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Enhanced Data Prediction and Compression in Wireless Sensor Networks Using
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Abstract: This paper addresses the critical challenge of energy consumption in Wireless Sensor Networks (WSN), which are often deployed in remote areas with limited
battery replacement options. To enhance the network's lifetime, a novel approach that combines two key techniques: the Offset Gaussian Modified Least Mean Square
(OGMLMS) filter for data prediction and the Renyi-Entropy Principal Component Analysis (PCA) for data compression is proposed. The OGMLMS filter predicts future data
values based on historical data, reducing the amount of data that needs to be transmitted. Subsequently, the Renyi-Entropy PCA compresses the predicted data, minimizing
the energy required for transmission. The proposed method is implemented using MATLAB and validated with three univariate datasets. The findings highlight substantial
enhancements in performance metrics, including Mean Squared Error (MSE), energy efficiency, transmission costs, and compression ratio. These improvements surpass
those achieved by traditional algorithms such as Principal Component Analysis (PCA), Least Mean Square (LMS), Auto-Regressive Integrated Moving Average (ARIMA),
and hybrid approaches like LMS combined with Renyi PCA, which often struggle with high energy consumption and inadequate data management, leading to reduced
network lifetimes. The proposed method effectively integrates data prediction and compression techniques, enhancing energy efficiency and data transmission while
maintaining high data quality. The results clearly indicate a notable reduction in energy consumption by up to 14.457%, along with an impressive 99% compression ratio.
This enables sensor nodes to operate longer on limited battery resources, making it highly beneficial for remote monitoring applications such as environmental tracking and
disaster management. Additionally, the reduced data volume leads to lower transmission costs.
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1 INTRODUCTION features like communication range, bandwidth and storage.
However, the lifetime of the network can be increased, if
WSN is a network responsible for sensing, processing the WSN is designed in such a way that it is power efficient
and communicating wireless data to the intended base and reduced in size

station. Since these sensors are usually deployed at remote The nodes in the WSN have a limited power source as
sites, despite the recent advances in the WSN technology, they are powered by batteries of a very small size. Major
its applications still face significant challenges. In a typical applications of WSN require battery to be operated for a
WSN, each sensor node is equipped with a sensing unit for long period of time after initial deployment. Each battery
acquiring data from the environment, a microcontroller for supplying energy to the sensor for acquiring data at remote
data processing and storage, a transceiver unit for location will discharge at a high rate for transmitting all the
transmission/reception of data of/from other connected sampled data to the monitoring station [1]. The battery of a
devices and a power unit or a battery that empowers all node will be completely drained in two days if no energy
components of a sensor node. The different components efficient techniques are being employed. Thus, it becomes
that are inbuilt in a sensor node are shown in Fig. 1 given a big challenge to operate, maintain and manage the data

below. The sensor node may vary in size according to acquisition and storage systems in application scenarios.
specific applications. In this paper, the data prediction and data compression
o techniques are combined for reducing the energy
LTI ~~. e Other® @ PN consumption. It aims to develop an energy efficient method
\_ Environment _; odes @ that not only maintains a good balance between

compression ratio and mean square error, but also reduces

energy consumption further in comparison with some other
Sensing unit (Data Transceiver standard algorithms available in literature. This is done by
Egtherine/procesIne) (Communication) combining Offset Gaussian Modified Least Mean Square
1 H T JH 1 (OGMLMS) filter for prediction phase and the Renyi-
(Embedded OS & memory) entropy Principal Component Analysis (PCA) algorithm
1 for data compression.
| Power Unit (to all components) | 11 Organization Of the Paper

Figure 1 Hardware components of a sensor node ) ) ) )
This paper is sectioned as follows. Section 2 reports

Energy consumption is considered to be the major the review of literature, in which the pros and cons of the
constraint in WSN. The energy is consumed in a network related works are analyzed. S.ec.tion 3 expounds some of
during three phases’ namely sensing’ processing of data’ the popular CXlStlng data predlCthH and data compression
and data transmission. Usually, most of the energy is algorithms available in literature. Section 4 elaborates the
depleted during the transmission of data. The networks techniques employed in the proposed method for efficient
lifetime can be increased by reducing the energy energy consumption. In section 4 the results obtained with
consumption. Also, the scope of WSNs is restricted to the proposed method are compared with the standard
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baseline algorithms. Section 5 gives conclusive remarks
about the efficacy of the proposed algorithm.

