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Abstract

Wireless sensor networks (WSNs) are primarily used for real time data
collection and monitoring, especially in environments where direct human
involvement is challenging due to harsh conditions. Optimized deployment
of WSN nodes is a long standing issue and several ideas have been proposed
to address this. Existing deployment strategies are mostly based on the
assumption that the terrain for deployment of nodes is perfectly regular.
This is an impractical assumption and in this paper we address this gap
by proposing a deployment strategy for WSN nodes over irregular terrains.
Such terrains comprise uneven elevations, morphology and vegetation based
obstacles, rocky obstacles, and so on. Our approach comprises extraction
of satellite images of the region of interest (Rol) from Google Earth and
generating a KML file (Keyhole Markup Language) for the Rol containing
the latitude, longitude, and elevation values of each and every point in the
Rol. These points are used to generate a contour map of the Rol containing
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detailed terrain morphology. A radio frequency path loss model in com-
bination with an advanced inverse distance weighted (IDW)-interpolation
technique is proposed to ensure connectivity and coverage in such irregular
terrains with varying nature of obstacles. The technique effectively detects
occlusions and enables effective deployment. This edge computing approach
involves real-time decision-making at the network edge (the sensor nodes)
leading to a deterministic deployment of motes in diverse terrain conditions
with various obstacles. The approach is compared with existing deploy-
ment techniques and the results validate its efficacy. To demonstrate the
practicality of our approach, we have also implemented a deployment in
real-world environmental conditions, validating our approach in challenging
terrains.

Keywords: Wireless sensors, irregular-terrain, obstacles, sensor
deployment.

1 Introduction

A wireless sensor network (WSN) is a decentralized system composed of
tiny devices called motes or sensors that are distributed to form an ad-hoc
network over a specified region of interest. The motes monitor and record
the values of parameters of interest and communicate the same over ad-hoc
networks to back end servers for detailed analysis. A WSN has a variety
of applications across domains ranging from environmental monitoring to
healthcare [1]. WSNs are ideal for various defence applications such as target
tracking operations in stealth mode and monitoring disasters like forest fires,
land slides, glacier displacements, and so on.

An important challenge in WSNs is optimal deployment of motes. This
is especially so because motes are relatively expensive and the area to be
covered is often large. Several strategies have been proposed in the past by
researchers for WSN deployment but most of these strategies were largely
confined to flat terrains. A few studies have considered three-dimensional
regular terrain [9, 11, 12, 14, 15] but a very limited number of studies have
focused on irregular terrain [16, 17]. Those that considered irregular ter-
rain often dealt with non-obstructed terrain or included an obstacle without
specifying the obstacle type. WSN deployment strategies in the literature
include nature inspired heuristic approaches like particle swarm optimization
(PSO) [2] which takes inspiration from avian and aquatic social behaviors
and proposes deployment strategies along these lines. Kulkarni et al. [3]
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explore a bio inspired technique for WSN deployment that utilizes PSO with
multidimensional optimization parameters to enhance coverage and connec-
tivity in WSN deployment. Deif et al. [4] propose an ant colony optimization
approach combined with a local search heuristic algorithm. They suggest
a non-overlapping minimally connected coverage strategy for the desired
deployment region of interest. You et al. [5] propose a Voronoi polygon
based method that divides the region of interest into unique cells based
on proximity and optimizes local coverage using angle of view techniques.
Tang et al. [6] implement a non-dominating sorted genetic algorithm with
Voronoi polygons to obtain the sensing radius and communication radius.
Subsequently, they calculate the fitness function with genetic algorithms for
optimized deployment. The approach in [7] comprises a Delaunay determin-
istic deployment method that computes a DT score (Delaunay triangulation
score) in which, prior to deployment, every candidate location generated from
the current sensor configuration is saved by a probabilistic sensor detection
model. A sensor is then placed at a potential location that has the best
coverage gain. Yan et al. [8] propose a Steiner-tree based algorithm and
consider aspects of algorithmic complexity and real topology to implement
improved deployment strategies by selecting proper representative points and
recovery strategies to minimize the cost of node deployment.

The major gap in these studies is their predominant focus on flat terrains
and regular 3D terrains, leaving irregular terrains with varying obstacle types
relatively less explored. Approaches that endeavor to provide solutions for
irregular terrains fall short in terms of scaling to large settings. Our pro-
posed approach majorly deals with the complexities of irregular terrains with
various obstacles types like vegetation, rocks, etc. This paper further builds
upon [18], which proposed an optimized obstacle-aware sensor deployment
technique for irregular terrains. In contrast to the workshop paper, this paper
includes a comprehensive complexity analysis, deployment time estimation
model, a detailed real-world case study within the Melghat Tiger Reserve,
and thorough comparative evaluations with state-of-the-art methods. These
additions validate the efficiency and applicability of the proposed technique
across a diverse range of complex terrains.

