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Abstract— 

Minimizing energy dissipation and maximizing network lifetime are important issues in the 

design of applications and protocols for sensor networks. Energy-efficient sensor state planning 

consists of finding an optimal assignment of states to sensors in order to maximize network 

lifetime. In the wireless sensor network accurate data extraction is difficult and in this 

technology trends in recent years have resulted in sensors’ increasing processing power and 

capacity. Implementing more sophisticated distributed algorithms in a sensor network becomes 

possible. One important class of such algorithms is predictors, which use past input values from 

the sensors to perform prediction operations. 
____________________________________________________________________________ 

I. INTRODUCTION 

As the key technology, wireless sensor network (WSN) receives much attention of 

researchers. However, the limited energy resources of sensor nodes constrain the application of 

this technology. Many energy efficient techniques at different layers are developed for this 

purpose. In order to save energy, it is common for sensor nodes to self-organize into clusters 

periodically, in which one sensor is selected as cluster head [1]. The cluster head is responsible 

for the organization of the cluster, data collection and aggregation within the cluster, as well as 

transmission of the aggregated data to the sink [2]. Thereby many clustering protocols are 

proposed for this case, and LEACH is the most typical one among them. 

The minute size of sensor nodes (typically the size of a small coin) means that they operate 

using limited-capacity batteries. One example is Berkeley’s Smart Dust with a volume of no 

more than a few cubic millimeters that can store on the order of Joule of energy [2]. 

Nevertheless, critical WSN applications require long-term operation in remote, unattended, and 

even hostile environments in which it is often difficult or impossible to replace the sensor 

batteries. In the past few years, a considerable volume of research has studied various methods 

of energy conservation in WSNs. Since data transmission can account for up to some of the 

power consumed in typical sensor nodes, substantial energy savings are possible if the volume 

of communicated data is reduced.  

     The existence of such prediction capability implies that the sensors do not need to transmit 

the data values if they differ from a predicted value by less than a certain prespecified 

threshold. Predictor training and prediction operations are carried out by the base station only, 

but not the sensor nodes, despite their increasing computing capacity. A cluster head also a 

sensor node maintains a set of history data of each sensor node within a cluster [4]. We expect 

the use of localized prediction techniques is highly energy efficient due to the reduced length of 

routing path for transmitting sensor data clustering based local prediction in sensor networks 

faces a couple of new challenges.  
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One of the challenge costs of training a predictor is nontrivial; we should carefully 

investigate the trade-off between communication and computation. To support prediction 

techniques, energy is consumed on communication (e.g., sending and receiving sensor data) 

and computation (e.g., processing sensor data and calculating a predicted value) and the 

correlation among the sensor data values [4]. A probabilistic technique to select cluster heads in 

which the probability is dependent on the node. They also consider clustering such that nodes 

with similar sensor data values are assigned to the same clusters [5].  

II. LITERATURE REVIEW 

Many approaches for energy-efficient monitoring have been explored to minimize energy 

consumption. One class of techniques—prediction-based algorithms is based on the 

observation that the sensors capable of local computation create the possibility of training and 

using predictors in a distributed way [5]. Taking lessons from MPEG encoding process, Goel 

and Imielinski [6] proposed a prediction-based monitoring mechanism in sensor network. 

McConnell and Skillicorn proposed that each sensor transmits to the base station the predicted 

target class rather than the entire raw data. Chu et al. [2] proposed a robust approximate 

technique that uses prediction models to minimize communication from sensor nodes to the 

base station. Likewise, Silberstein et al. [10] proposed the data-driven processing to provide 

continuous data without continuous reporting. To do this, they developed a suppression strategy 

that adopts models for optimization of data collection. 

Cristescu, et al. analyze the effect of applying a well-Known method of distributed source 

coding, Slepian-Wolf Coding (SWC), for data compression in WSNs and proved that the 

shortest path tree yields the optimal gathering tree for any fixed rate allocation. SWC requires 

side information about both the entire network topology and the exact data correlation model to 

allocate the optimal set of data rates to sensor nodes. This information, however, is hard to 

achieve in practice. Moreover, applying optimal SWC in WSN results in an imbalanced rate 

allocation, with the highest load imposed on nodes near sink. 

LEACH [11] is a classic probabilistic clustering algorithm. It aims to distribute the traffic 

load evenly among sensor nodes and reduce the network energy consumption. The LEACH 

algorithm proceeds in rounds. In each round, each sensor node independently decides whether 

or not to become a CH according to a probability function. On average, this function makes 

each node become a CH for a similar period of time, assuring fair balancing of energy 

consumption among all nodes. Although LEACH performs local data fusion to compress the 

cluster information, it does not consider data correlation when forming optimal-sized clusters. 

III. PROPOSED FRAMEWORK 

A commonly used strategy is to divide the network into several sub networks, with each 

depending on a local center for local data collection and long-distance radio transmission to the 

sink node. In this case, the EEDC framework should be implemented in the local centers, and a 

local center could be considered as a local sink node. In the following, the sink node should be 

understood as a local center if the hierarchical network architecture is assumed. Compared to 

other existing sensor-scheduling schemes that rely on sensing coverage and the geographic 

distribution of sensors, EEDC distinguishes itself in that it is data aware and makes scheduling 

decisions according to the spatiotemporal correlation of phenomena. 
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Fig. Block diagram of cluster technique and prediction technique. 

