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ABSTRACT 

 In Wireless Sensor Networks most amount of the energy is consumed by wireless transmission itself.To 

decrease the consumption of energy, we need to decrementthe unwanted number of transmission. To solve this 

problem, we developed a data prediction technique which reduces the amount of data transmission. This is achieved 

by predicting the original measured value at source and destination. The transmission of data occurs only if the 

predicted value is high than the threshold value. In thissystem, a prior knowledge is needed to model the expected 

value in prediction. This can be achieved using Least Mean Square(LMS) algorithm. In this work, we had proposed 

the Modified Least Mean Square Algorithm with Adaptive Step Size parameter. Sensor nodes are clustered using 

Clustering algorithm based on spatial correlation. By applying this algorithm, we achieve maximum data reduction 

of 95% in real world data set. 

Keywords-Data prediction,Least Mean Square, Adaptive Step Size 

     

     I.INTRODUCTION 

 Frequently changing climatic conditions and 

various natural disasters which occur often causes heavy 

damage to life and property of man. This has lead to 

realisation of importance of Wireless Sensor Networks in 

environmental monitoring. For example, the changing 

parameters in any environment like temperature, humidity, 

pressure, direction of wind etc. can be measured at regular 

time intervals. In WSN application sensor nodes usually 

work under high frequencies. The self-organisation property 

of WSN is a major advantage and so it is used in wide 

applications. Especially WSN finds a noteworthy position in 

environmental monitoring as they can be deployed in areas 

where humans cannot often enter and various parameters of 

a region can be monitored. Although WSN finds major 

applications in many fields energy efficiency becomes an 

important drawback for them. Sensor nodes used in 

environmental monitoring are mostly non-replaceable and 

non-rechargeable. So, it is very important to use the limited 

energy in an effective and efficient way. Any sensor node 

which is in active state performs three main functions as 

sensing, processing and transmission. More amount of 

energy is consumed during transmission module. 

Continuous monitoring of data may lead to data redundancy 

in space or time.  Moreover, the data transmission and 

reception between the sensor nodes will lead to wastage of 

limited energy resource. Usually the lifetime of sensor node 

can be increased by reducing the transmission rate between 

the sensor nodes and cluster head. So, the data reduction 
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technique has become an important aspect in increasing the 

life time of a network. 

 Due to continuous transmission of data among the 

sensor nodes, their eventually occurs continuous loss of 

energy in those sensor nodes. This leads to node failure or 

death. To avoid this, the limited energy should be used 

efficiently. Sensor nodes in active stage perform sensing, 

processing, transmission and reception. It is observed that 

more energy is lost during data transmission and reception. 

If this process is cut down, then battery life can be increased 

to a greater extend. This can be achieved by Data Prediction 

method. Scarce energy can be conserved by avoiding 

redundant message in data prediction technique. In this 

method, the predicted values are used instead of real values 

thus cutting down the data transmission and avoiding energy 

loss. In general, it is very costly and complex to measure 

data samples at every instant of time. Data prediction 

technique tends to reduce the number of samples transmitted 

during continuous measurement of anarea. The correlation 

based approach is preferred to minimize the frequency of 

data transmission so that prediction accuracy can be 

obtained. The predicted data can then be compressed and 

recovered at the sink.  

The main aim of this work is to reduce the 

transmission rate through data prediction thus providing a 

high accuracy. First the sensor nodes are grouped into 

clusters. They perform the operation of collecting various 

environmental parameters based on their physical location. 

LMS prediction algorithm is used as data predictor in this 

case. Initially a set of original data are transmitted from 

source to destination (say as 5 data’s). Then using this 

original data’s, the sixth data is predicted. LMS predictor 

serves this purpose. This prediction accuracy can be 

increased by using adaptive step size parameter. Error must 

be kept within the tolerance value during the entire process.  

Wireless sensor networks help in observing any 

real-world phenomena in a distributed manner. Such a 

monitoring will allow observation in time and space 

domain. The sensor nodes which are deployed in an area has 

irregular spatial sampling. At every cycle the information 

from the given network is a snapshot of the monitored 

parameter. But this will lead to the increase in 

communication cost and consumption of more energy. 

