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Abstract: Wireless Sensor Networks (WSNs) play a crucial role in applications such as remote monitoring, surveillance,
and the Internet of Things (IoT). Addressing the challenge of energy consumption is paramount in WSN design due to
the finite nature of energy resources. In cluster-based WSNss, cluster heads (CH) perform vital tasks like data collection,
data aggregation, and exchange with the base station. Therefore, achieving efficient load balancing for CHs is crucial
for maximizing network longevity. Previous studies have considered load balancing with optimal CH selection, but the
issue of data redundancy is not addressed. Data redundancy in processing and transmitting information to analysis
centres significantly depletes sensor resources like (energy, bandwidth and such). This paper proposes a novel energy-
efficient data aggregation approach with data compression termed C-EWaOA that is (Compression based Enhanced
Walrus Optimization with a cognitive factor). The non-negative matrix factorization (NMF) is used to compress the
data and remove the redundant information. This way, the proposed data aggregation scheme reduces packet delivery
Ratio, resulting in low data-rate communication. Simultaneously, data compression minimizes redundancy in
aggregated data at CH, reducing resource consumption, leading to energy cost savings, and facilitating the transmission
of a compact data stream in the communication bandwidth. The proposed approach shows a 0.606% improvement in
network lifetime compared to the approach without compression and 68.01% of energy consumption. Notably, it
achieves a reduction of 78.57% in packet loss ratio compared to the state-of-the-art FEEC-IIR model. Thus, the
proposed approach shows remarkable improvement in energy-efficient data aggregation with data compression in WSN
showecasing its prominence in IoT-based applications.

Index Terms: [oT-WSN, Data Aggregation, and Compression-based Enhanced Walrus Optimization with a Cognitive
Factor.

1. Introduction
WSNs are integral to Internet of Things (IoT) applications, playing a crucial role in diverse fields such as health,

Industry 4.0, and more [1]. Sensor Nodes (SNs) within WSNs are pivotal in the IoT's sensing layer, tasked with
perceiving the physical environment and collecting data. The network comprises numerous tiny sensor nodes operating
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on limited battery life, emphasizing the need for effective energy management [2]. Clustering emerges as a widely used
technique in WSNs to conserve energy [3,4].
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Fig.1. Cluster-based WSN (the arrows illustrate the communication)

In the cluster-based architecture of WSN as a scene in Fig. 1, the sensor nodes are grouped together as a single
cluster where a cluster member is responsible for the communication denoted as the cluster head (CH) [3]. As seen in
Fig. 1, The CHs are responsible for processing the local data generated in the WSN architecture from the members in
the cluster known as sensor nodes and processing it directly to the sink [3]. This architecture reduces energy
consumption such that only the CH is responsible for the data aggregation and routing process. This way, the bandwidth
is conserved as the nodes in the cluster avoid sharing redundant information among them [4]. As there are advantages at
some point when the data becomes high, especially in applications like IoT and Internet of Vehicles (IoV), the load on
the CH to communicate becomes overbearing and causes rapid depletion of energy for SN, causing the node to die.
Hence, an optimal way to overcome this issue is through load-balanced clustering and efficient CH selection. The two
main issues addressed in the study are load-balanced clustering and energy-efficient CH selection to reduce the energy
cost and improve the network performance. Such an issue is addressed using a multitude of optimisation and heuristics
approaches in recent studies [5-7] as discussed in Section 1.1.

1.1. Previous Works

To overcome the load balancing issue in WSN to promote efficient data aggregation, the previous studies proposed
clustering and optimal CH selection. A metaheuristics-based approach was proposed by [4] for clustering energy-
efficient clusters. The parameters of residual energy of nodes, reduced energy consumption, distance between the nodes,
and size of clusters were considered for decision-making of clustering and CH selection. However, here in the study by
[4], the nodes are homogenous, and in real-time, the data processing for such a network is high. Researchers used the
PSO algorithm to address the limited energy resources in CH in WSN [5]. The parameters distance between the CH and
Base station, number of relay nodes and relay load factors were considered for clustering and CH selection. Researchers
in [6] proposed using a Chaotic Genetic Algorithm (CGA) for generating the CH in homogenous nodes in WSN. Inter
and intra-energy consumption of the network, and distance between the nodes were considered for CH selection in [6].
Work in [7] discussed the primary concern as the limited energy of battery-powered SN, which can lead to WSN
network degradation or failure over time. To address this, it employed the Butterfly Optimization Algorithm (BOA) for
optimal cluster head selection and the ACO for identifying the optimal route between the CH and the base station. To
select the CH, [7] utilized the residual energy of SN, the distance between the nodes, the node degree, and the distance
of nodes to the BS. The authors in [7], expressed that the energy consumption is directly proportional to the distance
between nodes. To address the limited power of the SN in WSN, multiple attribute decision-making methods for CH
selection is also suggested [8]. This approach primarily used residual energy and distance from nodes to CH and BS,
and the clustering objective is related to reducing the energy consumption for load balancing. Similar to other studies,
researchers in [9] utilized improved grey wolf optimisation (GWO) for CH selection. The authors emphasized the
imbalance between other algorithms' exploration and exploitation phases. However, even these algorithms do not
address the clustering load balancing issue in heterogencous WSNs. The CH selection parameters in [9] are sink
distance, residual energy, average intra-cluster distance, and CH balancing factor. The study in [10] examined two
methods: the Hybrid Butterfly and Ant Colony Optimization algorithm with a static sink node and mobile sink node
(HBACS, HBACM). The objective of these approaches is to enhance the selection of CH and provide energy-efficient
routing in order to minimize energy usage and maximize the lifespan of the network. Similar to other studies, here as
well the residual energy, distance, and node degree are considered for CH selection, whereas for cluster formation, SN
are clustered with minimal distance, and maximum residual energy is clustered.
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Table 1. Overview of the previous studies

