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Abstract—A Wireless Sensor Network (WSN) not only 

forms the basis of emerging smart technology but also has 

its own unique challenges. Wireless Sensor Network usually 

consists of hundreds or thousands of small sensor nodes 

which operate autonomously in different critical and 

uncontrolled environments. Since these battery operated 

sensor nodes are difficult to recharge, achieving energy 

efficient data transmission in WSN still remains a 

challenging task. Continuous data transmission among 

nodes in a WSN is found to be the main reason for earlier 

discharge of the sensor nodes’ battery power. Data 

collection and prediction is a crucial and effective operation 

to achieve longer network lifetime by reducing the frequent 

communication among nodes. A detailed survey on various 

data prediction techniques and algorithms is presented in 

this paper. The data samples collected during the data 

transmission and the prediction scheme are analyzed and it 

is proved that data prediction can drastically reduce energy 

consumption of sensor nodes. Data prediction enables each 

node to predict its own sensor data and to compare the 

predicted values with the actually observed data thereby 

generating a confidence value. To boot our work, we have 

analyzed various prediction approaches and have proposed a 

new approach that reduces communication and 

computational cost without compromising data quality. 

Key words: Wireless Sensor Networks, Data Prediction, 

Energy Efficiency, Clustering 

I. INTRODUCTION 

A Wireless Sensor Network is a self-configuring network 

consisting of small sensor nodes communicating among 

themselves using radio signals, and are deployed in quantity 

to sense, monitor and understand the physical world. Since 

sensor node is a small device that runs on batteries the 

communication is a primary energy drain.  

The key responsibility of wireless sensor networks 

is to forward the sensing data gathered by sensor nodes in 

the sensing field to the base station. The design of protocols 

and applications for such networks has to be energy aware 

in order to prolong the lifetime of the network because it is 

quite difficult to recharge node batteries [1].  However, 

since a battery’s lifetime is limited, the power resource is at 

a premium.  

Several theoretical studies clearly demonstrate that 

the approaches to achieve energy efficiency suppress the 

vast majority of data reports at the source nodes. 

Nevertheless, the techniques employed are relatively 

complex, and their feasibility on resource-scarce WSN 

devices is often not ascertained. More generally, the 

literature lacks reports from real-world deployments, 

quantifying the overall system-wide lifetime. Energy 

efficiency can be improved by forming cluster based 

networks which reduces the communication between the 

source and the sink node. The lifetime of the network can be 

improved by grouping few sensor nodes into the sensor field 

and electing the cluster-head. Data aggregation can be done 

for specific time period in order to improve the energy 

efficiency [2]. Thus communication overhead is greatly 

reduced by minimizing the transmission of the data from 

each sensor node to the sink (Base Station). 

The data prediction technique can greatly reduce 

energy consumption of nodes during communication [13]. 

Data prediction is done in order to reducing the 

communication that does not affect the data quality. An 

approach to reduce communication without compromising 

data quality is to predict the trend followed by the data being 

sensed an idea at the core of many techniques. This data 

prediction approach [8] is applicable when data is reported 

periodically—the common case in many pervasive 

computing applications. In these cases, a model of the data 

trend can be computed locally to a node. This model 

constitutes the information being reported to the data 

collection sink, replacing several raw samples. 

The rest of the paper is organized as follows. 

Section II describes the various techniques and approaches 

of energy conservation in wireless sensor networks. In 

Section III, describes the summary various prediction 

algorithm. The conclusion is drawn in Section IV. 

II. ENERGY CONSERVATION IN WIRELESS SENSOR 

NETWORKS (WSN) 

A. Energy Conservation Scheme 

Energy efficiency is an important factor in wireless sensor 

networks. Conservation of energy is a critical issue in the 

design of sensor networks since the sensor nodes are 

battery-powered. The design of protocols and applications 

for such networks has to be energy aware in order to prolong 

the lifetime of the network because it is quite difficult to 

recharge node batteries. 

 
Fig .1 Energy Conservation in WSN 

            In order to improve the energy efficiency by 

reducing the communication and computational cost 
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prediction techniques is used. Fig .1 shows the energy 

conservation techniques.  

