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Abstract — Random deployment of wireless sensor nodes within a
monitoring area introduces several challenges, including blind
spot formation and coverage redundancy. Given that coverage
efficiency fundamentally determines the performance efficacy of
a Wireless Sensor Network (WSN), formulating an optimization
algorithm that effectively balances the conflicting objectives of
exploration and exploitation presents a significant challenge.
Particle Swarm Optimization (PSO) and its variants have been
widely investigated for this purpose, with considerable focus
directed at optimizing convergence control parameters. To
address the convergence challenge innovatively, this work
proposes the Kalman-lnertia Particle Swarm Optimization
(KIPSO) algorithm. KIPSO leverages the Kalman filter
estimation accuracy to dynamically adjust particle inertia
weights during the PSO process. This adaptation enhances both
the convergence rate and the precision of the solutions obtained.
The experimental and analytical work performed in this study
demonstrates that by dynamically adjusting inertia, KIPSO is
capable of avoiding local minima and improving node
placement, resulting in better coverage and reduced interference
compared to methods such as PSO and VFPSO. This leads to
enhanced overall network coverage, reduced energy
consumption, and prolonged network lifetime.

Index Terms — Coverage Optimization, KIPSO, Wireless Sensor
Network, PSO, VFPSO, Wireless Nodes Deployment.

1. INTRODUCTION

Wireless sensor networks (WSNs) find widespread
application in both civil and military surveillance, such as
agricultural monitoring, smart city infrastructure, and
industrial observation systems [1]. In most deployments,
randomly distributed sensor nodes within the monitoring area
form a wireless sensor network by cooperatively transmitting
data [2]. Sensor nodes perform data acquisition, analysis, and
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transmission from monitored areas to a central station,
enabling informed decision-making [3, 4]. Nevertheless,
WSNs face significant challenges in optimizing deployment,
minimizing data transmission, and extending network
lifetime. These difficulties stem from inherent node
limitations and frequently harsh operating environments [2,
5]. Such constraints directly impact sensing accuracy, energy
consumption, and overall network longevity [6].
Consequently, efficient management of energy resources, data
traffic, and node coverage is imperative to ensure reliable,
sustained WSN operation. A typical traditional monitoring
method fails to address the dynamic and complex nature of
real-world environments, which requires sophisticated
algorithms to provide optimal coverage for the monitoring
area over a long time [7]. Consequently, significant research
effort has been directed towards overcoming coverage issues
through the proposal of diverse heuristic approaches [8-10].

Among these approaches, Particle Swarm Optimization (PSO)
[10] was applied to determine optimal coverage
configurations for randomly deployed sensor nodes within a
designated monitoring area. Although the PSO algorithm is
characterized by flexibility and simplicity of implementation
[11], it suffers from several shortcomings. As an example, it
is necessary to repeat its iteration process several times to find
the best solution [12]. Consequently, it fails to provide
optimal solutions within a reasonable amount of time,
especially when it is applied to critical applications which
require a quick response, such as gas leak detection and fire
detection.

Thus, this research aims to address the challenges inherent in
PSO for wireless sensor node placement by proposing an
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innovative enhancement: the Kalman-Inertia Particle Swarm
Optimization (KIPSO) algorithm. KIPSO integrates the
accurate predictive capabilities of the Kalman filter with PSO
optimization strengths and an inertia weight mechanism. This
synthesis yields a more efficient and resilient deployment
strategy than the standard PSO. Specifically, the Kalman filter
enhances prediction accuracy by dynamically adjusting node
positions using real-time data, while PSO effectively explores
the solution space to identify optimum configurations. The
inertia weight further optimizes the search process by
balancing  exploration and  exploitation,  promoting
convergence toward global optima. Accordingly, the proposed
hybrid method simultaneously improves placement accuracy
and efficiency and enables a robust, adaptive network capable
of preserving optimal functionality when responding to
environmental dynamics. Ultimately, these enhancements
contribute to improved coverage, energy efficiency, and
network longevity. This paper subsequently examines the
implementation, performance, and benefits of KIPSO for
wireless sensor networks.

The remainder of this work is structured in six sections:
Section 2 reviews relevant literature. Section 3 details the
standard Particle Swarm Optimization (PSO) algorithm.
Section 4 outlines the Kalman filter’s principles and
operational workflow. Section 5 delineates the proposed
KIPSO methodology. Section 6 comparatively assesses
KIPSO, PSO, and VFPSO performance. Finally, Section 7
concludes with key findings, contributions, and possible
future works.

