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ARTICLE INFO ABSTRACT

Keywords: The use of Flying Ad-hoc Networks (FANETs) in precision agriculture requires the devel-
Flying ad-hoc networks opment of advanced routing protocols to manage UAV-specific challenges effectively. This
Mobile ad-hoc networks paper presents AirPro-FL, a proactive routing protocol that uses fuzzy logic to optimize UAV

Eoutmlg protocols performance in precision agriculture tasks. Unlike conventional FANET research, which often
uzzy logic

C . relies on stochastic mobility models that do not accurately reflect real-world agricultural
Precision agriculture .. . . . . L .
Ns3 missions, AirPro-FL is designed to address these gaps by enhancing UAV cooperation in scanning

operations such as crop scouting, crop surveying and mapping, spraying applications, and
geofencing. Traditionally, these agricultural activities rely on a single UAV, often resulting
in inefficiencies. The UAV’s limited real-time data transmission capabilities, vulnerability to
operational failures, and potential mission execution delays contribute to reduced overall
effectiveness. The proposed system involving multiple UAVs significantly speeds up mission
completion and enables real-time data transfer through the cooperation between FANETs and
Mobile Ad-hoc Networks (MANETs). This innovation empowers agricultural stakeholders to
make faster and more reliable decisions based on accurate data collection. Simulation results
indicate that AirPro-FL consistently achieves the highest Packet Delivery Ratio (PDR) across
all scenarios, halves the average end-to-end delay compared to the second-best protocol, and
exhibits superior energy efficiency. The protocol’s success in optimizing data collection during
scanning operations underscores its broader applicability beyond agriculture, extending to other
fields such as environmental monitoring, disaster management, and surveillance, where similar
mobility patterns are employed.

1. Introduction

Precision agriculture uses advanced technologies to improve agricultural productivity while minimizing negative environmental
impacts [1]. This concept employs state-of-the-art technological tools and sophisticated data analysis to optimize crop yields, reduce
waste, and enhance overall efficiency. Precision agriculture offers a promising solution to some of the critical challenges facing
modern world, such as the need to feed a growing global population while mitigating ecological consequences [2].
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Unmanned Aerial Vehicles (UAVs), commonly known as drones, have become pivotal in advancing precision agriculture [3].
Their ability to perform autonomous flights, eliminating the need for an onboard pilot, allows them to gather information faster
than ground inspections and safer than onboard pilot flights [4]. A growing area of research is centered around the development
of multiple UAV applications across various sectors, including agriculture. Currently, single UAV systems dominate the agricultural
landscape, primarily because multiple UAV communication protocols remain largely experimental [5]. The future of UAV technology
lies in the shift from single UAV operations to multiple UAV systems. With an effective communication framework, UAVs can
collaborate to complete missions, creating a system that surpasses the capabilities of individual UAVs [6]. The research community
has identified several advantages of multiple UAV systems, summarized as follows:

Cost: Single UAVs are typically larger and heavier, which poses risks to human life and property in case of failure. Furthermore,
their acquisition and maintenance costs are significantly higher compared to smaller UAVs [7].

Scalability and Mission Execution Time: The operational efficiency of a UAV system depends on how well it can scale and
how fast it can operate. A single UAV can only cover a limited area, but multiple UAVs can greatly expand the operational
reach [8]. Usually, communication for a single UAV is based on a star topology, which restricts data collection only to nodes
within range. This limitation affects both the area covered for data collection and the time needed to gather information. Using
multiple UAVs leads to faster mission execution.

Survivability: In the case of single UAV systems, if one UAV fails, the entire mission fails. This can be especially tough for
farmers who have invested a lot in one UAV. However, having multiple UAVs can spread the tasks among them, greatly
improving the system’s ability to handle unexpected faults [9].

Heterogeneity: The capabilities of a single UAV depend on the equipment it carries. For example, in [10], a UAV with sprayers
did not have a camera for capturing RGB or near-infrared images. Using a multiple UAV system enables different tasks to be
assigned to different UAVs. For instance, UAV1 can capture aerial images, UAV2 can collect data from ground sensors, and
UAV3 can handle crop spraying, all simultaneously.