The remainder of this paper is organized as follows: Section 2 pro-
vides a background on existing approaches; Section 3 discusses the pro-
posed methodology in detail, Section 4 comprises comprehensive experiment
description and results that validate the efficacy of the proposed approach
through comparisons with existing methods, followed by a real world
deployment. Finally, Section 5 concludes the paper.
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2 Background Work

This section provides a detailed overview of key methods, highlighting their
contributions and limitations in handling WSN deployment challenges over
uneven and obstacle-laden terrains. Li [9] was the first to introduce the
digital elevation model utilizing the PSO technique for sensor coverage,
incorporating both local and global search mechanisms with PSO to optimize
coverage over the grid, termed 2.5D. Udgata et al. [10] propose a method
of deployment inspired by honeybee foraging in which sensor deployment
is modeled as a data clustering problem. The scheme deploys a few motes
and compares them with a limited rectangular terrain without taking into
consideration elevation and signal attenuation for range estimations. This
results in computational scalability issues in optimization over large scale
deployments. Fu et al. [11] propose a WSN deployment method over 3D
terrains using a probabilistic greedy-coverage algorithm that accounts for
signal attenuation, but with a relatively limited communication range of 5 m.
The method computes uniform signal attenuation for obstacles and does not
consider the varying effects of different obstacle types on signal attenuation.

Bhattacharyya et al. [12] introduce a layered deployment concept with
a specialized node defined as a fusion node or a central server. However,
this lacks a signal attenuation model and elevation estimations of the fusion
node with neighbourhood nodes lead to loss of connectivity. Cheng et al. [13]
propose a sensor deployment scheme for a special application for imparting
barrier coverage over irregular border areas between two countries to check
intruder activities. They utilize a convex hull and turning point selection
approach where they segment the area into small n-virtual rectangles. The
approach again lacks the capability to scale effectively to larger areas. Du
et al. [14] propose a deployment algorithm for a 3D terrain incorporating
two heuristic techniques: PSO and virtual force coverage. They propose
a communication limit for sensor deployments explicitly, thereby limiting
generalizations for signal attenuation and elevation. Combining two heuristic
approaches leads issues of scalability here as well. Boualem et al. [15] use
a spiderweb technique to deploy motes over a regular 3D surface without
obstacles. The method estimates coverage based on the minimum set of
deployed motes that remain active after 50 time units. Xiao et al. [16] propose
a technique for irregular terrain deployment without considering obstacles.
They design a surface coverage method based on grid division and simulated
annealing. Liu et al. [17] propose a coverage method for irregular rolling ter-
rains using a vertex triangulation grid based method. While prior studies have
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enhanced WSN deployment, they lack effective strategies for deployment
over irregular terrains. Our approach advances scalability and adaptability by
optimizing mote placement, taking into account terrain elevation and signal
attenuation to address obstacles effectively.

3 Proposed WSN Deployment Framework for Irregular
Terrains

The strategy for WSN deployment, proposed in this paper, is meant for
terrains that are irregular in nature and also takes into account obstacles
in such terrain like trees, dense grass, and rock formations. The approach
comprises: data acquisition by extracting the region of interest from Google
Earth; constructing a KML file for the extracted region of interest and gen-
erating a contour map offering insights into the topographical complexities
of the region; utilizing an inverse distance weighted (IDW) interpolation
technique to estimate elevation values at unmeasured points by considering
both distance and terrain characteristics; and finally incorporating path loss
models in signal communication along with a digital elevation model (DEM)
[9] to account for occlusions due to terrain irregularity and obstacles of
varying types and making deployments accordingly. We discuss each step
of the proposed methodology in the following subsections.