2. RELATED WORK

Numerous investigations have examined challenges inherent
in sensor node deployment. The majority of proposed
approaches to WSN coverage challenges emphasize dual
objectives: coverage expansion and operational longevity
enhancement, as the networks are typically deployed in
remote regions that are difficult to reach for repairs in the
event of issues. For example, evolutionary methods have been
developed to address coverage limitations arising from
stochastic sensor node deployment in surveillance regions. An
ant colony algorithm [9], an artificial fish swarm algorithm
[8], a firefly algorithm [13], a bacterial foraging algorithm
[14], and a particle swarm optimization (PSO) algorithm [15]
are examples of evolutionary methods. The principle of
operation of these algorithms is based on the behavior of what
is known as swarm intelligence. The core objective of swarm-
based techniques is to resolve deployment inaccuracies
through precise node localization. This framework counteracts
the spatial imbalance of stochastically distributed sensors
within monitoring environments. Furthermore, the swarm
intelligence methodology is greatly beneficial in solving other
deployment problems, including searching for places that are
not covered by sensor nodes due to the random deployment of

ISSN: 2395-0455

network nodes to cover them and places where more than one
sensor node is deployed and overlaps. For example, the
artificial fish swarm algorithm presented in [16] is primarily
designed to enhance the efficiency of coverage optimization
by simulating fish behavior, where the group of fish follows
the fish that find a place with enough food. Similarly, Ke-ging
Li [17] implemented the Artificial Fish Swarm Algorithm
(AFSA) to optimize coverage efficiency in WSN
deployments. Despite this, there is one disadvantage in that
the latter algorithm performs a blind search, making it
unsuitable for time-critical applications. There has been an
extension of the ant colony algorithm proposed by Jingwen
Tian et al. [18], as they attempted to improve the coverage
optimization in the old version of the algorithm; however,
their method experienced some problems, such as stagnation
phenomena and slow coverage rates.

Owing to its implementation simplicity, robustness, and
computational efficiency, the Particle Swarm Optimization
(PSO) algorithm demonstrates superior performance in
solving both static and dynamic optimization problems
compared to alternative evolutionary approaches [19].
However, as the search space dimensionality increases, the
computational burden of the PSO algorithm escalates
proportionally when seeking optimal solutions within the
solution domain [12]. This leads to higher energy
consumption and a longer time to find the best solutions for
coverage optimization, which decreases the lifetime of the
network. Furthermore, parameter calibration for optimal
performance presents significant challenges, as particle
population density and solution space dimensionality vary
substantially across applications [20].

A number of researchers have extensively studied
methodological constraints in original PSO frameworks to
mitigate performance deficiencies. For example, the inertia
weight mechanism has been combined with the standard PSO
to achieve optimal optimization within a limited number of
iterations [21]. In [22], another solution for improving PSO is
presented, in which random coefficients are generated to be
used in the PSO algorithm to improve coverage. Whereas, in
[23-29], different strategies and methods are suggested to
adapt to the complexity and variation of the search area in
terms of size and conditions. A new optimization algorithm
(called Virtual Force-Directed Particle Swarm (VFPSO))
based on combining two algorithms (Virtual Force (VF) and
particle swarm optimization (PSO)) to improve WSNs
deployment has been proposed in [30]. VFPSO incorporates
the VF algorithm [31] to enhance PSO-based coverage
optimization across stationary and mobile network
deployments. As part of the VF process, a balanced mixing of
attractive and repellent forces is employed to calculate the
speed and direction of virtual motions for sensors. Based on
these computations, the velocity vector of every particle is
dynamically updated within the solution space. Within the
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VFPSO framework, particle speeds are recalibrated through
integration of VF-derived calculations and PSO-generated
local/global ~ optimal  solutions  accumulated  during
optimization. Although the algorithm proposed in [30]
decreases the sensors' energy consumption, hence extending
the network lifetime, it is unable to deal with multiple failures
that occur in different parts of the network. Wu et al. [32]
introduce an extended VFPSO algorithm that integrates
Dempster-Shafer theory, enhancing network coverage by
19.34% over conventional VFPSO. Nevertheless, the
framework retains fixed prediction parameters incapable of
adapting to network dynamics. Li and Cao [33] developed an
Adaptive Binary PSO (ABPSO) incorporating adaptive
learning and genetic mutation, reducing active nodes by 36%
while maintaining over 90% coverage. Although ABPSO
enhances convergence, it lacks predictive parameter
adjustment based on optimization state trends. Liu et al. [34]
proposed HICPSO with linearly decreasing inertia and
compressed search space, achieving 3-5% improvements in
convergence and localization. However, they provided no
methodological guidance for parameter tuning to optimize
results. Bhargavi et al. [35] integrated Delaunay Triangulation
with PSO to improve coverage and energy efficiency, though
this introduced computational complexity and communication
range limitations. Amer et al. [36] combined comprehensive
learning and Fick’s law within PSO, yielding 66.5% higher
connectivity and 16.56% greater coverage. Nevertheless, their
multi-algorithm approach proved incompatible with resource-
constrained nodes and prioritized scalability/connectivity
while neglecting critical energy consumption metrics.
Siamantas and Kandris [37] employed meta-optimized and
manually tuned PSO for k-coverage and 1-connectivity, but
static parameters restricted adaptability and comparative
analysis.