2 LITERATURE REVIEW

Data reduction techniques aim to reduce the amount of
sampled data, thereby the volume of data transmitted by
the source nodes is reduced. This way of decreasing the
transmission of unneeded samples, in turn reduces the
consumption of energy and increases the networks life
time.

A major scheme in the development of lossy data
compression relies on the transformation of raw data into
other data domains. Examples of these methods include
Discrete Fourier Transform (DFT), Fast Fourier Transform
(FFT) Mohsen, K. K. et al. (2022)[2] and the different
types of Discrete Cosine Transforms (DCT) Bennani, M.
T. etal. (2023)[3]. Naturally, these transformation methods
exploit the knowledge of the application to choose the
appropriate data domain that discards the least data
content. However, such algorithms suffer from low
performance when used to compress data spatially or when
noises are present in the collected readings.

El-Bably, D. L. et al. (2022) [4] employed Adaptive-
PCA for data gathering in WSN. In this work, PCA is
dynamically implemented on the data sensed by the nodes.
In the conventional PCA based data reduction process the
PCA is implemented during normal states. During the
emergency states, the sensed data dynamically alters and
they are transmitted directly to the sink node without
compression. In Surenthar, L. et al. (2023) [5] PCA is used
to detect outliers and faulty nodes by performing offline
and real time analysis.

PCA, also known as the Karhunen-Loeve transform,
Oluwadara J. et al. (2020)[6], William P et al. (2022) [7]
and Liu, Y. et al. (2022)[8] has been widely used to extract
(linear) correlations among sensor nodes. El-Sayed et al.
(2023) [9] have used the idea of time series analysis for
predicting the present data from the past history. They used
the Auto Correlation Function (ACF) plot for choosing the
correct order which is a major concern in model selection.
The experimental evaluations on performance measures
like mean error, mean square error and root mean square
error prove the efficiency of this model.

A transmission technique was presented by Kavitha,
A. et al. (2023) [10] using Hybrid LMS (H-LMS) filter to
predict the values at the sensor nodes and the sink node.
The transmission was done by removing redundancy
depending on the error estimate. Thus, the technique could
conserve the nodal energy, offering better convergence
rate. However, the selection of error threshold is risky, as
higher value degrades the performance.

Jain K. et al. (2023) [11] had designed a framework by
combining data prediction, recovery, and compression, for
the simultaneous achievement of accuracy and efficiency
of the processed data in clustered WSNs such that the
communication cost was reduced. A Dual Prediction
algorithm called Least Mean Square (LMS) was
implemented for data prediction based on the optimally
selected step size by reducing the Mean-Square Derivation
(MSD).

This extensive literature review reveals that the
different energy efficient methods designed in the recent

past, even now face limitations in energy consumption.
Efficient algorithms with less energy consumption have to
be developed in order to increase the lifetime of the WSN
network.

3 BASELINE ALGORITHMS

Before arriving at the perspectives that have to be
considered before adopting a data reduction scheme in
WSN, it becomes essential to have a detailed study about
the currently available algorithms in literature.

3.1 Principal Component Analysis (PCA)

Principal component analysis is a multivariate
statistical model and dimensionality reduction data
analysis technique. It aims to extract important information
from data using orthonormal transformations and present it
as a set of new orthogonal variables called Principal
Components (PCs) [12]. This algorithm helps in reducing
the amount of data being transmitted among sensor nodes
by selecting only significant principal components and
discarding other lower order insignificant components
from the model.

