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Abstract 

The smart agriculture system requires high efficiency to automatically maximize crop yields and 
minimize losses. Wireless sensor networks (WSNs) are essential for maintaining system sustainability 
through sensing and connectivity. However, they encounter challenges related to cost, 
interoperability, and reliability. Efforts have been made to expand sensing capabilities while 
managing costs and addressing variability in sensor communication and power consumption. 
Despite these efforts, a comprehensive solution—especially for orchard fields—remains 
undeveloped. This study introduces a coordinated WSN design to optimize sensing and connectivity 
in agricultural fields. We employ an integrated sensing and connectivity (ISAC) strategy to create a 
complete solution. Our hybrid approach combines graphical computation with distance-vector 
algorithms for reliable, cost-effective deployment. Additionally, resilient connectivity is achieved 
through effective channel modeling and adaptive beamforming. The proposed method, combined 
with quantitative heterogeneous network selection using MLR-AHP, addresses interoperability 
issues and improves network resilience. Results indicate improved sensor placement and wireless 
ranking, even with only 5 nodes. The solution extends sensor battery life, maintains 99% coverage, 
and empirical tests validate its effectiveness for designing and deploying WSNs in orchard fields.   

Keywords: smart agriculture system; WSN; sustainability; heterogeneous wireless; MLR-AHP; RDT; 
coverage; lifetime; optimization; area sampling 
 

1. Introduction 
The global population growth is causing a significant food shortage, affecting about 40% of the 

world's population [1]. Key factors include inadequate food storage and low production rates. 
Initiatives to incorporate e-commerce and digital technologies into storage and logistics are ongoing 
[2]. While these methods are beneficial, they still lag behind the rising food demand. Increasing 
agricultural productivity and minimizing losses are generally considered more effective strategies 
[3]. However, challenges such as shrinking farmland, labor shortages, declining water supplies, and 
climate change hinder productivity growth. Researchers are keenly exploring new agricultural 
techniques to tackle these issues. Among them, smart agricultural systems hold great potential to 
boost output, reduce labor requirements, and reduce waste [4]. These systems utilize IoT technology, 
which provides advanced features and relies mainly on three key processes: data collection, analysis, 
and management [5]. These processes are essential to agricultural advances in Industry 4.0, as 
illustrated in Figure 1. 
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Figure 1. Components of an Industry 4.0 smart agriculture system. 

The data acquisition phase involves collecting soil, water, climate, and plant trait data using 
stationary, mobile, or satellite-based sensors. Fixed sensors are most common due to their reliable 
performance. These sensors transmit data to the control unit for analysis and decision-making, and 
to the central system for further processing. Maintaining sustainable sensing and reliable connectivity 
is essential, as poor connections can disrupt data flow and threaten system sustainability [6]. The 
wireless sensor network (WSN) provides the primary infrastructure for data collection and exchange, 
requiring an efficient, distributed farm network.  

Allocating fixed sensor nodes is crucial yet challenging due to uncertainty. The main challenge 
is how to distribute these nodes efficiently to cover the area with the fewest sensors. There is a trade-
off between minimizing the number of sensors and ensuring effective data collection [7]. Field sensing 
is essential for the operation and management of smart agriculture systems. Reducing the number of 
sensing elements may lead to insufficient data, resulting in incorrect decisions and potential losses. 
Over the last decade, sensor technology has advanced significantly, offering greater capabilities but 
at higher per-node costs. The latest development is integrated sensing and communication (ISAC), 
which turns sensing units into fully capable nodes that can sense, process, and communicate [8]. This 
innovation has led many manufacturers and developers to produce such nodes. However, the lack 
of standards across manufacturers has caused interoperability issues, complicating sensor node 
deployment [9]. 

Field sensing uses various sensors to measure infrequently changing physical parameters, 
thereby reducing the need for widespread deployment. Weather parameters vary over large regions, 
so extensive sensor coverage isn’t necessary. However, modern systems recommend a balanced 
distribution of sensors across different functions. Temperature sensors can detect anomalies, such as 
fires, early. Humidity sensors monitor issues like water stress or infections [10]. Soil parameters such 
as temperature, humidity, pH, and salinity are assessed using targeted samples. Soil sensors should 
be evenly spaced to detect heat stress, root infections, flooding, or leaks. Salinity sensors are useful in 
dense weed areas [11]. Proprietary sensing offers benefits but doesn’t eliminate the need for broad 
coverage. Reliable autonomous systems depend on continuous monitoring; inaccurate data can 
impair decisions, underscoring the importance of proper sensor placement. The shift toward 
regenerative agriculture and climate adaptation emphasizes dense field sensing [12]. This dense 
sensing, in turn, requires improved connectivity, especially in orchard fields [13]. 

Enhanced wireless coverage for sensor nodes reduces power consumption and prolongs device 
lifespan [14]. Improved coverage decreases the power needed for reliable communication. Wireless 
connectivity is vital for sustainable smart agriculture, supporting both in-field and backhaul links. 
Although both are crucial, the growth of edge processing shifts attention toward in-field connectivity. 
Factors such as terrain, foliage, and obstacles, as well as poor coverage, affect sensing and 
connectivity, with foliage and leaves posing major obstacles [15]. Network interoperability issues and 
dead zones disrupt connectivity and data flow. An unreliable backhaul risks system management 
and cloud-edge architecture. Power and energy constraints threaten sustainability, especially for 
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rapid response, high-bandwidth agricultural monitoring [16]. These challenges must be considered 
during the design process. The type of agricultural field influences design, as land and plant 
parameters can weaken signals, especially in orchards with dense foliage and tall trees. Beyond their 
economic value, orchards are particularly significant. 

Numerous studies aim to improve wireless communication, sensor placement, and system 
reliability [17]. The diverse range of wireless options in WSN equipment also presents challenges [18]. 
At the same time, cost-effective sensor deployment in agriculture is highly sought after [19]. While 
creating efficient WSNs guarantees reliable sensing and connectivity, this remains an active research 
area. To our knowledge, no existing work combines sensor deployment and wireless coverage into a 
single solution. This paper introduces a novel WSN design that enhances sensing coverage and 
wireless connectivity [20]. Its primary goal is to enable dependable, real-time data collection with 
minimal cost and power consumption. A secondary aim is to support heterogeneous wireless 
communication to address interoperability issues. Additionally, the paper aims to improve capacity 
planning and data management through a comprehensive fixed-sensing strategy. The structure 
includes sections on related work, methods, simulations, analysis, results, discussion, and 
conclusions.  

The proposed method employs optimized sensor placement, signal modeling, and decision-
making processes to select the most suitable wireless technology. The main contributions are 
summarized below: 

1. This study proposes a hybrid method combining geometric principles and random 
sampling to identify optimal field zones. It ensures thorough coverage, efficient processing, and 
balances accuracy with adaptability, improving environmental data collection. 

2.  The wireless node distribution model employs a distance-vector algorithm combined 
with signal-range constraints to optimize sensor placement within the sampling area. It addresses 
orchard-specific wireless issues, such as signal attenuation and interference, to ensure reliable 
communication, reduce coverage overlap, and save energy. 

