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Abstract
Smart agricultural systems are essential in increasing production rates and reducing losses, while poor
connectivity hinders their capabilities. Ensuring robust connectivity among its components within a
systematic agricultural field remains a significant challenge. Issues related to sensor allocation and
wireless coverage further complicate this landscape. A practical solution lies in adopting an orchestrated
wireless sensor network (WSN) design that addresses these research gaps in tandem. The orchestrated
design provides a novel connectivity solution that improves connectivity development within two
approaches. The first approach utilizes a hybrid method for sensor allocation. The second approach
concerns maintaining more robust wireless coverage for those allocated sensors. This paper proposes an
orchestrated design that employs a hybrid approach to incorporate area clustering using the rapidly
exploring random trees method for efficient spatial sampling. Additionally, it introduces an improved
allocation method for agricultural sensors based on a mathematical variable length distance technique
combined with the Voronoi algorithm. To further enhance wireless coverage, the design targets the
interoperability of wireless transmission via the Fuzzy Analytical Hierarchical Process method. This is
complemented by the k-nearest neighbors method for planning wireless sensor communication pathways.
Overall, the proposed orchestrated design demonstrates significant advancements. It provides economic
implementation by allocating only 13 nodes, achieving minimal power consumption rates and optimal
coverage. Furthermore, it has 86% WSN coverage and a performance score that surpasses Particle Swarm
Optimization by 1.13%.

Categories: Agricultural Machinery and Automation, Embedded Systems and IoT, Wireless Communication Systems
Keywords: hybrid algorithm, pso algorithm, mathematical methods, wireless sensor networks (wsn), agriculture iot,
sensor distribution, binar knn, smart agriculture, voronoi diagram, things wireless sensor network

Introduction
The world is facing a severe food crisis, with only 60% of the population projected to have a secure food
supply by 2050 [1]. In response, the United Nations, governments, and non governmental organizations
(NGOs) have launched a series of initiatives to enhance food production, transportation, and storage. One
of the most crucial initiatives is the development of innovative agriculture solutions to maximize
agricultural production and minimize loss rates [2]. Smart agriculture systems, which have recently
embraced the Internet of Things (IoT) and emerging technologies such as artificial intelligence AI, cloud,
and edge computing, are at the forefront of this effort. These systems are adopting the precision
agriculture (PA) system, which includes sensors, actuators, controllers, gateway, fog computing, edge
computing, and cloud computing [3].

While the PA system suffers several challenges, connectivity remains the most important [4]. Connectivity
is essential for the PA system to maintain its sustainability of monitoring, supervising, and automating the
agriculture process autonomously [5]. Dependency on human factors provided several challenges that led
to adopting a sustainable PA system for effectively sensing, controlling, and activating the agricultural
process [6]. Data acquisition in agriculture is essential for effectively monitoring plant, soil, climate, and
water conditions [7]. Recent interest in sensor data acquisition increased interest in maintaining a
sustainable PA system. Agriculture sensors are the PA system's main element and require a wireless sensor
network (WSN). The availability of the WSN depends mainly on the communication technologies through
which it seeks to maintain stable connectivity [8]. Several communication technologies are employed in
different forms [9] to achieve this connection stability. Since the first adoption of IoT as a PA system, some
standard small-range wireless communications have been adopted, such as Zigbee, wireless fidelity (Wi-
Fi), Bluetooth, Z-wave, and near field communication. Multiple or large agricultural areas regularly use a
moderate range of wireless technologies. Large areas require a wide range of wireless technologies such as
SigFox, low power area network (LoRa), narrowband IoT, and low power wireless wide area network.
Furthermore, an extended range of wireless communication technologies is necessary for remote and
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internet connectivity. Internet connectivity for sensors and actuators is usually maintained using cellular
data communication and satellite communication. Assessing the most relevant connectivity technologies
is essential for designing a robust WSN. Later on, an efficient design of the sensor allocation should be
maintained. Combining both to maintain an efficient sensor distribution and communication through the
agricultural fields. Another issue is maintaining sensor deployment and localization through the farm
field [10]. That is a challenging point for retaining the data acquisition with adequate density, wise cost,
coverage, and energy considerations. There are two main categories of sensor distribution: mobile
(robotic, Unmanned Aerial Vehicle (UAV), and drone) and stationary (based on fixed locations) [11]. The
mobile sensor deployment has some advantages, like surfing the agriculture field effectively, but
disadvantages, like cost, soil sensor management, and energy limitations.

On the other hand, stationary sensing nodes provide lower costs and better operational energy. The most
crucial point is the localization of the stationary sensing nodes and deployment of the nodes based on a
fixed length or trial and error method [12]. The first method provides faster deployment but has some
errors compared to the second method. Another mission is to design the deployed sensing node as a
hierarchical or plane deployment. At the same time, hierarchical deployment is preferred based on the
anchor and salve sensing node scenario. It is difficult for the precision agriculture system to maintain
those vast numbers of devices for large agricultural areas as delays may halt the system's operation. So, it
is also essential to cluster the farm system to solve such a huge capacity, which is a serious challenge. It is
commonly implemented to overcome the constraints of delay and limitation of the system scalability
[13]. There is plenty of research interest in sensor allocations and communication; however, there are still
some issues related to the capacity, interoperability, cost, and power consumption. Better optimization
techniques than the Particle Swarm Optimization (PSO) and Gaussian methods should be utilized to
minimize the number of allocated nodes, provide better sensing coverage, better capacity planning, and
minimum cost and power consumption. The connectivity problem within the smart agriculture system
requires better allocation of the sensors and wise wireless coverage. The sensor allocation is meant to
provide better sensing coverage, while the coverage is to provide relevant wireless coverage to the sensor's
location.