. Data redundancy through data
Efficient Load . . . .
Paper balancin reduction or compression Effective parameters for CH selection
g techniques
X esidual energy, Distance, Size of clusters
[4] v Residual Di Size of cl
[5] v Distance to CH, Number of relay nodes, Relay load factors
[6] v X Inter and intra energy consumption, Distance between nodes
(7] v x Residual energy, Distance between nodes, Node degree, Distance to the
BS
[8] v X Residual energy, Distance from nodes to CH and BS
9] v x Sink distance, Residual energy, Average intra-cluster distance,
Balancing factor of CH
[10] v X Residual energy, Distance, Node degree
[11] v X Distance between nodes, Gateways for cluster formation
X or data representation
[12] v NMF for data rep i
X or outlier detection
[13] v NMF ft lier d i
[14] v v NMF and 2-SVD-QR for data compression
[15] X v NMF for data reduction
[16] v X Residual energy of nodes
[17] v x Nodes' initial energy, Remaining energy, Residual energy for CH
selection
[18] v X Residual energy of nodes
[19] X v Energy cost, compression ratio
[20] v X Residual energy of nodes, total energy
[21] v X Intra cluster distance and average sink node
Proposed Based on minimizing the fitness function based on 1. Load balancing
mg del v v of CH, 2. Energy consumption between nodes (CM) and 3. energy
consumption of CH after compression.

The literature review emphasizes the importance of clustering strategies in WSNs for minimizing energy
consumption and enhancing network lifespan. Although current strategies address issues like energy efficiency and load
balancing for data aggregation, there are research gaps for comprehensively tackling data redundancy or the energy cost
of data storage and processing. Data compression techniques ([12-15], [19]) have been proposed to reduce data
redundancy, but their integration into load balancing and CH selection strategies is still lacking. Most CH selection
approaches prioritize residual energy ([4-7]), without considering other factors like energy required for data
compression, distance, and trust, leading to suboptimal network performance. Thus, the key difference between the
previous works and the proposed solutions is given in Table 2.

Table 2. Explanation of problems identified and proposed solution

Problems identified Proposed solution
The current studies work towards load balancing in WSN but ignore L .. . .
. . . The data aggregation is improved is incorporated with compression of
the high amount of data aggregated at selected CH leading to high data from SN which takes place at CH
energy consumption [5,6] [9] [11] (as evident from Table 1). P )
In WSNs, clustering strategies help minimize energy usage but fails to | In the proposed model, a compression-based load balanced clustering
address the uneven load distribution across the network. Most of the scheme is employed. Different from the previous studies, in the
studies like in [4-9] and such as seen in Table 1 address the load proposed model, the overloading of data at CH is addressed by
balancing issue but fails to address the data redundancy. employing non-negative matrix factorization scheme.
For energy-efficient CH selection is carried out based on multiple Different from the previous models where CH selection is based on
parameters like residual energy [4,5] [16] [18], node degree [7] or single metaheuristics which are limited to the local search space and
energy consumption [6]. However, CH is selected based on heuristic hybrid models which are not domain specific. In this study, a novel
algorithms like PSO [5], GWO [9], and hybrid models like in [10]. enhanced nature-inspired metaheuristics algorithm is proposed.
These models do not guarantee for optimal global solution and are EWaOA balance both exploration and exploration stages with the
based on random search schemes; this gives sub-optimal results for addition of cognitive factor in the exploration phase, improving the
CH selection search space globally for optimal CH selection.

1.2. Motivation and Contributions of the Study

In this work, the studies are reviewed for two main processes of data aggregation: Load balancing-based clustering
and CH selection. Some of the commonly used optimisation algorithms for CH selection to address load balancing are
the Genetic algorithm (GA) [6], PSO (Particle Swarm Optimisation) [5], and ACO (Ant-colony Optimisation) [7]. Due
to the stochastic and random search nature of metaheuristic algorithms like PSO, GA, and DE, the solutions derived
from these algorithms are referred to as quasi-optimal solutions [25]. Such algorithms initiate random feasible solutions
in the search space, then proceed with the iterative process to improve the initial solutions. Such issues are addressed
using hybrid optimisations like in [11] GWO-GA (Grey wolf and Genetic algorithms), [16] using enhanced penguin
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optimisation and in [21] Quasi oppositional based Jaya algorithm and [22]. Thus, there is a need to find the balance
between exploration and exploitation phase is important to develop optimal decisions which are feasible for all
clustering scenarios (dense and weak) in WSN [26]. Another task is energy-efficient CH selection, from the literature
residual energy is widely used along with sensor node related information and distance metrics. Thus, the main
limitations to be addressed are,

e In WSNs, clustering strategies help minimize energy usage, but fails to address the uneven load distribution
across the network. Most of the studies like in [4-9] and such as seen in Table 1 address the load balancing
issue but fails to address the data redundancy as explained in Section 2.1.

e For energy efficient CH selection is carried out based on multiple parameters like residual energy [4,5] [16]
[18], node degree [7] or energy consumption [6]. However, CH is selected based on heuristic algorithms like
PSO [5], GWO [9], and hybrid models like in [10]. These models do not guarantee for optimal global solution
and are based on random search schemes, which give sub-optimal results for CH selection.