3. A hybrid regression–Analytic Hierarchy Process (MLR-AHP) model ranks wireless 
communication technologies by combining regression analysis with the AHP comparison matrix. 
This provides an objective ranking that supports informed decisions, considering agricultural 
conditions, range, and power limitations.  

4. Progress in precision agriculture and smart farming is propelled by ISAC-based WSN 
design, which improves data gathering, connectivity, and sustainability. This facilitates real-time 
monitoring, better decision-making, and more efficient resource utilization, leading to increased 
sustainable productivity.  

2. Related Work 
The design of WSNs in smart agricultural systems is characterized by considerable uncertainty. 

Since ISAC is the primary driver of the design, it is more effective to treat coverage as a key sensing 
goal. The primary challenge is to balance reducing deployment expenses while ensuring reliable 
field-parameter sensing. 

Extensive research has explored how to locate sensor nodes in agricultural regions. Satellite 
remote sensing provides a potentially affordable backhaul option, as mentioned in [21]. Yet, this 
approach faces limitations in accuracy and visibility caused by cloud cover and tends to become more 
costly over time. Drones, as discussed in [22], present an economical alternative to satellite systems. 
Nevertheless, satellite imagery generally offers greater potential than drone-based analysis. Despite 
this, using drones to monitor plant health is extremely useful for evaluating growth rates and 
nutritional status [23] and for predicting yields [24]. Still, significant challenges persist, including 
complex path planning, reliable communication, and effective charging management. 

On the other hand, stationary sensing enhances the analysis of soil characteristics, provides more 
accurate weather monitoring, and facilitates improved water sensing, as outlined in [25]. There are 
three primary approaches to addressing uncertainty in sensor node allocation: probabilistic, 
stochastic, and deterministic [26]. Probabilistic allocation involves distributing sensor nodes based 
on their relevance to agricultural objects. In contrast, stochastic methods enable better allocation with 
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fewer sensors and a broader sensing range, thereby reducing overlap, as shown in [27]. Deterministic 
allocation yields the optimal sensor placement relative to the sensing target, as described in [28]. 
Better solutions can be achieved by adding clustering techniques, as noted in [29]. In addition, the 
most effective optimization arises from a systematic distribution tailored to the specific area, as 
mentioned in [30]. Deterministic distributions include various systematic arrangements, such as the 
systematic grid [31], the hexagonal pattern [32], and the triangular layout [33]. Several methods are 
employed to optimize sensor allocation, including particle swarm optimization (PSO) [34], annealing 
[35], and the Gaussian distribution of sensor nodes [36]. 

Additionally, alternative methods such as mathematical sensor allocation [37], graphical 
computation-based allocation [38], and a hybrid approach have been explored. Many hypotheses 
regarding sensing range and wireless coverage lack robust support, particularly regarding coverage 
within the area of interest. That still doesn’t align with the ISAC approach in the agricultural field. 

An often-overlooked aspect of sensor deployment is providing simultaneous, relevant wireless 
coverage, which also encompasses sensor connectivity diversity. Most research emphasizes sensor 
placement rather than wireless technologies. Satellite technology offers a backhaul solution for cloud 
WSNs, as shown in [39], but it is costly to implement, making satellite-capable sensors rarely used. 
Nb-IoT is viewed as a more affordable option for cloud-edge systems, yet its effectiveness depends 
on service availability, as in [40]. LoRaWAN provides a more economical alternative compared to 
satellite and NB-IoT; however, its low bit rate and bandwidth restrict its use to low-data-rate sensing, 
excluding photo or video applications, as in [41]. Bluetooth presents a promising low-cost, low-rate 
deployment option for clustering, as in [42]. Wi-Fi offers high data rates and low deployment costs, 
making it suitable for clustering, as in [43].  

Several practical studies have explored WSN design by identifying the optimal clustering 
strategy with respect to the top approach, which offers a more scalable solution, as discussed in [44]. 
It also helps reduce complexity and traffic latency, particularly in full-mesh WSNs, as shown in [45]. 
Additionally, it enhances processing and management at the edge devices, as indicated in [46]. 
However, the study in [47] identified the optimal clustering strategy with respect to deployment 
costs. Considering the impact of planting on the WSN, especially on infield connectivity among 
sensor nodes, is also very desirable. A practical study of deploying a WSN with adaptive 
beamforming to maintain connectivity is presented in [48]. Figure 2 summarizes the WSN design 
approaches. 

 
Figure 2. WSN design approaches. 

This paper investigates graphical computation for clustering the entire area into samples 
through deterministic and probabilistic allocation. Furthermore, it aims to present a mathematical 
solution within a square deterministic grid framework. The study will empirically examine Voronoi 
clustering as an effective method for assessing sensing and connectivity. The goal is to develop an 
algorithm that improves sensing range, cuts costs, extends lifespan, and boosts connectivity. 

3. Methodology 
The methodology of the proposed hybrid solution is split into two main sections.   
• Wireless coverage to address the sensors’ interoperability issues. 
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• Fixed sensor localization, which reduces the uncertainty of the sensor distribution. 
The research methodology makes the following assumptions for conducting the study: 
1)  The orchard field is flat and stable, facilitating strategic placement of sensors in two 

dimensions. Nonetheless, the study also examines how vegetation impacts wireless communication 
in three dimensions. The research study incorporated adaptive beamforming for the orchard field 
wireless channel. 

2) Sensor nodes are categorized into two types: Type 1 and Type 2. Type 1 nodes, fully 
equipped with sensors, act as the central anchor, while Type 2 nodes, partially equipped, surround 
it. 

3) Besides built-in sensors, sensing nodes connect to external sensing elements. Wireless 
communication metrics are numerous. The study used a quantitative approach to select a pair of 
heterogeneous wireless networks. 

4) The research employed a mixed-methods approach across three stages: initially, 
clustering the area using graphical computation; second, deploying sensor nodes through a grid, 
distance vector, and mathematical methods; and third, validating sensor nodes with Voronoi 
tessellation, adaptive beamforming, and RSSI enhancement. 

The methodology enhances wireless coverage and sensor placement by fixing power and 
connectivity issues for reliable links. It employs various wireless technologies for broad coverage and 
minimal power use by connecting only to relevant nodes. A quantitative approach ranks wireless 
sensor options. Sensor localization uses a hybrid algorithm with graphical computation and distance 
vectors, as shown in Figure 3. 

The methodology streamlines sensor deployment by employing clustering to pinpoint areas of 
interest, optimize placement, and minimize the number of sensor nodes. It accounts for wireless 
constraints and distance vector routing, ensuring high-density coverage and reliable connectivity. 
Furthermore, it evaluates and ranks appropriate wireless technologies for integration, reducing delay 
and power consumption. 
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Figure 3. Methodology. 