1) Data prediction:  

Data prediction consists in building an abstraction of a 

sensed phenomenon. The prediction can be done on a set of 

historical values (the time series) obtained by periodical 

samplings are used to predict a future value in the same 

series [5]. The model can predict the values sensed by 

sensor nodes within certain error bounds, and reside both at 

the sensors and at the sink. If the needed accuracy is 

satisfied, queries issued by users can be evaluated at the sink 

through the model without the need to get the exact data 

from nodes. Data prediction reduces the number of 

information sent by source nodes to improve the lifetime of 

network [13]. The classification of various data prediction 

technique is given in Table I. 

Stochastic Time Series Forecasting Algorithmic Approaches 

Two main techniques: 

1. It is possible to map data into a 

random process described in 

terms of a probability density 

function (pdf). Data prediction 

[19] is then obtained by 

combining the computed pdfs 

with the observed samples. 

2. A state space representation of 

the phenomenon can be derived, 

so that forthcoming samples can 

be guessed by filtering out a non-

predictable component modeled 

as noise. 

Time series forecasting [5] set of 

historical values (the time series) 

obtained by periodical samplings 

are used to predict a future value in 

the same series. 

Main difference: 

1. Time series analyses explicitly 

consider the internal structure 

of data. 

2. It is represented as a 

combination of a pattern and a 

random error. Once the pattern 

is fully characterized, the 

resulting model can be used to 

predict future values in the 

time series. 

1. This data prediction techniques relies on 

a heuristic or a state-transition model 

describing the sensed phenomenon. 

Such algorithmic approaches derive 

methods or procedures to build and 

update the model on the basis of the 

chosen characterization. 

Table 1: Classification of Data Prediction 

B. Energy-Efficient Data Acquisition 

An emerging class of applications is actually sensing-

constrained. This is in contrast with the general assumption 

that sensing in not relevant from energy-consumption 

standpoint. In fact, the energy consumption of the sensing 

subsystem not only may be relevant, but it can also be 

greater than the energy consumption of the radio or even 

greater than the energy consumption of the rest of the sensor 

node. This can be due to many different factors. 

1) Adaptive Sampling:  

Adaptive sampling techniques [6] exploit similarities to 

reduce the amount of data to be acquired from the 

transducer. For example, in case 1: data of interest may 

change slowly with time. In case 2: it can be applied when 

the investigated phenomenon does not change sharply 

between areas covered by neighboring nodes. Thus in both 

the cases it is clearly known that both temporal and spatial 

correlations may be jointly exploited to further reduce the 

amount of data to be acquired,  

2) Hierarchical Sampling:  

The hierarchical sampling approach [7] assumes that nodes 

are equipped with different types of sensors. As each sensor 

is characterized by a given resolution and its associated 

energy consumption, this technique dynamically select 

which class to activate, in order to get a tradeoff between 

accuracy and energy conservation. 

3) Model-based Sampling:  

Model-based active sampling takes an approach similar to 

data prediction. A model of the sensed phenomenon is built 

upon sampled data, so that future values can be forecasted 

with certain accuracy [20]. Model-based active sampling 

exploits the obtained model to reduce the number of data 

samples, and also the amount of data to be transmitted to the 

sink. 

III. RELATED WORKS 

A. In-network processing 

The edge mining is another form of data-driven approach to 

energy reduction. In this paper tend to use information or 

application-specific algorithms to transform or summaries 

data and provide a reduced stream to the sink. 

1) Linear Spanish inquisition protocol (L-SIP) Algorithm:  

The algorithm[4] is use to reduce the number of packet 

transmission. This algorithm operates by sensing, filtering, 

detecting events, conditionally transmitting, and updating 

the ―old‖ state with new event [3]. L-SIP transforms a raw 

signal into a representation of the state before deciding 

whether the new state is eventful. Original signal can be 

reconstructed with some error bound. 

2) ClassAct Algorithm:  

This is a human posture / activity classifier based on 

decision trees [3]. ClassAct is a human posture recognition 

approach that just transmits or stores posture and the timing 

of postural changes but not the original accelerometer 

signal. ClassAct takes the signals from a set of worn 

accelerometer sensors and estimates the current posture 

(such as, sitting, standing, or walking). However, the 

transformation is destructive. It is not possible to reconstruct 

the original signal. 