3.2 Least Mean Square (LMS)

LMS algorithm is a simple adaptive filter-based time
series forecasting scheme [13]. It is used to predict the
future values of a data series and the filter parameters are
adapted in conjunction with reducing the mean square error
(MSE) of the prediction process. This algorithm exploits
more energy as it has slow convergence rate.

3.3 Auto Regressive Integrated Moving Average (ARIMA)

ARIMA is one among the various time series models,
that are used for data prediction. ARIMA forecasting
model is a stationary process which is a broadening class
of ARMA model [14]. It is denoted by ARIMA (p, d, q). It
estimates the forthcoming data values from the auto
correlated time series. This method has higher prediction
accuracy compared to AR, MA and ARMA methods, but
the complexity is more as it combines both AR and MA
models.

3.4 Least Absolute Shrinkage and Selection Operator
(Lasso) Regression

Lasso is a regression analysis method that performs
simultaneous variable selection and parameter estimation
(shrinkage) to improve the prediction accuracy of the
statistical model [15]. This is done by minimizing the
Residual Sum of Squares (RSS). Lasso outperforms by
shrinking the insignificant coefficients to zero, at the same
time reducing the magnitude of significant variables [16].

These existing works target either on minimizing the
expected number of transmissions between the source and
sink by employing prediction model or try to reduce the
size of data to be transmitted to sink by data compression
methods.

This analysis of existing techniques has paved an idea
of integrating both data prediction and data compression
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techniques so that very less energy is consumed. Thus,
apart from comparing the performances of the above
explained individual algorithms, this paper also compares
the performance of the proposed technique with the
integrated ARIMA_Lasso & LMS_RenyiPCA to prove its
efficacy.

4 PROPOSED METHODOLOGY

The deployed source nodes of the network sense the
data and sends to the sink node at the very first time slot.
OGMLMS based data prediction model is developed and
employed in both source and the sink nodes. The measured
data and the predicted data at the consecutive time slots are
compared. The data deviation is compared with the

predefined error threshold (&) value and the data are

transmitted to the sink node if the deviation is above the
threshold value. While transmitting data to the sink node,
the dimension of the data is reduced by using the
compression algorithm. The work flow of the proposed
scheme is given Fig. 2.

Create data prediction model based
on OGMLMS algorithm

|

Apply the prediction model at both
the source and the sink nodes

v

Compute the difference between the
measured and predicted data at the
source node

It

. Proceed with
Difference >

the prediction
of next data

Reduce dimensionality of data using
Renyi entropy PCA compression

!

Send the compressed data to the gink

node

Figure 2 Proposed work strategy involved in OGMLMS prediction combined
with RenyiPCA compression

4.1 OGMLMS Filter for Prediction

The Offset Gaussian Modified Least Mean Square
(OGMLMY) filter is designed to enhance the efficiency of
data prediction in Wireless Sensor Networks (WSNs). Its
primary role is to forecast future sensor readings based on
historical data, which is crucial for minimizing energy
consumption and optimizing data transmission. In WSNs,
where sensor nodes are often deployed in remote locations
with limited battery life, the OGMLMS filter helps to
reduce the volume of data that needs to be sent over the
network. By accurately predicting data points, the filter
allows nodes to transmit only significant changes or
differences from predicted values, thereby conserving

energy and extending the operational lifespan of the
network.

At first the operation of conventional LMS filter is
discussed here [17]. If the given data series is denoted as
d(¢) at an instant ¢, then the series predicted by the LMS
filter is given as in Eq. (1) where p.d(f) represents the
predicted data series at instant ¢£. The length of the series is
equal to the number of samples which is denoted by L.
W'(f) denotes the weight vector. Thus, the predicted data
series can be obtained as the linear combination of data
series d(f) of L samples weighted by its corresponding

vector W(%).
pd(t)=w"(t)d(t) (1)

Then predicted data sequence p.d(f) is compared with
the data series which is considered for adaptation by the
filter and the error e(f) is obtained as in Eq. (2).

e(t)=d(1)-pd(r) )