The use of multiple UAVs brings various benefits, but it also presents challenges in terms of communication and coordina-
tion [11]. To enable cooperation, the UAVs need to stay within each other’s communication range and ensure robust inter-UAV
communication in an ad-hoc manner [12]. This type of ad-hoc network, where flying vehicles serve as nodes, is known as a Flying
Ad-hoc Network (FANET) [11]. Numerous studies have focused on this area, proposing new networking models, architectures, and
protocols to ensure effective communication between UAVs. Despite their potential, FANET communication protocols have not
yet achieved widespread adoption in practical applications. This is mainly due to their early developmental stage and the lack of
extensive field implementations and evaluations. Most of the research in this area has been conducted using network simulators,
which offer significant time and cost savings. However, to simulate a UAV mission validly, the mobility model needs to reflect
UAV motion accurately [13,14]. So far, research predominantly focuses on simplistic and stochastic mobility models, known as
Pure Randomized and Time-Dependent mobility models [6]. These mobility models do not effectively simulate UAV behavior in
agricultural settings, where missions are generally pre-planned and structured [15].

Mobile Ad-Hoc Networks (MANETS), frequently considered precursors to FANETs, comprise mobile devices, such as smartphones
or tablets, that establish self-configuring networks without relying on fixed infrastructure [16]. Although MANETs typically exhibit
two-dimensional movement with lower mobility and irregular movement patterns [17], FANETs operate in a three-dimensional
aerial space, where UAVs move at higher velocities and require more sophisticated coordination to maintain stable communication
links [18]. These distinctions in dimensionality, velocity, and mobility underscore why protocols designed for MANETSs are not
directly transferable to FANETS, thus necessitating specialized approaches for aerial networks [19].

A promising area of research involves leveraging the synergies between FANETs and MANETs to extend network capabilities in
diverse application domains. In precision agriculture, UAVs can collect detailed aerial data while mobile ground devices, such as
farmers’ smartphones, provide complementary sensor readings and communication links, enhancing crop monitoring and resource
management [20]. In urban settings, UAVs can coordinate with personal mobile devices for real-time traffic updates or crowd
management during events, enabling improved route planning and public safety [21]. For disaster relief operations, UAVs equipped
with sensors can survey affected regions from above, relaying critical information to ground teams interconnected via a MANET, thus
speeding up search-and-rescue missions [22]. Furthermore, hybrid FANET-MANET systems can support large-scale environmental
monitoring by covering expansive areas from the air, while distributed mobile nodes collect ground-level data and facilitate localized
decision-making [23]. These scenarios underscore the potential for robust, efficient, and flexible connectivity when aerial and
terrestrial networks operate in tandem.

This paper introduces AirPro-FL, a proactive routing protocol designed to enhance communication among UAVs in scanning
operations. By integrating fuzzy logic into the Optimized Link State Routing (OLSR) protocol [24], AirPro-FL enables more advanced
decision-making processes that consider factors such as node nature, node position, connectivity, and network topology. It also
facilitates efficient communication between UAVs and mobile ground nodes (mobile users), recognizing their distinct purpose and
mobility characteristics —including variations in speed, and direction changes, thereby optimizing data forwarding mechanisms
and network resource management. AirPro-FL is evaluated using a novel three-dimensional mobility model introduced in this
paper, that accurately simulates UAV movement during scanning operations. Simulations conducted with network simulator-3 (ns-3)
demonstrate that AirPro-FL outperforms established routing protocols in the context of scanning operations.

The key contributions of this study are as follows:



G. Kakamoukas et al. Internet of Things 31 (2025) 101535

Development of AirPro-FL: A proactive, energy-aware routing protocol that integrates fuzzy logic to optimize routing decisions,
improve link stability, and enhance network performance in a collaborative FANET-MANET network.

Bridging Deterministic and Random Mobility Networks: AirPro-FL is the first protocol to efficiently facilitate communication
between nodes following deterministic UAV flight paths and randomly moving ground nodes, ensuring seamless connectivity
and improved packet forwarding efficiency.