This paper aims to provide an orchestrated design of the WSN in the systematic agriculture field by
providing better allocation of the sensor nodes and sustainable coverage. The paper structure has five
main sections, and it is a literature review that lists recent efforts in sensor allocation and wireless
coverage. The methodology section provides a shade of the methodology used to orchestrate wireless
coverage and sensor deployment. The simulation section outlines the simulation process used in
investigating the wireless technologies, the wireless coverage mechanism, and the sensor deployment
strategy. The results and analysis section discusses the simulation results with a smart link to illustrate
the orchestration process. The conclusion summarizes the effort exerted to reach the outcome and the
most challenging issues in achieving the orchestration principle.

Related work
Maintaining an orchestrated design of the WSN by jointly maintaining effective sensor allocation,
coverage, and connectivity is a long waiting objective. In contrast, it is a challenging problem, requiring a
profound study of the objective elements, methods, and gaps to contribute to a great solution. 

Wireless technologies in WSN
Connectivity through the smart agriculture field has some significant challenges, especially
interoperability. The heterogeneity of the sensors and actuators connectivity requires a heterogeneous
wireless infrastructure. That is to support the multi-access edge computing (MEC) communication
capability within the availability of the heterogeneous multiple radio access networks (Het-MRAN)
infrastructure. This heterogeneity requires assessing the wireless to a gateway solution for designing a
resilient Het-MRAN. Widely implemented as a practical solution, as shown in [14], supplying LoRa and
wifi. In [15], it provided better coverage by offering Bluetooth and Wi-Fi. Moreover, the solution in [16]
gives Long Term-Evolution (LTE) and ZigBee as a Het-MRAN solution. However, those solutions provided
a Het-MRAN solution that they lack, considering scalability and delay as constraints through the design.
The solution in [17] provided a good practice for this by giving a clustering technique. From another
perspective, sensor allocation through the field is essential to gather the agricultural data necessary for
decision-making. Heterogeneous wireless coverage contributes to achieving the resilient coverage
objective.

Sensor allocation methods
However, the sensor that connects to those Het-MRAN has some concerns. They should have a better
allocation method that guarantees better sensing of the agriculture field and minimizes the number of
deployed units. Several efforts, such as uniform distribution of the agriculture sensors [18], provide high
reliability while having some drawbacks, such as cost, delay, and power consumption. Those challenges
motivated researchers around the globe to work on designing the sensor deployment based on a
deterministic approach. Some deterministic sensor deployments include square sensor allocation as in
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[19], triangular allocation as found in [20], hexagon grid as in [21], and tri-hexagon tiling as in [22].
However, there are methods used to effectively provide a deterministic allocation of sensor nodes, like
fixed distance as in [23], k-coverage as found in [24], and an algorithm as in [25]. Clustering the
agricultural area may require area segmentation and sensing or communication technology, as in [26].
However, the design of the wireless coverage passes by several techniques to provide adequate coverage
for the allocated sensors. Some coverage solutions adopt chicken swarms, as in [27], which utilize
optimization by placing the wireless propagating nodes to cover the area. At the same time, others utilized
particle swarms, as in [28], to cover most of the agricultural area with minimum overlap. Utilizing K-
nearest neighbors (KNN) for better clustering and allocation of WSN propagating nodes is beneficial for
dual coverage and sensor allocation, as in [29]. The summarized taxonomy of the literature related
methods is shown in Figure 1.

FIGURE 1: Taxonomy for the methods used to solve the connectivity
issue within the WSN
WSN, wireless sensor network

The connectivity solution methods are summarized in a taxonomy of two main related issues:

· WSN sensor allocation

· Wireless coverage

There is an interesting need to provide a solution that addresses both the sensor allocation and its
relevant wireless coverage. This paper investigates the design of an orchestrated WSN for better coverage
and sensing, and minimizes drawbacks related to capacity, delay, power consumption, and deployment
cost.

Materials And Methods
The methodology passes through several stages to achieve the orchestration in designing the WSN
coverage and sensor allocation. Those stages are illustrated briefly in the flow chart shown in Figure 2 and
comprise several stages. 

The first stage (wireless tech selection): aims to investigate the interoperability of sensors and their
supportive communication technologies. The hypnosis investigates a suitable quantitative method to
design a heterogeneous network. Those heterogeneous WSNs provide connectivity for the smart
agriculture system elements and determine the sensing range for better allocations of sensors. 

The second stage (area clustering): is to cluster the agricultural land based on the area and supportive
wireless technology capacity, power consumption, and delay constraints. 

The third stage (sensor allocation): provides the allocation of sensors based on an area of interest process
as a cluster sub-area, path of interest, and distance-aided Voronoi algorithm. The proposed heterogeneous
WSN is then utilized as a dynamic connection based on sensing type using the KNN algorithm.

Finally, the research evaluates the proposed orchestrated design against the PSO design, which has
dominated research in recent years.
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FIGURE 2: Methodology flow chart
KNN, k-nearest neighbors; RRT, random trees; PSO, Particle Swarm Optimization

Methods for sensors
This subsystem illustrates the different actions of the innovative agriculture system that need to be
monitored and controlled. The relevant sensors and possible heterogeneity within most supported
wireless communication technologies are identified and assessed. There are four main agriculture
processes upon which the innovative agriculture system elements:

(a) Irrigation process (actuating and sensing)

(b) Planting process (sensing)

(c) Fertilization process (actuating and sensing)

(d) Harvesting process (sensors, machinery, and robotics)

Sensing stations
The agricultural process requires several sensing stations to sense all relevant physical parameters within
the farm field. Moreover, the necessary data can be acquired within the innovative agriculture system.