Collectively, existing hybrid algorithms address deployment
scalability and connectivity but incur high parametric
dimensionality. To resolve persistent challenges in dynamic
exploration-exploitation ~ balance  and  environmental
adaptability, this research advances the Kalman-Inertia PSO
(KIPSO) framework, achieving optimal resource utilization,
accelerated convergence, and consistent  coverage-
connectivity without complex hybridization constraints.
KIPSQO's efficacy will be comparatively validated against
foundational  reference  algorithms:  Particle ~ Swarm
Optimization (PSO) and Virtual Force PSO (VFPSO).

3. STANDARD PARTICLE SWARM OPTIMIZATION

Particle swarm optimization (PSO) [10] is a population-based
computational intelligence algorithm inspired by emergent
collective intelligence in biological systems, notably avian
flocking and piscine schooling behaviors. This evolutionary
algorithm has been effectively applied to optimize coverage
configurations for stochastically deployed sensor nodes within
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monitoring areas. It seeks a better solution from the multiple
solutions generated randomly during its initial iterations by
searching a space containing many particles. A PSO iteration
process involves two functions: velocity and position updates.
In Figure 1, each step of the PSO process is described, from
initialization to iterative updates of position and velocity,
addressing the problem of wireless sensor nodes coverage
optimization. Furthermore, this figure illustrates the iterative
nature of the PSO process, emphasizing the use of particle
positions and velocities to explore the search space for
optimal wireless sensor node configurations.

Initialize a swarm of N (Randomly
position sensor nodes)

¥

Initialize Parameters (w, ¢1, ¢2)

v

Evaluate the current personal
fitness value f ( p'Best;) for each
particle i

Y

Is f( p'Best;) better than
previous f ( pt'Best;) ?

A 4 Y

Recognize p'Best; as the
personal best position for i

Keep the previous p*'Best;

Assign the best position's
fitness value

p'Best to g'Best

v

Update the Velocity (v) of
each particle using Eq. (3)

2

Update the Position (x) of
each particle using Eq. (4)

Y

A

No Yes

Max Iterations reached or
Satisfactory Coverage?

Output Optimal Sensor Node|
Positions N

Figure 1 Flowchart for the Particle Swarm Optimization
Operation
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As shown in Figure 1, the PSO has eight phases, which can be
discussed in more detail as follows:

3.1. Initialize Particle Swarm

The PSO work starts with initialization, where several
parameters are initialized (see Figure 1). As part of
initialization, both the initial pBest positions for individual
particles and the swarm-wide gBest position (optimal among
all particles) are determined.

3.2. Calculate Coverage Fitness for Each Particle

The second phase of the PSO process involves computing
coverage fitness values for each particle using a predefined
objective function (e.g., total area covered by sensor nodes or
reduction of nodal overlap). Furthermore, the objective
function may incorporate single or multiple constraints during
fitness evaluation, such as energy consumption, deployment
costs, and communication range limitations.

3.3. Update Personal Best (pBest)

During this phase, each particle's current position (p'Best) is
evaluated against its prior personal best position (p"-'Best)
within the solution space. If the current position vyields
superior coverage (higher fitness value), the personal best is
updated to the new position (p'Best), as shown in equation (1).

p'Best = arg miny; ey, f(x;) (1)

Where N; denote the topological neighborhood of particle i, f
(x;) represents the fitness value of neighborhood particle x; €
Ni, and p'Best signify the optimal position within N;.

3.4. Update Global Best (gBest)

This phase computes the global optimum (gBest) for all
particles. The gBest parameter is then iteratively refined per
equation (2) using Phase 3 results.

gBest = arg min ey 5 Ny f(X5) (2)

Where N denotes the swarm population size, f(x;) represents
the fitness value of particle i position xj, and arg min
identifies the position yielding the minimum fitness value (or
maximum, depending on the optimization problem).

3.5. Update Particle Velocity

During this phase, particle velocities are updated according to
equation (3):

t+1
i

vitl = w.vf + ¢;.1y. (pBest; — x;) 3)

+ cy.15 . (gBest — x;)
where:

e vi*1: Updated velocity for particle i.
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w: Inertia weight (modulates the exploration-exploitation
trade-off).

e (3, C2: Cognitive and social acceleration coefficients.

e 1y, ;. Uniformly distributed random variables € [0, 1].
e pBesti: Personal best position of particle i.

e gBest: Global best position.

e X;: Current location vector of particle i.

3.6. Update Particle Position

This phase employs equation (4) to iteratively reposition
particles (sensor nodes) within the search domain using
velocity vectors computed in Phase 5.

x{t1 = xF + vt 4)
3.7. Check Stopping Criteria

At this stage, the algorithm evaluates whether predefined
stopping criteria are satisfied. The optimization process
advances to subsequent phases upon meeting any of the
following conditions:

1) Attainment of the maximum iteration count.

2) Solution convergence (insignificant improvement in
global best fitness across successive iterations).

3) Achievement of a predetermined coverage threshold.

Should termination criteria remain unsatisfied, the process
reverts to Phase 2 and iterates until the stopping criteria are
met.