Wireless Sensor Network consist of large number of nodes 

which are low cost and spatially distributed in areas where 

humans cannot reach. The data are collected by the sensor 

nodes and are transmitted to the Base Station. This 

transmission occurs in a Multi Hop mode. The collected 

information’s are passed from Base Station to sink. 

The main criteria to be noted in sensor nodes is 

their power source and computational complexity. This is 

because the sensor nodes must sustain for a prolonged 

period without human intervention. This leads to 

implementation of power efficient algorithm in WSN for 

data aggregation, data transmission and for storage. For this 

purpose, many energy efficient algorithms wee proposed to 

reduce the amount of data transmitted. Some algorithm 

focus on taking shortest path from source to sink to reduce 

the cost of transmission and to save power. Data-reduction 

techniques aim to reduce the data to be delivered to the sink. 

These techniques can be divided into three main groups 

(Fig1): data compression, data prediction and in-network 

processing.  

 

Fig.1.1Data Driven approach for energy saving in WSN 

In this work, we use a data prediction algorithm 

based on Least Mean Square (LMS) algorithm. A Dual 

prediction technique is applied thus applying the LMS 

algorithm at both sensor nodes and the base stations. The 

original value is transmitted by the sensor nodes only if the 

difference between the sensor reading and the predicted 

difference is above the threshold value. 

II. RELATED WORK 

Sensor nodes are powered with battery source to 

face the energy consumption of nodes, the consumption of 

energy by battery must be limited to increase the life time of 

the network. In paper [1] work initially the energy 

consumption by the components is cut down for any sensor 

node and deals with the firms to save energy. The deep 

discussion about the systematic and comprehensive 

taxonomy of the energy conservation is done. In paper [2] it 

is discussed that the data sets are produced in large amount 

by wireless sensor networks. These data must be processed, 

delivered and accessed based on the application needs. The 

major issue faced, is the manipulation of data by sensor 

nodes. Information fusion is due to the response toprocess 

data gathered by sensor nodes and advantages due to their 
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capability to process data. By exploring the survey among 

the available data set, it is observed that the amount of data 

traffic can be reduced by information fusion. They can also 

decrease filter noisy measurement and can give good 

prediction about the observed entity. 

In paper [3] the communication effort is decreased 

to a great amount by using Time Series Prediction. This 

method also provides user accuracy on collected data. A 

good communication saving is achieved by this system. But 

it also depends on the type of sensed signal. In general, an 

insufficient priori choice of a prediction will give an 

inefficient prediction output. The proposed work is the 

adaptive model selection algorithm. This is an online, 

lightweight algorithm that enable the sensor nodes to 

independently determine a statistically good performing 

model among a set of candidate model. 

The methodology proposed in paper [4] aims to 

reduce the transmission of redundant information among 

sensor nodes. The ARIMA model for prediction can be used 

for collecting information in an energy efficient manner. 

ARIMA can be used in wide range of application as they 

can model a huge variety of complex time series, by simply 

adjusting parameters. This doesn’t require any human effect 

in solution of model under each case. The advantage of this 

system is demonstrated with a real application based on the 

MICA2 platform. 

The aim of data reduction principle is to reduce the 

amount of data send by each node. For example,the data 

reduction can be achieved by the measured value at both 

source and sink, rather than transmitting the data. The nodes 

are supposed to transmit only if the predicted value deviates 

from original value. ThePaper [5] uses an algorithm which 

doesn’t requires prior modelling, thus letting the sensor 

nodes to perform independently. They don’t consider any 

global parameters. 

Cluster-based architecture in MSNs has advantages 

like good scalability. They provide recourse efficient 

solutions. Paper [6] presents a prediction based clustering 

algorithm for MSNs. This algorithm takes many criteria for 

the selection of cluster-head in conjunction with heuristic 

predictors to generate steady and balanced clusters. 

