the fact that if r=1, sensing 
frequency must be halved i.e. SR be doubled. For 
other values up to the limit 0.7 ,the SR is altered 
accordingly and at 0.7 it comes out to be 1.5 times 
SR. Similarly, if r=0, sensing frequency must be 
doubled i.e. SR be halved. For other values up to the 
limit 0.3 the SR is altered accordingly and at 0.3 it 
comes out to be 0.9 times SR. Thus, in order to 
reduce the overall energy consumption, the algorithm 
adaptively controls the sensing rate of the SN by 
decreasing it when the data is correlated and 
increasing it otherwise.  
 
VI. ALGORITHM EFFECTIVE ADAPTIVE 
SENSING   
 
Preliminaries: 
Si,j: Sensor Nodes 
Sk : Sink Node 
Hi,j : Head Node 
SR : Sensing rate of sensors. 
 
Step 1: Begin 
Step 2: While sensor node Si,j  senses data in region S 
Step 3:For each sensor node si, j in region S do 

(i) Sk  broadcast REQ signal requesting 
location, node ID, and energy level of each 
node  

(ii) Si,j send message having location 
information, node ID, and energy level to Sk. 

Step 4: For each nodes Si,j  in the region S do 
(i) new_head=get_nexthead() 
(ii) transfer_info ( new_head) 
(iii) new_head.build_connections() 
(iv) notify zone head 
(v) notify predecessor and successor 
(vi) if have_data() then 
(vii) transfer_data(successor) 
(viii)endif 

Step 5: For each occurrence of event in the region S 
do(Local Estimation) 
     While Si, j senses data do 

(i) Update Ei,j of each node Si,j 
(ii) y-ȳ =  (x-x̄) 
(iii) If (de-do)<δ 
(iv) Don’t upload value to cluster head 
(v) Else 
(vi) Upload value to cluster head 
(vii)  

       End while 
       End for 
Step 6: For each head node in cluster head  

(i). Calculate the shortest path from Si,j  to Sk       
(ii). Hi,j=Si,j 
(iii). Si,j=Hi,j 

End for 
Step 7: For each sensor data in the S do 

Find correlation and evaluate them 

(i) r x,y =  
∑ 	 	 	( / ) 		∑( ) 		∑( )		

∑ 	( )	(∑ ) 							 ∑ 	( )	(∑ ) 						
 

(ii) SR=SR*(1+3r)/2 
(iii) End for 
End 

      End 
 
VII. SIMULATION RESULTS AND ANALYSIS 
 
In this section, we evaluate the performance of 
proposed scheme EASA by performing simulations 
under different scenarios. We consider fifty SNs and 
ten clusters. The performance is evaluated by 
comparing it with ASA and fixed sampling schemes 
based on two performance metrics: Total energy 
consumption and Energy consumption by radios. 
Total energy consumption is defined as the overall 
communication energy consumed by the network to 
transmit and receive the data packets and control 
packets. The default simulation setting has a square 
sensor field of size 1000 × 1000 m2 in which N (50) 
SNs are uniformly distributed. Some of these SNs act 
as sources and generate data packet/messages. 
Simulation model is run 100 times and the 
observation is based on the varying numbers of SNs. 
There is one sink in the sensor field. The size of 
control/query packet is 36 bytes and data packets are 
64 bytes. The transmission range R of each sensor is 
100 m. Initially, the values of SR are set to 2 seconds. 
Thereafter, the SR gets altered as per the proposed 
strategy. Table 1 summarizes various simulation 
parameters. 
 

Table 1. Simulation Parameters 

 
 
In this section, we evaluate the performance in terms 
of energy consumption with message loss. Figure 2 
shows the overall energy consumption with message 
loss. The overall energy consumption of EASA is 
10% less as compared to ASA and fixed sampling 
algorithms. This is because EASA causes SNs to stop 
sensing for certain intervals of time as EASA predicts 
the future values of SNs based on past values. Also, 
EASA increases or decreases sensing rate of SNs 
depending upon the kind of events. Therefore, as the 
node density increases, the more and more correlation 
between the sensed values and less will be the 
sensing rate of SNs and thereby reducing the number 
of packets transmitted to SN and thereby to sink node 
and thereby reducing the energy consumption of SNs. 
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Figure 2 shows the total energy consumption comparison of different adaptive sensing strategies.  
 

 
Figure 2. Overall Energy Consumption 

 
In this section, we evaluate the performance in terms 
of energy consumption by radios with message loss. 
Figure 3 shows the energy consumption of radios 
with message loss. The energy consumption of radios 
in EASA is 9% less as compared to ASA and fixed 
sampling algorithms. This is because EASA causes 
SNs to stop sensing for certain intervals of time as 
EASA predicts the future values of SNs based on past 

values. Therefore, as the node density increases, the 
more and more correlation between the sensed values 
and less will be the sensing rate of SNs and thereby 
reducing the number of packets transmitted to SN and 
thereby to sink node and thereby reducing the energy 
consumption of SNs. figure 3 shows the total energy 
consumption comparison of different adaptive 
sensing strategies.  

 

 
Figure 3.Energy consumed by radios 

 
From the results it is clear energy consumption during 
sensing and transmission in EASA is less as 
compared to fixed and adaptive sampling 
algorithms.(ASA). 
 
CONCLUSION AND FUTURE WORK 
 
The proposed Adaptive Sensing for Effective 
Adaptive Sensing Algorithm (EASA) finds adaptive 
sensing rate for SNs. To do this, algorithm utilizes the 
local estimation at every SN and finds correlation 

among these sensed values at CH level. The local 
estimation builds estimation model using linear 
regression analysis for each SN to estimate its 
readings and reduces the communication cost 
between each SN and its CH. The nodes after sensing 
the data send it to CH. The SN gathers data and 
estimates new value using local estimation model and 
then finds correlation among sensed values. SNs send 
the data to CH and CH adaptively sets the sensing 
rate of SNs under its cluster. Analytical and 
simulation study reveals significant improvement in 
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term of total energy consumption. The performance 
of proposed EASA scheme is better than existing 
similar schemes.  
There are few directions for future research. First, our 
algorithm controls the sensing rate of SNs. More 
sophisticated cost model that takes other factors, such 
as queuing effect and link quality, into consideration 
shall be further studied. Also, it is a long-term goal to 
design an efficient protocol that acts dynamically to 
any topology change in a wireless network for an 
optimal sensing rate of SNs. 
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