A. Weather sensing station

B. Soil sensing station

C. Water sensing stations
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D. Plant health and pest control sensing station

Those four listed sensing stations require wise classifications concerning their applicable sensing area
into two main categories:

(a) High Area of Interest Sensors (HAIS): An anchor node

The anchor node is a sensing node with more powerful resources, making it capable of controlling all
other nodes within the clustered area. The anchor node should provide two main functions: sensing and
control. The sensing function within the cluster at its allocated point is like other sensing nodes.
Moreover, it provides control and management for all other sensing nodes within the cluster. The sensors
have a sensing range usually within a large area of 15 to 20 acres (Rain, pH sensor, salinity sensor, air
pressure sensor, wind speed, ultraviolet (UV) index, Temperature, Humidity, and water salinity sensors).
This sensor requires low data rate communication.

(b) Low Area of Interest Sensors (LAIS): Resource-constrained sensor

The sensing range of sensors usually has a minimum of 20 meters and a maximum of 50 meters [30,31].
This sensor requires high data rate communication.

Wireless technologies for sensors
Bluetooth, LoRa, Wi-Fi, and LTE are wireless technologies frequently used in WSN deployments [32]. Table
1 shows the relevant parameter values for coverage, data rates, power consumption, delay, and capacity.

HWNs Bluetooth LoRa-WAN Wi-Fi LTE

Coverage (km) 0.002-0.01 15-102 0.1 3-55

Data rates (Kbps) 1000 50 54000 25000-75000

Power consumption (W) 0.5 0.2 2 5

Delay (ms) 150 1000 12 100

Capacity (number of sensor nodes) 10 10,000 32 1000

TABLE 1: Het-MRAN wireless technologies
Het-MRAN, heterogeneous multiple radio access network; LTE, Long Term-Evolution; HWN, Heterogeneous Wireless Network; loRa-WAN, low power area
network-wide area network; Wi-Fi, wireless fidelity

Those quantitative parameters illustrated in Table 1 have uncertainty when evaluating and ranking them
for prioritization in heterogeneous infrastructure coverage. The analytical hierarchy process (AHP) is a
decision-making process that solves uncertainty. However, it mainly judges using expertise knowledge
with a scaled relative value.

Heterogeneous wireless network ranking with FAHP
Ranking requires a quantitative process to help find a tie, such as the Fuzzy-Analytical Hierarchy Process
(FAHP) [33]. Fuzzy provides a quantitative comparison matrix utilizing a hierarchical relationship between
the wireless technologies and their parameters, as illustrated in Figure 3. The ranking process retains its
process flow by performing the FAHP process, as illustrated in Figure 4.
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FIGURE 3: FAHP wireless ranking based on the technology's
hierarchical relationship with their parameters
Het-MRAN, heterogeneous multiple radio access network; LTE, Long Term-Evolution; FAHP, Fuzzy Analytical
Hierarchical Process; LoRaWAN, low power area network wide area network; Wi-Fi, wireless fidelity

FIGURE 4: FAHP process flow chart for ranking wireless technologies
FAHP, Fuzzy Analytical Hierarchical Process; WSN, wireless sensor network; AHP, analytical hierarchy process

Furthermore, the communication infrastructure utilizes a hybrid technique to provide a robust Het-MRAN
infrastructure solution. The FAHP uses quantitative ranking for the four best wireless technologies to
maintain the Het-MRAN. However, a tradeoff between the coverage and bit rate requires an extra switch
technique. The additional selection for the wireless coverage is based on the uncertainty of coverage and
bit rate, as illustrated in Figure 5. The selected four wireless technologies form a confusion matrix for the
sensor node to switch between the Het-MRAN.
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FIGURE 5: Confusion matrix for selecting for both coverage and bit rate
LTE, Long Term-Evolution; LoRa, low power area network; Wi-Fi, wireless fidelity

Wireless connectivity using KNN
The sensor device is a constrained resource, making it challenging to implement a complex algorithm [34].
This paper addresses this limitation by utilizing a binary KNN algorithm with a K value of 2, which
leverages the selection of wireless technology as a binary decision. The KNN algorithm facilitates the
establishment of a complete path setup between the resource-constrained sensor node and the anchor
node. It starts by classifying the sensor nodes into two categories based on their sensing data rates:
category A (low bit rates, such as Bluetooth and ZigBee) and category B (high bit rates, such as Wi-Fi and
LTE), as shown in Figure 6. Sensor A is located in agricultural area D (X, Y) with coordinates SA (x a, ya)

with an omnidirectional radiation pattern as a circle with a radius RA. Sensor B is also situated in

agricultural area D (X, Y) with coordinates SB (xb, yb) and with an omnidirectional radiation pattern as a

circle with a radius RB, while the newly placed sensor, SN, has coordinates SN (x n, yn) and with an

omnidirectional radiation pattern as a circle with a radius RN.
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FIGURE 6: Wireless coverage of sensor node distribution through
agricultural field D (X, Y)

The sensing node offers various heterogeneous wireless connection possibilities as a MEC communication
device. The KNN algorithm evaluates the wireless network switching decisions of the sensor node by
determining its classification as either category A or B, along with avoiding interference and jamming of
signals between adjacent sensors [35]. Category A employs low data-rate wireless technology, while
category B utilizes high wireless connectivity. Dynamic switching is guided by the physical parameters of
the sensing object; nearly all sensing objects rely on low data rates, except for the plant photo, which
requires a high data rate. The KNN method facilitates this dynamic switching throughout the
communication path from the resource-constrained sensor to the anchor node. Switching is based on the
sensing parameter size. For a heterogeneous network (Wi-Fi and Bluetooth) the small-size sensing
parameters are sent over the Bluetooth connection, and large-size sensing parameters are sent over the
Wi-Fi connection. The switching is done in real time through the anchor node or the controller.