3.8. Output optimal sensor node position

In the final phase, the global best position (gBest),
representing the optimal position for each sensor node, is
determined. The resulting gBest achieves either coverage
maximization or coverage gap minimization.

4. KALMAN FILTER

The Kalman filter [38] operates as a recursive estimation
algorithm for dynamic system states, employing prediction-
correction mechanics to forecast future system states and
refine them through incoming measurements. Within wireless
sensor networks (WSNs), this technique optimizes node
coverage in monitoring regions, particularly under mobile
node deployment or dynamic environmental conditions.
Kalman filtering quantifies uncertainties via two noise
parameters: process noise (system model inaccuracies) and
measurement noise (sensor observation errors). These
uncertainties play a major role in determining how the filter
estimates a system's state. Uncertainty in process noise is
associated with the system's evolution and the evolution of the
inertial weight over time. To correct the overfitting issue and
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enhance PSO performance, it is important to take into
consideration the adaptive or dynamic nature of the system.
As an example, in low dynamic optimization problems whose
search space and convergence patterns are somewhat
predictable, the process noise should be relatively low to
allow the Kalman filter to adjust near the current inertia
weight in response to the changing environment of the PSO
algorithm and the smooth version of the inertia weights.
Conversely, low process noise will cause the Kalman filter to
make more aggressive adjustments to the inertia weight when
the PSO is stuck, resulting in slow convergence and poor
deployment. On the other hand, measurement noise
corresponds to observational uncertainty within the system,
inherently linked to performance indicators such as the
iteration-specific optimal fitness values generated by the PSO
approach. In the deployment process, the fitness values are
relatively unstable and can reach local minima, which results
in poor best fitness function values (high noise in
observations). In this case, the measurement noise can be set
high, allowing the Kalman filter to be untrusting of PSO's
performance feedback. Optimal sensor node deployment and
PSO inertia weight adaptation thus necessitate careful
calibration of Kalman filter parameters: process noise (Q) and
measurement noise (R). The Kalman filter methodology
comprises four sequential steps for wireless sensor node
deployment optimization, detailed as follows:

4.1. Initialization

At this step, a number of parameters must be initialized in the
vector (X«) for each sensor node at a time (k) as shown in
equation (5). Node position (xx, Y«), node velocity (vx, Vy),
coverage radius, covariance matrix (Px), process noise (Q),
and measurement noise (R) are examples of the parameters
being initialized at this phase.

X = [0 Vi v vy | (5)
4.2. Prediction

During the prediction phase, Kalman filters forecast a node's
current state and associated uncertainty by extrapolating from
its prior state and governing dynamics (e.g., linear or
nonlinear motion models). These predictions are implemented
via equations (6) and (7).

XAk=F.XAk_1+B.uk_1 (6)
P, =F.P_.FT+0Q ()
Define:

e F: State transition model.
e X,: Predicted state estimate at timestep k.

e B: Control input model
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e Uk Control vector

e Q: Process noise covariance matrix
e P: Estimate the covariance matrix
4.3. Measurement

The Kalman filter utilizes information measured (Z¢) and
collected by wireless sensor nodes in an area of interest to
update its prediction. This measured information includes
distances or signal strength between the node and its
neighbors or a fixed base station (sink node) in the
environment.

4.4. Update

This step involves updating the state estimate of the sensor
node by incorporating the new measurements obtained in
Section (4.3) using equations (8), (9), and (10).

Kk:Pk.HT.(H.Pk.HT‘I'R)_l (8)

Xk z)?k—1+Kk'(Zk_H'Xk—1) (9)

Pk = (1_Kk-H)-Pk—]_ (10)

Define:

e K. Kalman gain (governing the relative weighting

between prediction and measurement).

e Py State covariance matrix (quantifying uncertainty in the
state estimate).

¢ R: Measurement noise covariance matrix.
e Hy: Observation model matrix.

e Z:: Measurement vector at timestep k.

I: Identity matrix.
5. PROPOSED ALGORITHM
5.1. KIPSO Algorithm Process

The proposed Kalman-Inertia Particle Swarm Optimization
(KIPSO) algorithm dynamically adapts the inertia weight
through synergistic integration of standard PSO and Kalman
filter principles. KIPSO's formulation emerges from critical
limitations observed in existing PSO-based deployment
approaches for Wireless Sensor Networks (WSNs), notably
their susceptibility to premature convergence, reliance on
static parameters, and inability to respond dynamically to
emergent swarm behavior. Furthermore, the PSO method
lacks an effective feedback mechanism to address stochastic
fluctuations in optimization performance. While prior
solutions, such as linearly decreasing inertia in equation (11)
and randomized inertia updates in equation (12), exist, they
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remain fundamentally unresponsive to real-time swarm
performance metrics across iterations.

