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Abstract: Target area detection in agriculture plays a crucial role in optimizing crop management and
resource allocation. Traditional methods often lack the precision and efficiency required for modern
farming practices. Integrating bio-inspired approaches with UAV-FSN systems offers a promising solution
to this challenge. By harnessing principles from nature, such as swarm intelligence and reinforcement
learning, it becomes possible to optimize the deployment and coordination of UAVs within FSN for clustered
target area detection in agriculture. This research explores the integration of bio-inspired approaches with
UAV-FSN systems for clustered target area detection in agriculture. The increasing demand for precision
agriculture necessitates efficient methods for identifying target areas affected by various factors. In this
study, we introduce a novel algorithm, the QL-ABC Algorithm, which combines the Artificial Bee Colony
(ABC) Algorithm with Q-Learning to optimize the deployment and movement of unmanned aerial vehicles
(UAVs) within flying sensor networks (FSN) for target area detection. The performance outcomes of the
proposed QL-ABC Algorithm on comparison with the existing algorithms are analyzed using extensive
simulation analysis with the appropriate simulation metrics: packet delivery ratio, mean end-to-end delay,
and energy consumption. Results validate the usefulness of the proposed QL-ABC algorithm in accurately
detecting clustered target areas in agricultural landscapes, thus contributing to advancements in precision
farming practices and sustainable agriculture.

Keywords: Flying Sensor Networks, Artificial Bee Colony Algorithm, Clustered Target Area Detection,
Q-Learning, Unmanned Aerial Vehicles.

1 Introduction

In the field of agriculture, there has been the emergence on modern technologies to achieve precision and
accuracy. Flying Sensor Networks comprises a network of sensors mounted on Unmanned Aerial Vehicles
capable of gathering data over vast agricultural areas. These UAVs can be armed with various sensor
devices such as multispectral cameras, thermal sensors, and LiDAR, enabling them to collect diverse
agricultural data with high spatial and temporal resolution. The integration of FSN and UAVSs offers farmers
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and agricultural researchers unprecedented access to real-time and comprehensive information about crop
health, soil conditions, and environmental factors [1]. The agricultural sector faces numerous challenges,
including resource scarcity, environmental degradation, and fluctuating market demands. Target area
detection leads a primary role to address these encounters by facilitating precise and timely interventions.
Identifying specific areas within agricultural fields affected by pests, diseases, nutrient deficiencies, or water
stress enables farmers to implement targeted treatments, optimize resource usage, and maximize crop yields.
Moreover, accurate target area detection enhances sustainability by minimizing the use of agrochemicals
and reducing environmental impacts. The use of agrochemicals poses significant environmental and health
risks, including soil degradation, water contamination, and adverse effects on non-target organisms.
Minimizing or eliminating their use is imperative to mitigate these negative impacts and promote
sustainable agricultural practices. Efforts should focus on adopting alternative methods such as organic
farming, integrated pest management, and precision agriculture to reduce reliance on agrochemicals.

Bio-inspired approaches draw inspiration from biological systems and phenomena to design algorithms
and strategies for solving complex problems. In agriculture, bio-inspired approaches have shown promise
in optimizing various tasks, including target area detection. Examples of bio-inspired algorithms include
swarm intelligence, evolutionary algorithms, and reinforcement learning. These approaches leverage
principles observed in nature, such as self-organization, collective behavior, and adaptation, to enhance the
efficiency and effectiveness of agricultural operations [2]. By mimicking the behaviors of organisms like
bees, ants, and birds, bio-inspired algorithms can optimize the deployment and coordination of UAVs within
FSN for clustered target area detection in agriculture.

The integration of bio-inspired approaches with remote sensing and flying sensor networks (FSNs) has
shown promising potential in agricultural applications. Uzair et al. [3] proposed a bio-inspired video
enhancement technique for small moving target detection, which could be adapted for identifying target
areas in agriculture. Arafat and Moh [4] explored bio-inspired approaches for energy-efficient localization
and clustering in UAV networks, which could enhance the efficiency of target area detection in agricultural
landscapes. Additionally, Chen et al. [5] introduced a multi-robot distributed collaborative region coverage
search algorithm based on Glasius bio-inspired neural networks, providing insights into optimizing the
deployment and coordination of UAVs within FSNs for target area detection in agriculture. These studies
underscore the significance of bio-inspired approaches in advancing precision farming practices through
innovative target area detection methodologies.