3.1 Extraction of Region of Interest and Terrain Analysis

We begin by acquiring high-resolution satellite imagery and elevation data
from Google Earth [19]. Using Google Earth’s tools we select the region
of interest (Rol) and save it in a KML format (Keyhole Markup Language
format) file. KML is a file format designed for spatial contexts and comprises
coordinates and elevations of individual points in the Rol. The KML file
is next converted to a GPX (GPS Exchange Data) file using a TCX Con-
verter [20]. A GPX file comprises an XML schema and makes the terrain
information contained in the KML file inter-operable. Subsequently, a GPS
Visualizer [21] is harnessed to customize and visualize the data in the KML
file and generate detailed maps and elevation profiles. The KML file so
visualized comprises topographic information through color coding. Light
green, for example, indicates sparse vegetation like grass, while dark green
signifies dense tree coverage, and so on. These help in obstacle identification
while using radio frequency path loss models. An extracted region of interest
and a sample CSV file content is shown in Figures 1 and 2.
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Figure 1 An extracted region of interest.

N775.41505 E2123.1641 523.218017578
N7721.5874 E2130.6533 422.613086592
N777.12909 E2128.3887 644.237976074
N773.65385 E2126.345 564.166992188
N7658.1081 E2052.7373 693.903991699
N7714.0184 E216.38874 604.632019643
N7655.4354 E2136.652 680.531982422
N775.43118 E2056.2524 561.78302002
N7658.3394 E2117.2829 607.689025879
N7645.4281 E2126.2735 735.508972168
N7720.05 E216.88238 443.332000732
N7656.5891 E210.305351 653.7199768763
N7715.113 E212.92704 668.663024902
N7645.8699 E2126.1522 735.508972168
N7721.2948 E2127.614 578.153991699
N7727.6451 E214.4084 558.148010254
N7724.8258 E2114.195 494.656005859
N7658.2845 E2122.6376 507.308990479

Figure 2 A sample processed KML file content in CSV format for an extracted region of
interest.

3.2 Creation of a Contour Map of the Region of Interest

A contour map is a visual depiction of the elevation variations across the
landscape and offers valuable insights into the topographical intricacies of the
region of interest. This enables more effective deployment of sensor nodes.
Figure 3 shows a three-dimensional surface and the corresponding two-
dimensional contour map for the same is shown in Figure 4 [22]. The KML
file comprising latitude, longitude, and elevation information is the basis
for generating a contour map of the irregular terrain. The KML file, as
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Figure 3 Three-dimensional surface [22].
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Figure 4 Two-dimensional contour map of the three-dimensional surface [22].

mentioned earlier, is subsequently transformed into a GPX file that comprises
the latitude, longitude, and elevation information of each data point within the
region of interest in an inter-operable XML format. The GPX file is processed
by a specialized software application called QUICKGRID [22] for contour
generation. This process generates the desired contour map of the region,
which is used for further processing.
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3.3 Path Loss Model for Obstacles

Path loss refers to the attenuation or reduction in signal strength as a radio
wave propagates through a medium or travels from a transmitter to a receiver.
It may occur owing to factors such as distance, obstacles, and environmental
conditions. Integrating path loss models with a contour grid (discussed in the
following section) is essential for the deployment of WSN motes as these
define the communication range taking into account obstacles of various
kinds such as dense natural grass, trees, and rocks. The proposed approach
computes the path loss owing to various obstacles and utilises the modified
received signal strength indicator (RSSI) for deployment. A comprehensive
explanation of the measurement methods and the formation of the models
can be found in [23-26]. The first-order log—distance model is described as
follows:

PI(R) (dB) = PI(Ry) (dB) + 10nlog;, (5()) + Xo. (1)

In this equation, Ry represents the benchmark distance or distance field
and is typically set to 1 m; R is the distance in meters between the trans-
mitting and receiving motes; the median path loss at the reference distance
Ry (in dB) is denoted by PI(Ry);n represents the path loss exponent and
depicts the loss in signal strength due to the obstacle; and X o represents the
log normal shadowing and compensates for random variations in the signal.
The values for the path loss exponent and the shadowing effect values were
derived from well-established empirical studies and experiments conducted
across various types of obstacles such as trees, grass, and rocks in real-world
terrains.

Following this, the path loss model for a terrain with obstacles in the form
of trees, grass, and rock formations is as follows:

Pl (dB) = I)l()bsmcle + 10n0bstacle loglo d + X oobstacle ()

where the path loss exponent and tree shadowing effect values for trees, grass,
and rock are as follows: nee = 3.1, NGrass = 2.9, and nrock = 3.D; and the
shadowing effect values are Xoree = 9.4, X0Grass = 6.9, and XoRrock =
9.3.