T (Wmax - Wmin) (11)

Wk = Winax k
max

Wi~ U(Wmax ’ Wmin) (12)

Within the proposed methodology, the inertia weight is
modeled as a dynamic state variable. Its optimal value
undergoes recursive estimation via a Kalman filter, which
conceptualizes inertia as a system state while utilizing the
swarm's best function value as its measurement input. This
filter minimizes the expected squared estimation error, as
shown in equation (13), through covariance matrices
representing: a) inertia change uncertainty (Q) and b) swarm
performance fluctuations (R).

E[(wy — W) ?] (13)

This recursive estimation framework and lightweight
computation facilitate integration with iterative metaheuristics
like PSO. This enables adaptive inertia adjustment derived
from comparative analysis between the current global best
fitness and historical optimum fitness over the preceding N
iterations using the PSO algorithm. When fitness
improvement surpasses a defined threshold, optimization
triggers inertia weight reduction. Otherwise, subsequent
inertia weights are estimated via the Kalman filter. The
proposed algorithm improves the PSO's ability to balance
exploration and exploitation. To obtain greater accuracy from
the Kalman filter, it is important to select the initialization
parameters of the filter precisely at the beginning of the
KIPSO process, such as previous inertia weights. For a
balanced approach, the Exponential Moving Average (EMA)
of past inertia weights can be used to incorporate both
responsiveness and stability. Primary control parameters
essential to the proposed algorithm's operation are cataloged
in Table 1. Moreover, the KIPSO algorithm executes its
optimization through five principal phases, with the core
computational process operationalized during the Inertia
Weight Adaptation step via equations (14), (15), (16), (17),
and (18). The complete procedural workflow is formally
delineated in Algorithm 1.

Whew = 0.5 X Wprevious (14)

Wema = @ X Wigee + (1 - a) X Wema,prev (15)
P

k= previous 16

(Pprevious + R) ( )

Wnew = Wp‘revious + k% (gBeSt - Wprevious) (17)

(18)

Prew = (1 —k) X Pprevious +0Q
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Table 1 Primary Control Parameters Essential to the Proposed
Algorithm's Operation

Parameters | Explanation

€ Threshold for Evolution: determines if the
fitness improvement is significant enough.

a The smoothing factor (e.g., 0.7)

Q Process Noise  Variance: Controls
uncertainty in the Kalman filter process
model.

w Inertia weight

Winitial Initial estimate of inertia weight

Wema_prev Previous EMA of inertia weights.

R Measurement Noise Variance: controls noise
in the measurement used by the Kalman
filter.

P Initial Covariance: The starting value for
covariance in the Kalman filter.

MaXiterations | Maximum iterations

iter Iteration counter

S Swarm size

X Position of particle

Y Velocity for particle

C1, C2 Cognitive and social acceleration
coefficients.

ry, 2 Uniformly distributed random variables € [0,
1].

pBesti Personal best position of particle i.

gBesti Global best position.

Output: the final results of x;, gBest, fiteness(gBest)
Input: Initialization step: set parameters:

e Optimization objective function f(x), where X =(X1, X,
ey Xd)T € Rd

e Stochastic initialization of particle positions (x;) and
velocities (i)

o Initialize personal best positions (pBesti) and global best
position (gBest) (att =0)

® S, MaXiterations, C1, C2, W, Q, R, Winitial, and P

e Set iteration counter (iter = 0)
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While Criterion do

While iter < maXitrations 0

Evaluate Fitness:

for all particles i in the swarm S do

Calculate fitness value f(P*Best;) for each particle i.
if f(P*Best;) better than previous f(P*"!Best;)

then

Update (pBest;) with the new (pBest;) and f(P'Best;)
else

Keep the previous (P*~1Best;)

endif

end for

Update (gBest) and f(gBest) based on (pBest;).
Check Optimization Evolution:

Compare (g'Best) with (g*'Best) over the last N iterations.
Adapt Inertia Weight:

if improvement > ¢ then

Consider optimization process to be evolving and update w
using equation (11).

else

Optimization is stagnating do:

e Calculate EMA of past inertia weights using equation (15).

e Calculate Kalman Gain (k) using equation (16).
e Update Estimate using equation (17).

e Update Covariance using equation (18).
endif

Update Particle Velocities and Positions:

for all particles i in the swarm S do

Update velocity (vi**) using equation (3).
Update new positions (x{*1) using equation (4).
endfor

Iteration Control:

Update iter = iter + 1.

if iter >= MaXiemtons OF NO significant improvement is
observed then

end while
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else

Return back to Evaluate Fitness:
Endif

endwhile

endwhile

Algorithm 1 Pseudocode of the KIPSO Algorithm
5.2. Proposed System Assumptions

In this paper, all experimental work is conducted under the
following assumptions:

5.2.1. Process Noise (Q) and Measurement Noise (R)

First, we investigate how variations in process noise
covariance (Q) and measurement noise covariance (R)
influence optimal sensor node placement within the target
environment. This parametric analysis identifies Q and R
values that maximize coverage optimization performance in
the proposed algorithm. Consequently, identical noise
parameters are applied in subsequent comparative evaluations
of benchmark algorithms to ensure equitable performance
assessment.