Motivated by the concept of NMF for redundancy and to address the issues above, the paper proposes 1. The
problem of CH selection is addressed through Novel Compression-based Enhanced Walrus Optimisation (C-EWaoA)
that incorporates data compression in diverse problem spaces. 2. A multi-objective-based CH selection. Thus, the two
main contributions are given as,

e To propose a data redundancy aware data aggregation in WSN. The objective of uniform node distribution in
WSN and data redundancy at CH is achieved through Non-Negative Matrix Factorization for load-balanced
clustering. This is done by implementing lossless matrix factorization technique to compress data at the CH,
thereby lowering CH energy consumption and increasing the system lifespan.

e To propose a novel Compression-based Enhanced Walrus Optimisation (C-EWaoA) model for optimal CH
selection, where a cognitive factor is applied in the exploration phase of WaoA for improving the global
search space. The CH selection is based on a multi-objective fitness function based on the energy
consumption of nodes, CH and energy consumption after compression. The goal is to enhance the lifespan of
active nodes and reduce energy consumption in both directions of communication between nodes and the CH.

The remaining paper is divided into Sections, where in Section 2 the proposed system model and problem
statement are discussed. In Section 3 the proposed approach is detailed. In Section 4 the experiments and discussions
are made on the results obtained.

2. Proposed Model

In this Section, the basic description of the proposed structure of the framework is provided and the problem
formulation is explained. The uneven distribution of loads among the Sensor nodes is addressed by proposing efficient
load balancing focusing on reducing the energy costs and improving the network lifetime. The proposed novel data
aggregation scheme here is divided into two stages: Clustering and CH selection.

2.1. Problem Formulation
Stage 1: Clustering for load balancing

The main challenges for data aggregation in WSN are achieving energy efficiency, load balancing, and reducing
data redundancy [7,12]. Sensor nodes in WSN often have limited resources, particularly when it comes to battery life.
Data transmission between these nodes incurs a substantial energy cost, and frequent communication might result in the
exhaustion of batteries. In the cluster-based IoT WSN architecture as illustrated in Fig. 1, it is necessary to balance the
load among the nodes to avoid excessive use of energy by a single CH in clusters. Such overloading at CH results in
packet delay reducing the lifetime of the network. Hence, in this study, the load-balancing problem is addressed by
clustering the SN in the [oT-WSN area. Let N be randomly distributed sensor nodes in the WSN area and the data
generated from the Sensor node is represented as Yie(12..x) = (1,2 - Yn) and mathematically given as

Yia o Yk Yuo-1 Yio
Y21 o  Yar 7 V2o
Y= Yyun = =WH = Wy Hyn (1)
YO;1,1 3’0;1,1( - }’0;1,0
Yoi =+ 0 Yok Yoo-1 Yoo

From equation 1, it can be seen that the data is explored a factorization, where the main objective of NMF
employed is to remove the redundant information generated by decomposing the matrix Y in two matrices Wy, and Hyy,
where N < k (k are the clusters formed). The fine-tuned version of the matrix Hyy where the redundant information is
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eliminated, is applied for k-means clustering and this way k clusters are generated. The realization of NMF is briefly
discussed in [14] and adopted here.

Stage 2: Novel Enhanced Optimisation algorithm-based CH selection: C-EWaOA

The [oT-WSN area consists of a Base Station (BS) with a stable energy source and Sensor Nodes (SNs) (N =
{1,2,3 ...n}, where n is the number of Sensor nodes in the area). Each SN is identified with a unique ID and is
distributed randomly. The purpose of assigning SN as CH is to aggregate the data and transfer to the BS. At the base
station the data is analysed processed and transmitted to CH, this data is received by the Cluster members. Hence, the
data aggregation takes place at CH. In such cases, where the data aggregation is huge like in IoT applications, the
battery life of CH node depletes faster causing it to die before it can transmit the data resulting in poor network
performance. Although the proposed load balancing ensures efficient clustering of SN, maintaining the durability of the
CH is to be addressed. In this paper, the second stage is proposed to select an optimal CH which reduces the energy
consumption and transmission delay. This problem of CH selection is formulated as an optimisation problem.

The proposed framework introduces optimisation (EWaoA) that incorporates the data compression technique Non-
matrix Factorization (NMF) to determine the optimal CH, this is illustrated in Fig. 2. The primary objective function f;
is designed for load balancing in CH selection and is achieved by ensuring a uniform distribution of nodes across each
cluster with the above process. The second objective f, is to minimize energy consumption for communication from
CM to CH, by computing the data compression at the CH using the NMF method. Finally, the third objective f5 is to
minimize the energy consumed, when the compressed data is received by Sink from CH. Here the data is re-constructed
at CH after receiving from the sink, to be transmitted to CM.