The proposed orchestrated WSN system design
The proposed orchestrated WSN system design is an object that maintains an economical sensor
distribution for achieving better sensing, coverage, latency, and power consumption. The proposed system
design implementation plan requires three main stages, as shown in Figure 7.
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FIGURE 7: WSN orchestrated design methodology
WSN, wireless sensor network; RRT, random trees; VLD, variable length distance; Het-MRAN, heterogeneous
multiple radio access network; FAHP, Fuzzy Analytical Hierarchical Process; KNN, k-nearest neighbors

The proposed design methodology for the orchestrated WSN system consists of three key stages, as shown
in the block diagram in Figure 7. The first stage involves allocating sensors using the proposed hybrid
technique. The second stage evaluates the most commonly used heterogeneous wireless technologies to
assess the sensors' communication heterogeneity. Finally, the third stage ensures sensor coverage through
Het-MRAN and establishes a wireless communication path for the MEC capable sensor nodes using KNN.

Sensor allocation methods
The sensor allocation methodology examines a 214.2-acre agricultural farm [14]. This agricultural system
enables systematically planting 60 rows of trees 5 meters apart in 60 columns perpendicular to the main
irrigation channel. The farm features both central and sub-irrigation gates. A key objective is
implementing an innovative sensor allocation and coverage strategy throughout the area. The approach
employs a clustering technique to streamline the design process by dividing the total agricultural area
into sub-areas. This is done based on various attributes about the types of sensor nodes, whether they are
HIAS or LAIS, as well as considerations regarding deployment and communication processes, which
include aspects like capacity, coverage, latency, and power consumption. The methodology posits that the
214.2 acres will be organized into 10 sub-areas, each measuring 300 by 300 meters, as illustrated in Figure
8.

FIGURE 8: Agriculture plot cluster
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As depicted in Figure 8, the pedestrian agriculture plot is meticulously designed with a network of 60 drop
irrigation channels, complemented by several flood irrigation sub-channels. Each channel nurtures 60
thriving tree plants, resulting in 3,600 sensing objects dedicated to monitoring plant health. This intricate
setup optimizes water usage and ensures that each plant receives the attention it needs for robust growth
and vitality. This uniform distribution of sensor nodes is costly as it requires a big budget for sensor node
devices and wireless coverage devices.

The proposed hybrid sensor allocation method
The proposed allocation method adopts a hybrid solution [36] of mathematical and graphical methods to
determine the minimum number of sensors and maximize the sensing coverage area. The proposed hybrid
method relies on the following:

· Sensing path or determination of the effective sensing area

· Mathematical distribution based on Manhattan distance

· Range-free allocation technique.

Area sampling technique
The total sensing pass using a rapidly exploring RRT is adopted to determine the area of interest for
deploying sensor nodes [37]. Decreasing the area or determination of a sensing path aids in reducing the
total number of sensors and allocating the sensor effectively. The method plans the path taken by the
autonomous vehicle (UAV, drone, robot, and car) through a continuous closed-loop path [38]. The vehicle
traces a tunnel as a path of a constant conical shape trajectory. The trajectory of the conical shape uses a
series of trigonometry vertices to guide the movement through the path, as illustrated in Figure 9.

FIGURE 9: Triangulation method used with RRT to develop a closed
loop path
RRT, random trees

This moving path is vital for determining the interesting sensing area, which minimizes the required node
number for the total area. The RRT method develops a graphical solution of the sampling area to reduce
the number of sensor allocations. However, a mathematical method ensures the graphical solution and
provides a better tie of the final number of sensors.

Mathematical solution: VLD
To our knowledge, the hybrid algorithm combines graphical and mathematical solutions to provide the
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best solution. However, the proposed mathematical solution, the VLD technique, employs the Manhattan
distance to minimize the number of sensors. It estimates the allocation of nodes using the long edge
distance of the cluster area, which is 150 m. Sensor node allocation is maintained based on bounding
conditions. This condition limits the sensing distance spacing between nodes dsi, as given in equation (1).

The mathematical solutions consider the physical distance constraint in designing the wireless
coverage, as given in equation (1). The maximum limit of the Wi-Fi is the wireless coverage limit of 50 m,
and the minimum limit is the Bluetooth wireless coverage limit of 20 m. The interspacing sensor distance
should maintain a considerable value between the maximum and minimum values. The Manhattan
distance determines the localization distance based on the right-angle distance rule, as given by:

Equation (2) illustrates the allocation of Manhattan distance utilizing proper right-angle distance
measures between two points with different coordinates. This distance allocation framework employs the
coordinates of the category A anchor nodes, designated as (P1, P2), to determine the position of the

category B sensor node, represented by (q1, q2). The relationship and calculation are visually depicted in

Figure 10, which clarifies how the anchor nodes facilitate the measurement of the distance to the sensor
node within a defined two-dimensional space.

FIGURE 10: Sensor distance localization using Manhattan distance

Evaluating the distance requires using the Manhattan equation as represented in equation (2), which also
satisfies the trigonometry equation given in equation (3).

Rather than employing a generalized method to distribute the sensor across the entire environment,
utilizing a designated, unique sensor is more effective. The anchor node is the pivotal extended area
sensing component within its cluster and is utilized only once. This node plays a crucial role in collecting
and consolidating data from the various sensor nodes, establishing a star topology connection. This
structured approach allows for efficient data aggregation, as depicted in Figure 11, enhancing the sensing
process's reliability and accuracy.
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FIGURE 11: Connecting anchor to other sensor nodes in a star topology
connection

Star topology vividly represents dynamic relationships within a network, centering around an anchor node
that functions like the core hub of a wheel. In contrast, the other sensing nodes radiate outward like the
spokes. In this configuration, the coordinates of the anchor node serve as the central reference point for
all surrounding sensing nodes, which are designated as (0,0) for simplicity. Interestingly, even though the
anchor node's coordinates are labeled as (0,0), it is strategically positioned at point D, with actual
coordinates of (150,150). This indicates that the anchor node is situated 150 meters horizontally from the
nearest edge and 150 meters vertically from the top boundary of the designated area, effectively creating a
pivotal point for the entire network's functionality. All six other nodes coordinate Si (xi, yi), where i = 1:6 is

an outcome of a variable argument according to the Manhattan distance rule from the anchor node. This
distance rule must adhere to the sensing and minimum wireless coverage ranges.