4. Methods 
4.1. An Algorithm for Ranking Wireless Technologies: 

This section covers solutions for dependable wireless connectivity in industrial sensors. The 
algorithm shown in Figure 3 creates a heterogeneous wireless infrastructure. Achieving system 
reliability requires leveraging multiple wireless technologies to meet the connectivity demands of the 
agricultural system, illustrated in Figure 1. While interest in heterogeneous networks is increasing, 
decision-making methods based on multiple criteria (MCDM) remain common [49]. The most widely 
used MCDM method is the Analytical Hierarchy Process (AHP) by Saaty [50], valued for its 
straightforwardness and for its ability to structure complex decisions into a hierarchy, as explained 
below. 

goals → criteria → sub-criteria → alternatives. 
This clarity aids in solving multidisciplinary problems by evaluating technologies based on 

bandwidth, lifetime, delay, and plant health. The Pairwise Comparison Matrix assesses two items at 
a time, such as "Is coverage more important than bandwidth?" Properly constructing the matrix 
reduces cognitive load, particularly for experts who may find quantitative methods difficult. 
Accuracy in this process is essential. 

The Analytic Hierarchy Process (AHP) translates qualitative judgments into quantitative 
weights by integrating technical data and expert opinions. It employs a consistency ratio (CR) to 
ensure judgment reliability. The pairwise comparison matrix impacts ranking results and varies, 
highlighting differences between qualitative and quantitative evaluations. Generating multiple 
matrices from a qualitative scale can lead to inconsistencies. To mitigate this, approaches like Fuzzy-
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AHP (FAHP) have been introduced. While matrix construction refines weights, FAHP's advanced 
techniques do not fully address the underlying problem. A hybrid method leverages machine 
learning, particularly multiple linear regression (MLR), which is simpler and more transparent than 
fuzzy methods. MLR models the relationships among wireless network options, attributes, and goals 
through an equation that computes a usability score based on delay (D), bandwidth (B), power (P), 
range (R), environmental impact (H), and capacity (C), as: 

Y= β0 + β1D + β2B + β3P + β4R + β5H + β6C + ε        (1) 
where: 

• β₀ represents the baseline value, unaffected by the parameters. 
• ε is an error term used to adjust the equation's sides. 
• Y denotes the Usability Score 
• βi corresponds to the coefficients, with i ranging from one to six.  
Equation 1 describes traffic across wireless technologies such as Wi-Fi, Bluetooth, Zigbee, LoRa, 

NB-IoT, and 5G [51], which serve as the basis for the comparison matrix. During a two-week period, 
six sensing nodes communicated with a controller, while a Python-based simulator generated a 
synthetic dataset that mimicked realistic behavior [52]. The total traffic for each node was calculated 
as a weighted sum with added noise to account for environmental variability. Data were then 
aggregated by protocol for AHP analysis, and the regression coefficients are presented in Table 1. 

Table 1. Values of the regression coefficients. 

Criterion Coefficient (β) Interpretation 
Delay -0.35 Lower delay = better 
Bandwidth 0.30 Higher bandwidth = better 
Power -0.15 Lower power = better 
Range 0.10 More range = slightly better 
Plant Health 0.05 Slightly beneficial 
Capacity 0.25 Large positive weight 

The pairwise comparison matrix employs the average total traffic scores for each protocol. Each 
element aij indicates the significance of protocol i relative to j, as described as: 

aij = scorei/scorej                                (2) 
The matrix is reciprocal, indicating that for each element aij, the corresponding element aji is its 

reciprocal, 1/aij. This matrix is used as input in the AHP ranking process. 
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Figure 4. Process flowchart for heterogeneous wireless network coverage. 

The methodology employs the AHP to establish a weight vector that ranks wireless networks. 
The AHP process comprises these steps: 

Create a composite score for each technology using MLR following equation (1). Then, compute 
the scores for each technology based on normalized inputs. Calculated the normalized weights for 
each protocol as follows: 

a.  Column normalization: Divide each element by the total sum of its column.  
b.  Row averaging: The mean of each row in the normalized matrix defines the weight 

of the protocol. 
These weights indicate the relative significance of each protocol based on the combined metrics. 
1. Apply AHP: AHP simplifies complex decisions into pairwise 

comparisons, synthesizing results to derive weights and rankings based on specific criteria: 
• Coverage: Influenced by Range & Capacity 
• Lifetime: Influenced by Power Consumption 
• Plant Health Impact: Influenced by Delay & Impact score 
• Bandwidth: Directly influenced by Bandwidth 
The dataset included 6 nodes over 14 days, yielding 504 measurements (6 protocols × 6 nodes × 

14 days) [52]. This sample size was enough to reduce variability in protocol scoring and maintain 
consistency in the AHP pairwise comparisons. The goodness of fit was implicitly confirmed through: 
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• Consistency Ratio (CR): Ensures reliability of pairwise 
judgments. 

The Consistency Ratio (CR), computed using equation 3, is used to verify the logical consistency 
of the pairwise comparisons. 

CR= CI/RI                       (3) 
where:  

• CI is the consistency index, calculated through: 
CI = [(λmax–n)/(n-1)]                  (4) 
• λmax is the maximum eigenvalue of the pairwise matrix 
• 𝑛𝑛 is the number of protocols 
• RI is the Random Index for 𝑛𝑛 alternative 
• The RI value in the AHP process is 1.24 for six alternatives.  
The pairwise comparison matrix is consistent if CR ≤ 0.1. It maps attributes to criteria and 

develops priority matrices. Table 2 shows the wireless ranking results based on coverage distance. 

Table 2. Wireless Technology Coverage. 

Technology 
Normalized 

Range 
Normalized 

Capacity 
Composite 

Sigfox 1.00 0.15 0.575 
NB-IoT 0.70 0.75 0.725 
LoRa 0.20 0.15 0.175 

ZigBee 0.002 1.00 0.501 
Wi-Fi 0.002 0.003 0.002 

Bluetooth 0.0002 0.0001 0.00015 

The coverage distance extends the wireless network, ensuring sensor connectivity. Wireless 
coverage is vital to system sustainability, as it relies on a stable wireless infrastructure. Sensors are 
hardware-constrained, and their lifetime affects system trustworthiness. Wireless networks are 
ranked by power consumption, as shown in Table 3.  

Table 3. Wireless Technologies Lifetime. 

Technology Power (mw) Lifetime Score (1/Power) 
LoRa 10 0.10 

NB-IoT 20 0.05 
ZigBee 40 0.025 
Sigfox 50 0.02 
Blue 100 0.01 

Wi-Fi 500 0.002 

Power consumption is key when choosing wireless networks. Less power-hungry connections 
are better, extending sensor life and supporting sustainability. Wireless signals also impact plant 
health, especially growth rates. Longer connection times have greater effects, as shown in Table 4. 

Table 4. Wireless Technologies: Plant Health Impact. 

Technology 1/Delay Impact Score 
Bluetooth 0.200 4 2.80 

Wi-Fi 0.100 3 1.80 
ZigBee 0.010 6 3.00 
NB-IoT 0.002 8 4.80 
LoRa 0.001 9 5.40 
Sigfox 0.0005 7 4.20 
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Delay rates evaluate wireless connectivity quality by ranking connections from least to most 
impact, as described in [53]. Data-acquisition nodes typically need high data rates, particularly for 
plant images. Bandwidth, an essential metric, orders networks from highest to lowest, as shown in 
Table 5. 

Table 5. Bandwidth ranking. 

Technology Bandwidth (kbps) 
Wi-Fi 54000 

Bluetooth 1000 
ZigBee 250 
NB-IoT 250 
Sigfox 100 
LoRa 50 

Wireless connection bitrates show that higher speeds generally provide more reliable plant 
image transmission. Once these four rankings are determined, the AHP process uses them to identify 
the most appropriate wireless connection ranking. This helps determine the optimal data offloading 
strategy in a dense, mixed wireless network. 