One of the most commonly used compacting 

methods is piecewise linear approximation. Paper [7] 

propose an alternative algorithm which can produce similar 

output but needs a shorter running time. Based on 

theoretical analysis and comprehensive simulations, it is 

shown that the proposed algorithm has a competitive 

computational cost of Θ(long) as well as reducing the 

number of line segments and so it can reduce the overall 

radio transmission load toconserve energy of the sensor 

nodes. 

To solve the problems in Salopian-Wolf Coding 

(Distributed Source Coding Technique), a distributed 

optimal-compression clustering protocol (DOC2) is 

proposed in paper [8]. Under the optimal cluster hierarchy 

constructed by DOC2, we then consider the optimal intra-

cluster rate allocation problem and present an approximation 

algorithm that can find an optimal rate allocation within 

each cluster to minimize the intra-cluster communication 

cost.  

In paper [9], spatial data correlations are exploited 

to group sensor nodes into clusters of high data aggregation 

efficiency. The problem of choosing the set of cluster heads 

is defined as the weighted connected dominating set 

problem. The cluster heads are then selected by using the 

centralized and distributed algorithms. Simulation results 

show the effectiveness and efficiency of the proposed 

algorithms. 

Paper [10] proposes a new collaborative data 

reduction method to remove the redundancy present in the 

data which are obtained from multiple sensors and from a 

single sensor. A tree-based data propagation model is used 

in this case to characterize the collaboration structure among 

multiple sensors. 

III. METHODOLOGY 

 The work proposed by implementing a non-model 

based adaptive prediction scheme that doesn’t require a 

prior knowledge of the original data. In the following we 

explain the basic mechanisms of dual predictions before 

dealing with our proposed LMS Prediction  

Prediction Based Monitoring 

Let {x[k]} be the set of desired data which is to be 

transmitted from source to sink. A minimal error value 

e_max, also known as threshold value is given at both 

source and sink. The sink must know a value in x[k] ± 

e_max rather than the original value x[k]. 

 

Fig3.1Representation of State diagram by Prediction algorithm 
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Rather than transmitting the complete set of 

original data {x[k]} it is efficient to transmit only selected 

data so that the sink will be able to construct the entire data 

sequence with enough accuracy. This is achieved by using 

dual prediction technique by introducing identical filters at 

both source and sink. Such a filter can produce an estimate 

of next nearest element in each data sequence, if some 

previous elements of the data stream are given. If the 

predicted value differs from that of the original observed 

value greater than e_max, then the original data must be 

transmitted to the sink. Orelse the local filter in sink (in our 

case we use a LMS filter) generate the same prediction like 

source without any communication between them.   

Least Mean Square Algorithm 

A brief description about the Least Mean Square 

Algorithm is to be given under this section.The input data 

stream is sampled at instant n, using a linear adaptive filter. 

This is denoted as u[n] to calculate the value of prediction 

i.e., the output of the filter as y(n) =w
t.
(n)·u(n). M represents 

“memory” of a filter and it is an integer parameter used by 

the filter. M denotes the number of previous samples it will 

use in the process. 

The outcome y(n) is then mapped with the 

incoming signal or the sample of the data stream the filter 

tries to fit with it, represented as d[n]. Then the predicting 

error e[n] is to be calculatedas: e[n] = y[n]−d[n] and is given 

into the adaptation algorithm, to update the weight of the 

filter. The vector w[n] i.e., the weights are modified at each 

time step n toreduce the mean square error rate. 

 

Fig.3.2 Adaptive Filter - Basic Structure 

 

Fig.3.3 Adaptivefilter used in data prediction 

Least Mean Square (LMS) algorithm is one of the 

widely used adaptive algorithm today.They very simple 

algorithm and gives a good performance in many cases, so 

they are used in wide range of applications.  