Hence, with known values of effective radiated power (ERP) (the power
level at the point of transmission) and received signal strength indicator
(RSSD) (the power level at the point of reception), the power loss Pl (dB)
in Equation 2 is computed as (ERP—RSSI). This enables us to compute the
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Figure S Two-dimensional contour map of a region.

communication range of the motes given the obstacles as follows:

(ERP-RSSIL) =Py — X 00pgiace
dObstacle =10 10n0pbstacle . (3)

A connection between two or more nodes is established if the Euclidean
distance E; between them is less than or equal to the node range dopstacle
where the Obstacle may be tree, grass, or rock. If the distance exceeds d, it
implies a signal obstruction or occlusion.

3.4 Creation of a Digital Elevation Map from a Contour Map

A digital elevation map or model (DEM) is a discrete grid-based represen-
tation of ground surface topography that transforms the continuous terrain
surface representation on a contour map into a series of data points represent-
ing longitude, latitude, and elevation. A DEM is created from terrain elevation
data and is represented as a grid or raster of the elevation values. Each cell
(or pixel) in the raster represents a specific area on the ground, and the value
of that cell represents the elevation of that area. A DEM comprises a series
of DEM data points of a continuous terrain. Figure 6 shows a simple DEM
representation of a corresponding contour plot shown in Figure 5.

3.5 Elevation Estimation through Inverse Distance Weighted
Interpolation

Inverse distance weighted (IDW) interpolation is a robust technique that
calculates the value of an unmeasured point based on the weighted average
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Figure 6 DEM of the corresponding contour plot.

of its neighboring measured points, as shown in Figure 7. A terrain surface
is represented in the figure by a DEM grid, depicting a complex landscape.
To calculate the elevation of an unmeasured elevation point denoted as P,
the process computes its elevation value by utilizing the weighted average
values of the measured known elevations of the neighboring points depicted
as A, B, C, and D in the figure. A larger distance of a known point from
P leads to a smaller weight and hence weaker contribution in computing its
elevation and vice-versa. The weights are calculated by the inverse of the
distance raised to a power parameter p, giving more significance to nearby
points in the estimation process. Mathematically, this can be expressed as:

eley = 2L elevi Qg clev; (4)
w1l
1
wi = P (5

where elev; is the elevation value of neighboring measured points, di is the
distance from the deployment point, and p is the power parameter.

3.6 Identification of Potential Mote Deployment Locations

The crux of this work is identification of potential mote deployment points.
To do this, a random origin point is chosen in the DEM grid and a per-
ceptual direction, a straight line along the line of sight, is traced from the



Optimizing WSN Deployments Over Obstacle Clad, Irregular Terrains 1137

Grid Points Blue: Not Covered, Purple: Covered

I Not Covered

I Covered

Il Sensor Node

Il Selected Grid
Point

I IDW
Neighbors

X

Terrain Surface

Figure 7 Elevation estimation using IDW interpolation in complex terrains.

origin. A potential deployment point on this traced line is chosen and the
Euclidean distance and RSSI of the point is computed from the previous
node deployment point (this is the origin to start with and changes as the
deployment exercise progresses). The Euclidean distance of the point takes
into account the coordinates (longitude and latitude information obtained
from the extracted information) of the point and its elevation (calculated
using the IDW interpolation technique). If the Euclidean distance of this
point is larger than the dopstqcre Value computed for the respective terrain
(trees, grass, or rocky) the point is deemed occluded. Otherwise the point
qualifies as a potential deployment point. Subsequent to this, the straight line
(denoting the perceptual direction) traced from the origin undergoes angular
displacement by 1° and the process is repeated and potential deployment
points are identified. This is continued by tracing the line in intervals of 1° for
the entire 360° around the origin. Figure 8 demonstrates this, with deployable
points labeled as P1 to P6 and occluded points labeled as C1 and C2. Figure
9 shows a sample terrain visualization with points P1, P4, P5, P6, P7 and
P8 as deployable points; points P2 and P3 are deemed occluded as they have
lower RSSI values (below —90 dBm) due to sudden elevations or obstacles
in the form of trees, rocks, and so on. Here, RSSI accounts for the received
signal strength which varies depending on the types of obstacle present —
grass, trees, or rocks. RSSI values indicate the strength of the signal strength
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Figure 8 Generating a DEM and schematic deployment with grid.

and values ranging from —30 dBm to —90 dBm indicate optimal signal
strength for mote placement. The relationship between Euclidean distance
and RSSI values is as follows. As the Euclidean distance between a mote
and the selected point increases, the RSSI value at the selected point tends
to decrease. This decrease is largely due to signal attenuation. RSSI values
are also influenced by obstacles. If a mote, for example, is placed far away
from a point but with a clear line of sight (free-space without any obstacle),
the RSSI value will be high. A mote, on the other hand, even when placed
close to a point but obstructed by dense trees, rocks, or grass will lead to a
low RSSI value. If the euclidean distance of a point from a mote is such that
the RSSI value at the point exceeds —90 dBm on account of obstacles like
grass, tree or rocks, the point is considered occluded and is not suitable for
mote deployment.