For arriving at small MSE in prediction process, the
filter weights associated with the data series d(f) must be
adjusted. Thus, the adaptive weight filter can be obtained.
The adaptation of weights can be accomplished using a
suitable adaptation algorithm. The minimum MSE ensures
the accuracy of the system. Fig. 3 shows the basic design
of LMS filter when using in prediction.

dt-1)

dit)

rdt)

Adaptive filter >

Figure 3 Structure of LMS filter for data prediction application

&(t)

> Delay

~

A
4

Another parameter that needs to be altered in the LMS
filter is filter step size, which helps in obtaining accurate
prediction and energy efficiency by providing faster
convergence [18]. The condition for the value of step size
is that the higher step size needs to be assigned if the
deviation is more.

Therefore, the convergence can be arrived at quickly.
When the convergence point is very close, smaller step size
is assigned so that the balanced prediction can be obtained.
Thus, the step size is optimally chosen based on the state
of prediction for obtaining faster convergence as well as
less MSE. Eq. (3) shows the weight adaptation in LMS
filter.

W (t+1)=W(t)+sxpd(1)x(t) 3)
where W and p.d are obtained from Eq. (4) and Eq. (5).

w (1) =, (1), (1)..., (1)) @)

pd(L)=(pd(I-1)xpd(1-2)..xpd(I-)) (5
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The data can be continuously predicted by applying a
delay unit with the measured data d(f) of the present
instant. The delay unit makes the data to be lagged by a
single time period. Then the filter computes the predicted
value p.d(f) for the data d(f). For obtaining this, a linear
combination of L past readings is obtained. The error value
is calculated by subtracting the predicted data from the
desired data. This error value is given as feedback for
changing the filter weight.

The two essential parameters that are required for
updating of filter weights are the filter length and the step
size parameter s. The step-size parameter s is significant
for the convergence of the algorithm. The criteria for
selecting the value for step-size s, are given below.

e A larger value for step size of s is chosen until certain
numbers of good predictions are obtained. The order
of s is chosen as two for obtaining robust system.

o The stable value for step size can be determined when
the type of received data is adequately learned.

The step size parameter s can be made to converge

faster by using the Offset Gaussian function (OG(x)) as
in Eq. (6).

sm=g%@l (©)
oG (sold ) =G, (sin Soid ) -G, (cos So1d ) (7

The general Gaussian function G, (x) is given as in
Eq. (8)

1 2

—1(x—-m

1 2( J

GG (x)z o\2n ¢ 7 (®)

So = 2E.'107* 9)

where E, is the mean power as given in Eq. (10).

%=%§VMF (10)

n=l

where N is the number of iterations required in training
phase. In real-time applications, WSN uses identical filters
for prediction at source node and sink node.

The OGMLMS filter is exceptionally well-suited for
wireless sensor networks (WSNs) due to its adaptability,
energy efficiency, simplicity, and compatibility with
advanced techniques. Its ability to adjust weights in real-
time enables accurate predictions in dynamic environments
where sensor readings are influenced by noise or
environmental changes. By reducing the volume of data
transmitted, the filter significantly conserves energy, a
crucial advantage for sensor nodes with limited battery
power. Its straightforward implementation and low
computational requirements make it ideal for resource-
constrained hardware. Additionally, the filter enhances
data quality by mitigating the effects of noise and outliers,

ensuring reliable and valuable information reaches the sink
node.

4.2 Renyi-Entropy PCA

The performance of PCA based compression is
improved by involving Renyi entropy with the PCA
technique [19].

Renyi PCA is utilized for dimensionality reduction and
data compression in Wireless Sensor Networks (WSNs),
which helps to minimize the transmission burden and
conserve energy by effectively reducing the size of the data
collected from sensor nodes, thereby enhancing the overall
efficiency of data processing and storage within the
network.