Evaluation under a Deterministic Mobility Model: Unlike existing fuzzy logic-enhanced routing protocols, which rely on
stochastic mobility models, AirPro-FL is rigorously evaluated under a deterministic mission-oriented mobility model, providing
realistic insights into its applicability for UAV-based agricultural tasks.

Comprehensive Performance Assessment: Through extensive ns-3 simulations, AirPro-FL is benchmarked against well-
established routing protocols (OLSR, Ad-hoc On-Demand Distance Vector (AODV) [25], and Destination Sequence Distance
Vector (DSDV) [26]) across key metrics, demonstrating superior PDR, lower latency, improved throughput, and enhanced
energy efficiency.

2. Related work

Existing research indicates that there are no documented real-world implementations of FANETSs in the agricultural sector, with
current studies being limited to simulation-based evaluations. The widely used simulators for the investigation of ad hoc protocols,
such as network simulator-2 (ns-2), cannot simulate movement in three dimensions [27]. Although some studies have attempted
to simulate FANET performance using these simulators, they have not addressed the deterministic nature of UAV’s movement [28—
31]. Most of their work focuses solely on stochastic UAV movements that fail to accurately represent UAV movement during
operations since UAVs are usually deployed for specific tasks that require deterministic movement [32]. This is particularly relevant
in agricultural applications, where UAVs are used to perform specific activities that require predictable trajectories [15].

Given these constraints, some recent studies have explored UAV collaboration in deterministic operations. For example, the
authors in [33] were among the first to deploy multiple UAVs simultaneously for an agricultural mission, using three DJI Mavic
drones. Each UAV was connected to an Android tablet for flight control and data transfer, with the tablets linked via a 1 GB/s
router to a ground station. This setup allowed them to complete a crop scouting activity in less than four days, compared to the
previous duration of 9.26 days. However, this setup did not involve any coordination between UAVs. In a follow-up experiment,
researchers integrated four UAVs with an Unmanned Ground Vehicle (UGV) to enable hierarchical crop monitoring. For this study,
they developed an energy-efficient and trajectory-aware algorithm to optimize routing for both UAV-to-UAV and UAV-to-UGV
communication, using ns-3. The authors in [34,35] developed a new FANET simulator specifically designed for managing UAV
networks in the agricultural sector. Then, they proposed a routing algorithm that coordinates UAV movements to effectively carry
out pest control measures.

One of the fundamental challenges in UAV-assisted applications is optimizing area coverage while maintaining seamless
communication between nodes. Studies in networked UAVs have explored methods to ensure persistent coverage in mission-
oriented operations such as surveillance, disaster management, and agricultural monitoring [36]. For example, the work in [37]
proposes a distributed control strategy for UAV formations performing surveillance missions while simultaneously maintaining a
relay communication network. Their model enables UAVs to dynamically adjust their positions to optimize coverage while ensuring
reliable communication links. Although this study primarily targets surveillance applications, it aligns with the challenges faced in
precision agriculture, where UAVs must efficiently scan large areas while remaining connected to mobile ground users. Path planning
optimization has also been explored using bioinspired artificial intelligence techniques such as Genetic Algorithms (GA), Ant Colony
Optimization (ACO), Voronoi diagrams, and clustering methods [38]. The routing aspect of such UAV formations remains a critical
issue, highlighting the need for protocols which can dynamically adapt routing decisions based on UAV and ground node mobility
constraints. Another significant challenge in UAV-based networking is collaborative network coverage, particularly in scenarios
where infrastructure-based coverage is limited. The collaborative network coverage enhancement scheme (CONEC) proposed in [39]
leverages UAVs to extend network connectivity to uncovered vehicles by optimally placing UAVs in regions with coverage gaps. The
routing mechanism for UAV formations aimed at optimal area coverage remains a significant challenge, emphasizing the necessity
for protocols capable of dynamically adjusting routing decisions based on the mobility constraints of both UAVs and ground nodes.