 

Compared to sensor nodes, the sink node usually has a much larger memory and more powerful 

computing capability. Such an asymmetry between the sink node and the sensor nodes 

determines that a good design for data collection should not put heavy burdens on sensor nodes. 

Instead, the heavy duties should be assigned to the powerful sink node. Our EEDC or cluster 

technique and prediction technique framework follows this design principle and is shown in 

Fig. As we can see, the functionalities in sensor nodes are much simpler than those in the sink 

node. In a sensor node, the scheduler module simply extracts the working schedules received 

from the sink node and makes the sensor node work/sleep according to the schedule. 

The sink node takes most workloads, including four main functional modules, as shown 

in above Fig. :  

                 Data storage module stores all sampling data received from the sensor nodes. This 

module records a time series for each sensor, which is fed into the dissimilarity measure 

module as input data. Dissimilarity measure module calculates the pair wise dissimilarity 

measure of time series. The dissimilarity measure is application specific, and it is impossible to 

use a common dissimilarity measure to accommodate all application scenarios. As such, this 

module assumes that the dissimilarity measure is provided by the user for a specific application 

scenario. 

                 In clustering module given the dissimilarity computed by the dissimilarity measure 

module and a maximal dissimilarity threshold value max distance, this module divides the 

sensor nodes into clusters such that the dissimilarity of any two sensor nodes within a cluster is 

less than max distance.  Sensor node working schedule generator generates a working schedule 

for each sensor node based on the clusters obtained from the clustering module.  
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IV. SCOPE OF WORK 

1. Adaptive Scheme to Enable/Disable Prediction Operations: 

        Consider a cluster of sensor nodes, which can be awake or sleeping. If the sensor 

nodes are sleeping, the prediction problem is reduced to estimating data distribution parameters 

using history data. In this case, it could well be the case that the estimates are already available. 

We can neglect this case. If the sensor nodes are awake, they continuously monitor an attribute 

x and generate a data value xt at every time instance t. Without local prediction capability at the 

cluster head, a sensor node has to send all data values to the cluster head that estimates data 

distribution accordingly. With local prediction, however, a sensor node can selectively send its 

data values to the cluster head.  

One model for selective sending is error bound loss approximation: Given an error 

bound is greater than zero, a sensor node sends its value xt to the cluster head if difference 

between data value and predicted representative data value to approximate the true data is 

greater than error bound. The intuition of this choice is that if a value is close to the predicted 

value there is not much benefit by reporting it. If the value is much different from the predicted 

value, it is important to consider it for computing the data distribution. A question to ask, is 

prediction really energy-efficient by trading computation power for communication saving? To 

solve this problem, we first develop a localized prediction model. 

 

2. Adaptive Cluster and Prediction technique 

 Although, we state that many clustering algorithms can be used in our framework, adaptive 

update of clustering is often required to capture the change in locality patterns. A complete re-

clustering is an option but can also be expensive. Not only it involves the establishment of 

clustering map for all sensors, the complete change in cluster membership also implies all 

history data and models must be constructed from scratch. In this section, we present 

algorithms for the dynamic split and merge of clusters, which require low communication cost. 

Implementation:- 

A. Estimation of the Parameter k:- 

One of the biggest concerns in our framework is the estimation of k, which is the ratio 

between communication cost and prediction cost. We acknowledge this estimation is not 

straightforward and may depend on the applications. For instance, some recent works [8] 

discuss the tradeoff between computation cost and communication cost. We do not elaborate 

the optimization of this trade-off as we found previous works validated a variety of values for 

this ratio k. As a concrete instance in [11], the authors simulated the LEACH protocol for the 

random network with sum for energy dissipated for transmitter and receiver, as well as a 

computation cost of few with local compression.  

   In this sense, this ratio k is around 10. Their study showed that energy dissipation can be 

reduced through intelligent communication and computation energy tradeoff. Besides, reported 

often commercial radios consume it for communication versus the Here, we propose one 

possible solution by applications and do not claim it is exhaustive (we do so in anticipation of 

further research exploiting the techniques, we herein apply as well as to encourage more 

research to bring new techniques to bear on this problem space). In realistic systems, the node 

itself periodically estimates the ratio between communication cost and computation cost 
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according to the residual energy. That is, the energy consumption for a predictor includes: 

computation cost when performing prediction, flashes read/write cost, and radio start-up/shut-

down cost. 

 

B. Adaptive Update for System Input Changes:- 

It noted, we do not claim a set of fixed parameters for the linear predictor and for the 

value of error bound. In practice, for many applications the model parameters and the error 

bound could be dynamics after setup. For instance, the system operator may not satisfy an 

initial error bound and want to adjust it after the system has been set up for a long time. In that 

case, the cluster head after receiving the updated system input from the sink should re-estimate 

the model parameters and diffuse to the cluster members. 

 

V.  CONCLUSION 

          We have proposed and described our framework for clustering-based data collection 

and also using prediction technique. Our framework is first clustering-based: sensor nodes form 

clusters and cluster heads collect and maintain data values and another prediction based: 

energy-aware prediction is used to find the subtle trade-off between communication and 

prediction cost. If we change value of k-parameter then changing the performance of power 

saving in WSN. 
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