Algorithm 1 outlines our proposed deployment approach. The algorithm
starts with extracting and analyzing terrain data, creating contour and digital
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Figure 9 A sample terrain visualization showing occlusions in coverage.

elevation maps, and applying path loss models, ultimately leading to iden-
tifying potential deployment locations. This is done by taking into account
occlusions based on euclidean distance computed as a function of RSSI
values that incorporate obstacles.

4 Results and Evaluation

4.1 Comparative Analysis with Existing 3D Regular/Irregular
Methods

This section compares our proposed method with existing ones. To evaluate
and compare these methods, we have created a simulation environment for
our methodology as per the evaluation scenario (deployment area, commu-
nication range, etc.) defined by these methods with Python 3.10.11 on a
notebook computer equipped with an Intel i7 12Th-gen processor, 16 GB of
RAM, and a dedicated NVIDIA graphics card. We compare our proposed
RSSI interpolation approach with existing methods comprising those by
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Algorithm 1 WSN deployment over irregular terrain with obstacles.

1: Input: Region of interest (Rol) coordinates
2:  Output: Potential mote deployment locations
procedure WSNDEPLOYMENT(Rol)
Step 1: Extraction of region of interest and terrain analysis
Acquire high-resolution satellite imagery and elevation data from Google Earth
Select Rol and save in KML format
Convert KML to GPX format using TCX converter
Visualize GPX file using GPS visualizer to generate detailed maps and elevation
profiles
9: Step 2: Creation of a contour map of the region of interest
10: Generate contour map from KML file using QUICKGRID
11: Step 3: Path loss model for obstacles

w

AN

12: Define path loss models for different obstacles (trees, grass, rocks)
13: for each obstacle type (tree, grass, rock) do
14: Compute path loss using:

Py(dB) = Piobstacte + 10n0bstacte 10810(d) + Xoopiacto

15: end for
16: Step 4: Creation of digital elevation map from contour map
17: Create DEM from contour map using grid representation
18: Step 5: Elevation estimation through IDW interpolation
19: for each unmeasured elevation point P do
20: Compute elevation using IDW interpolation:
ZZN:I Zi - w;
Zp==Z5——
Dim Wi

where w; = d%?
21: end for
22: Step 6: Identification of potential mote deployment locations
23: Choose a random origin point in DEM grid
24: for angle 6 from O to 360 degrees in 1-degree increments do
25: Trace a straight line from origin at angle 6
26: for each point on the traced line do
27: Compute Euclidean distance Ed from the previous deployment point
28: if Ed < dobstacie then
29: Mark point as potential deployment location
30: else
31: Mark point as occluded
32: end if
33: end for
34: end for

35: end procedure
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Table 1 Comparative analysis of RSSI interpolation with existing methods based on
coverage

Method Terrain Size (m) Comm. Range (m)  Coverage (%)
RSSI interpolation vs. 100 x 100 17.60 100% in both
Udgata et al. [10]

RSSI interpolation vs. Liu 1000 x 1000 x 1000 60 100% in both
et al. [17]

RSSI interpolation vs. 260 x 260 x 260 50 100% in both
Bhattacharyya et al. [12]

RSSI interpolation vs. Li 200 x 200 x 10 25 100% vs. 47%
et al. [9]

RSSI interpolation vs. Xiao 256 x 256 x 50 2 99.86% vs.
et al. [16] 99.46%
RSSI interpolation vs. 100 x 100 x 100 50 100% in both
Boualem et al. [15]

RSSI interpolation vs. Fu 600 x 600 x 600 5 100% in both
et al. [11]

Li et al. [9], Udgata et al. [10], Fu et al. [11], Bhattacharyya et al. [12],
Boualem et al. [15], Xiao et al. [16] and Liu et al. [17]. Tables 1, 2 and 3
include comparative analyses on the basis of coverage, motes required and
complexity.

Li et al.: Li et al.’s method lacks a signal attenuation model for obstacle
detection, and they haven’t assumed a proper three-dimensional terrain. In
fact they have considered it as 2.5D; this makes it more suitable for applying
it over a semi-regular surface rather than an irregular one with sharp ele-
vation variations and obstacles. The complexity estimations are described
in the “Complexity” column of Table 3. Here, GG represents the number of
generations, p is the number of particles, n denotes the number of nodes, and
r denotes the sensing radius.