4.2. Deploying Sensors in a Way That Minimizes Costs While Maximizing Sensing Coverage 
The approach uses a deterministic sensor placement strategy. It positions the anchor node (Type 

1) at the field's center, with other sensor nodes (Type 2) surrounding it. The Type 1 node has all 
sensing components for normal and abnormal detection, while the Type 2 node has only the essential 
sensing elements. Both node types share the same shape, as shown in Figure 5. 

 
Figure 5. Sensing Node schematic diagram. 

The Figure illustrates a sensing node that includes a tripod, an antenna, a weather station, a soil 
sensor, and a junction box. The tripod provides ground support and stability for the sensor system. 
The antenna, mounted at the top of the tripod, transmits wireless signals by converting 
electromagnetic waves into electrical signals and connecting to the gateway via a cable in the junction 
box. Above the antenna, the weather station contains sensors to measure various weather parameters. 
The soil sensor, installed in an underground tube, monitors soil conditions and is connected to the 
gateway via a cable in the junction box. The junction box attached to the tripod safeguards the 
components and houses the power supply, photovoltaic unit, controller, gateway, UV-index sensor, 
ultrasonic sensor, infrared sensor, and camera. 

The anchor node (Type 1) is a fully equipped sensor node that includes: 
• A high-capability embedded system board enabling communication and data analysis for 

sensor nodes, installed within the junction box. 
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• The weather station sensors measure temperature, humidity, dew point, UV index, 
rainfall, and wind. This unit connects to the controller with a cable and communicates wirelessly with 
the junction box. 

• Soil-sensing sensors measure temperature, humidity, pH, and salinity. The sensing 
element is housed inside a tube extending into the soil. This unit connects to the controller via cable 
and wireless links through the junction box. 

• Sensors for plant health, such as distance, motion detection, and infrared, are installed 
inside the junction box. 

• The photovoltaic unit supplies energy to the controller, while the charging unit, with 
various components, is installed inside the junction box and the PV unit on its back cover. 

Other sensor nodes are classified as minimally equipped (Type 2), able to detect and measure 
various agricultural physical parameters such as: 

•  A compact system board connects sensors and communicates with a controller. 
• Weather sensors detect temperature, humidity, smoke, and UV index, connected via cable 

and wirelessly through the junction box. 
• Soil sensors for temperature and humidity are mounted in a tube in the soil, linking to 

the controller both wired and wirelessly. 
• Plant health sensors measuring height, distance, motion, and infrared are installed inside 

the junction box. 
• Power is supplied by the photovoltaic (PV) unit and power consumption components 

inside the junction box, with the PV unit on the junction's back cover. 
The methodology involved enhanced assessment of weather, soil conditions, plant health, 

growth rates, and pest detection. Table 6 lists the sensor types used in the study, along with their 
connection types.  

Table 6. Sensor elements equipment for both sensor node types 1 and 2. 

physical 
Parameter 

Sensor Type 
Measurement 

Technique 

Sensor Node 

Equipment 
Sensor   
vendor 

Air  
Temperature 

& RH 
(Relative 

Humidity) 

Thermistor / 
Capacitive 
Polymer 

Temperature: Change 
in resistance. 

Humidity: Change in 
the dielectric constant 

of a hygroscopic 
material  

Type 1 &2. 
Vaisala 
series, 

DHT22 [54] 

Wind Speed 
& Direction 

Anemometer 
(Cup/Propeller)  

Cup/Propeller: 
Measures the rotation 

frequency. 
Type 1. 

Gill 
Instruments 

[55] 

Precipitation  Tipping Bucket 

Measures the number 
of tips (volume) of a 

small, calibrated 
bucket filled by rain.  

Type 1. Decagon [56] 

Solar 
Radiation 

Pyranometer  

Pyranometer: 
Measures total 

(shortwave) radiation 
using a thermopile to 
detect heat generated 

by solar energy.  

Type 1,2. 
Apogee 

Instruments 
[57] 

Soil 
Moisture  

Capacitance   Type 1&2. 
METER 

Group [58]  
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Soil 
Electrical 

Conductivity 
(EC) 

Four-Probe 
Method  

Measures the soil's 
ability to conduct an 

electric current across 
electrodes. 

Type 1.  METER [59]  

Soil pH  Potentiometric  
Measures the voltage 

potential. 
Type 1. METER [60] 

Wired sensors are mounted on the sensor node board, while wireless sensors offer more 
mounting flexibility within the grid. All sensors can measure physical parameters in various 
conditions. These considerations optimize placement and improve autonomous field monitoring. The 
study presents a method to allocate sensor nodes to maximize coverage with fewer nodes. 
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Figure 6. Sensor allocation process flow chart. 
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The flowchart in Figure 6 shows the WSN allocation algorithm. It begins with defining sensors' 
normal distribution over a square area, A(x, y), with x = y, as in Figure 5.  

 
Figure 7. Orchard sample area of systematic tree planting in a square grid scheme. 

The agricultural zone is an orchard with trees, represented by T(x, y) and illustrated by green 
dots in Figure 7. The system's coverage, C(x, y), is the minimum number of sensor nodes needed to 
monitor area A(x, y) while optimizing sensing of T(x, y). The area size impacts sensor requirements 
and connectivity constraints. For Wi-Fi, the max range is about 150 meters, as in Figure 8 [61]. 

 
Figure 8. Determining Maximum Distance for Wi-Fi Signal Extension: Key Practices. 

Best practice [62] recommends limiting Wi-Fi repeaters to three devices with at least 30% 
coverage overlap. Figure 8 shows three devices at distances greater than 150 m, and Figure 9 depicts 
a 300 m area around an anchor node. Uniform sensor distribution in this area results in excess sensors, 
so a distance-vector algorithm optimizes placement via graph analysis [63], maintaining device 
positions and neighbor relations [64], and clarifying communication dependencies through graph 
theory [65]. While aiding placement, it affects capacity and causes delays. To minimize sampling 
distance, the area is analyzed for optimal placement, often within mobile sensing solutions to reduce 
travel. Techniques like RRT are used for area sampling [66, 67], though they may pick suboptimal 
sites. The proposed approach uses random exploration from fixed points, introducing a deterministic 
Rapidly Exploring Deterministic Tree (RDT), which selects multiple points to ensure effective, 
uniform sampling, as shown in Figure 9. 
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Figure 9. Possible sensor allocation points. 

The proposed RDT algorithm is assessed by examining the distribution of blue and yellow points 
across the specified area, as illustrated in Figure 9. Blue points represent the primary probability 
distribution, while yellow points highlight deviations from this distribution by sensor nodes. These 
points assist in guiding the potential placement of sensor nodes within agricultural area A (x, y). The 
main area is divided into 36 sub-squares, each measuring 50 meters on a side. Blue points are 
scattered within these sub-squares with a 5-meter offset along the edges, and a yellow point is 
positioned 5 meters from the center, avoiding overlap and ignoring the edges and the bottom border. 
The RDT then uses these nodes to generate a closed-loop path, helping to identify areas of interest. 
The approach checks whether the new area of interest is smaller than 0.8 times the size of the central 
regions. Additionally, sensor nodes are allocated based on distance vectors to mitigate wireless 
limitations [57]. The system assumes a sensing range of 40 meters, as shown in Figure 10, with a 
maximum range of 50 meters. 