The performance of LMS algorithm can be given in three 

basic equations: 

1. Output of the filter: 

Y(n) = w
T
(n).u(n)                     …(1) 

2. The estimation error: 

E(n) = d(n)-y(n)                        …(2) 

3. The weight adaptation: 

W(n+1) = w(n)+µ.u(n).e(n)      ...(3) 

where w(k) and x(k) denote the M × 1 column vectors: 

w(k) = (w1(k).w2(k),....,wN(k))
T     

         ...(4) 

µ(k) =  (u(k-1), u(k-2), ....., u(k-M))
T
    ...(5) 

 

By making small modifications in basic skeleton of 

the filter from Fig.3.2 to the predictive structure of Fig. 3.3, 

the LMS algorithm can be applied in data prediction. A 

successive prediction can be made by delaying the present 

input value u(n) by single time period. Then this signal is 

used as reference signal d[n]. The estimationû[n] is 

calculated by the filter for the input signal at time instance 

n. This is done by taking a linear combination of N past 

readings. The error value can be calculated by subtracting 

the predicted signal from the desired signal. This value is 

fed back for the adaptation of filter weight.  

The process of adaptation can be defined by using 

two parameters: the filter length M and the step-size 

parameter µ. This two parameters play a vital role in the 

filter weights updation. 
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Given that w and u are M × 1 vectors, it can easily 

be given that the LMS algorithm needs 2M + 1 

multiplications and 2M additions per iteration. 

In real world applications, the LMS algorithm can 

be used in data prediction in WSN by using identical 

predictive filters. The filters are to be implemented at both 

source and sink nodes.  LMS dual prediction scheme 

(henceforth referred to as LMS-DPS)can run both filters 

simultaneously at source and sink. The operation stages are: 

initialization stage, normal stage and stand-alone stage. Any 

node run through the initialization modes only at the initial 

stage and then oscillates between the normal and stand-

alone modes. Energy saving is obtained in stand-alone 

stage, the sink does not receive the readings of the report. 

Least Mean Square Algorithm with Adaptive Step Size 

The step-size parameter µ is important for the 

converging the algorithm i.e., it will determine the speed of 

convergence, so choosing the correct value for µ is one of 

the major criteria. There are available boundaries for the µ 

value and it can receive and with a simple estimation 

technique, we can determine them. And as we show in this 

section, we introduce a specific improvement to the LMS 

DPS algorithm regarding the step-size parameter µ. 

The single value for the step-size µ, improve by 

initiating least mean square algorithm with adaptive step-

size where the step size parameter µ has two distinct values: 

1. The value of µ is kept maximum until specific 

number of good predictions are made. The order µ 

is made as two magnitude so as to obtain 

robustness of the system, which means using of 

smaller order increases robustness. 

2. Once µ has sufficiently learned about the type of 

data received it switches to a stable value, that is:  

               µnew=µold/M(3.3) 

Where M represents length of the filter 

                         µold = 2.Ex
-1

.10
-2

 

This changes speed up the initial adaptation to the 

data, so an additional 3-5% reduction can be obtained where 

the maximum error is sufficiently small. 

A crucial aspect is when the switch should be 

made. The best value for the number of consecutive 

iterations in standalone mode can be found as:M≤n≤M
2

   (3.4) 

Where M is length of the filter and n is the readings 

with respect to consecutive in stand-alone mode. The value 

n=M
3/2 

earned  better results since it fitted best both lower 

and higher filter lengths. For an example, if M = 4, using n 

= M
2
 =16 consecutive good+ predictions as a switch point is 

a good choice, but for M = 10, n = M
2
 = 100  good 

predictions may not be reached. In this case, the choice n = 

M = 10  optimal value. Also, note that determination of the 

point of switching. The node and sink can work itat the 

same time and able to maintain consistency of both 

algorithm examples. 

Algorithm performance is measured by   difference 

between the predicted and the true value, i.e., Mean Square 

Error (MSE) or Root Mean Square Error (RMS). consider 

two basic network topologies with the evaluation of LMS-

ASS algorithm. The star topology, where every node 

transfer its values straight to the sink. The advantages of this 

topology are its simplicity and low latency level of 

communications between the sensors and the sink. The 

location of sink must be within radio transmission range of 

all the individual sensors. 