Table 2 Process Noise and Measurement Noise on Coverage
Optimization Using KIPSO

Low R | Moderate | Moderate | High R
=0.2 low R =| highR=|=0.8
0.4 0.6
LowQ=0.2 2.045 2.045 2.045 1.992
Moderate low | 2.045 2.045 2.045 2.045
Q=04
Moderate 2.045 2.04 2.045 2.045
highQ =0.6
HighQ=0.8 | 2.045 2.045 2.045 2.045

As Table 2 indicates, tested Q and R values ranged from 0.2
to 0.8. The results demonstrate that KIPSO achieves peak
coverage optimization (1.992) when R = 0.8 and Q =0.2.

5.2.2. Communication Range

Each sensor node in this research employs an IEEE 802.15.4-
compliant communication module. As established in [39], this
protocol supports practical indoor transmission ranges of 10-
30 meters, extending to 75 meters outdoors. Consequently,
this study adopts a 40-meter communication range,
conforming to medium-range sensor standards for moderately
dense or outdoor environments. This configuration achieves
an optimal balance between coverage and energy efficiency in
monitoring applications such as environmental sensing and
precision agriculture.
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5.2.3. Experimental Area Size

The total size of the experimental area (Awta) Used in this
research was (300 m x 300 m =90,000 m?).

5.2.4. Covered Area

o With the help of equation (19), the size of the area covered
by each node (Anoge) Can be calculated.

Apoge = T X 12 =1 X 40?

~ 5026.55 m? (19)

Where r denotes the wireless transmission radius of a sensor
node.

e The total covered area can be calculated theoretically
using equation (20).

Acoverea = N X Anoge (20)

e Based on the output of equations (19) and (20), the
coverage ratio can be calculated using equation (21).

Acovered (21)

total

Coverage Ratio =

5.2.5. Number of Nodes (N)

This study employed varying node counts (N = 10-18) across
sequential experiments to assess the algorithm's coverage
optimization performance. Initial nodes are selected according
to the required challenge level to demonstrate the
optimization capability that can be used to improve search
efficiency within the solution space. According to equation
(21), starting with 10 nodes results in coverage of 60% of the
monitoring area, which is an acceptable level for
initialization. In contrast, using 18 nodes can achieve an
almost 100% coverage rate.

6. RESULTS AND DISCUSSIONS

This study employs rigorous performance analysis to contrast
the efficacy of the proposed algorithm against reference
implementations of PSO and VFPSO. Multiple performance
metrics were analyzed to empirically validate the proposed
algorithm's superiority over benchmark methods (PSO,
VFPSO) in coverage optimization efficacy. These parameters
tested here include optimization of the node deployment and
uncovered areas based on the iteration number of the
optimization algorithm for different numbers of nodes. All
simulations were executed within the MATLAB®
environment to evaluate the Kalman-Inertia Particle Swarm
Optimization (KIPSO) algorithm's performance. In addition,
the wireless nodes were assumed to be thrown randomly and
non-uniformly throughout the experimental area, which has a
dimension of 300 by 300 meters. Identical parameter
configurations were maintained across all experimental trials
to ensure equitable comparison between the proposed KIPSO
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framework and benchmark algorithms (PSO, VFPSO).
Moreover, all algorithms have been assessed under the same
number of iterations. Last but not least, the average of twenty
runs was used to calculate all experimental results.

6.1. Deployment Evaluation

300 . ' ' ; '
250 | °
E 200t
£
=y
© 150
m
4
< 100 1
50 | @ -
oL , . , ,
0 50 100 150 200 250 300
Area width (m)
(@
300" ' . ' ' -
250

N
[
o

Area Length (m)
z o
= (==

9)]
[

=

0 50 100 150 200 250 300

Area width (m)

300

Area Length (m)
o
=

0 50 100 150 200 250 300
Area width (m)
. - © .
Figure 2 Deployment Optimization Evaluation of: (a) KIPSO,
(b) VFPSO, and (c) PSO Using 12 Nodes
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This experimental series benchmarks the proposed algorithm
against established methods (standard PSO, VFPSO) for
wireless sensor node deployment optimization within a 300 m
x 300 m monitoring area (System assumptions detailed in
Section 5.2). Each sub-experiment has been carried out with a
different number of nodes to evaluate the deployment
optimization of each algorithm under a variety of deployment
scenarios. Within Figures 2, 3 and 4, the square perimeter
demarcates the 300 m x 300 m operational zone designated
for comprehensive sensor network coverage. Similarly, the
small red circles represent the locations of the nodes within
the monitored area, and the large grey circles indicate the
ranges of coverage for each node within the region. The
coverage range of all nodes employed in the area was
assumed to be equal, which is 5026.55 m? (see Sections 5.2.3
and 5.2.4 for more details about node coverage calculation).
The first scenario, as shown in Figure 2, involved the
deployment starting with a challenging number of nodes (e.g.,
60% area coverage, beginning with 12 nodes) to cover the
experimental area using the three algorithms evaluated. An
Initial number of nodes is selected according to the required
challenge level that could showcase the optimization
capability to improve search efficiency within the solution
space. In this work, 60% of the covered area is an acceptable
challenging initialization. Even though the number of nodes
in this test is smaller than the number required to completely
cover the area, the deployment optimization achieved by the
proposed algorithm, shown in Figure 2a, outperformed the
standard PSO and VFPSO algorithms in Figure 2b and Figure
2c. While node count was insufficient for complete area
coverage, the proposed algorithm achieves enhanced
deployment optimization (Figure 2a), exhibiting performance
advantages over benchmark PSO and VFPSO configurations
(Figures 2b and 2c). Under these conditions, the selected
values for process noise (Q=0.2) and measurement noise
(R=0.85) provide a crucial balance between stability and
adaptability.
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Figure 3 Deployment Optimization Evaluation of: (a) KIPSO,
(b) VFPSO, and (c) PSO Using 14 Nodes