 
Figure 10. Sensor node sensing and coverage limits. 

The sensor node's wireless coverage radius, R2, is 50 meters, and its sensing range, R1, is 40 
meters. These constraints guide proper node placement within the area. The algorithm maintains 
overlaps within the sensing range to improve communication and reduce redundancy. It iterates 
until stable communication and neighbor relationships are achieved. The performance is then 
compared to previous methods. 

4.3. Wireless Communication Within the Orchard Field 
Deploying a WSN in an orchard is more challenging than in an open field due to the "vegetative 

barrier" formed by trees. Ensuring reliable connectivity and precise data collection requires 
examining the field's physical and environmental conditions. This study details an orchard 
investigation, including analysis of orchard features, modeling of the wireless channel, and 
validation through Voronoi diagrams. 

4.3.1. Orchard Field Characteristics 
The placement of trees influences network topology, such as star, mesh, or cluster-tree 

configurations. Tree spacing and alignment are typically set in predictable rows, as shown in Figure 
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11. Sensor nodes placement is maintained efficiently through these rows to preserve a clear Line-of-
Sight (LoS). 

 
Figure 11. Orchard field. 

• Tree height determines antenna placement, ideally just above the canopy (2.5–3.0m) for 
maximum range, enabling signals to diffract over trees. 

• Vegetation density affects signal attenuation; dense canopies, like mature citrus or mango 
orchards, need higher node density than sparser, younger apple trees. 

4.3.2. Wireless Channel Modeling 
The orchard's impact on wireless signals involves mechanisms like attenuation, scattering, 

shadowing, and seasonal changes [69]. Water in leaves absorbs RF energy, especially at 2.4 GHz. 
Small leaves scatter signals, trunks cause diffraction and multipath interference, creating fading. 
Large trunks form shadow zones with lost connectivity behind them. Seasonal changes affect signal 
quality, with wetter summer foliage reducing performance compared to winter. The model uses 
equations from a channel model, including Weissberger's Model, which estimates additional 
attenuation caused by dense vegetation beyond a 14 m threshold, approximated as: 

PL Weiss(d) = �0,                               𝑑𝑑 ≤ 14 𝑚𝑚
0.45 ∗ (𝑑𝑑 − 14),     𝑑𝑑 > 14 𝑚𝑚         (5) 

Where: 
• d = path length (m) through foliage 
• The coefficient 0.45 dB/m is a typical attenuation slope for moderate vegetation at 2.4 

GHz. 
• COST 235 provides empirical estimates of attenuation for various foliage densities and 

frequencies. The model's general form relates attenuation to frequency and leaf depth. Equation 6 
provides an empirical approximation at 2.4 GHz. 

PLCOST235 (d) = 0.2 x (f 0.3) x (L 0.6) x (d/100).       (6) 
Where: 

• f = frequency in MHz 
• L = one-sided foliage depth in meters 
• d = path distance in meters 

When integrated, each link's instantaneous (SNR) is expressed as: 
SNR(d) = Pt − PLmodel(d) − N0.                     (7) 
Where: Pt is the transmitted power (dBm) and N0 is the noise floor (dBm). 

4.3.3. RSSI Adaptive Beamforming Combined with Voronoi-Based Validation 
To tackle these features, the following technical strategies are necessary: 
•  Optimal node placement:  
 Near ground: Ideal for soil monitoring, but experiences high signal loss caused by the 

Fresnel zone obstruction from ground and weeds. 
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 Mid-canopy: Subjected to significant attenuation due to dense foliage. 
 Above-canopy: Provides the longest range (up to 2-3 times farther than mid-canopy) but 

is more challenging to install and maintain. 
• Link quality metrics: Utilize RSSI (Received Signal Strength Indicator) to detect "blind spots" 

during the initial field survey. Combine this with Voronoi diagrams to create a realistic coverage 
pattern for each sensor node, accounting for the 3D effects of plants. 

The adaptive beamforming is maintained through two steps [70]: 
(1) estimation technique for Direction of Arrival (DoA) estimation.   
Consider M = eight antenna elements (at the controller) and K narrowband far-field signals (from 

sensor nodes); then, the array output vector can be modeled as: 
x(t)=a(θ) x s(t) + n(t)                      (8) 

Where: 
• x(t)∈CM×1 = received signal vector 
• s(t)∈CK×1 = source signals 
• Noise vector (AWGN) = n(t)∈CM×1   
• a(θk) = steering vector for the kth source, K is a counter 1:8. 
For a ULA with inter-element spacing d and wavelength λ the steering vector is expressed as: 

a(𝛉𝛉) = [1, 𝑒𝑒−
𝑗𝑗2𝜋𝜋𝜋𝜋
𝜆𝜆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , 𝑒𝑒−

𝑗𝑗4𝜋𝜋𝜋𝜋
𝜆𝜆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , …𝑒𝑒−

𝑗𝑗2𝜋𝜋(𝑀𝑀−1)𝑑𝑑
𝜆𝜆 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ]    (9) 

Covariance Matrix Estimation: This method calculates the spatial covariance matrix using N 
snapshots, as: 

Rx = 1/N ∑ 𝑋𝑋(𝑡𝑡)𝑋𝑋(𝑡𝑡)𝐻𝐻𝑁𝑁
𝑡𝑡=1                      (10) 

Then perform eigen-decomposition, as: 
Rx=EsAsEsH + EnAnEnH                                         (11) 
Where: 
• Es = signal subspace eigenvectors (largest K eigenvalues) 
• En = noise subspace eigenvectors (smallest M−K eigenvalues) 
Finally, MUSIC exploits the orthogonality between the steering vectors of the true sources and 

the noise subspace, which is expressed as: 
PMUSIC (𝛉𝛉) = 1/ (aH (𝛉𝛉) En EnH a(𝛉𝛉))        (12) 
The peaks of PMUSIC(θ) correspond to estimated DoAs. For M sensor nodes, MUSIC scans θ 

over [-90°, 90°] and detects M peaks. 
(2) Adaptive beamforming employs the least mean square (LMS) algorithm to optimize 

antenna weights, enhancing signal power in the DoA direction while reducing the error between the 
desired and received signals. The LMS algorithm is an iterative process that minimizes the mean 
squared error (MSE) between the beamformer's output and the reference signal. 
In the proposed approach, once MUSIC detects the DoAs of the eight sensor nodes, LMS adjusts the 
antenna weight vector to direct the main lobes of the radiation pattern toward those angles. This 
adjustment improves the reception of desired signals while minimizing interference. For an M-
element ULA receiving the vector x(n) ∈ CM×1, the beamformer output is given as: 

y(n)=wH(n)x(n)                  (13) 
Where: w(n)=[w1(n),w2(n),...,wM(n)]T represents the weight vector at time n. The goal of the 

adaptive beamforming method is to determine the optimal w(n) values that maximize RSSI. 
(3) Using Voronoi diagrams allows us to transition from qualitative field observations to 

quantitative verification of signal reliability (RSSI) [71]. 
Consider a set of sensor nodes S = {s1, s2, …., sn} deployed in an orchard, where each node Si is at 

a coordinate Pi that belongs to R2. A Voronoi Cell V(Si) is the set of all points q in the orchard that are 
closer to Si than to any other node Sj: 

V(Si) = {q belongs to R2 ||q - pi||  less or equal ||q - pj||, for all j not equal i}  (14) 
Where: 
• ||q - pi|| is the Euclidean distance between a point and the sensor. 
• The boundary between two cells V(si) and V(sj) is the perpendicular bisector of the line 

segment connecting si and sj. 
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To verify that RSSI is maintained despite foliage, we model the signal power Pr at any point q 
within the cell V(si) using the Log-Distance Path Loss Model: 

Pr(q) = Ptx - L0 - 10n log10 ((||q - pi||)/d0) – PLmodel (d)       (15) 
Where: 
• n is the path loss exponent (n approx. 3 in dense orchards). 