Beyond mobility considerations, routing protocol performance has been significantly enhanced through fuzzy logic-based
decision-making. Researchers in [40] have utilized a bioinspired ACO algorithm, known as Ant-Hocnet, and have introduced the
FAnt-Hocnet routing protocol based on fuzzy logic. Their approach aims to improve routing in a FANET with 100 nodes exhibiting
stochastic movement under a Gauss-Markov mobility model. The FAnt-Hocnet protocol has shown superior throughput and
reduced End-to-End (E2E) delay, demonstrating the contribution of fuzzy logic in improving protocol intelligence and performance.
Numerous reviews, including Verma et al. [41] and Rovira-Sugranes et al. [42], have confirmed the effectiveness of fuzzy logic
in enhancing routing protocols. For example, a framework was proposed that uses metrics such as link change rate and received
signal strength, integrated through Analytic Hierarchy Process (AHP) and Simple Additive Weight (SAW) methods, to enhance the
AODV and OLSR algorithms. This resulted in an improved Packet Delivery Ratio (PDR) and reduced E2E delay [43]. Additionally,
a fuzzy logic-based AODV protocol for MANETs was introduced, addressing the limitations of single-metric protocols and showing
superior performance in dynamic environments, particularly in terms of throughput and PDR [44]. In a recent study [45], FL-AODV,
a fuzzy logic-enhanced version of AODV, was developed to prioritize reliable nodes during route discovery. This approach resulted
in an 18% increase in routing reliability compared to traditional AODV. Furthermore, a variant of FL-AODV was introduced using
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a multivariate cross-layer design, optimizing parameters across various OSI layers and outperforming traditional AODV in both
throughput and delay metrics [46].

A fuzzy logic routing protocol designed for Vehicle Ad-hoc Networks (VANETSs) emphasized stable route selection, enhancing
node autonomy, and demonstrating superior performance relative to AODV [47]. Additionally, the Adaptive Fuzzy Logic Inspired
Path Longevity Factor-Based Forecasting Model (AFLIPLFFM) model was proposed to improve path stability by calculating Instan-
taneous Path Reliability (IPR) through fuzzy inference, achieving significant reductions in E2E delay compared to AODV, Ad-hoc
On demand Multipath Distance Vector (AOMDV), and Energy and active new Neighbor rate-based Routing Protocol (EN2RP) [48].
An enhanced version for FANETS, referred to as OLSR+, employed fuzzy logic to estimate link lifetime and select Multi-Point Relay
(MPR) nodes, showing improved performance in PDR and throughput over traditional OLSR [49]. A fuzzy logic-based routing scheme
for FANETs utilized a two-phase approach to reduce control overhead while enhancing E2E delay and PDR, despite incurring slightly
higher routing overhead [50]. A multi-objective routing algorithm integrating Q-learning-based fuzzy logic for FANETs resulted in
lower hop counts and reduced energy consumption relative to conventional protocols [51]. Lastly, the Distributed routing protocol
in the Internet of Things (D-IoT), a UAV-assisted routing framework tailored for Internet of Things (IoT) environments with a focus
on Quality of Service (QoS), utilized a neuro-fuzzy inference system to select routes, demonstrating improved performance across
various applications effectively [40].

Table 1 summarizes recent efforts by researchers to enhance popular ad-hoc routing protocols by incorporating fuzzy logic. The
table details the environments and types of movement in which these protocols were tested, the fuzzy inputs used, and the results
achieved. A notable observation is that almost all these protocols have only been tested using stochastic mobility models. This lack
of attention to deterministic mobility models, which are better at simulating UAV movements in real FANET applications as shown
in studies like [15,32], is evident. Furthermore, as highlighted in [27,32], stochastic mobility models are considered less suitable
for practical FANET applications and are more appropriate for exploratory purposes.