3) Bare Necessities (BN):  

This algorithm is use to reduce the number of packet 

transmission [3]. It is used to summarize relative time spent 

in state. But in some applications it is not necessary to 

reconstruct the series of values. Compared to L-SIP and 

ClassAct, BN has the most specific application requirement. 

This enables the majority of data to be discarded and the 

amount of packets sent by a node to be reduced by well over 

99%. 
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B. Localized Energy-Aware Prediction: 

The LEAP [9] implements local prediction algorithm on the 

data values and further show sleep/awake scheduling occurs 

at cluster member on the data that has high probability 

values. Goal is to analyzing the performance by reducing the 

communication cost and limiting the prediction cost. 

1) Clustering based localized prediction:  

Energy efficiency can be improved by forming cluster. The 

lifetime of the network can be improved by grouping few 

sensor nodes into the sensor field and electing the cluster-

head. The communication overhead is greatly reduced by 

minimizing the transmission of the data from each sensor 

node to the sink ( Base Station). The main objective of the 

cluster based networks is to reduce the communication 

between the source and the sink node [10]. Cluster head-

receives data that selective reported by all cluster member 

and perform local prediction. 

 Fig. 2 shows the network divide into cluster and 

use a cluster-head to maintain each cluster member’s history 

data. Each sensor nodes in clusters are governed by a 

cluster-head. The nodes in each cluster are involved in 

message exchanges with their cluster-heads, and these heads 

sends message to a base station. Localized prediction may 

highly energy-efficient due to the reduction of routing path. 

 
Fig. 2: Cluster based localized prediction. 

2) Local Prediction Algorithm:  

Cluster member- also perform prediction and transmit to 

cluster head only if they are not within a specified error 

bound [9]. The cluster-head receive the data that are 

selectively reported by the entire cluster member and 

perform local prediction. 

 
Fig. 3: Operation in the cluster members 

               Fig .3 shows the Prediction Algorithm predicts the 

value of the sensor node based on the previous values. If the 

predicted value is less than the predetermined threshold 

value then the sensor node will not communicate the sensed 

value [14]. If the predicted value is more than the threshold 

then the sensor node communicates the current data to the 

sink node. 

 
 Where,   is the error bound. xt is the sensor reading 

at time instance t.    ̂  is the predicted data values of xt. 

 
Fig. 4: Operation in the cluster-head 

          Fig.4 shows the cluster-head that collects the data 

from all the sensor nodes. After performing the local 

prediction, sensed data are transmitted to the sink [14]. 

3) Sleep/wake scheduling:  

Scheduling scheme [11] for minimizing end-to-end delay in 

multi-hop wireless sensor networks. For some application 

may tolerate a few missing values not within the error 

bound. If confience leve having data values is very high. 

There is no need for nodes to stay awake to obtain data 

values . 

a) Algorithm. 1 A variation with sleep/wake 

scheduling 

//sleep scheduling for member, Lines (11’)-(17’) 

11’: while member i is awake   

12’:  if timeout after m*∆ seconds 

13’:    if condition (2) holds 

14’:       let member i power off for mf*∆ seconds 

15’: while member i is sleeping 

16’:    if timeout after mf*∆ seconds 

17’:        awake member i 

Algorithm.1 shows when the cluster member is awake, the 

cluster head checks if the member’s data values are within 

the error bound with high probability. If yes, send a message 

to power off the member. 

 To remain accurate prediction, periodic but 

infrequent collection from cluster is still necessary [9]. Let ∆ 

be the time interval between two consecutive reports. We set 

duration of mf*∆, when a member wakes up, it will 

continuously perform data reporting for next m*∆ time. 

C. Prediction or not- An energy efficient framework for 

data collection 

In addition to sleep/awake scheduling, selection algorithm is 

being used in adaptive enabling and disabling prediction 

scheme [12], so that the cluster head tells whether to do 

local prediction or not? 