The smaller Q value ensures that inertia weight adjustments
are cautious, minimizing abrupt changes that could destabilize
the particle swarm when coverage is sparse. The higher R
value helps the Kalman filter remain less sensitive to
variations in fitness values, allowing the algorithm to adapt
without overreacting to local fluctuations.

o

This balance allows the algorithm to explore effectively in
underpopulated regions, gradually improving coverage while
maintaining stability.

On the other hand, in the second scenario of this test, 14
nodes were used, which covered 70% of the area targeted.
The KIPSO algorithm achieved higher performance than
VFPSO and PSO in terms of high coverage with minimal
interference, as demonstrated in Figure 3.
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Figure 4 Deployment Optimization Evaluation of: (a) KIPSO,
(b) VFPSO, and (c) PSO Using 18 Nodes

However, when 18 nodes were used in the third deployment
scenario (see Figure 4), the proposed algorithm achieved
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approximately full coverage (90% of the area covered). At the
same time, PSO and VFPSO were unable to provide coverage
in some places in the monitoring area when used for
deployment optimization, even when there were enough
nodes. These results empirically demonstrate the proposed
algorithm's superiority over standard PSO and VFPSO in
deriving optimal coverage configurations across diverse
deployment scenarios. In these scenarios, the Kalman filter's-
controlled inertia weight adjustments play a key role. The
lower process noise ensures gradual and steady updates,
promoting convergence to optimal node deployment
configurations. Simultaneously, the higher measurement noise
mitigates the impact of minor fitness variations, preventing
the algorithm from prematurely locking onto suboptimal
solutions. This approach enhances the algorithm's ability to
fine-tune the deployment with precision, achieving effective
coverage while maintaining robustness against overfitting.
Finally, test results confirm that higher node density within
the monitoring region improved coverage metrics (ratio and
accuracy) when utilizing the KIPSO algorithm.

6.2. Coverage Optimization Evaluation

An assessment of the uncovered area from the monitoring
area was conducted based on iterations of the KIPSO
algorithm compared to the standard PSO and VFPSO using
different node numbers. This methodological assessment
validates KIPSO's coverage optimization performance against
that of peer algorithms (PSO, VFPSO) through a rigorous
comparative analysis. Each sub-test was conducted with a
different number of nodes (N = 12, 14, 16, 18) deployed in a
fixed-size area (300 m x 300 m). Each sub-test began with a
random deployment of the nodes in the experimental area.
KIPSO subsequently initiates sequential optimization
iterations to refine sensor node positioning within the
designated area, converging to deployment solutions that
minimize coverage gaps while maximizing spatial efficiency.
To verify that KIPSO outperformed PSO and VFPSO, a
performance comparison was conducted, as illustrated in
Figure 5. In all sub-figures within Figure 5, the uncovered
area measurement is displayed on the y-axis. It represents the
reciprocal of the covered-to-total monitoring zone ratio.

Based on the results shown in Figure 5, it appears that the
KIPSO algorithm achieved the highest coverage optimization
compared to PSO and VFPSO. Nevertheless, all three
algorithms exhibit monotonic improvements in coverage
efficacy with increasing iteration counts and node deployment
density within the experimental region. As an example, the
highest coverage optimization achieved by KIPSO at 10000
iterations and the number of nodes used (12, 14, 16, 18) was
approximately 68,5%, 77.5%, 84.75%, and 90%, respectively.
Furthermore, as demonstrated in Figure 5, all algorithms
achieve about the same optimization performance at the
beginning (less than 1000 iterations) as a result of using the
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same initial parameter values, including inertia weights (w),
acceleration coefficients (ci, ¢2), particles' personal bests
(pBests), global bests (gBests), etc., as explained in Sections 3
and 5. Consequently, none of the algorithms evaluated
succeeded in finding the optimal position for nodes within the
monitoring area. This occurs because the value of w is
typically high in those iterations, resulting in oscillations
around the optimal position of the nodes. However, as more
iterations are performed, it becomes more apparent that each
algorithm performs differently in terms of coverage
performance.