The data selection is a very important step of the
algorithm because it influences the compression model
accuracy. The selection criteria can use a random selection
or an active selection. A popular active selection method,
based on the density distribution of the sample, maximizes
the quadratic Renyi entropy. Given a dataset of M data

points with different probabilities { Pl pM} , the Renyi

entropy of order « (a > 0,a #1) is defined as:

H, (x)z

1 Mo
1_alog[ZPmJ (11

m=1

It measures the degree of the set randomization. More
random samples involve more large entropy. A case of
particular interest is « =2, noted as quadratic Renyi
entropy. If the probability density function is a Gaussian
function, the quadratic Renyi's entropy can be calculated as
follows.

H, (x)—log[#%i]((xi,xj )] (12)

i=1 j=1

The quadratic Renyi entropy can be used as criteria to
select a subsample of dataset based on the high value of the
entropy.

4.2.1 Principal Component Analysis

PCA is a statistical technique used to reduce the size
of the original data series by removing the redundant
information from the analysis of correlation presenting
among the values of the series [20]. In PCA technique the
imperative task is to study the most significant variations
of the values. The covariance method is one of such
approaches used to implement PCA. A dataset G with

dimensions U x V is considered, where U denotes the
number of measurements of 7 variables and 7 denotes the
number of variables. The dataset D can be reduced into a
new subset with A variables where 4 < U. A matrix B
representing the new subset of dimension V' x U can be
provided as in Eq. (13).

B=G—hu" (13)
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M
where ulj]=—30[i.j]. H[i]=1, j=1...V and
i=1

i=1,...,U. The covariance matrix C of matrix B with
dimension V' x V can be given as in Eq. (14).

c=—1 p'p (14)
U-1

The D diagonal matrix V' x V of eigenvalues of C is
given as below.

A fork =1
Dlk,1]= (15)
Ofor k=1

where 4, denotes the k-th eigenvalue of the covariance

matrix C. The V' x V eigenvector matrix £ that diagonalizes
the covariance matrix C can be as in Eq. (16).

E'CE=D (16)

The eigenvector matrix £ has 7 column vectors that
denote V eigenvectors of the covariance matrix C. Then the
columns of the matrix V' are arranged in the order of
decreasing eigenvalue and the new matrix F can be
obtained with the columns elements as the first 4 columns
of E as:

Flk,1]=E[k,1]
(17)

with k=1,.7V and a=1,...4 where A<V . Hence the
dataset G can be transformed into a new U-by-A4 space by:

G = BF (18)

In the PCA the suitable number of the components is
chosen to ensure the accuracy of the compression
algorithm.

4.2.2 Application of PCA in Data Compression

The dimensionality reduction compression method,
as explained previously, can be applied to the dataset
available at the sensor nodes. The original dataset is a N-
by-P matrix, where N rows represent the observations of P
monitored parameters along with the predicted data. The
dimensionality reduction of the training set consists to
select M rows (M xN ) and R columns ( Rx P) starting
from the original data matrix without loss of the
information. The value M that represents the number of the
data is freely chosen by the user. The maximum value of
M that can be used depends on the computational resources
and the features of the dataset [21]. Fixed M, the quadratic
Renyi entropy criterion is used to select a subsample of
dataset. So, a new data matrix is obtained of dimension
M x P, whose rows represent the Perfect Vector (PVT).

Subsequently in order to reduce further the size of each
data, the PCA has been performed, eliminating the

principal components that contribute less than 2% to the
total variation in the data set. The identification procedure
of the PVT in combination with the decomposition through
the principal components produces a new dataset of

reduced dimension M x R that is sent to the sink node.

Algorithm-Renyi PCA

. .. N
Given a training set D ={xk, yk}k:1 randomly choose a

working set S,, = {xi,y;}?il » Sy <Dy

Randomly select a sample point Xe€S,, and xeD, swap
(%.3)

If Hy(x..xy ..%)>H,(x..%...x),) then &S, and
xeS),,xeDy

Else x¢S,, and Xxe€S§,,, Xe Dy

End if

Calculate H> for the present Sy by Eq. (12)

Stop if the change in entropy value is small

Figure 4 RenyiPCA algorithm

Its ability to capture complex patterns efficiently
aligns well with the resource-constrained and data-
intensive nature of WSNs, ensuring more meaningful data
compression, enhancing data quality, and maintaining
robustness against noise and outliers, which are common
in sensor data, making Renyi PCA an ideal choice for
optimizing data management in these networks.