Despite the aforementioned advancements, one limitation of traditional FANET applications is their dependence on centralized
computing models, which may introduce delays and processing bottlenecks [52]. To address this, edge and dew computing have been
proposed as viable solutions for low-latency distributed data processing in UAV networks [53]. In [54], an intelligent edge-enabled
6G FANET ecosystem was introduced to facilitate real-time data processing and communication for UAV-based precision agriculture.
Using edge intelligence, UAVs can process sensor data locally, reducing reliance on cloud infrastructure and minimizing latency.
Similarly, the DisastDrone system [55] integrates dew computing into UAV-assisted disaster response operations, leveraging 6G
ultra-low latency networks for rapid data exchange. Dew computing extends edge capabilities by distributing computational tasks
across end devices, enabling UAVs to make autonomous decisions without constant connection to a centralized server. This concept
is particularly interesting to an emerging area of interest which involves systems that coordinate different types of self-organized
ad-hoc networks [56]. Inter-network communication between different types of ad-hoc networks, such as FANET-to-MANET and
FANET-to-VANET, is expected to address challenges affecting conventional ad-hoc networks while enabling new UAV applications
across various industries, including agriculture [57].

This study is the first to introduce a routing protocol designed specifically for communication between FANET and MANET during
scanning operations using UAVs. The suggested routing protocol introduces a novel approach to a) optimize the routing process in
practical applications involving remote sensing along designated scanning paths in three-dimensional space, and b) optimize MANET
to FANET communication between UAVs and mobile ground nodes. To accurately evaluate the protocol’s performance, a novel
deterministic mobility model for three-dimensional environments was developed and integrated into the ns-3 simulator. Unlike
previous research that relied on the outdated ns-2 simulator, which had limited support for three-dimensional movement [27],
this work leverages the more advanced capabilities of ns-3. Ns-3 offers greater accuracy, flexibility, and reliability in simulations,
as supported by recent studies [58]. The new mobility model enables UAVs to operate in three dimensions, covering designated
areas with customizable side steps based on mission-specific requirements, thereby enhancing the realism and applicability of the
simulations.

3. Mission scenario and network model

UAVs are used in Precision Agriculture for a wide range of activities, including crop scouting, surveying and mapping, crop
insurance, cultivation planning and management, application of inputs such as water and chemicals, and geofencing [59]. During
a crop survey and mapping activity, UAVs collect aerial imagery, which is then analyzed using Geographic Information Systems
(GIS) and specialized algorithms to produce maps and evaluation reports, providing information on crop health [60]. Fig. 1 depicts
examples of different imagery formats produced by a GIS. Fig. 1(a) displays a composite of five bands: green, red, red-edge, near-
infrared, and alpha bands, providing valuable data on vegetation and land cover. Fig. 1(b) shows the Digital Surface Model (DSM),
revealing variations in elevation and surface characteristics. Fig. 1(c) is the orthomosaic, a high-resolution aerial shot created by
stitching together multiple images. Fig. 1(d) displays the Normalized Difference Vegetation Index (NDVI) map, a commonly used
tool for assessing crop health by measuring vegetation density and vitality. A GIS can generate various exports tailored to meet the
specific informational needs of stakeholders, providing flexible and practical insights for accurately assessing crop conditions.

Current methods for crop surveying and mapping using UAVs typically involve a single UAV surveying a predefined area and
capturing image data. This conventional approach can be broken down into three primary stages:

1. Flight Preparation Stage:
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Table 1

Comparative analysis of fuzzy logic-enhanced variants in ad-hoc networks (2020-2023).
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Reference Network Movement Fuzzy inputs Enhancements & Challenges
Kim et al. [43] MANET Stochastic Link change rate, Buffer Enhanced PDR and E2E Delay
occupancy ratio
Choudhary et al. [44] MANET Stochastic Residual energy, Speed, Enhanced PDR and
Hop-Count, Bandwidth, Expiration throughput/Decreased E2E delay
time
Li et al. [45] MANET Stochastic Stability Enhanced PDR/Decreased routing
overhead and E2E delay
Mehta [46] MANET Stochastic Header length, Route timeout, Enhanced throughput/Decreased
Node speed E2E delay
Lee et al. [50] FANET Stochastic Node movement, Residual energy Decreased E2E delay, and Energy
consumption, Enhanced
PDR/Increased overhead
Miri and Tabatabaei [47] VANET Stochastic Vehicle mobility, and bandwidth Enhanced PDR/Decreased E2E
delay
Subha and Anandakumar MANET Stochastic Instantaneous path reliability Decreased E2E delay
[48]
Yang et al. [51] FANET Stochastic Transmission rate, Residual Prolonged route lifetime
energy, Hop-Count, Successful
packet deliveries
Khan et al. [40] FANET Stochastic Node movement, Link availability Enhanced throughput/Decreased
period, Residual load capacity, E2E delay
Delay
Rahmani et al. [49] FANET Determin- Energy, Link lifetime, Enhanced PDR, Throughput,