The three objectives mentioned serve as inputs to the proposed Compression EWaOA method, which aims to
determine the optimal dynamic CH with a balanced load, as depicted in Fig. 2. The objective function relies on multiple
fitness functions, and these objectives are connected to a shared sensor network attribute, namely distance.
Consequently, they do not pose a Pareto front optimization challenge. To address this, the objectives are transformed
into a weighted single objective problem within the proposed objective function for C-EWaoA, denoted as f(x), and is
expressed as follows,

Top of Form

fO) =2 Cfi=CXfi+C X fo+C3 X f 2

Where C; is the weight assigned to the fitness functions, the first fitness f; is given as,

f1 _ (1 __ Moad ) + (CH loaded) (3)

CHmax Total CH

This fitness function (f;) in Equation 2, is the metric to evaluate the balanced load for the selected CH. It calculates
the ratio of mean load ;.44 of total CH from [24] and CH with maximum load (CH,,,,), which is given as, t;pqq =
LiziLoad (CH) wyoreas, Load (CH,) = N x Eremain (CHq)

cluster heads Einitial (CHg)
Eremain (CHCI)
Einitial (CHq) "
individual nodes while transmitting data. The energy usage is affected by the proximity of the sender and receiver nodes
d,. It is given as,

is based on the number of SN in the System model (N), the

initial and remaining energy of CH that is The primary goal of f, is to measure the energy utilized by

N X Egiec + N X€p X d?, d< do} @

=E;(N,d) =
fo = Er(N,d) {NerleC+N><Empxd4, d>d,

This fitness function provides a quantifiable measure of the energy consumed by nodes during data transmission,
considering both free space and multipath energy characteristics (€, €y ) based on dy. Similarly, to f,, after
compression the proposed f; computes the energy consumed by individual CH. It is given as,

CH X Egpoc + CH X€p5X d?, d< do} )

= E+(CH,d) =
f3 = Ex( ){CHerleC+Cermpxd4, d>d,

Based on the objective function given in Equation 1, the novel C-EWaOA is optimised for CH selection.
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Randomly Deployed
Sensor Nodes in WSN-

loT
O (\ Q CH selection Phase using
O 4 proposed C-EWaOA
Q _ (1 _ Mioad CH loaded.
fi= (1 CHmm) +( Total CH )
Clustering CENd) = N X Eggec + N X€px d?, d<d,
Phase e energy //7 e e U Y XEmpx dt,  dz=dy
3 consumption
from — ECH d) = CH X Egjop + CH X€p;x d?, d<d,
, CHtoCM /f3 = Er(CHd) =1 oy Eotoe + CH XEpyx dt,  d>d,
A
; T

Energy consumed

Final Objective )
after data compression

Function

. " data aggregated
<" _..from CM at the CH

fOO)=ZL.Gfi=CXxXfi+tCGXxf+CXf;
energy
consumption
from
CH to Sink
Data

compression

Fig.2. lllustrationof flow of the structure of proposed framework

2.2. Proposed Enhanced Optimisation Algorithm for Optimal CH Selection

Based on the problem formulation, the objective function formulated in Equation 1 is realized for optimal CH
selection as a minimum f (x). This is achieved with the training of the proposed C-EWaOA. The iterative process in the
proposed novel C-EWaOA is responsible for the selection of optimal CH based on the new position sets of walruses for
each cluster k as illustrated in Fig 3. The decision variables m is represented as a number of clusters k such that, m = k.
For every iteration in T, the objectives function formulated in Equations 2, 3 and 4 are calculated and stored as
candidate solution matrix X as explained in Equation 5 of size N X m, the solutions are stored in a matrix X and with
Equation 11 the best CH is elected and considered as the best solution so far in C-EWaOA.

‘X'1 xl’l ...xl’l ...Xlll
= Xl = xi,l Xi1 Xi1
Xy NXm XN, XN,1 XN NXm

& > A cumulative data array is

f1-balanced load of CH, s T maintained to hold the info of

initial and e the best Walrus position (CH)

remaining energy of CH > of each iteration as X
f2-energy consumption
of Nodes
3- energy consumed
by individual CH

after compression

f(x)=weighted
sum(f1,f2,f3)

Data about the
availability of the

walrus position in the /\\ hose data are again
current iteration P e updated according to the
i o new positions in
< roposed C-EWaOA
\\ § prop
\ = ///

Finally a global best ;

position for walrus | f(X)=weighted

position (CH) is sum(f1,2,f3)
achieved

Fig.3. The generic process of CH selection in EWaOA

Description of Enhanced WaOA

Most of the studies introduce metaheuristic algorithms like PSO, GA, and DE, but due to the stochastic and
random search nature of metaheuristic algorithms, the solutions derived from these algorithms are referred to as quasi-
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optimal solutions [25]. Such algorithms initiate random feasible solutions in the search space and then proceed with the
iterative process to improve the initial solutions. In such issues, balancing the exploration and exploitation phase is
important to develop optimal decisions [26]. To overcome this issue, the paper in [27] proposes a new optimisation
algorithm inspired by Walrus, named WaOA (Walrus Optimisation Algorithm). The optimisation is inspired by the
nature of “Walrus” mammas around the North Pole. The social and natural life of the animal will be the inspiration of
the algorithm [27]. The intelligent behaviours exhibited by walruses, which are mirrored in the Conventional Walrus
Optimization Algorithm (WaOA) elaborated in [27], can be summarized into three key aspects: Co-ordination in
feeding and Migration to Rocky Beaches, where the global search is carried out, then the predatory Response where the
walruses make small dynamic changes showing the local search. The phases in the algorithm are depicted in Fig. 4 and
the mathematical formulation of the conventional WaOA is given as,
The initial population is randomly initialized and is given by X and these are the positions of Walruses [27].