2 History of Research

Several studies have explored the integration of modern techniques in precision agricultural applications
[6]. These systems enable real-time monitoring and data collection, facilitating precision agriculture
practices [6]. Additionally, research has highlighted the significance of agriculture-based IoT devices and
WSN for enhancing precision agriculture through data-driven decision-making [7]. Moreover, the progress
of wireless communication mechanisms and systems for monitoring crop conditions, such as wetness
sensors for leaves, has been investigated [8]. Furthermore, bio-inspired approaches have been proposed for
precisely detecting the targets by using manifold UAVs in the domain of precision agriculture. These
approaches leverage cluster-based strategies to efficiently identify affected crop areas [2]. Additionally,
self-supervised learning-based intelligent systems have been developed for precision agriculture, enabling
automated inspection and monitoring of crop growth [9]. Moreover, research has identified the applications,
necessities, and encounters associated with UAVs in smart agriculture, emphasizing the need for advanced
technologies to address agricultural demands [10]. Additionally, wireless underground sensor networks
have been proposed to model path loss for precision agriculture applications [11]. Furthermore,
impedimetric sensors have been developed for conductivity measurement in precision agriculture and
aquaculture [12]. Furthermore, smart image recognition mechanisms have been explored for crop
harvesting systems in intelligent agriculture, aiming to enhance efficiency and productivity [13].
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Additionally, initiatives such as Agricultural 4.0 in Taiwan and precision farming emphasize the integration
of smart technology and data analytics to optimize agricultural outputs and reduce waste [14,15].

The influence of magnetic fields on agricultural sustainability has been demonstrated to significantly
improve crop Yields and resilience, highlighting the potential of integrating advanced technologies in
agriculture to enhance productivity and sustainability, which aligns with the use of bio-inspired approaches
in optimizing UAV-FSN systems for targeted area detection [16]. An educational intervention model aimed
at increasing lentil consumption as a strategy to contribute to sustainable development emphasizes the
importance of interdisciplinary approaches and the role of education in achieving sustainability goals. The
study's focus on sustainable practices resonates with the integration of UAVs and FSNs in agriculture,
where informed decision-making and technological innovation can drive sustainable farming practices [17].
The transdisciplinary theory of Mexican agricultural knowledge integrates semiotics, communication, and
anthropology to understand and improve agricultural practices, illustrating the value of incorporating
diverse scientific perspectives to address agricultural challenges. Similarly, the integration of bio-inspired
algorithms in UAV-FSN systems benefits from interdisciplinary insights to enhance detection accuracy and
efficiency in clustered agricultural areas [18].

The examination of the structure of distributed scientific research teams and its impact on collaboration
and research output suggests that effective collaboration and communication within diverse teams can lead
to significant advancements in research. This principle is pertinent to the development and implementation
of bio-inspired UAV-FSN systems, where multidisciplinary collaboration is essential for innovation and
successful application in agriculture [19]. A study on the transdisciplinary approach to sustainable
development by incorporating organic waste into bread-making emphasizes the benefits of integrating
waste management and food production for sustainability. The holistic approach parallels the integration of
UAV and FSN technologies with bio-inspired methods, aiming to create sustainable and efficient
agricultural practices [20].

Recent studies have delved into the application of deep learning architectures for disease classification
in orchid plants, showcasing the potential of such technologies in diagnosing and mitigating crop diseases
[21]. Moreover, machine learning methods like the naive Bayes method have been employed for pest and
disease diagnosis in black orchid plants, demonstrating their effectiveness in automated disease detection
[22]. Furthermore, advancements in surface assessment technologies, such as top-down contact angle
mapping, have been explored for evaluating orchid surfaces, providing insights into plant health and growth
conditions [23]. In addition, innovative ranging technologies, including height-variable monocular vision,
have been developed for smart agriculture applications, enabling precise monitoring and management of
crop growth [24]. Stereo-camera-based crop growth monitoring systems have been implemented to provide
depth perception, enhancing the accuracy of plant growth assessments in controlled environments [25].
Furthermore, depth estimation mechanisms based on self-supervision and graph convolutional networks
have been proposed for autonomous plant monitoring and management [26].