Computation graphic solution (Voronoi)
Followed by sensing range allocation based on a nonuniform pattern graphical solution using the Voronoi
algorithm as a range-free method. Voronoi is the nonuniform pattern, considered a more realistic
representation of the omnidirectional antenna and directional pattern deformation. Deformation is
possible based on the multipath transmission and environmental effects on wireless communication, so
the node pattern allocation is more relevant when using Voronoi. Voronoi simulates the heat map of the
wireless signals within an area of nodes. Voronoi partitions the area based on polygons to aid in
heterogeneous sensors for more realistic connectivity solutions, as illustrated in Figure 12.
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FIGURE 12: Sensor wireless signal radiation formation using Voronoi

The proposed sensor allocation is depicted in Figure 12, highlighting a strategically positioned anchor
node at the center of the designated area. This anchor node, marked as point P, has specific coordinates
represented by (P1, P2). Surrounding the anchor, various sensor nodes-Q nodes-are deployed at distinct
coordinates indicated by (qn, qm). Here, "n" denotes the starting coordinate, while "m" indicates the ending

coordinate for each sensor node. These sensor nodes are arranged around the anchor node in diverse,
nonuniform deployment patterns shaped by factors such as their signal strength, the characteristics of the
environment, and the level of interference present. This thoughtful arrangement is crucial for optimizing
sensor performance and maintaining effective communication within the sensor network. Moreover, the
novelty of combining Manhattan distance with Voronoi is to provide a near-reality distribution of
frequencies within the sensor allocation points. The real-world deployment is also highlighted to make
use of this method by mitigating interference, overlapping, and jamming. The proposed design provides
robust connectivity, economic, scalable, and reliable. A pseudo-code for the proposed hybrid algorithm is
shown in Figure 13.

FIGURE 13: The proposed hybrid algorithm pseudo-code

As illustrated in Figure 13, the proposed hybrid algorithm consists of three main phases:

Area clustering.
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Interesting path for allocating sensor nodes.

VLD method using Manhattan distance for determining the accurate allocation points.

Those stages are executed in sequence as illustrated in the hybrid algorithm pseudo-code and yield a
better allocation of sensor node with minimum number of nodes, maximum sensing range/coverage,
lowest latency, and better scalability.

Results
The agricultural area under investigation is a deterministic agrarian area with a dimension of 300 × 300
meters squared. The sensors are of two types: a resource-constrained sensor (LAIS), which is required to
spread through the area, and the anchor sensor node (HAIS), which requires only one unit within the
cluster. The simulation uses a MATLAB 2024 simulator and a laptop with a hardware configuration such as
Dell latitude E7250, an Intel core i7 VPRO processor with a clock speed of 2.59 Gigahertz (GHz), 16
Gigabyte (GB) random access memory (RAM), and 250 Gigabyte (GB) Solid State Drive (SSD) storage.

Sensor localization and deployment results
As stated in the methodology section, deploying (the LAIS) sensor type with uniform distribution through
the 300 × 300 meter squared equals 3600 as a 60 × 60 sensor node. The uniform distribution has high-
density sensors within the uniform grid clustered area, as shown in Figure 14.

FIGURE 14: Uniform distribution of sensor nodes through the
agriculture plot cluster

The distribution of 3600 nodes has a high implementation cost, power consumption, and delay. Moreover,
it has zero sensor allocation error and highly efficient sensing of the agricultural field parameters.
However, the implementation cost and power consumption demands prevent its deployment. Utilizing the
Gaussian distribution of sensor nodes through the examined agricultural field cluster, as illustrated in
Figure 15, provides more centralized sensing coverage.
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FIGURE 15: Gaussian distribution of sensor nodes through the
agriculture plot cluster

The Gaussian distribution of sensor nodes through the examined agriculture plot cluster achieved a
sensing coverage of 65%, necessitating the deployment of 21 sensor nodes. The sensor distribution used
the Gaussian function and the sensing coverage of the agriculture field cluster is obtained using the area
function within the MATLAB simulator. While this method was effective in ensuring good coverage with a
relatively small number of nodes, it ultimately resulted in a less efficient sensing area, as the nodes were
primarily clustered around the central anchor node. In contrast, when analyzing the widely adopted
PSO technique, 36 nodes were strategically deployed. As illustrated in Figure 16, these nodes, referred to
as 36 PSO, enhanced the sensing coverage to an impressive 76%. The sensor nodes are distributed using
the PSO algorithm within the MATLAB simulator, employing the area function to determine the sensing
coverage of the 36 distributed sensor nodes. This optimization not only improved coverage but also
expanded the effective sensing area, offering a more balanced distribution of nodes across the operational
space.
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FIGURE 16: PSO distribution of sensor nodes through the agriculture
plot cluster
PSO, Particle Swarm Optimization

The PSO, while providing more efficient sensing coverage, demanded more sensor nodes and presented
challenges in controlling the capacity of the WSN. The proposed hybrid allocation algorithm, on the other
hand, demonstrated an optimization between the effective sensing area and the minimum allocated
sensor nodes. This algorithm, which used the mathematical process to investigate the minimum number
of nodes while using the graphical solution method minimum area, proved to be a promising solution. The
graphical solution used in the RRT and Triangulation method investigated the formation of a closed loop
sample area from the total area, as illustrated in Figure 17. This graphical solution optimized the
agriculture plot cluster area and further validated the efficiency of the proposed hybrid algorithm.
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FIGURE 17: Optimized agriculture plot cluster area obtained using RRT
and Triangulation method
RRT, random trees; UAV, Unmanned Aerial Vehicle