){1 xl‘l ...x1’1 ...x]_’l
X = Xi = | Xi1 - Xj1 - Xi1 (6)
Xy Nscm XN1w XN XNy

Where N is the number of walruses and m are the decision variables. The decision values of the objective

functions are stored in F and given as,
2 F(X)
F= H = [Fan) g
Fy '

NXxm F(XN) Nx1

The conventional WaOA is designed to balance exploration and exploitation through its three distinct phases, each
inspired by the natural behaviours of walruses. The feeding strategy, inspired by the walrus's search for food, explains
the exploration. The walrus with the best objective function value is considered the strongest, guiding others to explore
different areas of the search space, and promoting global search. It is explained as,

XPli,j = Xi,j +7”andl-,j . (SVV] - Ii,j . X,:Jj) (8)
Xp1, if Fpyy < F

X, = ; 9

' { X; else ©)

X P1y; is the new position for i*® Walrus in jt* iteration during this stage and SW represents the strongest walrus

position. Whereas in the exploration phase, the migration phase mimics the walruses' movement to new areas,
enhancing exploration by encouraging walruses to explore the positions of other walruses in the search space.

Xl- _ {szi,j = Xi,j + randi‘j . (Xk,j - Ii,j . Xi,j)' Fk < Fi lf szi < F,-and k+i (10)

X; else

Where, X, ; and Fy, represents the position and Objective function value of a randomly selected walrus (k).
In the Exploitation phase, local search is carried out around the position of the walrus simulating its behaviour of
escaping and fighting the predators. It is given as,
X, = XP3i'j = Xi,j + (lbltocal'j + (ubltocal'j —rand - lbltocal'j))' if FPZi < Fi (11)
' X; else

Whereas, the local lower and upper bounds for j** variable are given by Ibf,.q;, j> b5 car, J-

However, as discussed in Section 1.2, for any metaheuristic algorithm to be truly effective, it must explore the
solution space thoroughly to identify a globally optimal solution, ensuring it adapts to the varying characteristics of
nodes in a WSN without getting trapped in local optima. Thus, to enhance the efficiency of algorithmic hybridization,
the Social Cognitive Theory is applied here, as introduced by [28]. This theory, widely applied in education,
communication, and psychology, posits that an individual's knowledge acquisition is directly linked to their experiences,
interactions, and external influences. Consequently, individual actions are guided by attitudes, learning from the trial
and error of others, predicting outcomes based on experiences, and efficiently attaining their goals.
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Initialization of Initialization of
population and population and
Ci the objecti Calculate the objective
function for CH function for CH
selection selection
Feeding Strategy of Feeding Strategy of | Cognitive
Walrus (Exploration) Walrus (Exploration) factor (r)
escaping and fighting escaping and fighting
against predators against predators
(exploitation) (exploitation)
Optimal solutions for Optimal solutions for
CH selection CH selection

Conventional Enhanced
WaOA WaOA

Fig.4. Illustration of working of Conventional WaOA and proposed enhanced WaOA

In light of this, the cognitive component employs the deduction of the local best position from the randomly
chosen current set of CH positions.

Xi,j + Tandl-_j . (Xk,j - [i,j . Xi']') + (1 - r)(local(i) - Ii_]-.xi’]-), Fk < Fi

Xpy. i Xpy. . = 12
Paij 7P2i { Xi,j + Tandi_]- . (Xk, ( )

i Ii,j . xi‘j) else
Thus, the exploration stage given in Equation 7 is improved with third component as cognitive factor to increase
the search space as depicted in Fig. 4. Hence, the equation 7 is Enhanced as equation 11 for CH selection.

2.3. Enhanced Optimal CH Selection

The proposed approach for CH selection is Enhanced with cognitive factors as given in Equation 4. The cognitive
factor r [28], helps the exploration phase of WaOA to improve its ability to optimize better for non-linear functions.
This drives the WaOA to converge towards the optimal solution by uploading the heterogeneity among its constituents
and prevents it to fall in local minima.

The estimated values of the objective function for suggested candidate solution for CH selection problem are
formulated in Equation 1, and is given by matrix with these solutions as F [27]. In the proposed model the objective
function for the election of CH is given by vector F from Equation 6, is formulated as,

F = F(Xie12.x ) = min (F7) (13)

That is if m is the number of clusters (m=k), then through the iterative process of EWaOA the objective functions
in Equations 2, 3 and 4 are calculated and stored as X in Equation 5 with N X m possible candidate solutions (walrus)
and stored as F and through equation 11 the CH is selected.