The Verification Condition 
For the network to be considered "covered" and "connected," the RSSI at the farthest point of 

the Voronoi cell (the Voronoi vertices vmax) must exceed the receiver sensitivity threshold Pthreshold: 
Ptx - L0 - 10n log10 ( ||vmax - p_i||/d0 ) – PLmodel (d)  is greater than or equal Pthreshold    (16) 
If this condition is not met, the Voronoi cell contains a Coverage Hole. 
The solution provides a closed-loop validation: 
• Sense: Measure RSSI at Voronoi boundaries. 
• Adapt: Initiate beamforming to address localized path loss. 
• Verify: Recalculate the Voronoi map to confirm the coverage hole is eliminated. This method 

effectively supports Precision Agriculture by keeping high throughput during summer's peak leaf 
area index (LAI) without redeploying hardware. The pseudocode of the Voronoi and RSSI adaptive 
beamforming assessment algorithm is shown in Figure 12. 

 
Figure 12. Voronoi and adaptive beamforming pseudocode. 

5. Simulation and Results 
The research was conducted using the MATLAB simulator on a workstation equipped with an 

Intel Core i7 vPro processor, 16 GB of RAM, and a 250 GB NVMe SSD, operating on Microsoft 
Windows 10. The proposed solution utilizes techniques for wireless coverage and sensor allocation. 

5.1. Wireless Coverage Results 
The simulation begins with wireless coverage, assessing the most widely adopted wireless 

technologies using the AHP method, as illustrated in Figure 13. 
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Figure 13. Wireless networks evaluation with AHP. 

The AHP process evaluated wireless technologies based on criteria such as coverage, lifetime, 
bandwidth, and delay. These criteria are the most effective for deploying wireless coverage solutions 
in the sensing network. Among wireless networks, LoRa has the lowest delay, Wi-Fi offers the highest 
bandwidth, LoRa has the longest battery life, and NB-IoT provides the best wireless coverage. This 
ranking efficiently supports the design of the wireless coverage infrastructure. Greater emphasis is 
placed on how each criterion influences the selection among wireless options, as shown in Figure 14. 

 
Figure 14. Wireless evaluation related to the connectivity metric. 

Ranking wireless technologies according to design goals is a practical approach for developing 
a heterogeneous Wireless Sensor Network (WSN). The design options expand depending on the 
priority assigned to each goal. When coverage is the focus, the Sigfox network clearly stands out as a 
strong choice. However, if longevity is the top priority, alternatives like LoRa, NB-IoT, and Sigfox 
also become viable options. In various contexts, particularly for disease- and fire-related object 
detection in agriculture, Wi-Fi has proven valuable. Ultimately, in terms of their impact on plant 
health, LoRa and NB-IoT showed the most promising results. While these evaluations offer helpful 
insights, it’s important to note that the rankings are based on qualitative expert judgment, which 
might introduce some inaccuracies in the weighting. To address this, the proposed hybrid algorithm, 
MLR-AHP, provides a quantitative assessment of wireless networks. The pairwise comparison 
matrix generated by this regression method is shown in Figure 15. 
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Figure 15. Pairwise comparison matrix. 

The pairwise comparison matrix is displayed as a heatmap, showing the relationships and their 
relative importance. By integrating these matrix values into the Analytic Hierarchy Process (AHP), 
the proposed MLR-AHP yields results. Figure 16 compares rankings from the proposed MLR-AHP, 
AHP, and FAHP methods. 

 
Figure 16. Comparing the proposed MLR-AHP against AHP and FAHP. 

Pure AHP serves as a basic method but is susceptible to subjective biases and inconsistencies. 
FAHP enhances this approach by incorporating expert uncertainty, yielding more reliable rankings 
that often favor the leading technologies. In contrast, MLR-AHP, which relies on objective data, 
provides the most transparent and reproducible prioritization, especially highlighting NB-IoT and 
LoRa as top performers. The MLR-AHP method offers a more accurate quantitative assessment of 
wireless technologies. Figure 17, a boxplot, further compares the proposed MLR-AHP ranking 
algorithm with AHP [72] and FAHP [73]. 
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Figure 17. Analysis of the three ranking methods. 

The bar chart shows how various MCDM techniques generate different priority scores for 
wireless technologies: 

1. Pure AHP depends solely on expert judgments, leading to moderate scores in LoRa, NB-IoT, 
and 5G. 

2. FAHP adjusts these scores upward slightly, especially boosting NB-IoT and LoRa, thanks to 
its tolerance for judgment uncertainty. 

3. MLR-AHP yields the highest scores for NB-IoT and LoRa. These scores represent their actual 
performance in real-world conditions. The key metrics include coverage, longevity, and the impact 
on plant health. 

The ranking shows that NB, IoT, LoRa, and 5G consistently emerge as top options despite 
different approaches. The FAHP method tends to inflate scores, which blurs the differences between 
options. In contrast, the MLR-AHP method tends to favor technologies with clearly measurable 
benefits. This preference highlights distinctions more clearly within the rankings. All methods show 
similar interquartile ranges (IQRs), indicating low variability and stable rankings. The MLR-AHP 
method has a slightly wider range, reflecting its sensitivity to actual data and a broader performance 
spectrum. The medians across methods are closely aligned, confirming that the overall ranking 
priorities stay consistent. 

5.1.2. Statistical Analysis: ANOVA 
Furthermore, a one-way analysis of variance (ANOVA) was conducted in Python 3 using SciPy, 

based on the simulation parameters listed in Table 7. 

Table 7. ANOVA simulation parameters. 