The OGMLMS filter and Renyi PCA complement
each other effectively in the context of Wireless Sensor
Networks (WSNs) by working in tandem to enhance data
quality and optimize data management. The OGMLMS
filter preprocesses the raw data by improving its quality
and reducing noise, which is crucial for ensuring that the
data is reliable and representative of the actual conditions
being monitored. This preprocessing step enables the
Renyi PCA algorithm to perform more effective
compression and prediction, as it can focus on the most
informative components of the cleaned data without being
adversely affected by noise or outliers. Consequently, the
combination of the OGMLMS filter's noise reduction
capabilities and Renyi PCA's advanced data compression
techniques lead to a more efficient and effective approach
for managing the data in resource-constrained WSN
environments, ultimately conserving energy and enhancing
overall network performance.

5 PERFORMANCE ANALYSIS
5.1 Compression Ratio (CR)

The compression ratio [22] is described as the ratio
between size of the compressed signal Y to the size of the
actual uncompressed signal from sensor X.

(19)

Compressed Size(Y )
CR=100X|1-

Uncompressed size(X )
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5.2 Mean Square Error (MSE)

Mean Squared Error (MSE) is a critical metric for
evaluating the accuracy of predictive models in Wireless
Sensor Networks (WSN). In the context of WSN, MSE
measures the average squared difference between the
predicted sensor readings and the actual observed values.
A lower MSE indicates that the model's predictions are
closer to the actual data, reflecting higher accuracy.

If the observed reading from the sensor is x and the
predicted reading is y then the mean square error is the
difference between the observed and predicted reading
[23]. It is given by:

N

MSE =% (x,-3,) (20
NI

5.3 Energy Consumption

The total energy consumed by a sensor node is
contributed by the energy utilized for data compression and
the energy required for transmitting the data expressed in
joules. The energy requirements for data compression are
mainly dependent on the energy required for one cycle

(Eopt) and number of CPU cycles (M) required for

compression and the requirements by its peripherals are
considered negligible. Energy required for transmission
and receiving the data depends on the energy consumed by

equipment to transmit a bit of data (E,; ) and the number

of bits (N). The metric for estimating the energy
consumption is as follows:

Etotal =MXxE

opt

+ NxEy, 1)

5.4 Transmission Cost

The transmission cost in WSN is the calculation of
total number of messages transmitted from source to sink.
If the number of messages transmitted is more, then the
transmission cost is more and vice versa.

6 EXPERIMENTAL RESULTS

Assessment metrics that are used to quantify the
effectiveness of the proposed algorithm are mean square
error, compression ratio, energy consumption and
transmission cost. The results of the proposed algorithm
are compared with standard conventional algorithms
available in literature like Principal Component Analysis
(PCA), Least Mean Square (LMS), Auto Regressive
Integrated Moving Average (ARIMA), ARIMA _ Lasso,
LMS_ Renyi PCA combined together. The proposed work
and the algorithms involved are implemented in MATLAB
simulation software.

Three univariate datasets were considered to validate
the proposed system. The univariate datasets referred in the
study include time series data related to Temperature,
Relative Humidity, and Microphone Data, which are
commonly used in environmental monitoring and sensor
applications. The first univariate dataset, published by

Sensor Scope HES-SO Fish Net Deployment, includes
temperature and relative humidity readings. The
temperature values exhibit a relatively narrow range
compared to the humidity values, and the time series data
for both temperature and humidity demonstrate smooth
trends. In contrast, another univariate dataset, the
Microphone data, was collected using sensor nodes
deployed at the Strata Clara Convention Center. This
dataset is characterized by numerous peaks and noise,
making it a discontinuous (non-smooth) signal.

The datasets used for analysing the performance of the
proposed algorithm are given in Tab. 1.