1) Selection algorithm:  

Each cluster member maintains a set of history data of its 

own. When algorithm is selected as selected ―no local 

prediction,‖ it simply transmits the data values [12]. If local 

prediction is turned on, the cluster member will perform 

prediction on each data value. If the data value is not within 

the error bound, it will be sent to the cluster head too. 

Meanwhile, the local set of history data should be updated 

as well. In particular, if local prediction is enabled and the 

data value is within the error bound, the predicted value not 

the actual value will be included in the set of history data. 

The purpose is to maintain the consistency between local 

and the cluster head. 

2) Adaptive enabling and disabling prediction:  

The local prediction disable [12] transmit the data values to 

the cluster head without prediction. Local prediction enable 

perform prediction on each data values, if not within the 

error bound, still have to send the value to the cluster head. 

In paper [12] shows the energy consumption 

with/without energy-awareness. This paper proved the 

benefits of energy consumption with different k values. 

First, it shows that energy consumption is a decreasing 

function of k. Second, the energy-aware technique is more 

beneficial when k is smaller. Finally, accommodating with 

sleep scheduling improves the performance by up to 10 
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percent, mainly because we set the confidence level 

threshold at 90 percent. 

D. Dynamic Sleep Time Control in Wireless Sensor 

Networks 

Energy waste in wireless sensor network can be reduced 

through in which a node is allowed to sleep for a significant 

amount of time.  

The two main approaches used are:  

1) Dynamic Sleep Time Policy:  

It guarantees a specified average delay at the sender node 

resulting from packets waiting for the end of a sleep interval 

at the receiver. The optimization problem is solved using 

Dynamic Programming (DP) to produce an optimal sleep 

time control policy, in the sense that the energy spent in 

each transmission is minimized. DP algorithm [16] which is 

easy to implement and low in complexity. 

2) Optimal Policy:  

This policy aims to minimize the energy consumption 

incurred by the total control packet overhead in data traffic. 

 
Fig. 5 Dynamic sleep time control. 

 Fig. 5 shows when the sender wants to send a 

message, it begins with an attached signal called the 

―preamble‖ to the receiver. The preamble can be viewed as a 

―wake up signal‖. Sender sends Preamble signal P again if 

no acknowledgement is received from the receiver. When 

the receiver wakes up and picks up a preamble signal, it 

replies to the sender so a handshake is formed. Then, the 

sender knows for sure the receiver is awake in receiving 

mode, so the message will be transmitted immediately. 

 When the receiver wakes up and samples the 

channel, either of two cases may occur:  

a) If the channel is idle, the receiver sets the next 

wake-up time and sleeps again. 

b) If the channel is busy (preamble detected), the 

receiver stays on until the message is received. After 

transmission, the receiver also sets its next wakeup time and 

sleeps again. The problem in [16] paper is that a single link 

does not minimize the end-to-end control packet overhead in 

a multi-hop network. 

E. Technique to Handle Missing Data in Mobile Sensor 

Network 

In [17] paper Low-Power Listening (LPL) techniques is 

used to avoid Idle listening which is the  major source of In 

this paper, we propose a data mining based technique, called 

Data Estimation for Mobile Sensors (DEMS), to handle 

missing data in Mobile Sensor Network applications. DEMS 

mines the spatial and temporal relationships among mobile 

sensors with the help of virtual static sensors. The main goal 

of [15] paper is to estimate missing sensors readings in a 

mobile sensor network application. 

 Two concepts was proposed in order to reduce the 

missing data 

1) Virtual Static Sensor (VSS):  

The sensor which mimics a real static sensor helps 

reconstruct the spatial and temporal relations among the 

sensors’ readings. 

 In DEMS, we exploit the spatial and temporal 

relations between sensor readings to estimate the missing 

sensor data. First we divide the entire monitoring area into 

hexagons based on a user defined radius. Each hexagon 

corresponds to a virtual static sensor (VSS) placed at the 

center of the hexagon and covering the entire hexagon. A 

VSS is an artificial sensor, i.e. it does not exist physically in 

real life applications, but it exists in our technique as a 

synthetic sensor which mirrors a real static sensor[15]. Each 

VSS has a unique identifier. DEMS converts the real mobile 

sensor readings into VSS readings based on the mobile 

sensors’ current locations. Fig. 6 shows A as the monitoring 

area covered by a MSN that is divided into 14 hexagons 

with 14 VSSs. 