The optimized agriculture plot cluster area appeared to be an efficient graphical solution for minimizing
the overall cluster area. It offered a promising solution to minimize the number of nodes and improve
sensing coverage. However, the mathematical method's rule is to determine the number of nodes and its
allocation precisely. The hypothesis uses the Manhattan distance, which has a maximum right-angle
distance Dmax of 150 m, a minimum sensing range of 20 m, and a maximum sensing range of 50 m. This

limitation within the Manhattan distance provided a VLD solution that was interesting or localized within
the sample area. The proposed VLD solution deployed 12 nodes, as illustrated in Figure 18.
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FIGURE 18: VLD as a mathematical solution to distribute the sensor
nodes through the agriculture plot cluster
VLD, variable length distance

As illustrated in Figure 18, the sensor nodes deployment process started by allocating the anchor node at
the center of the agriculture plot cluster. The anchor node, a key component in our proposed algorithm, is
a reference point for the sensor nodes deployment process. It plays a crucial role in determining the
optimal allocation of sensor nodes. At the same time, sensors are allocated starting with the anchor node
and using the VLD method to allocate the sensor nodes, as given in equation (2). The VLD method
validates only 12 sensor nodes and a single anchor node per cluster. The coordinates of those nodes are
listed in Table 2.
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Node ID X coordinates Y coordinates

1st node 120 30

2nd node 70 80

3rd node 50 100

4th node -120 30

5th node -70 80

6th node -50 100

7th node 120 -30

8th node 70 -80

9th node 50 -100

10th node -120 -30

11th node -70 -80

12th  node -50 -100

TABLE 2: Sensor nodes final coordinates

The total nodes presented satisfy the mathematical criteria of the proposed VLD method. The localization
of the sensor nodes is achieved by integrating the VLD method with the sample area generated by RRT, as
illustrated in Figure 15. By combining Figures 17 and 18, we achieved a more effective allocation of the
nodes, as shown in Figure 19.
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FIGURE 19: The proposed hybrid method distribution of sensor nodes
through the agriculture plot cluster

Our proposed algorithm utilizes a streamlined network composed of 13 nodes, including 12 sensor nodes
and one controller or anchor node, to achieve near-optimal sensing coverage. Remarkably, the algorithm
reached a coverage rate of 86% of the monitored area, highlighting its outstanding performance. This
significant Figure not only demonstrates the effectiveness of the algorithm but also guarantees its
reliability in practical applications.

The allocation of the sensor nodes which may vary concerning the deviation of the sensor node from the
planned location to the actual placement points. Assuming the ideal case of a plain surface, the error is
approximately zero in value; however, for variation of surface levels, the error range may be from 0 to
0.05. The study is based on previous technical studies, as in [14], and builds the assumptions upon its
limitations in deploying the sensor nodes. In addition to that, Manhattan distance depends on the right-
angle rule for allocating the sensor nodes within the maximum distance value lower than the maximum
edge distance to the cluster edge. However, the cluster edge distance was given as 150 meters from the
center. Changing the cluster dimension and area for sure will result in changing the maximum right-angle
distance. On the other hand, assuming the Wi-Fi and Bluetooth networks limitation with 50 meters and 20
meters as given in [23]. Those may also change based on the wireless technologies used and their
corresponding limitation in connectivity.

Comparing the proposed hybrid allocation method against the PSO
method
The comparison evaluates the proposed hybrid sensor nodes deployment method found in Figure 19
against the PSO sensor nodes deployment method results in Figure 16 using the MATLAB
heatmap method. Figure 20 illustrates the comparison results between the proposed sensor deployment
and the PSO using their MATLAB heat maps.
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FIGURE 20: Heatmap comparison of PSO against the proposed hybrid
method
PSO, Particle Swarm Optimization

The results illustrated in Figure 20 reveal a striking contrast in sensing coverage between the proposed
hybrid method and the PSO method. On the left side, the PSO heatmap showcases its performance,
achieving a mere 76% sensing coverage despite deploying a greater number of sensor nodes. This
highlights a limitation in efficiency, as a larger quantity of nodes does not translate to better coverage. 

In stark contrast, the heatmap on the right depicts the performance of the proposed hybrid method, which
boasts an impressive 86% sensing coverage while employing fewer sensor nodes. This notable
enhancement not only underscores the effectiveness of the hybrid approach but also emphasizes its
ability to optimize resource utilization. By maximizing efficiency and significantly improving overall
sensing capabilities, the hybrid method presents a more robust and effective solution for achieving
comprehensive coverage in sensor networks.

Wireless coverage results
Ensuring wireless coverage for those allocated sensors requires robust heterogeneous wireless
infrastructure. The proposed wireless coverage methods apply fuzzy to quantify and rank the wireless
technologies with the AHP method, as shown in Figure 21.
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FIGURE 21: Ranking of wireless technologies using FAHP
FAHP, Fuzzy Analytical Hierarchical Process; LoRa, low power area network; LTE, Long Term-Evolution

However, according to the data transmission requirements of the sensing object, the sensors are
transmitting at a low and high data rate. The heterogeneity of the wireless infrastructure provides
connectivity sustainability. Maintaining the sensor transmission according to the sensing object requires
switching between the heterogeneous wireless networks based on the ranking, as shown in Figure 20. The
KNN method, a key part of our proposed algorithm, is a machine-learning technique that helps in the
binary selection of wireless networks based on sensing objects. The KNN method selects between two Het-
MRAN groups according to the sensing objects. The first group contains LoRa and Wi-Fi (high coverage-
low bit rate, low coverage-high bit rate), and the second group is LTE and BL (high coverage-high bit rate,
low coverage, low bit rate). Switching between wireless connectivity is maintained by the anchor node
controller and executed by the constrained resources node, a critical component that manages the
network resources and ensures the smooth operation of the network. As illustrated in Table 3, the binary
KNN wireless network switching truth table is maintained based on the sensing object demands.