Proposals advocating aerial technology for area-based crop condition diagnostics are increasingly
valued across social, economic, and environmental dimensions. In social contexts, these proposals promote
community resilience by providing farmers with timely and accurate information, fostering informed
decision-making, and enhancing food security. Economically, such initiatives offer cost-effective solutions
for optimizing resource allocation, improving crop yield predictions, and mitigating economic risks
associated with crop failures. Environmentally, the adoption of aerial technology minimizes the
environmental footprint of agricultural practices by reducing the need for agrochemicals and promoting
sustainable land management practices.

Moreover, intelligent autonomous pollination frameworks leveraging micro air vehicles and artificial
intelligence have been proposed to enhance crop yield and optimize pollination processes [27]. Planning of
paths based on appropriate algorithms for the purpose of mobile robot steering in active surroundings has
been investigated, facilitating efficient and obstacle-free movement of robots for agricultural tasks [28].
Additionally, intelligent monitoring systems for assessing beehive health have been developed, employing
sensor technologies to monitor hive conditions and mitigate potential threats to bee colonies [29].
Furthermore, object tracking based on various deep reinforcement learning algorithms by using self-
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directed drones has been proposed, enabling accurate tracking and surveillance of agricultural fields [30].
Multi-agent deep reinforcement learning frameworks, assisted by efficient neural networks, have been
developed for the 3D classification of plant leaf diseases, offering comprehensive solutions for crop disease
management [31]. In summary, the literature reflects the diverse array of technological advancements and
research endeavors aimed at integrating bio-inspired approaches with UAV-FSN systems for clustered
target area detection in agriculture, highlighting the potential of these technologies to revolutionize
precision farming practices and address agricultural challenges.

3 Methodology

Clustered target area detection in agriculture. By combining the Artificial Bee Colony (ABC) Algorithm
with Q-learning (QL), the system leverages swarm intelligence and reinforcement learning principles to
optimize the deployment and coordination of unmanned aerial vehicles (UAVs) within flying sensor
networks (FSN). This section outlines the implementation workflow, algorithmic process steps, and
mathematical expressions for both the ABC Algorithm and Q-learning, followed by the design of the
proposed QL-ABC Algorithm and its application in clustered target area detection using UAV-FSN
systems.

3.1 Artificial Bee Colony (ABC) Algorithm

The algorithm works based on the rummaging life movement pattern of honeybees, comprising three main
steps. The first one is initialization followed by the employed bee phase and finally the onlooker bee phase.
The algorithm's working principle and algorithm process flow is explained below [2]:

1. Initialization: Initialize inhabitants of scout bees with random solutions on behalf of potential
solutions to the optimization problem.

2. Employed Bee Phase: These bees discover the search space by evaluating the quality of food
sources (solutions). Each employed bee iteratively improves its solution by performing a local
search around its current solution.

3. Onlooker Bee Phase: These bees choose food sources based on their quality, using the fitness
function. Onlooker bees probabilistically choose a food source to explore further, considering the
quality of neighboring food sources.

4. Scout Bee Phase: They arbitrarily discover the search space by producing new explanations to
replace outdated or inferior solutions discovered by employed and onlooker bees.

5. Termination: Repeat the process until a finish condition is met, either by the desired iteration count
or the desired level of conjunction.

Mathematical Expressions:

e Solution Representation: x; where i represents the index of the solution.

o Fitness Function: f(xi) appraises the eminence of each solution.

e Employed Bee Local Search:

X" = Xi + ¢+ (Xixj) D
where ¥X; is a randomly selected solution and ¢ is a randomization factor.

o  Probability of Selection:

Pi = (f(x)))/ ZR=1 fxi0) (2)

where n is the population size.

o Onlooker Bee Probabilistic Selection: j = select (P;) selects a food source based on its probability
of selection.

e Scout Bee Exploration: Generate new solutions randomly within the search space.
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3.2 Q-learning:

Q-learning algorithm iteratively updates the Q-values of position-deed pairs based on observed rewards.
The key components of Q-learning include the position space, deed space, Q-table, and learning rate. Q-
learning algorithm aims to exploit the increasing recompense obtained over time by updating the Q-values
of position-deed pairs based on observed rewards. Q-learning balances exploration and exploitation by
gradually shifting from exploration (trying new deeds) to exploitation (selecting deeds with the highest Q-
values) as learning progresses [32].