Spatial Correlation Based Data Gathering Algorithm 

As sensor nodes are densely deployed in any 

environments and usually they have high degree of spatial 

correlation.  The environmental parameters like 

temperature, humidity, pressure etc. can be sensed by sensor 

nodes and they result in temporal correlation. 

 
Fig.3.4 Function of Sink node 

 
Fig.3.5 Function of Source node 

This prediction framework largely decrements the 

cost of transmission and in turn the energy consumption of 

the WSN has reduced. Fig.3.5&3.6 provides the 

responsibilities of the sink and the source node.  This work 
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includes the metric correlation and algorithm of clustering.  

The correlation between the sensor nodes was found by 

dissimilarity of trend and magnitude values.  

IV. RESULT AND DISCUSSION 

 Initially the desired value which is the actual value 

of the source is taken on temperature basis. On the other 

side the values are predicted at source and sink. These both 

values are compared and analysed for a set of samples. This 

graph (fig:4.1) considers 1000 samples which are to be 

predicted, the predicted values are shown in red line and the 

desired value transmission is shown in blue line. From the 

graph, it can be concluded that only very slight variations 

occur when the predicted value is compared with the 

original value. Thus it is clear that this system with 

Adaptive Step Size can give a very high prediction rate.The 

output graph which compares the desired and predicted 

value is shown in the below figure. 

 

Fig4.1. Comparison of Desired value with Predicted value 

 The desired values are sent from source to sink 

only if the predicted value goes wrong or when it goes 

above the threshold value. In fig.4.2 the red mark indicates 

the predicted value and the blue mark indicates data 

transmission. When the prediction goes wrong, the next step 

size is made by using Adaptive Step Size technique. In our 

case, we consider 1000 samples to be predicted. Initially a 

set of desired value is to be given as input to initialize the 

process. Once the process is initiated, then the prediction 

occurs between source and sink without any need for data 

transmission. As the prediction accuracy is high in this case, 

only very few data transmission occurs only at certain 

interval where the predicted value deviates much from 

actual value and other all data are predicted correctly by 

source and sink. This is shown in the below graph (fig:4.2) 

 

Fig4.2. Comparison of Desired value with Total send 

The threshold value e_max, is fixed for both the 

source and sink. The RMSE (Root Mean Square Error) is 

the Error weightage of the system.The output fig4.3 

considers five nodes’ (1,2...,5) and the e_max values 

ranging from 0.25,0.50,0.75,1.00,1.25. The RMSE values 

are plotted for Y-axis goes on increasing when the e_max 

value for sensor nodes increases in each case. For example, 

in node 1, when the e_max value is 0.25 the RMSE value is 

very low in the range of 0.1. But when the e_max value for 

the same node is increased to 1.25, the RMSE value is 

increased to 0.4. This is same in case of all the nodes. The 

results are obtained as shown below: 

 

 Fig4.3. E_max Vs RMSE 

In our proposed system, the transmission rate of original 

data between the source and sink is very low. This is true in 

case of all nodes under consideration. The nodes are 

considered for the threshold values ranging from 0.25, 0.50, 

0.75, 1.00, 1.25. For any node, the transmission rate is high 

when the e_max value is low. The system is more accurate 

when the transmission is very low thus producing an energy 

efficient system. This transmission rate is plotted for the 

specific e_max value for each node under study.  
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 Fig4.4. E_max Vs Total Transmission 

V.CONCLUSION 

 In this work, we use a LMS algorithm with 

adaptive Step Size to attain a minimum data transmission 

rate. The simulation result shows that by using this 

methodology a prediction accuracy of 97% can be obtained 

and very less amount of original data transmission occurs 

during the entire process. The Root Mean Square Error 

(RMSE) for the node vary with the e-max it seems to be 

high for higher e_max values. The simulated result shows 

the transmission rate for each node and the nodes attain 

minimum transmission for specific e_max value. 
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