Algorithm 1. Pseudocode for Optimal CH selection with Novel EWaOA

Input: Number of Walrus N, Iterations T
Load the sensor data.
Apply K-means clustering and generate the clusters k
Initialize the random positions of walrus X as in Equation 5 (i.e., CH in our proposed model)
Fort=1:T
Update the CH based on the objective function calculated in Equation 1
Fori=1:N
i. Calculate the new j" CH from X using equation 11 where the exploration phase is Enhanced with cognitive
factor. # Enhanced Exploration Phase in EWaOA
ii. Update the position of i®® CH in F in Equation 8.
iii. Choose the immigration destination for the i®®and calculate the location of CH using equation 9 #migration
phase in EWaOA
iv. Update the position in F based on the conditions from Equation 99
v. Calculate the new position for CH through Equation 10 and update it in F #Exploitation Phase in EWaOA
c. End For

B
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d. Save the best solutions so far as in F

5. End For
6. Select the Best CH from the matrix of solutions as formulated in Equation 6.
End of algorithm

Output: Optimal CH

As per Enhanced equation 11, the current set of CHs is selected by EWaOA with the incorporation of terms
(local(j) — I;;. x;j), where the local(j), the local position is selected randomly from X; set of candidate solutions of
CH for each cluster m over the jt" iteration. Hence, this process is termed as Optimal CH selection through IWaOA.
Hence, the updated set of values in Equation 6 so far after the iterative process of proposed IWaOA explained in
Algorithm 1 are considered as the optimal set of CHs. With the proposed EWaOA the model convergence increases but
due to higher payload the energy of CH depletes faster and it dies. This problem is formulated by introducing data
compression at CH as explained in Section 2.1. the compression of raw data at CH with NMF and re-construction at CH
after receiving is achieved with promising MSE (mean square error). The selection of an appropriate compression ratio
relies on the Mean Squared Error (MSE) between the decompressed and reconstructed data [19]. Higher compression
ratios may lead to a significant reduction in raw data size but come at the expense of increased data loss during the
reconstruction process.
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Fig.5. Illustration of original data at CH and compressed data with MSE analysis using proposed NMF data compression
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Fig.6. Visualization of the original data at the sink, compressed data intended for transmission, and the reconstructed data upon reception at the sink

Fig. 5 displays 3 different cases corresponding to 3 distinct low ranks in the NMF factorization. The first case
involves compression with a rank of 2, resulting in a high reconstruction MSE of 1.0268. On the other hand, the third
case achieves a very low MSE for rank 4, with the length of compressed data negligible compared to the original data
length. The second case, with an optimal MSE of 0.0004, is chosen for transmission, striking a balance between the
compression ratio and reconstruction error, as depicted in Fig. 6. The MSE of 0.0004 is identified as a trade-off between
compression ratio and reconstruction error. In the first case, with an MSE of 1.026, data loss during reconstruction is
higher, while in the third case, reconstruction is nearly impossible due to the excessively high data compression ratio.
This observed MSE of 0.0004 is considered as an optimal compromise for the proposed transmission, this trade-off is
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demonstrated in Fig 6.
3. Experiments and Discussion

3.1. Simulation and Evaluation Parameters

The simulation of proposed model is simulated using MATLAB and the. The proposed model is evaluated based
on network lifetime, packet delivery ratio and residual energy parameters. For Simulation, the proposed system model is
initialized with 500 SNs showcasing the IoT environment with a Random topology pattern with an omnidirectional
antenna. Each node starts with an initial energy of 0.5 J, and the transmission distance is set at 20 m. The packet size
utilized in the simulation is 64 bytes, and the data rate is established at 14 packets per second. With the implementation
of the clustering process on the SN, it is illustrated in Fig. 7 that 6 clusters are generated.
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Fig.7. Clustering of SN: the different colours (Red, green, blue, yellow and purple) indicate each cluster

The suggested model is tested across the metrics, on the basis of network parameters: packet delivery ratio (PDR),
network lifetime [4], and residual energy. The analysis of the results demonstrated that it has improved the network
lifetime, and the idea of data compression through NMF is implemented. There are four test cases that compare each
network metric. The test cases are indicated by the plot legends, which stand for 1) the proposed model that is EWaOA
with data compression (C- EWaOA), 2) conventional WaOA, 3) Conventional WaOA with data compression (C-
WaOA), and 4) Enhanced WaOA (EWaOA).

3.2. Analysis of Results

This research contributes a novel methodology for optimizing load balancing and energy consumption in Wireless
Sensor Networks (WSNs) by integrating data compression with CH selection. The innovative use of the cognitive-
enhanced Walrus Optimization Algorithm (WaOA) advances the theoretical understanding of optimization processes in
WSNs, providing a robust framework that can be adapted for further research in related fields such as distributed
computing and [oT systems.

In this paper, the node distribution is random and the count of nodes is 500 indicating the dense nature of WSN-
like IoT applications. As discussed in Section 2.1, NMF-based clustering is performed on the sensor nodes and five
clusters are produced to test the uniformity of the number of nodes (to show the load-balanced clustering scheme
proposed by NMF) which is 97, 96, 99, 101 and 107 in each cluster distributed in IoT scenario respectively. The
lifetime of nodes over the varying test cases is simulated and given in Fig. 8. Live nodes is an important metric for
measuring the robustness and efficiency of the WSN network. When a node's energy supply becomes low, it may lose
the ability to communicate or conduct sensing operations. The suggested compression-based EWaOA outperforms other
state-of-the-art models in terms of node lifetime, as shown in Fig. 8.