Udgata et al.: The method proposed by Udgata et al. employs image seg-
mentation to generate irregular areas from rectangles but does not consider
elevations or obstacles. The approach can be complex to scale for larger
dimensions owing to the entire methodology being based on image segmen-
tation. In the complexity analysis of this method, n denotes the count of bees
utilized in the artificial bee colony method and p refers to the number of food
patches selected for neighborhood exploration.
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Table 2 Comparative analysis of RSSI interpolation with existing methods based on motes

needed

Method Terrain Size (m) Comm. Range (m) Motes Needed
RSSI interpolation vs. 100 x 100 17.60 10 vs. 16
Udgata et al. [10]

RSSI interpolation vs. Liu 1000 x 1000 x 1000 60 300 vs. 400
et al. [17]

RSSI interpolation vs. 260 x 260 x 260 50 21 vs. 25
Bhattacharyya et al. [12]

RSSI interpolation vs. Li 200 x 200 x 10 25 14 vs. 20
et al. [9]

RSSI interpolation vs. Xiao 256 x 256 x 50 2 2947 vs. 4096
et al. [16]

RSSI interpolation vs. 100 x 100 x 100 50 4 vs. 99 (live) out
Boualem et al. [15] of 200
RSSI interpolation vs. Fu 600 x 600 x 600 5 274 vs. 444

et al. [11]

Table 3 Comparative analysis of RSSI interpolation with existing methods based on com-

plexity

Method Terrain Size (m) Comm. Range (m) Complexity
RSSI interpolation vs. 100 x 100 17.60 O(Mn) vs. O(np)
Udgata et al. [10]

RSSI interpolation vs. Liu 1000 1000 x 1000 60 O(Mn) vs.
etal. [17] O(m?n?)
RSSI interpolation vs. 260 x 260 x 260 50 O(Mn) vs. O(d?)
Bhattacharyya et al. [12]

RSSI interpolation vs. Li 200 x 200 x 10 25 O(Mn) vs.
etal. [9] O(Grmaxpnr?)
RSSI interpolation vs. Xiao 256 x 256 x 50 2 O(Mmn) vs.

et al. [16] O(m?p)
RSSI interpolation vs. 100 x 100 x 100 50 O(Mn) vs. O(n)
Boualem et al. [15]

RSSI interpolation vs. Fu 600 x 600 x 600 5 O(Mn) vs. O(n?)

et al. [11]
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Fu et al.: Fu et al.’s method does not account for different types of obstacles
and the variations in elevation values are also not well defined for incorporat-
ing the signal attenuation model. Additionally, they have assumed the mote
communication range to be 5 m, which is not practical in real terrains as the
average range of such IoT devices is typically between 50 and 100 m.

Bhattacharyya et al.: Bhattacharyya et al. initiate mote deployment with
a central server node referred as the fusion node and does not assume
any geographical limitations. However, this method does not consider sig-
nal attenuation and skips deployment in areas obstructed by obstacles. In
complexity analysis, the parameter d denotes the distance between sensors.

Boualem et al.: Boualem et al. utilized a spiderweb technique for deploying
motes on a regular 3D surface without considering obstacles. They evaluated
coverage based on the minimum number of motes remaining active after an
initial time period of 50 units.

Xiao et al.: Xiao et al. do not incorporate any obstacle estimation technique
for their deployment method over varied terrains. In complexity estimations,
m represents the number of nodes deployed and p indicates the iterations of
the algorithm for each node.

Liu et al.: Liu et al.’s method focuses on irregular terrains but does not
account for obstacles within these terrains. In complexity analysis, the param-
eters m and n are used to define the rows and columns of the grid used for
deploying motes using a vertex-triangulation method.

4.2 Simulation Environment for Comparative Analysis with
Various Regular Flat Surface Deployment Approaches

To validate the efficacy of the proposed deployment approach we compare
it with existing regular/flat surface deployment techniques, namely, particle
swarm optimization (PCO), ant colony optimization (ACO), Steiner tree,
Delaunay’s triangulation, Voronoi polygon, genetic algorithm and random
deployment. We have developed a simulation environment for this using
Python 3.10.11 on a Notebook Computer equipped with an Intel i7 12th-
gen processor, 16 GB RAM, and a dedicated NVIDIA graphics card. We
simulated in this environment an irregular, obstacle ridden terrain of areas
up to 1000 x 1000 m with elevations going up to 1000 m. The terrain has
randomly distributed obstacles comprising trees, natural tall grass, and rocks.
These obstacles occupy areas that constitute 10%, 20%, 30%, 40%, 50%,
and 60% of the total terrain area. The simulation environment comprises 100
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random landscapes with varying percentage and distribution of obstacles.
In addition to this, the environment considers the following varying mote
communication ranges: 30 and 50 m. Using these large numbers and a variety
of simulated terrains we are able to comprehensively compare the deployment
efficacy of the various approaches.