3.3 Design of Proposed QL-ABC Algorithm:

The proposed QL-ABC Algorithm combines the exploration capabilities of Q-learning with the swarm
intelligence of the ABC Algorithm to optimize the deployment and movement of UAVs within FSN for
clustered target area detection. The algorithm initializes a population of UAVs with random positions and
employs Q-learning to update their deeds based on rewards obtained from target area detection. Onlooker
bees in the ABC Algorithm select UAV positions based on the Q-values learned by Q-learning, enhancing
the algorithm's exploration and exploitation capabilities [33].
Algorithm Process Steps:
1. Adjust the Q-table Q(P,D) with random values or zeros for all position-deed pairs.
2. Initialize a population of scout bees with random solutions.
3. Choose a deed D for the current position P based on an exploration-exploitation strategy, such as
epsilon-greedy.
4. Execute the selected deed D and detect the reward r and the new position P".
5. Update the Q-value of the current position-deed pair using the Q-learning update rule:
Q(P,D) < Q(P.D) + a(r + ymaxp Q(P'.D’) — Q(P,D)) ©)
Where,
Q(P,D) is the Q-value of position P and deed D,
a is the erudition degree,
r is the pragmatic recompense,
v is the deduction aspect,
P’ is the new position,
D' is the possible next deed.
6. Employed bees improve their solutions through local search.
7. Calculate the prospect of assortment for each food source based on its fitness.
8. Onlooker bees choose food sources based on probability and perform local search.
9. Scout bees randomly search for new solutions to ensure diversity in the population.
10. Repeat steps 3-9 until conjunction or a selected number of iterations.

The proposed QL-ABC algorithm as shown in Table 1 combines Q-learning and the ABC algorithm to
optimize the deployment and movement of UAVs within FSN for clustered target area detection in
agriculture. Q-learning guides the selection of deeds (UAV movements) based on learned Q-values, while
the ABC Algorithm updates the solutions (UAV positions) through exploration and exploitation of the
search space. By integrating reinforcement learning with swarm intelligence, the algorithm adapts to
dynamic environments and learns optimal strategies for target area detection.

Table 1: Pseudo Code for QL-ABC Algorithm

Initialize Q-table Q(P, D) with zeros
Arrange population of scout bees with random solutions
Repeat until convergence or predefined iterations:

for each scout bee:
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for each employed bee:

for each onlooker bee:

for each scout bee:

Choose deed D for current position P using exploration-exploitation strategy
Execute deed D and observe reward r and new position P'
Update Q-value of position-deed pair:

Q(P, D) <- Q(P, D) + alpha * (r + gamma * max(Q(P', D)) - Q(P, D))

Explore neighborhood of current solution

Calculate probability of selection for each solution
Select solution probabilistically and explore further

Generate new solution randomly

This combined approach effectively balances the examination competencies of Q-learning with that of the
ABC Algorithm, leading to efficient target area detection in agriculture.

3.4 Clustered Target Area Detection Using QL-ABC Algorithm:

In the proposed system, UAVs equipped with sensors traverse the agricultural field in search of target areas.
The algorithm begins by initializing the positions of UAVs randomly within the field. At each iteration,
UAVs collect data from their surroundings and transmit it to a central node within the FSN. The QL-ABC
Algorithm updates the positions of UAVs based on Q-values learned from previous iterations and the
quality of target areas detected. The process continues until target areas are accurately identified and
clustered. The process flow is explained as follows:

Cluster Formation:

Initialize the UAV-FSN system with a set of UAVs deployed across the agricultural area.
Determine the number of clusters and cluster centroids using a clustering algorithm.
Assign each UAV to the nearest cluster centroid.
Cluster formation aims to organize UAVSs into groups to efficiently cover the agricultural area and
collaborate in target area detection.
Let N be the number of UAVs, K be the number of clusters, and Ck be the centroid of cluster k.
The assignment of UAV i to cluster k is determined by:

ki = argminy {|Iposi — Ckl|} 4

Targeted Area Detection using QL-ABC Algorithm in UAV-FSN Systems:

UAVs within each cluster collect data from their respective regions using onboard sensors.
Apply the QL-ABC algorithm to determine optimal UAV movements for target area detection.
Execute optimized UAV movements based on QL-ABC algorithm outputs.
Targeted area detection involves using UAVs equipped with sensors to survey specific regions of
the agricultural area and identify target areas using the QL-ABC algorithm.
The QL-ABC algorithm determines UAV movements based on the Q-values learned from previous
iterations:

ai = argmax.{Q(si,a) } %)
Where,
ai is the selected deed for UAV i and
si is the position representing the current position and sensor data of UAV i.
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Table 2: Pseudo Code for Clustered Target Area Detection

Initialize UAV-FSN system
Cluster UAVs using clustering algorithm
Repeat until convergence or predefined iterations:
for each cluster:
for each UAV:
Collect data from assigned region
Apply QL-ABC algorithm to determine optimal UAV movement
Execute optimized movement for target area detection
Analyze detected target areas
Implement precision agriculture techniques based on analysis

This model scheme as shown in Table 2 efficiently utilizes UAV-FSN systems for clustered target
area detection in agriculture by integrating cluster formation, targeted area detection using the QL-ABC
algorithm, and precision agriculture practices.

3.5 Proposed Schema Implementation:

Clustered target area detection in agriculture involves organizing unmanned aerial vehicles (UAVS) within
flying sensor networks (FSN) into groups or clusters to efficiently survey agricultural fields and identify
specific areas requiring attention. The process consists of several key stages, including cluster formation,
targeted area detection using the QL-ABC algorithm, and model scheme implementation.

Firstly, cluster formation divides the agricultural area into manageable regions and groups UAVs
into clusters based on proximity or similarity of their positions. This step aims to optimize coverage and
collaboration among UAVs during target area detection tasks. Clusters are formed using clustering
algorithms such as K-means or hierarchical clustering, and UAVs are assigned to clusters based on their
proximity to cluster centroids.

Secondly, targeted area detection within UAV clusters utilizes the QL-ABC algorithm to optimize
UAV movements for identifying target areas efficiently. Each UAV within a cluster collects data from its
assigned region using onboard sensors and applies the QL-ABC algorithm to determine optimal
movements.

Finally, the proposed model scheme implementation integrates cluster formation, targeted area
detection using the QL-ABC algorithm, and precision agriculture practices. The UAV-FSN system is
initialized, and cluster formation is performed. UAVs within clusters execute target area detection tasks
using the QL-ABC algorithm and detected target areas are analyzed to implement precision agriculture
techniques such as pesticide application or irrigation.

Overall, the clustered target area detection approach using the QL-ABC algorithm in UAV-FSN
systems offers a comprehensive and efficient method for identifying and addressing agricultural issues with
minimal resource usage and maximum precision.

The functionalities of each block in the proposed system design model as shown in Block Schematic
Figure 1 are explained below:

UAV-FSN System Initialization:

This block initializes the unmanned aerial vehicle (UAV) and flying sensor network (FSN) system. It sets
up the necessary hardware and software components required for the operation of UAVs and FSN. The
initialization process ensures that UAVs are equipped with sensors and communication devices for data
collection and transmission.

Cluster Formation Algorithm:

This block organizes UAVSs into clusters to optimize the coverage and collaboration among them. It divides
the agricultural area into manageable regions and groups UAVs based on proximity or similarity of their
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positions. The cluster formation algorithm aims to enhance the efficiency of target area detection by
grouping UAVs that are geographically close to each other.

Targeted Area Detection Algorithm:

This block employs the QL-ABC algorithm within each cluster to detect specific target areas in the
agricultural field. It guides UAV movements and data collection strategies based on learned Q-values and
swarm intelligence principles. The targeted area detection algorithm optimizes UAV trajectories to
efficiently identify areas affected by pests, diseases, or other agricultural issues.