Alive nodes are an important metric for measuring the robustness and efficiency of the network. The robustness of
the WSN system with IoT application is dependent on maintaining a sufficient number of “alive” nodes (functioning
sensors) to ensure accurate data collection and timely responses. The experiments in Fig. 8, show that C- EWaOA
shows a 1.02% improvement in network lifetime compared to EWaOA, showcasing that the proposed model
strategically avoids selecting cluster heads with lower residual energy, thereby enhancing the network's longevity.
When a node's energy supply becomes low, it may lose the ability to communicate or conduct sensing operations for
example, in applications like healthcare, Prolonged node lifetime ensures continuous health monitoring without frequent
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battery replacements. With the application of a compression mechanism for load balancing, the proposed model is able
to save energy by removing redundant information. Which in turn leads to less frequent exhaustion of batteries in sensor
nodes suggesting that the compression-based EWaOA outperforms EWaoA without compression in terms of node
lifetime, as shown in Fig. 8. Least alive nodes are captured by the conventional WaOA compared to enhanced WaOA
with cognitive factor. This is because the factor helps maximize the search space as seen in Equation 11.
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Fig.8. Graph illustration of number of nodes alive over the simulation time regarding the comparative network lifetime analysis

To achieve efficient load balancing, it is also important that the nodes (CH and CM) preserve the energy after the
data is transmitted to improve the network performance. With a high number of alive nodes, the proposed model (C-
EWaOA) is able to prevents the selection of CHs with low residual energy, which increases the network's lifetime. In
every case that was studied in Fig. 9, the network lifetime is consistently improved when comparing compression-based
and non-compression models.
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Fig.9. Comparative Analysis for the impact of Residual energy in Joules over the simulation time

In applications like IoT, where end-users rely on the data collected or transmitted by the WSN, a high network
lifetime ensures a consistent and reliable service. To achieve this the proposed model applied compression on the data
aggregated at CH, this leads to a 12.53% increase in residual energy compared to EWaOA without compression and
nodes can continue functioning for longer periods, maintaining network reliability. This is because there is a lot of
energy wasted. After all, processing uncompressed data requires a lot of power from the nodes. Efficient use of energy
is also crucial in battery-powered networks like WSN. Such C-EWaOA, employing the suggested objective function,
demonstrates a 2.61% improvement compared to C-WaOA. This is because the cognitive factor prevents the CH
selection process from prematurely converging to suboptimal solutions by promoting diverse exploration. Furthermore,
the results extend to Fig. 10, showcasing a consistent positive trend in the volume of successfully delivered packets.
This graphical representation illustrates the effectiveness of the proposed model, C- EWaOA, in delivering a higher
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quantity of packets to the base station when compared to alternative optimization approaches.

The proposed model outperforms conventional methods. Specifically, C- EWaOA demonstrates a notable
improvement of 0.08% and 2.34% in packet delivery compared to C-WaOA and Enhanced WaOA (EWaOA),
respectively, according to the specified objective. It is noteworthy that even in the absence of data compression,
EWaOA exhibits enhanced packet delivery owing to its superior convergence capabilities during the exploration phase.
The introduction of data compression to C-EWaOA leads to an additional improvement of 0.08% over C-WaOA
without compression, attributing this enhancement to Non-Negative Matrix Factorization's (NMF) favourable
compression ratio and its role in reducing the reconstruction error, thereby contributing to the Enhanced packet delivery
observed in the proposed scheme. In real-time applications, this means that a higher volume of critical data can be
successfully transmitted to the base station, reducing data loss and ensuring more accurate and timely decision-making.
The introduction of data compression further amplifies these benefits, making the C-EWaOA model particularly well-
suited for deployment in battery-powered, resource-limited networks where energy efficiency and data fidelity are
paramount.
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Statistical Analysis of the Proposed Model

In this section, the test cases are run and simulated for 20 trials with the same set of parameters for testing each
variant and statistical results are given in Fig. 11. The box plot for C-EWaOA has the smallest interquartile range (IQR)
and whiskers, indicating the least variance compared to other models. It is depicted from the box plot graph for Alive
nodes, the proposed model shows a low standard deviation of 1.84, which is approximately 62%, 196% and 223% less
compared to EWaOA, C-EWaOA and WaOA. The best value of Alive nodes recorded for the proposed model is 499
and the worst value is 492 along the simulation with no outliers detected.

The proposed model shows highest number of alive nodes in the WSN network. The mean value of the proposed
model (C-EWaOA) in 20 trails is 495.90 which is 0.45%, 1.78% and 2.54% improved compared to EWaOA, C-WaOA
and WaOA respectively.

This indicates that the data compression and the enhancements in the proposed model (C-EWaOA) significantly
improve the number of alive nodes, suggesting better network longevity. In the case of residual energy, the proposed
model shows a low standard deviation of 1.3 and the model shows 185J as the best value along the simulation and
records 180J as the worst value. As seen in Fig. 11, the proposed model shows an improvement of approximately 2.79%,
1.45% and 17.48% compared to EWaOA, C-WaOA and WaOA in the case of residual energy (mean values). In remote
areas, where replacing batteries is difficult, prolonging the network's lifespan is crucial. The residual energy of C-
EWaOA makes it ideal for such applications as it shows a 947%, 369.23% and 172.3% decrease in standard deviation
compared to the other three variants.

Whereas, in the case of the packet delivered C-EWaOA shows 0.0124 of standard deviation with the best value
recorded at 2.03 and the worst at 1.98. It shows improvement of approximately 6.38% over EWaOA, 4.71% over C-
WaOA and 8.7% over WaOA. The box plot is narrow as seen in Fig. 11, indicating a lower standard deviation, which is
1222.58%, 1279% and 1658% less compared to other three variants, suggesting that the model is able to deliver a
consistent number of packets and shows consistent results over the simulation.

