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Abstract
. . Choosing the best performing nodes in a wireless sensor network to
Received: 15 June 2024 monitor a target may reduce the total number of working nodes while
meeting the need for global tracking reliability. However, the vast
Accepted: 25 July 2024 majority of recent studies choose sensor nodes that are geographically

near to the target rather than those that are correlated with the precise
spot of the objective. Consequently, these solutions cannot satisfy all

Published: 15 Aug 2024 network objectives. The wireless sensor network (WSN) is an integral
. part of the Internet of Things. The expansion and use of the Internet of
doi: 10.48047/AFJBS.6.14.2024.9887-9893 Things have increased the need for heterogeneity in WSNs. The rapid

depletion of batteries has been a significant barrier to future research
into the potential of wireless sensor networks (WSN). The optimisation
of battery life in WSNs has garnered considerable focus. Nonetheless,
a long-lasting WSN depends on an effective cluster chief election
method. In this context, it is suggested that the informational value of
sensing nodes be measured using a joint distance-weighted metric. In
experiments, EANS has been shown to be better than state-of-the-art
methods because it uses less energy and is easier to compute while
keeping tracking precision.
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Introduction

In recent years, both industry and academic institutions have expressed an interest in reducing
the energy consumption of nodes in wireless sensor networks (WSN). Numerous solutions have
been developed to improve network reliability by increasing the likelihood that a packet will
be conveyed in WSN and by increasing the power consumption of the nodes, which increases
the network’s longevity. Long-distance radio transmission, for instance, consumes more power,

potentially reducing the battery capacity of your gadget life.

Wireless Sensor Networks (WSNs) use a large number of cheap sensor nodes that talk to each
other through a wireless network without being watched. Because many sensor nodes run on
batteries, and it would be impractical to replace the batteries once they have been deployed,

maximising energy efficiency is essential for any WSN implementation.
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A WSN resembling a grid of WSN nodes could simulate ambient temperature sensing and
capture. Bomnale et al. desired to determine how long a network could continue to function
after being activated for a predetermined number of cycles. In contrast to more conventional
energy management strategies for transceiver operation and wireless transmission, Jelicic's
research centred on the sensing device. The author examined sensor energy management in

multimodal heterogeneous WSNs, focusing on context and energy consciousness.

In order to address energy-related issues in WSNs, a genetic algorithm or other bio-inspired
technique is utilised. During testing with a Java-based custom simulator, the proposed protocol
outperformed grouping based on the LEACH algorithm. Karthick et al. proposed a mechanism
for aggregation based on genetic and krill herd optimisation techniques. Comparing the results
of the krill herd algorithm to those of the genetic algorithm and LEACH revealed that the krill
herd algorithm was the most effective.

Related Works

The researchers advised single-node distributed estimate. The absolute local innovations vector
adaptively identifies active sensors. The smallest posterior Cramer-Rao lower limit (PCRLB)
number was used to choose sensors after listing all possible pairs. Even with few sensors,
enumeration demands plenty of computing resources. In, the conditional posterior Cramer-Rao
lower limit (C-PCRLB) was suggested for long-term sensor selection. for ease. These
approaches simply assess the number of selected nodes, not their energy or tracking

compatibility. High computing strain.

By using a clustering design for networks, the researchers of suggested a node selection tackle
within the context of a particle filter for enabling collaborative tracking. This study effectively
provided energy savings while maintaining the required level of monitoring reliability, all
while accounting for the remainder of the energy consumption of sensor nodes. In contrast, the
cluster head always consumes more power than is necessary due to tracking control.
Additionally, the angular diversity of nodes is not considered during node selection. In this
paper, we presented a low-energy node selection method for sensors that monitor only bearings.
By including the node's residual energy in the objective function, a unique node selection
criterion was established. But it was hard to make the condition that all nodes in the text have
clocks that are in sync with reality. To reduce the quantity of power required for cooperative

spectrum sensing's "overhead," a user selection technique is proposed. However, this strategy
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is restricted to sensor nodes equipped with a cognitive radio, limiting its energy-saving and
sensing precision potential.