Table 1 Dataset used for analysis

Data Samples Sampling Interval Dimensions
Temperature 14721 2 minutes 1
Relative .
Humidity 14721 2 minutes 1
Microphone 2887 4-9 second 1
Data

To validate the proposed method, we conducted
MATLAB simulations using R2013 software under a
wireless sensor network (WSN) environment. The
simulation setup includes the following components:

The simulation setup involves low-power
microcontrollers, such as the MSP430, to manage
operations and data processing. Temperature and relative
humidity are measured using SHTIS5 sensors (or
equivalent), with a resolution of £0.3 °C and 2% RH,
respectively. A low-power, high-sensitivity microphone
sensor is used to capture sound data. A ZigBee-based
transceiver is used for low-power wireless communication.
Sensor nodes are deployed at fixed intervals to form a mesh
network, ensuring spatial coverage to capture variations in
environmental conditions. These nodes are battery-
powered, with solar panels for energy harvesting in remote
areas. Data is collected every 2 minutes for temperature
and humidity, and every 4-9 seconds for microphone
readings, with temporary storage on an onboard SD card
for redundancy. Data is transmitted wirelessly to a base
station at predefined intervals to minimize energy
consumption, and basic data aggregation is performed
onboard to reduce transmission overhead.

The sensor nodes are configured with an initial energy
of 2 Joules. The transmission energy is calculated based on
the data size and the distance between the sensor node and
the base station. Each sensor node transmits data packets
of size 500 bytes, which contain readings for
environmental parameters like temperature and relative
humidity. These sensor nodes are strategically placed in the
fishnet to collect accurate environmental data while
optimizing energy usage. The simulation runs for 500
rounds to evaluate energy consumption and network
lifetime.

Fig. 5 represents the lifetime of the nodes of the WSN
for the different error threshold values for temperature
dataset. When error threshold is less and equal to 0.25, all
nodes vanish in 2300 rounds whereas when it is large and
equal to 1.25, the nodes vanish in 3500 rounds. Thus, it is
inferred that the lifetime of the nodes is high when the error
threshold is high. The high value of error threshold makes
only few data to involve in transmission and therefore less
energy is consumed.
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Figure 5 Lifetime of network for different error threshold for temperature dataset
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Fig. 6 depicts comparative analysis chart for the MSE
parameter observed for different methods by setting
different error threshold values for all univariate dataset
respectively. From the graph given below, it is clear that
error in conventional PCA method is high which can be
reduced with the utilization of Renyi PCA. Comparing
with the conventional PCA compression work, the Renyi
PCA reduces error by 34.24% in temperature dataset when
error threshold is assigned as 0.25.

Humidity
mPCA LMS
ARIMA ARIMA Lasso
mRenyiPCA LMS_Renyi
V 3
° 25
g
‘z 1.5
0.5
0
0.25 0.5 0.75 1 1.25

Figure 6 Comparative analysis of MSE with univariate dataset for different
prediction and compression algorithms results of energy consumption

Similarly, the error in LMS prediction method can be
reduced by introducing the OGMLMS filter which can be
inferred from the result analysis. Comparing with the
conventional LMS prediction work, the OGMLMS with
Renyi PCA reduces error by 44.31% in temperature dataset
when error threshold is assigned as 0.25. It is also inferred
from the result table that for all datasets, the MSE increases
when the prescribed error threshold is high.

Microphone
WPCA ®LMS ~ARIMA =ARIMA Lasso WRenyiPCA ~LMS_RenyiPCA = OGMLMS_RenyiPCA
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Figure 7 Comparative analysis of total energy consumption with univariate
dataset for different prediction and compression algorithms

Fig. 7 depicts comparative analysis chart for the
energy consumption parameter observed for different
methods by setting different error threshold values for
temperature dataset, humidity dataset and microphone
dataset respectively.