Precision Agriculture Techniques Application:

This block applies precision agriculture techniques based on the detected target areas. It analyses the data
collected by UAVs to determine appropriate actions, such as pesticide application, irrigation, or nutrient
supplementation. The application of precision agriculture techniques aims to optimize resource usage,
maximize crop yields, and minimize environmental impact.

UAV-FSMN System Initialization

Target Area Detection Clustered UAV Positions

l.d i
»
L

faﬂ-"@rf i

‘ r | . | 3
Detected Targeted Areas Precision Agriculture Techniques
Application

Figure 1: Block Schematic for Clustered Target Area Detection using QL-ABC.
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4 Results and Discussions

The simulation experiments as per the simulation environment shown in Table 3 were conducted in various
agricultural landscapes to assess the algorithms' performance under different environmental conditions and
target area configurations. Data collected from UAVs within FSN were analyzed using the specified metrics
to evaluate the algorithms' performance.

Table 3: Simulation Environment

Simulation Parameter

Description

Area 1 square kilometer
UAYV Operating Height 50 meters
Range for UAVs 500 meters
Transmission Range 100 meters
UAV Coverage Range 200 meters

UAVs Sensor Type RGB cameras, multispectral sensors
Number of UAVs 10
IEEE Standard IEEE 802.11ac

Propagation Model

Free Space Path Loss (FSPL)

Base Station (BS) at Ground

Located at the centre of the agricultural area

Traffic Type and Data Rate

Agricultural data transmission, 1 Mbps

Number of Rounds 100

Number of Iterations 20
Initial Energy 10 Joules
Transmission Power of UAV 20 dBm

Simulation Tool

MATLAB/Simulink, NS-3

Agricultural landscape data collected from UAVs
within FSN, including crop types, soil moisture
levels, pest infestation data, and environmental

conditions.
1000 data points
Varying environmental conditions, including
different crop types, soil moisture levels, and pest
infestation scenarios.

Sample Dataset

Data Size

Environmental Conditions

The simulation results analyze the experimental outcome of the proposed "QL-ABC" algorithm
compared to existing algorithms (SIL-PSO, Loc-GA, and FCM) across different simulation metrics.

UAV Degrees vs Mean End-to-End Delay:

Mean End-to-End Delay calculates the normal time taken for packets to travel from origin to end in the
network The analysis reveals that as the number of UAV degrees increases, the mean end-to-end delay also
tends to upsurge for all algorithms. Lower mean end-to-end delay implies quicker data transmission and
reduced latency in target area detection tasks. However, the "QL-ABC" algorithm consistently exhibits
lower mean end-to-end delay compared to SIL-PSO, Loc-GA, and FCM algorithms across varying UAV
degrees as shown in Table 4 and Figure 2. This indicates that the QL-ABC algorithm effectively minimizes
the delay in data transmission among UAVs within the FSN, leading to quicker target area detection in
agriculture.
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Total Number of UAVs vs Energy Consumption:

Energy consumption quantifies the amount of energy expended by UAVs during target area detection
operations. Lower energy consumption signifies more efficient utilization of resources and prolonged UAV
operation time. The results demonstrate that as the total number of UAVs increases, the energy consumption
also rises for all algorithms. Notably, the "QL-ABC" algorithm shows relatively lower energy consumption
compared to SIL-PSO, Loc-GA, and FCM algorithms across different numbers of UAVSs. This suggests
that the QL-ABC algorithm optimizes energy usage among UAVSs during target area detection tasks,
resulting in enhanced operational efficiency and prolonged UAV mission durations. The simulation analysis
is illustrated in Table 5 and Figure 3.

Number of Rounds vs Packet Delivery Ratio:

PDR procedures the ratio of positively distributed packets to the total packets sent within the network.
Higher PDR indicates better reliability and communication efficiency of the algorithms in transmitting data
among UAVs within FSN. Analysis indicates that as the number of rounds progresses, the packet delivery
ratio improves for all algorithms. Remarkably, the "QL-ABC" algorithm consistently achieves higher
packet delivery ratios compared to SIL-PSO, Loc-GA, and FCM algorithms throughout the simulation
duration as shown in Table 6 and Figure 4. This signifies that the QL-ABC algorithm ensures more reliable
and efficient data transmission among UAVs within the FSN, leading to improved target area detection
accuracy in agricultural landscapes.