   Case       Sensor A        Sensor B
                            Chosen

  Tech A Tech B

       1       Low data        High data     BL   Wi-Fi

       2       Low data        Low data     BL    BL

       3       High data        Low data   Wi-Fi    BL

       4       High data        High data   Wi-Fi   Wi-Fi

TABLE 3: KNN truth table
 KNN, K-nearest neighbors

The proposed solution perform switching based on the sensing object data size. The low data rate
connection satisfies the transmission of the low data size sensing object parameter. On the other hand,
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the high data rates offer a transmission needs for the large data size as a sensing object parameter. As an
instance, the low data size sensing object is the temperature, and the high data size sensing object is the
plant photo.

(1) The sensor captures a plant photo and is required to transmit it to the anchor node for analysis. The
anchor node is sensing a soil parameter with a low data rate. So, the KNN switches Sensor A to BL and
Sensor B to Wi-Fi. At the same time, a Wi-Fi communication path between Sensor A and Sensor B must be
maintained.

(2) The sensor senses the weather parameters and is required to transmit it to the anchor node for
analysis. The anchor node is sensing a water parameter with a low data rate. So, the KNN switches Sensor
A and Sensor B to use BL, and a BL communication path between Sensor A and Sensor B is established.

(3) The sensor senses the soil salinity parameters and is required to transmit it to the anchor node for
analysis. The anchor node captures plant photos to analyze the infection, which has a high data rate. So,
the KNN switches Sensor A to a Wi-Fi communication while Sensor B uses BL, establishing a BL
communication path between Sensor A and Sensor B.

(4) The sensor captures the plant photo for leave analysis and is required to transmit it to the anchor node
for analysis. Also, the anchor node captures the plant photo for weed analysis, which has a high data rate.
So, the KNN switches Sensor A and Sensor B to use Wi-Fi and establishes a Wi-Fi path of communication
between Sensor A and Sensor B.

Discussion
Energy calculation for wireless coverage and performance estimation
Four scenarios are based on the KNN path establishment and sensor wireless communication with the
Het-MRAN coverage. The four scenarios of sensor wireless path within the four shortlisted Het-RAN
coverage provide the following possibilities:

(1) High bit rate wireless transmission with low coverage (Wi-Fi) and Low bit rate wireless transmission
with Low coverage (BL). Economic wireless coverage provides low coverage with a low implementation
cost.

(2) High bit rate with high wireless coverage (LTE) and Low bit rate with High Wireless Coverage (LoRa).
This is the highest-cost wireless coverage implementation but provides the best coverage solution.
Moreover, it depends on enterprise infrastructure unavailable in rural areas.

(3) High bit rate with low wireless coverage (Wi-Fi) and Low bit rate with High Wireless Coverage (LoRa).
This moderate solution provides an economical solution within the high bit rate transmission but is most
costly within the low bit rate transmission.

(4) High bit rate with high wireless coverage (LTE) and Low bit rate with Low coverage (BL). This
advanced-moderate solution provides a tradeoff between cost and wireless coverage. The high bit rate
provides the best coverage with a high implementation cost. Despite the low bit rate, transmission has a
low coverage and implementation cost.

Based on those scenarios, performance estimation for power consumption and coverage is investigated.
Table 4 outlines the total power consumption per cluster based on the implemented sensor localization
solution and the power consumption rate found in Table 1 relevant to the wireless characteristics.
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localization Solution

Het-MRAN          [1]
 

Het-MRAN [2]  
      Het-MRAN              [3]
 

          Het-MRAN    [4]
 

BL (W) Wi-Fi (W)
LoRa
(W)

LTE
(W)

LoRa (W)  Wi-Fi (W)  BL (W)  LTE (W)  

Uniform sensor distribution (3600
nodes)

1800 7200 720 18000 720 7200 1800 18000

Gaussian (21 nodes) 10.5 42 4.2 105 4.2 42 10.5 105

PSO (36 nodes) 18 72 7.2 180 7.2 72 18 180

Hybrid-Proposed (13 nodes) 6.5 26 2.6 65 2.6 26 6.5 65

TABLE 4: Het-MRAN four scenarios and relevant power consumption
Het-MRAN, heterogeneous multiple radio access network; PSO, Particle Swarm Optimization; LTE, Long Term-Evolution; LoRa, low power area network; Wi-
Fi, wireless fidelity

Table 4 provides a detailed analysis of the power consumption patterns observed across different wireless
networks, highlighting the significant impact of sensor localization on energy usage. The data presented
offer insights into how various configurations and positioning of sensors influence overall network
efficiency and power demands. These data illustrate that the proposed hybrid sensor distribution has the
lowest power consumption rates, as shown in Figure 22.