The above graph shows that the energy consumption
in conventional PCA method is high which can be reduced
with the utilization of Renyi PCA. Comparing with the
conventional PCA compression work, the Renyi PCA
reduces consumed energy by 5.28% in temperature dataset
when error threshold is assigned as 0.25. Similarly, the
energy consumption in LMS prediction method can be
reduced by introducing the OGMLMS filter which can be
inferred from the result analysis. Comparing with the
conventional LMS prediction work, the OGMLMS with
Renyi PCA reduces consumed energy by 19.09% in
temperature dataset when error threshold is assigned as
0.25. When the prescribed error threshold increases, the
percentage of energy savings will also increase. A
maximum energy saving of 14.457 % is achieved in the
proposed method when compared with ARIMA_Lasso for
temperature dataset.

The compression ratio and MSE of the proposed
prediction-based compression algorithm on univariate data
set achieved for error threshold of 1.25 is compared with
standard algorithms and presented in Tab. 2.

Table 2 Comparison of MSE for univariate datasets for different prediction and

compression algorithms for error threshold of 1.25
MSE
Methods Temperature | Humidity | Microphone
PCA 0.785 2.828 4.778
LMS 0.723 2.772 4.765
ARIMA 0.686 2.728 4.736
ARIMA Lasso 0.926 2.957 4.935
RenyiPCA 0.731 2.731 4.674
LMS RenyiPCA 0.813 2913 4.833
OGMLMS_Renyi PCA 0.572

The compression rate when handling data with
disturbances is influenced by several key factors, including
the nature and severity of the disturbances, the
characteristics of the data being compressed, and the
chosen compression algorithm. Disturbances, such as noise
or outliers, can complicate the data structure, making it
more challenging to achieve high compression rates
without losing significant information. The inherent
redundancy within the data also plays a crucial role; data
with high redundancy can be compressed more effectively
than data with less redundancy. Additionally, the
efficiency of the compression algorithm itself, including its
ability to adapt to varying data patterns and its
computational ~ complexity, directly affects the
compression rate. Finally, the desired quality of the
reconstructed data, often measured by metrics such as
Mean Square Error (MSE), can impose constraints on the
compression process, as higher quality typically requires
lower compression rates to preserve essential information.

The model balances compression and distortion by
employing advanced algorithms that optimize the trade-off
between reducing data size and maintaining acceptable
quality levels, thereby minimizing energy and transmission
costs. By utilizing techniques such as adaptive data
compression and predictive modeling, the system
intelligently determines the optimal compression ratio that
can be achieved without exceeding predefined distortion
thresholds, often measured by metrics like Mean Square
Error (MSE). This approach allows the model to
effectively reduce the volume of data transmitted over the
network, which directly lowers energy consumption
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associated with data transmission and processing.
Additionally, the model incorporates mechanisms to
prioritize critical data, ensuring that essential information
is preserved while less important data can be compressed
more aggressively. By continuously monitoring and
adjusting the compression parameters based on real-time
data characteristics and network conditions, the model
achieves an efficient balance that enhances overall system
performance while conserving energy and reducing costs.

6 CONCLUSION

In this paper, OGMLMS filter-based prediction model
is designed and it is combined with Renyi PCA
compression in order to increase the energy conservation
in WSN. The performance of this proposed joint scheme is
compared with other conventional algorithms on
assessment metrics like MSE, energy consumption,
transmission cost and compression ratio. All the above
metrics are analysed for different values of error threshold
on univariate datasets. From the results it is clear that the
MSE observed for univariate data sets are less in the
proposed method. MSE is very much reduced with a
maximum reduction of 38% in univariate temperature
dataset. It is also inferred that a maximum of 14.457% of
energy saving is achieved in temperature univariate dataset
when compared with ARIMA Lasso combination. A
maximum of 99% compression ratio is observed in all
univariate datasets. The transmission cost incurred is also
found to be very less in the OGMLMS_Renyi PCA method
when the prescribed error threshold is high. Since the PCA
method removes the unremarkable data, the size of
compressed data is more reduced. Consequently, the
energy consumption and transmission costs are reduced to
a better extent. In addition, the PCA preserves the data
quality and thereby low MSE is obtained. Thus, it can be
concluded that the proposed method is well suited for
energy conservation in all kinds of datasets with different
statistical behaviour.
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