Overall, the simulation analysis underscores the superior performance of the "QL-ABC" algorithm
in clustered target area detection in agriculture within UAV-FSN systems. By minimizing end-to-end delay,
reducing energy consumption, and enhancing packet delivery ratio, the QL-ABC algorithm offers a
promising solution for optimizing precision farming practices and promoting sustainable agriculture.

Table 4: UAV Degrees vs Mean End-to-End Delay

DL;Q:;S QL-ABC | SIL-PSO | Loc-GA FCM
10 2.7 3.1 2.8 2.7
20 3.0 36 3.6 35
30 3.9 4.1 43 4.4
40 4.4 48 4.9 46
50 4.9 5.3 5.6 5.2

Table 5: Total Number of UAVs vs Energy Consumption

Total

Number | QL-ABC SIL-PSO Loc-GA FCM

of UAVs
5 100 110 115 105
10 150 160 165 155
15 200 210 215 205
20 250 260 265 255
25 300 310 315 305
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Table 6: Number of Rounds vs Packet Delivery Ratio

O?;Z‘fﬁés Ella_é SIL-PSO | Loc-GA FCM
50 0.95 0.92 0.90 0.93
100 0.98 0.95 0.92 0.96
150 0.99 0.96 0.93 0.97
200 0.99 0.97 0.94 0.98
250 1.00 0.98 0.95 0.99

UAV Degrees vs Mean End-to-End Delay

mean end to end delay (ms)
w

UAV Degrees

=== QL-ABC SIL-PSO Loc-GA FCM

Figure 2: UAV Degrees vs Mean End-to-End Delay.

Total Number of UAVs vs Energy Consumption

350

g
= 300
o
= 250
s
= 200
o
E 150
w
S 100
o
& 50
2
£ 0
5 10 15 20 25
No of UAVs
=== QL-ABC SIL-PSO Loc-GA FCM

Figure 3: Total Number of UAVs vs Energy Consumption.
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Number of Rounds vs Packet Delivery Ratio

1.02

1 L ——
0.98 =
0.96 /
5 094
= 092
0.9
0.88
0.86
0.84
50 100 150 200 250

No of Rounds

== QL-ABC SIL-PSO Loc-GA FCM

Figure 4: Number of Rounds vs Packet Delivery Ratio.

5 Conclusion

The research work has demonstrated the effectiveness of integrating bio-inspired approaches with UAV-
FSN systems for clustered target area detection in agriculture. Through the introduction of the QL-ABC
algorithm, which combines the Artificial Bee Colony (ABC) Algorithm with Q-Learning, significant
advancements have been made in optimizing the deployment and movement of unmanned aerial vehicles
(UAVs) within flying sensor networks (FSN) for target area detection. The simulation analysis revealed
that the QL-ABC algorithm outperformed existing algorithms (SIL-PSO, Loc-GA, and FCM) in terms of
minimizing end-to-end delay, reducing energy consumption, and enhancing packet delivery ratio. These
findings underscore the potential of bio-inspired approaches in revolutionizing precision farming practices
and promoting sustainable agriculture.

Future research endeavors should prioritize the timely delivery of information to farmers regarding
crop conditions, enabling them to take necessary actions promptly. Leveraging the potential of multiple
UAVs in agricultural fields to identify affected crop areas holds promise in achieving this objective. Further
exploration into optimizing the coordination and communication among UAVs within flying sensor
networks (FSN) could enhance the efficiency and accuracy of target area detection. Investigating innovative
algorithms and techniques to facilitate real-time data processing and analysis onboard UAVs would enable
swift decision-making and response by farmers. Additionally, integrating advanced machine learning
models capable of recognizing crop health indicators and pest infestation patterns could significantly
improve the predictive capabilities of UAV-FSN systems. Moreover, collaborative efforts between
researchers, industry stakeholders, and agricultural practitioners are essential to validate and deploy these
technologies in real-world farming scenarios, ensuring their practical applicability and scalability. By
addressing these objectives, future research can contribute to revolutionizing agricultural practices and
empowering farmers with actionable insights for sustainable crop management and enhanced productivity.
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