4.2.1 Simulation Parameters for Comparison with Existing
Regular/Flat Surface Deployment Techniques

Table 4 provides values for the simulation parameters that are used to

implement existing regular/flat surface techniques for WSN deployment with

which we compare our proposed method.

4.3 Coverage vs. Obstacle Percentage with Varying Mote
Communication Ranges

We use coverage as a measure for assessing the efficacy of the deployment
technique in properly spreading the motes over the region of interest. It is
mathematically defined as:

Coverage = < Average number of motes deployed )

Average number of motes deployed + Occluded points

x 100%. (6)

A large percentage value of coverage implies that most of the motes
deployed are effective and are not occluded by obstacles.

We evaluate the performance of the proposed approach, RSSI interpola-
tion, for coverage against varying percentage of obstacles in the simulated
terrain. We compare it with the seven existing deployment techniques men-
tioned earlier. As mentioned earlier, the comparison is conducted in a
simulated environment generated for irregular terrains of size: 1000 x 1000
m with an elevation going up to 1000 m. The communication range of the
motes varies as 30 and 50 m, while the obstacle percentage varies between
10% and 60% of the terrain area. The obstacles include vegetation like trees
and grass, and rocky formations.

The coverage as a percentage is shown in Figure 10 and clearly demon-
strates the efficacy of the proposed RSSI interpolation method as compared
to existing deployment techniques. Methods such as PSO, ACO, random
deployment, and genetic algorithm initially converge well with a 10% obsta-
cle density but struggle to maintain coverage as the obstacle size increases.
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Table 4 Simulation parameters

Ant colony optimization (ACO) [4,27]

Parameter Value
Number of ants 100
Pheromone influence 1
Evaporation rate 0.3

Particle swarm optimization (PSO) [9, 28]

Parameter Value
Number of particles 100
Inertia weight 0.5

Social and cognitive components 1.5 each

Genetic algorithms (GA) [29]

Parameter Value
Population size 100
Crossover rate 0.8
Mutation rate 0.2

Simulation parameters for geometric algorithms

Method Parameters/values

Voronoi polygon
Number of seeds/determined by nodes
Boundary treatment/reflective

Steiner tree
Number of terminals/determined by nodes
Edge weight computation/Euclidean distance, signal
strength

Delaunay triangulation
Number of points/determined by nodes
Triangulation method/incremental

The conventional methods, including Steiner tree, Delaunay, and Voronoi
polygon, which rely on geometric principles for deployment, had significant
shortcomings due to the unevenness of the terrain. As a special case, if we
consider a scenario with no obstacles which implies that we are dealing with
a smooth and regular 3D surface and thus there are no occluded points. In this
situation a coverage of 100% can be attained. However, such ideal conditions
are rare in real scenarios.
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Figure 10 Coverage vs. obstacle percentage on terrain size 1000 with varying mote commu-
nication ranges.

4.4 Normalized Motes required vs. Coverage on Varying
Obstacle Percentage and varying Mote Communication
Ranges for Terrain Size 1000

Normalized motes implies the number of motes required to achieve full
coverage normalized for different techniques. The normalization exercise is
imperative here as several existing techniques achieve a small percentage of
coverage i.e. most of the region of interest is occluded by obstacles. Thus
in these cases, the total number of motes required is small which is not a
reflection of the superiority of the technique. Normalization compensates for
this discrepancy and the number of normalized motes gives a clear picture of
the efficacy of the technique.

Avg. no. of motes needed x 100

Normalized motes for 100% coverage =
Coverage

(N
This expression computes the number of motes needed to achieve 100%
coverage of the terrain, Figure 11 clearly shows that the proposed approach,
RSSI interpolation, requires the smallest normalized number of motes to
achieve full coverage when compared with existing techniques for WSN
deployment.