Whereas in the case of EWaOA, suggests more variability in the number of alive nodes, possibly due to the lack of
data compression, leading to less efficient energy consumption. In the case of C-WaOA, WaOA has a high variance
(29.69, 35.34), indicating fluctuations in the alive nodes throughout the simulation making it highly deviated from the
mean value (actual value). In the residual energy box plot analysis, the standard deviation is low for the proposed model
and WaOA, however, the mean is lower in the case of WaOA showing that this variant is not able to maintain a
prolonged network lifespan throughout the simulation. This suggests significant variability in network performance
recorded at 185, 37.25 and 12.50 for EWaOA, C-WaOA and WaOA respectively compared to the proposed model
which is 1.69.

Similarly, in the case of packet delivered, the proposed model shows less variance of values throughout the
simulation given as 0.000154. whereas, for the three variants (EWaOA, C-WaOA and WaOA) there is the high variance
of packet delivered value for simulations which is 0.0269, 0.0289 and 0.0474 respectively.

The ability of the proposed model to maintain a higher number of alive nodes ensures the network can cover a
larger area for a longer time. In real-time applications, such as environmental monitoring, healthcare, or military
surveillance, where data aggregation in WSN is critical, the C-EWaOA model's superior performance makes it highly
suitable as it shows consistent analysis over 20 trials.

3.3. Comparative Analysis with State-of-Art Models

In this Section, Table 3 presents a comparative analysis of the proposed model for 500 nodes, against state-of-the-
art models in energy consumption, Packet Delivery Ratio (PDR), and Packet Loss Ratio. The considered algorithms
include TCBDGA [31], HEED [32], and FEEC-IIR [33].

In [32], the proposed protocol introduces a probabilistic approach for CH selection, considering both energy levels
and additional factors for advanced nodes. The authors in [31], propose a Tree-Cluster Based Data Gathering Algorithm
(TCBDGA) designed specifically for WSNs with a mobile sink. The weight calculation considers factors such as
average residual energy, distance to the Base Station (BS), and local node densities. The proposed model in this paper
named the FEEC-IIR (Adaptive Fuzzy Rule-Based Energy-Efficient Clustering and Immune-Inspired Routing) protocol
[33], addresses the significant issue of energy efficiency in wireless sensor networks (WSNs), particularly in the context
of Internet of Things (IoT) systems. Energy status, Quality of Service (QoS) impact, and node location are identified as
key criteria influencing CH selection. Compared to models [31-33], the proposed model achieves significant results
with the novel addition of data compression for optimal CH selection achieving high PDR and less packet loss ratio

Table 3. Comparative analysis of the proposed model with state-of-art models in terms of energy consumption, PDR and packet loss ratio

Algorithms E““gzl%‘l’:‘s‘;“pt“’“ PDR (%) Packet Loss Ratio (%)
TCBDGA [31] 145 88 8

C-EWa0A 68.01 98.67 2.8

HEED [32] 180 85 17
FEEC-IIR [33] 65 96 5
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Because of compression at CH, the aggregation can be achieved with less consumed energy 68.01, the suggested
model outperforms the other algorithms tested with 500 nodes in terms of PDR, outperforming TCBDGA by 10.81%,
HEED by 13.85%, and FEEC-IIR by 2.7%. Whereas, the proposed model revealed a 53% and 62% decrease in energy
use as compared to HEED and [31], respectively. Thus, the proposed model cannot only extend the lifespan of sensor
nodes but also reduce operational costs, which is critical for sustainable and cost-effective IoT infrastructure. The
model's ability to achieve a PDR improvement of up to 13.85% over existing algorithms ensures more reliable data
transmission, which is crucial for applications such as environmental monitoring, smart cities, and healthcare systems
where data accuracy and timely delivery are paramount.

4. Conclusions

In this research, C-EWaOA, a novel approach designed to tackle load-balanced data aggregation challenges in
WSNss, with a particular focus on energy efficiency through compression within the Internet of Things (IoT) landscape
is introduced. The core objective of optimal load balancing is achieved through a fitness function defined for CH
selection, integrated with data compression techniques. The application of NMF during CH selection effectively reduces
overloading and energy costs, leading to improved overall network performance. The proposed optimization process
incorporates an enhanced version of the WaOA, augmented with a cognitive factor that strengthens the exploration
phase. This enhancement helps prevent convergence to local minima and steers the algorithm toward more optimal
solutions. Extensive simulations conducted in MATLAB validate the effectiveness of the proposed model,
demonstrating significant improvements in network lifetime by achieving high alive nodes (1.02% higher compared to
the model without compression), residual energy, and improved PDR (0.08% compared to without compression) and
also compared to conventional WaOA, Conventional WaOA with data compression (C-WaOA), and Enhanced WaOA
(EWaOA). Compared to existing state-of-art models such as TCBDGA, HEED, and FEEC-IIR proposed model. that is
achieving 2.8% improvement in packet loss compared to TCBDA and 68J of low energy consumption, which is
achieved at 500 nodes in the IoT-WSN environment. By achieving low packet loss, the proposed model ensures reliable
aggregation maintaining the extended battery life of sensor nodes. While the results are promising, we recognize the
importance of further exploration, particularly in the context of hybrid optimization models and scenarios involving
varying node mobilities, which will be the focus of future research.
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