Method Network Coverage Power Consumption Bandwidth Delay 
AHP Wi-Fi 0.65 0.80 0.35 0.70 

FAHP Wi-Fi 0.68 0.82 0.38 0.65 
MLR-AHP Wi-Fi 0.75 0.78 0.45 0.60 

AHP BLE 0.0150 0.880 0.1800 0.240 
FAHP BLE 0.0100 0.100 0.1000 0.200 

Regression-AHP BLE 0.0180 0.982 0.1830 0.265 

ANOVA was conducted to determine if there are significant differences among AHP, FAHP, 
and MLR-AHP. That is for ranking heterogeneous wireless network pairs (Wi-Fi and Bluetooth Low 
Energy (BLE)). This heterogeneous pair was selected as the most feasible, given both economic and 
availability factors. The Wi-Fi test results are as follows: AHP (0.625), FAHP (0.6325), and Regression-
AHP (0.645). The ANOVA results showed an F-statistic of 0.012 and a p-value greater than 0.9. Since 
this p-value is well above the 0.05 threshold, it indicates that there are no statistically significant 
differences in performance. On the other hand, the BLE test yields the following average performance 
values: AHP (0.3288), FAHP (0.1025), and MLR-AHP (0.3625). The ANOVA analysis produced an F-
statistic of 0.69 and a p-value of 0.53, further confirming that differences in mean performance are not 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 February 2026 doi:10.20944/preprints202602.0666.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0666.v1
http://creativecommons.org/licenses/by/4.0/


 22 of 35 

 

statistically significant. This test strengthened the feasibility of the proposed MLR-AHP in achieving 
resilient heterogeneous wireless coverage. 

5.1.3. Verifying the Proposed MLR-AHP by Comparing it with a Prior Solution 
The proposed MLR-AHP algorithm is validated by comparing it with another existing solution. 

This earlier approach used the LR-AHP technique to assess low-power wide-area networks 
(LPWANs) and 5G networks. In contrast, the proposed MLR-AHP provided more precise numerical 
values for the weight vector. These values facilitate weight-based traffic distribution, ensuring 
realistic data flow. Such a distribution is crucial for maintaining sustainable data collection and 
connectivity across different wireless sensor nodes. A comparison of the proposed MLR regression 
with the relevant literature method [60] is shown in Figure 18. 

 
Figure 18. Comparing the proposed solution against the prior solution. 

The investigation of the proposed solution, by comparing it with the latest advancements in 
literature, confirms its validity. The proposed method attains high coverage. These factors are 
essential in determining the placement and setup of the wireless infrastructure. Furthermore, it 
proves energy efficiency and cuts costs. These factors are crucial in shaping the placement and 
configuration of wireless infrastructure. Even the bandwidth metric favors the literature solution, but 
the ratio is notably low at 0.03. Notably, 0.03 doesn’t provide a problem in plant image transmission. 
Overall, the proposed solution received a higher weighted score for creating a heterogeneous wireless 
infrastructure. 

5.2. Sensor Allocation Results 
The simulation of systematic sensor allocation within the designated area A (x, y) identified 49 

sensor nodes. This area has a specific sensor capacity, C(x, y), and a targeted sensing goal, T(x, y). 
The results of this simulation are shown in Figure 19, which illustrates the strategic placement and 
distribution of sensor nodes across the area. 
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Figure 19. Uniform sensor allocation. 

The uniform sensor allocation resulted in 49 nodes. The uniform distribution of sensors doesn’t 
prevail in the communication mode. This model requires a revision to enhance communication 
through distance-vector routing. The distance-vector algorithm limits sensor-node reformation to 50 
meters, as shown in Figure 20. 

 
Figure 20. Distance vector-assisted uniform sensor distribution. 

The distance vector created a hierarchical topology to facilitate more efficient communication. 
Although this hierarchical method did not reduce sensor node deployment costs, it increased overall 
capacity. There is still potential for further improvement by considering a 50-meter coverage range 
and limiting sensing nodes to a 40-meter radius. Implementing these constraints decreased the 
number of required sensor nodes, as shown in Figure 21. 

 
Figure 21. Application of wireless limitations. 

The number of sensor nodes decreased from 49 in the standard distribution to 9 due to 
limitations in distance-vector routing and wireless communication. These nodes are reorganized into 
a partial-mesh topology, enhancing capacity management and coverage. Focusing solely on the area 
of interest, this proposed approach aims to minimize the overall area, thereby enabling a more 
efficient allocation of sensor nodes within the designated space. The area of interest that determines 
the final allocation points is graphically calculated using the proposed RDT algorithm. This algorithm 
uses the deterministic 49 allocation points to create a closed-loop path, as shown in Figure 22. 
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Figure 22. Path planning using the RDT algorithm. 

The proposed path-planning method effectively creates a new sampling area, improving the 
overall strategy. By reusing the distance vector, we can strategically assign sensor nodes while 
following the same constraints that guided the original layout. This careful approach ensures a 
distribution as shown in Figure 23, thereby maintaining consistency and reliability in our sensor 
network deployment. 

 
Figure 23. Area of Interest assisted sensor distribution. 

The integration of the sampled area, as shown in Figure 22, along with the optimized number of 
sensor nodes, as depicted in Figure 23, yields a streamlined setup with only five carefully placed 
nodes. This is further illustrated in Figure 24, which shows the effective distribution and positioning 
of these nodes within the specified area to maximize coverage and performance. 

  
Figure 24. Final sensor nodes reformation. 

The final allocation of sensor nodes reduced the total to just five optimized nodes while ensuring 
sufficient coverage of the area of interest. The simulation took 1.34 minutes to reach this final state 
with the reconfigured sensor nodes. 
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5.3. Comparing and Discussing 
5.3.1. Comparing with Considering the WSN Coverage 

The proposed method outperforms earlier approaches by significantly decreasing the number 
of sensor nodes. Additionally, the coverage offered by these sensor nodes is a key factor in assessing 
the effectiveness of this reduction. We need to compare the proposed approach with previous 
methods that encountered the same constraints and limitations. Figure 25 illustrates the performance 
of the Hexagonal Deterministic [74], Gaussian [75], Simulated Annealing [76], PSO [77], and Squared 
Deterministic [78] approaches. 

 
Figure 25. Comparing methods based on coverage percentage. 

The area coverage comparison demonstrated the superiority of the proposed solution. The 
proposed solution achieved 99% coverage across the entire area of interest, compared with 95% in 
the central region. The wireless coverage and number of sensor nodes may not provide a better 
solution. Figure 26 shows a heatmap comparing the proposed method with recent solutions in the 
literature. 

 
Figure 26. Analysis of methods utilizing the heatmap method. 

The heatmap compares the proposed hybrid algorithm with several recent relevant solutions 
from the current literature. It involves running the proposed algorithm alongside Hexagonal-
Deterministic [74], Gaussian [75], Simulated Annealing [76], and Particle Swarm Optimization (PSO) 
[77] within a scaled area. The process employs algorithms from the literature to ensure precise results 
through simulation. The heatmap visually demonstrates the effectiveness of the wireless coverage, 
highlighting minimal overlap in the number of sensor nodes and their respective sensing ranges. 
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5.3.2. Comparing with Considering Deployment Analysis 
The deployment analysis comparing the proposed method with the latest techniques in the 

literature is shown in Figure 27. The comparison provides deeper insight into the deployment results 
and demonstrates that the proposed solution is more effective. 

 
Figure 27. Sensor node deployment comparison based on power consumption and latency. 

Figure 27 displays improved results for sensor node placement. These results account for 
latency, which depends on the number of nodes, and power consumption, which depends on the 
communication path. The proposed solution employs a partial-mesh WSN topology, which enhances 
fault tolerance, reduces delays, and improves energy efficiency. As shown in Figure 24, the method 
uses a star topology for sensor nodes, thereby reducing energy consumption. Each sensing node 
functions as an edge, communicating with less energy, while the anchor node acts as the central hub, 
consuming more energy. Additionally, the energy consumption rate of the proposed WSN 
deployment is compared to previous rates, as shown in Figure 28. 