Researchers recommend entropy-based sensor selection. Bayesian Filters do. Entropy-based
approaches optimise an information utility function using measurements. MISS supported
mixing. MISS allowed sensor nodes with the most mutual knowledge about the target state to
share data, reducing energy consumption while maintaining target position computation
accuracy. The authors suggested a lightweight sensor node selection method that weights data
usefulness and utilisation of energy equally in a composite function. Those computation-

intensive methods utilise node information utility as the aim function.

Table 1
Comparison of different approaches of average execution time.
Sensing ranges
Terms Sensing range of sensors
10m 20m 40 m 80 m
Average number of nodes within sensing range 4 9 28 76
Average execution time of node selection (s)
Weighted distance 0.535 1.168 3.116 6.389
Closest 0.115 0.492 0.834 2.529
Entropy-based 0.763 2,218 6.273 13.517
EANS 0.563 1.272 3.656 7.395

Network Model

This paper examines a stationary WSN consisting of a single drain and an undetermined
number of sensor nodes distributed across a two-dimensional sensing field. Important

characteristics and hypotheses of our simulated sensor network include the following:

(i)An endless supply of electricity is perpetually installed in the washbasin. Additionally, data

from many sensor locations is collected.

(if)Various sensor nodes are separated from one another. Every node has the identical energy
budget.

GPS or other localization technologies allow each node to know its precise location.

Let's assume a node is located at.
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Our research aims to identify the subset of nodes that will prove most valuable to future
monitoring efforts. In addition, the detection probability and residual energies of the candidate
nodes, as well as a joint distance-weighted information utility, are utilised to select the optimal

group of nodes.

This allows constant identification of the Lt = (X, y) objective at any time with minimal and

balanced energy expenditure.

Sample Node

Resample node

Calculate the weight node

Prediction of node

Fig 2: flow of the proposed work

Because it can handle tough nonlinear or non-Gaussian problems, the particle filter (PF) has
become a useful tool in target tracking study. Monte Carlo simulation and Bayesian sampling
estimation theory help support the parallel structure of PF. It is also a flexible, simple, and

uncomplicated sequential significance sampling method.

Here, the PF technique is described in detail. Assuming p (X (0)) represents the probability

distribution over initial target locations, the particle set appears as follows: Xi (0), i = 1,...,Ns
p (X (0)).
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Two times more. The formula below determines the value assigned to the k+1st time instant:
wik+tl=wikp (Zk+1 | Xi k+1) Zk+1 is the measured target position at t+1, so p (Xi k+1 |
Xi k) g (Xik|Xik, Zk+1) =w i kp (Zk+1 | Xi k+1). In conclusion, there is resampling. When
the variance in significance weights becomes excessively large, the particle must be resampled.
The formula for calculating the effective sample size is Neff = Ns 1 + Var(wi(k)).

Performance Evaluation

To test the method, we made an EANS network with 100 sensor nodes randomly put across a
100 m by 100 m area. We compare our simulated system's mean square errors, execution time,

and energy cost against closest node selection, weighted distance, and entropy-based methods.
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Fig 3:Number of active sensors in sensing area
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Fig 4: Mean square positioning errors in different methods

Tab 2: Comparison of different approaches for tracking.

Terms
Approaches System Eng- cost Fail Tracking %
Weighted distance 0.226 0.73
Closest 0.251 1.26
Entropy-based 0.243 0.63
EANS 0.213 0.66

Conclusions

Using efficient and adaptive node selection (EANS), this research improves WSN-based
target monitoring. EANS utilizes a particulate discharge filter and distance-based node
selection to predict desired states. Using a combined distance-weighted evaluation, the
spatially-correlated node selection method establishes the importance of node
information. By using spatial relationships between sensing nodes in node selection,
EANS beats peers. a number of simulations, EANS is superior to beforehand
methodologies in terms of energy consumption, computational complexity, and tracking

precision.
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