 
Fig. 6 Area monitoring using sensor. 

2) Data Estimation Technique:  

A popular method of discovering relationships among 

sensors’ readings to estimate a missing VSS reading. 

Experimental results show that the estimated values 

computed by DEMS are more accurate than those produced 

by the existing techniques. DEMS currently is designed for 

single hop MSNs only. Further improvement in DEMS is 

plan to expand the scope of DEMS to include multi-hop 

MSNs. 

F. Efficient Measurement and Pervasive Sparsity for 

Gathering Data 

In this paper We proposed compressive data gathering 

(CDG) that leverage the compressive sampling (CS) 

principle[18] to reduce communication cost and prolong 

network time.  

Key challenges are: 

1) Restricted Isometry Property (RIP):  

How to generate by preserving measurements of sensor 

reading by taking multi-hop communication. We design 

effective measurement generation matrix that has good RIP 

and data gathering scheme that realizes this measurement 

matrix can further reduce the communication cost and also 

avoid redundant message transmission. CDG is more 

suitable for large scale sensor networks.  The [18] paper 

further suggest an algorithm for CDG which is more 

effective for networks with stable routing structure. The 

extension of CDG to more challenging networking. 

G. Model-Driven Data Acquisition 

The prediction technique aim to reduce the amount of data 

reported, and therefore the energy consumed, in wireless 
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sensor networks (WSNs). At each node, a model predicts the 

sampled data in time series [8], when the latter deviate from 

the current model, a new model is generated and sent to the 

data sink. The paper [20] uses Root Mean Squared Error 

(RMSE) as an indicator of the quality of the predicted time 

series at the sink.  However, it focuses on the quantity of 

data reports suppressed at source nodes. The modeling 

technique, Derivative-Based Prediction (DBP), suppresses 

up to 99% of the data reports, while meeting the error 

tolerance of this application. DBP is considerably simpler 

than competing techniques, yet performs better in our real 

setting. 

1) Derivative-Based Prediction (DBP):  

It consists of a learning phase, gathering enough data to 

produce the model[7]. The learning phase involves m data 

points; the first and the last l we call edge points. The model 

is linear and is computed as the slope α of the segment that 

connects the average values over the l edge points at the 

beginning and end of the learning phase. Fig. 7 shows the 

computation resembles the calculation of the derivative, 

hence the name Derivative-Based Prediction. It is interesting 

to note that the computation of this prediction is not only 

very simple, and therefore appealing for implementation on 

resource-scarce nodes. The first DBP model generated is 

then sent to the sink, along with its last data point. From that 

point on, each node buffers a sliding window of the last m 

data points sampled from its sensor. Upon sampling a point, 

the ―true‖ value sensed is compared to the ―predicted‖ one 

computed by DBP according to the current model, i.e., 

following the slope. If the sensor reading is within a value 

tolerance with respect α to the model, no action is required. 

The sink will automatically generate a new value that is an 

acceptable approximation of the real one. Otherwise, if the 

readings continuously deviate from the model for more than 

α  time units, a new model must be recomputed. 

 
Fig. 7: Derivative based prediction 

IV. CONCLUSION AND FUTURE WORK 

Data prediction exploits the fact that many applications can 

operate with approximate data, as long as it is ensured to be 

within certain limits of the actual data. This allows huge 

reductions in communication. These prediction techniques 

applied, to over 13 million data points from 4 real-world 

applications, showing that it suppresses up to 99% of the 

application data, a performance often better than other 

approaches despite that DBP is simpler and places minimal 

demands on resource-scarce WSN devices. 

In future we suggest in further reductions in data 

traffic would have little impact on lifetime, as network costs 

are dominated by control operations. Therefore, 

improvements must directly address the extremely low data 

rates. Further, data loss in prediction-based systems has the 

potential to significantly increase application errors. 

Therefore, reliable transport mechanisms must be revisited 

to ensure application-level quality. 
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