This is because each algorithm adapts its parameters,
including w, according to its particular procedure in a
dynamic manner. In conventional Particle Swarm
Optimization (PSO), coverage gaps diminish progressively
with increased iteration counts, irrespective of nodal density
within the monitoring environment. This trend emerges as
PSO dynamically adjusts its inertia weight (w) and fitness
evaluation to converge toward optimal solutions. The
empirical analysis of Figure 5 results is categorized into four
distinct experimental scenarios.

6.2.1. Scenario 1: Measuring Uncovered Area Using 12
Nodes, Figure 5a.

It is obvious that KIPSO achieves the smallest uncovered area
with steady and fast convergence, VFPSO converges rapidly
in the early iterations but plateaus prematurely, leaving a
higher uncovered area, whereas PSO shows slower
convergence and the largest uncovered area. With only 12
nodes, the optimization challenge is significant, requiring an
algorithm that balances exploration (finding areas with high
coverage potential) and exploitation (refining node position),
then KIPSO benefits from its dynamic nature to balance this

trade-off, achieving better final coverage. Early on,
exploratory behavior is triggered by higher estimated
uncertainty. The Kalman filter promotes controlled

exploitation by stabilizing inertia as advancements mount.
VFPSO sacrifices solution quality by prematurely stabilizing,
leaving a higher uncovered area, and PSO without adaptive
mechanisms, struggles to escape local minima, resulting in
slow convergence.

6.2.2. Scenario 2: Measuring Uncovered Area Using 14
Nodes, Figure 5b.

With 14 nodes, the optimization problem becomes slightly
easier; however, the need for precise placement to minimize
interference remains critical. KIPSO again achieves rapid
early improvements by iteration 3000-4000, the inertia
dynamically rises if improvement stalls, allowing particles to
escape poor local optima, a feature absent in both PSO and
VFPSO. VFPSO fast converges, but it trades accuracy for
speed, leading to high uncovered areas, whereas PSO is still
the least effective because of poor adaptability.
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Figure 5 Measuring Uncovered Area Versus Iterations Using
Different Node Counts: (a) 12, (b) 14, (c) 16, and (d) 18
Nodes

6.2.3. Scenario 3: Measuring Uncovered Area Using 16
Nodes, Figure 5c.

With 16 nodes, there’s more flexibility in achieving better
coverage, but interference between nodes becomes a more
significant factor. It is shown that KIPSO dynamically adjusts
inertia to avoid local minima and refine node placement,
achieving better coverage and minimizing interference.
VFPSO converges very fast, but cannot adapt as dynamically
as KIPSO, leading to suboptimal performance and struggle in
local minima because the problem is in a transitional state,
where the coverage is constrained and the interference
becomes significant. Again, PSO lacks the mechanisms to
adapt, resulting in the slowest and least effective performance.

6.2.4. Scenario 4: Measuring Uncovered Area Using 18
Nodes, Figure 5d.

In this scenario, the challenge shifts more towards managing
node interference rather than just maximizing coverage. As
shown in the figure, the Kalman filter estimates inertia based
on cumulative trends and noise covariance, allowing it to slow
convergence gracefully and avoid overshooting. VFPSO
speed-first helps convergence but at the cost of fine-tuning
node placement, leaving it less effective in handling
interference and achieving optimal coverage, while PSO,
suffers from both slow convergence and final coverage.

7. CONCLUSION

This research introduces the Kalman-Inertia Particle Swarm
Optimization (KIPSO) algorithm, a novel methodology that
optimizes stochastic wireless sensor network deployment by
minimizing blind spot formation, signal interference, and
coverage redundancy. Based on the Kalman filter estimation
accuracy, the proposed algorithm dynamically estimates the
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inertia of particles in the PSO algorithm, improving
convergence and optimization. The proposed algorithm
demonstrates superior efficacy in balancing exploration-
exploitation dynamics compared to conventional Particle
Swarm Optimization. Based on the results obtained, KIPSO is
found to improve node deployment efficiency compared to
standard PSO and VFPSO, which leads to more reliable
coverage, reduced energy consumption, and a longer life
expectancy for the network.

A careful and studied selection of experimental settings
contributed to achieving a crucial balance between stability
and adaptability. This revealed that the KIPSO algorithm was
able to explore effectively in underpopulated areas, gradually
improving coverage while maintaining stability. KIPSO
dynamically adjusts inertia to avoid local minima and refine
node placement, achieving better coverage and minimizing
interference, compared to PSO and VFPSO algorithms.
Empirical results confirm that elevated nodal density within
the experimental region substantially enhances both coverage
ratio and localization accuracy under KIPSO deployment.
KIPSO uses a Kalman filter to optimize the entire monitoring
area as one search region. Future extensions of KIPSO can be
accomplished by dividing the optimization area into regions
and utilizing localized Kalman filters for each region. As a
result, node placement can be made more accurate by
concentrating on smaller subproblems while maintaining
overall efficiency.
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