 
Figure 28. Evaluating methods based on energy consumption. 

Energy consumption is closely linked to topology, as each node's energy use in the proposed 
solution operates independently of the routing choices made by other nodes. However, recent highly 
cited studies have shown that energy consumption increases as sensor nodes' routing depends on the 
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paths taken by other nodes. This insight supports the proposed solution by enabling power savings, 
which ultimately helps extend the lifespan of the sensors. 

5.4. Real Scenario Deployment Case Study 
The research outcome is a design prototype that employs the proposed method for WSN design. 

The prototype has a GUI, developed using Python 3.0 on a Microsoft Windows environment, as 
shown in Figure 29. The software was applied to a real garden model at the Arab Academy for 
Science, Technology, and Maritime Transport, Cairo branch, as shown in Figure 30. 

 
Figure 30. Orchard Agriculture Area Image with Satellite. 

The 4. is employed to import the area with GIS coordinates and then convert it to (X, Y) 
coordinates. The software supports several input methods, including manual entry of GIS 
coordinates, a photo of the area, and a map or CAD drawing, as shown in Figure 29. 

The software uses area splitting to divide the area into multiple subregions, each at least 300x300 
or smaller. Then the algorithm partitions the area into 50x50 sub-areas, with vertices and 
deterministic center points. These deterministic points are then used by the proposed RDT to 
investigate a sample area. The sample area is then processed by applying the distance vector and 
mathematical rules to deploy the sensor nodes. The software successfully deployed three sensor 
nodes, one high-capability cable anchor node, and two low-capability edge sensor nodes. The 
software then registers the GIS coordinates and provides the results of node allocation as shown in 
Figure 31. 

Figure 29. Sensor allocation prototype 
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Figure 31. Results of sensor allocation prototype. 

 
Figure 32. GIS coordinates allocation and marking. 

 
Figure 33. Allocating sensor nodes through the garden. 

The Figure shows the output of the software processing the input GIS coordinates, each with its 
associated Longitude and Latitude. Moreover, the result contains planar coordinates for every sensor 
node, making deployment easier.  The results show 3 nodes, with an average displacement of 77.05 
meters and 100% coverage. The planner and GIS coordinates are well located within the garden area 
using a differential GPS-capable device, as shown in Figure 32. The Marked GIS-allocated points are 
used to deploy the 3 sensor nodes, as shown in Figure 33.  

The anchor node (Type 1) is allocated first in the middle with coordinates (343225.37, 3330628.10) 
with GIS coordinates (30.09680N, 31.37304E). Then other sensor nodes (Type 2) are allocated as: 

• 1st sensor node at the west bank of the garden with planar coordinates (343230.41, 
3330580.15), which has an equivalent GIS coordinates of (30.09637N, 31.37310E). 

• 3rd sensor node at the east bank of the garden with planar coordinates (343211.08, 
33305020.30), which has an equivalent  GIS coordinates of (30.09566N, 31.37291E). 
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The deployment strategy shown in Figure 29 employs three sensors and integrates the Rapidly 
Deterministic Topology (RDT) algorithm with geometric constraints from the garden. 

Validation with Voronoi and RSSI-Adaptive Beamforming 
Figure 34 verifies WSN node placement using Voronoi tessellation, a key method for assessing 

coverage in agricultural settings. The figure illustrates a garden split into three Voronoi cells. In WSN 
design, this setup ensures events are managed by the closest sensor, minimizing communication 
distance. This approach is especially important for the low-power Bluetooth (BLE) sensing layer.  
Figure 30 demonstrates the foundation of the ISAC approach. Since Voronoi boundaries are 
determined by node proximity, the network can utilize communication signals to sense the 
environment. Changes in Wi-Fi signals across these areas can be associated with the Leaf Area Index 
(LAI) or biomass density, effectively turning the network into an active spatial sensor. To enhance 
wireless connectivity in the orchard, wireless channel modeling is employed. This improvement 
among the three sensing nodes is achieved through adaptive beamforming, which boosts RSSI. The 
anchor node acts as a gateway, linking the east- and west-bank sensor nodes. The approach's 
effectiveness is evaluated by analyzing communication among sensor nodes using a 2-element dipole 
antenna array at the anchor node. The RSSI improvement after applying the adaptive beamforming 
is shown in Figure 35. 

 
Figure 34. Voronoi clustering and validation of sensing and covering. 

Figure 35 shows how orchard-field vegetation affects RSSI attenuation with distance, as 
indicated by the red line. The enhanced RSSI profile, shown in green, is generated using Voronoi and 
adaptive beamforming techniques, based on the COST 235 and Weineer wireless impairment models. 
This enhancement addresses the "Vegetative Barrier" effect from a deployment standpoint. In typical 
scenarios, seasonal plant growth demands a denser node placement to prevent coverage gaps. The 
dual-layered enhancement keeps the network robust to LAI fluctuations, maintaining high (Packet 
Data Rate) PDR without physical adjustments. 
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Figure 35. RSSI based Adaptive beamforming improvement. 

6. Conclusions 
This research addressed key connectivity issues in smart agriculture, focusing on sensor 

placement and wireless coverage. It introduces an innovative farming system that employs advanced 
algorithms to optimize sensor deployment and coverage. The study presents a hybrid machine 
learning algorithm, MLR-AHP, that outperforms AHP and FAHP in numerical testing. MLR-AHP 
provides more precise rankings of wireless technologies, supporting the proposed heterogeneous 
wireless infrastructure. The sensor distribution method combines graphical computation, 
mathematical constraints, and distance-vector techniques, requiring fewer sensors while maintaining 
adequate coverage—outperforming previous methods. Overall, the suggested strategies offer a novel 
solution for creating a sophisticated agricultural system that enables sustainable, real-time 
monitoring and management of farming operations. The results are promising, suggesting potential 
boosts in productivity and reductions in crop losses and resource use. 

It's important to note that the proposed solution is tailored to systematic agriculture, such as tree 
farms. It uses Wi-Fi and Bluetooth to cover a 300-square-meter area, suitable for flat terrain regardless 
of landscape variations. Future work should include empirical assessments during real-time 
deployment and the exploration of sensor element selection. Subsequent steps will involve deploying 
multiple sensor elements and allocating appropriate nodes. The system aims to establish a resilient 
wireless sensor network (WSN) infrastructure for orchard-based agriculture and test its effectiveness 
in rural settings. Future initiatives will also focus on integrating sensing components into a unified 
system that includes both mobile and remote sensing. While current efforts concentrate on stationary 
sensing solutions for their simplicity, plans are underway to incorporate mobile sensing technologies, 
such as drones, which will require a thorough evaluation of system complexity. 

The deployment achieved high spatial efficiency by using RDT, moving away from trial-and-
error sensor placement to a provably optimal topology. This ensures that a three-node configuration 
can cover the entire identified area effectively while meeting strict requirements for agricultural 
WSNs, including foliage-resilient connectivity and energy-efficient node spacing. 
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