FIGURE 22: Power consumption rates

As depicted in Figure 22, the power consumption for the third HetMRAN3 model is notably efficient,
demonstrating a commendable balance between performance and energy use. In contrast, the HetMRAN4
model shows a significantly higher power consumption level, indicating a greater energy demand that
may impact operational costs and sustainability considerations. By comparing the proposed
heterogeneous wireless solution against the practical solution found in [14], the proposed solution
guarantees a better connection possibility with two wireless technologies in opposed to only one type.
Moreover, the proposed solution offered better power saving by adapting the wireless connection based on
the sensing parameter for the observed object. As well, the proposed solution provides better sustainable
connectivity for a scalable smart agriculture system in large farms by utilizing a clustering controller
approach. The plot of the wireless network Het-MRAN energy consumption vector as a function of the
wireless technology is illustrated in Figure 23.
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FIGURE 23: Power consumption per localization method and wireless
technologies
LoRa, low power area network; LTE, Long Term-Evolution; Wi-Fi, wireless fidelity

Figure 21 presents a detailed comparison of the localization methods employed in the simulation for
deploying wireless sensor networks. The graph illustrates that the proposed hybrid algorithm exhibits the
lowest power consumption rates among the methods analyzed. This is followed by the Gaussian sensor
distribution, which ranks as the second most power-efficient approach. In contrast, the PSO-based sensor
localization method stands out as the least efficient, exhibiting the highest levels of power consumption.
This clear differentiation among the algorithms emphasizes the effectiveness of the hybrid approach in
minimizing energy use in wireless sensor network deployments.

Performance evaluation for wireless coverage
In the meantime, Figure 24 illustrates the performance estimation from a coverage perspective, derived
from the deployment of wireless sensors using commonly applied methods in agricultural systems. The
proposed hybrid method is expected to deliver enhanced deployment of wireless sensors when compared
to widely accepted deployment algorithms. Additionally, it guarantees sustainable connectivity through
the Het-MRAN wireless coverage provided by localized sensors.
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FIGURE 24: Sensing coverage percentage vs localization method
PSO, Particle Swarm Optimization

The results, as depicted in Figure 24, demonstrate that the proposed Hybrid method significantly
outperformed the other methods in terms of sensing coverage. Specifically, the hybrid approach achieved
an impressive 86% sensing coverage, while the PSO distribution method [34] achieved 76%, and the
Gaussian distribution method [39] lagged behind at 65%. Compared to its closest competitor, the proposed
hybrid approach achieved a score of 1.13 better results, as indicated in the sensing coverage ratio equation
(4):

Sensing Coverage Ratio (SCR) = Proposed sensing coverage (0.86)/PSO sensing coverage (0.76) (4)

Remarkably, the proposed method utilized only 13 sensor nodes yet managed to deliver superior sensing
coverage while maintaining a minimal power consumption profile. This efficiency underscores the
method's effectiveness in optimizing resource usage. Furthermore, Figure 25 illustrates the final sensing
coverage achieved by the proposed hybrid algorithm within the designated sample area, highlighting its
capability to maximize coverage effectively in the area of interest.
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FIGURE 25: Voronoi diagram of the localized sensors

As shown in Figure 25, the Voronoi diagram developed in this study illustrates the complex intersection of
the nonuniform radiation patterns emitted by the communicating sensor nodes. The deployment strategy
involves positioning the anchor sensor node at coordinates p(p1, p2) at the very center of the designated
sample area, while strategically placing 12 additional sensing nodes, denoted as qi(qi1, qi2) for i ranging

from 1 to 12. Together, these 13 sensor nodes work collaboratively to effectively sense and cover the entire
target cluster area, successfully achieving the design objective of comprehensive wireless coverage.
Furthermore, the selected number of sensor nodes is carefully determined to ensure a scalable design that
promotes interoperable wireless connectivity, minimizes latency, and reduces power consumption to
optimize overall system performance.

As a summarized performance metrics a comparison is illustrated in Table 5

Sensor allocation
type

Coverage
percentage

Power consumption
Wi-Fi-(W)

Allocated
nodes

Cost per
sensing unit

Scalability (Wi-Fi
limitation)

Latency

Gaussian 65 42 21 21 low Low

PSO 76 72 36 36 lower High

Proposed Hybrid
Method

85 26 13 13 High Lowest

TABLE 5: Summarized performance metrics
PSO,  Particle Swarm Optimization; Wi-Fi, wireless fidelity

The summarized performance metrics illustrate the achievements of the proposed solution as compared
to the Gaussian and PSO methods. The proposed solution provides better coverage percentage for the
total area with 85%; however, it provided 100% coverage within the clustered and interesting path. The
proposed solution has lower power consumption, which provides longer lifetime of the resource-
constrained sensor nodes. The allocated nodes of the proposed solution are smaller than both PSO and
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Gaussian, which mean less overall cost and lowest latency. With the lowest number of nodes and a
controller to control the sensor nodes within the cluster, the proposed solution provided high scalability
solution as well.

Conclusions
The research examined the connectivity challenges within innovative agricultural systems. It contributed
to sensor localization and wireless coverage advancements, addressing some of the most significant
connectivity issues. The paper proposed a hybrid algorithm that effectively maintains sensor node
localization while ensuring adequate wireless coverage. This research's contributions can be summarized
in two key areas. First, it introduced a method for sensor localization by determining a sampling area
through a graphical computation solution and applying a VLD mathematical approach for precisely
determining the sensors' location coordinates. Guaranteed wireless coverage for sensor nodes with
resilient heterogeneous wireless infrastructure ensured connectivity and achieved the sustainable MEC
needs. The wireless coverage aspect also explored the Het-MRAN design by ranking the most commonly
used wireless technologies utilizing FAHP. This was followed by employing KNN to establish a wireless
communication path between the sensor and anchor nodes. Furthermore, comparing the proposed
solution with frequently used methods demonstrated improvements in coverage, cost-effectiveness,
capacity management, and reduced power consumption. The research achieved 86% coverage with 13
nodes, and 70% lower power consumption rates than the PSO. The proposed solution provides a potential
solution for large, especially rural farms. The proposed solution also supports agriculture system, which
adopts fixed sensing stations with constrained application of the UAV solution. As a direction for future
work, the study recommends conducting an empirical study by deploying the proposed orchestrated
design.
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