4.5 Complexity Analysis

The algorithmic complexity of our proposed approach is computationally
based on mote placement and obstacle handling tasks. For each of the L
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Figure 11 Normalized motes needed for full coverage vs. varying obstacle percentage and
varying mote communication ranges.

landscapes having M obstacles, the complexity will be O(M). During mote
placement each potential mote position requires the tasks of checking for
coverage, performing IDW interpolation, and assessing obstacle interference.
These operations have a complexity of O(M + n) per mote, where n is the
average number of motes required to achieve full coverage. Therefore for n
motes in each landscape, the overall complexity per landscape is O(Mn).
Thus, considering all landscapes the total complexity of the algorithm will
be O(L - Mn), which can be simplified to O(Mn) given a fixed number of
landscapes L = 100.

4.5.1 Deployment Time Estimation Model
The total deployment time 7o, for placing N motes across a landscape is
represented as:

)

Tiotal = N x (Tcoverage + Tinterference + Tinterpolation)

where:

* Ttoverage: Time required to verify coverage per obstacle for each mote.

* Tinterference: T1me needed to assess interference effects from each obsta-
cle.

* Tinterpolation: Fixed time for performing IDW interpolation per mote.

This model enables calculation of cumulative deployment time by com-
bining time for obstacle-based coverage and interference checks with IDW
interpolation for each mote. The total time scales with the number of motes,
making it adaptable to diverse terrains with varying complexity.
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Table 5 Region of interest within Melghat Tiger Reserve

Parameter Value

Latitude range 21°24.2724" E to 21°24.4236" E

Longitude range  77°8.83668" N to 77°9.03108' N

Elevation range 585 to 630 m

Melghat Tiger Reserve Legend
? Melghat Tiger Reserve

Extracted Region of Interest ( shown in white polygon)
g (7 Melghat(ROI)

A
N
1000

Figure 12 Google Earth image of the region of interest.

4.6 Deployment Results over an Extracted Real World Region of
Interest

Study area: Melghat Tiger Reserve in District Amravati, Maharashtra,
India The Melghat Tiger Reserve, located in the state of Maharashtra, India,
is an ecologically rich and diverse habitat primarily known for its significant
population of tigers. The topography of the reserve comprises of terrain that is
uneven with a large number of obstacles in the form of grass, trees, rocks, and
so on. We validate the efficacy of our proposed solution at the Melghat Tiger
Reserve because of its diverse and uneven landscape and vegetation which
comprehensively tests the working of the approach in a real world setting.
For our study, we extracted a specific region of interest within the Melghat
Tiger Reserve using Google Earth. The extracted region is defined by the
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Figure 13 Contour map of the region of interest.
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Figure 14 Corresponding DEM grid and the placed motes according to our proposed
approach.

following geographical coordinates:
* Latitude: 21°24.2724" E to 21°24.4236'E
* Longitude: 77°8.83668' N to 77°9.03108" N.

In this extracted region elevation values ranged between 585 and 630 m.
This specific region within the Melghat Tiger Reserve extracted with google



1150 Shekhar Tyagi and Abhishek Srivastava

earth (specified in Figure 12) has been chosen as the potential area for our
WSN deployment. Figure 13 presents a contour map of the target region,
while Figure 14 illustrates its DEM overlaid with gridlines. Additionally,
Figure 14 also depicts the points at which 105 WSN motes are deployed
as determined by the proposed methodology. Using the execution obtained
values Tcoverage = 0.5 s, Tinterference = 0.3's, Tinterpolation =2s,and N = 105
motes, substituting these into Equation 8 yields a calculated total deployment
time of 294 seconds for our proposed approach.

5 Conclusion

WSN deployment over irregular terrains with obstacles such as vegetation
and rocks is the central theme of this paper. Contemporary methods of
deployment from the literature have been effective for simpler landscapes
with regular topology, as well as for some irregular terrains without signifi-
cant obstacles. These methods fail when implemented with the complexities
of uneven terrains ridden with varying type obstacles. This work is an
endeavor to bridge this important gap. The proposed approach comprises
a series of steps from procuring images of landscapes, refining them, and
making deployments taking into account the topography of the terrain and
position to obstacles. The approach is compared with existing techniques of
WSN deployment and is shown to be more effective in such irregular, obstacle
ridden terrains. In response our methodology has proved to be more effective
in such adverse complex irregular landscapes with obstacles. Our results indi-
cate a significant reduction in occlusions compared to contemporary methods
when implemented in such environmental settings. Additionally our approach
required comparatively fewer motes to achieve extensive coverage even in
complex environments with varying obstacle sizes. The practicality of our
technique was further demonstrated through deployment over a real-world
extracted region of interest.
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