istic

Neighborhood degree

Energy consumption/Increased
overhead

+ Flight Analysis and Planning: This initial stage involves examining the mission specifications and making the necessary
preparations for the UAV. The inputs include the coordinates of the surveyed area, the mobility model, the height of
the aircraft, and the required equipment.

2. Flight Operation Stage:

Flight Initiation — Takeoff: The UAV is transported to the mission’s starting point and takes off.

Data Acquisition: Upon reaching the desired altitude, the UAV begins collecting images of the crop.
Data Storage: Each image is stored on an SD card within the UAV.
Battery Level Check: The battery level of the UAV is regularly examined. If the battery level falls below a predetermined

threshold or experiences a significant decrease, the UAV must land in order to replace the battery.

SD Card Memory Check: Periodic checks are conducted to determine the amount of memory currently accessible on the

SD card. When the UAV’s memory capacity is full, it must descend to replace the full SD card with an empty one.

3. Post-Flight Data Exploration Stage:

Flight Termination — Landing: Once the UAV completes its mission, it lands at a predefined point.

+ Data Extraction: The UAV’s SD card(s) are removed and inserted into a ground workstation. The image data, often

reaching gigabytes in size, is retrieved and saved.

« Data Exploitation: The software processes the image data by merging the photos using geolocation information, resulting
in a single mosaic image that represents the entire scanned area.
 Results: The stakeholders utilize the mosaic, together with other forms of imagery, for analysis and as a basis for

reference and decision-making.

However, the conventional approach raises the following concerns:

1. A single UAV able to carry the required hardware and capable of scanning the entire field with minimal battery replacements

costs tens of thousands of euros.

. The duration of the mission is constrained by the capabilities of the UAV and prolonged by the necessity of replacing the

battery and SD card.

. A UAV’s susceptibility to a single point of failure can lead to the termination of a mission.
. The mission necessitates substantial manual involvement, including tasks like replacing batteries and SD cards, as well as

transferring image data to the ground workstation asynchronously.
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(c) Orthomosaic (d) Normalized Difference Vegetation Index

Fig. 1. 4 different types of images generated by a Geographic Information System (GIS) software.

The proposed scenario resolves these difficulties by utilizing a hybrid network consisting of a FANET able to use mobile users
on the ground and other UAVs as intermediate nodes. The FANET consists of several small and cheap UAVs that collect and
transmit image data to a ground workstation. This workstation conducts all required analyses to generate valuable information
for stakeholders. This approach divides the crop health assessment process into the following stages:

1. Flight Preparation Stage:

« Flight Analysis and Planning: This stage entails examining the mission specifications and making necessary preparations
for each UAV. The inputs consist of the surveyed area’s coordinates, the mobility model, the flight height, and the
required equipment for each UAV.

2. Flight Operation Stage:

« Flight Initiation — Takeoff: Each UAV is delivered to its designated starting position and then initiates its takeoff.

+ Data Acquisition: Once the UAVs reach the intended altitude, they commence the process of capturing images of the
crop.

+ Data Forwarding: Each image captured by UAV, is promptly transmitted to the ground workstation using the FANET
and mobile users on the ground.

+ Flight Termination — Landing: Each UAV lands at a predetermined location after the mission is finished.

3. Post-Flight Data Exploration Stage:

- Data Exploitation: The software directly processes the image data by merging the photos using geolocation information.
This creates a single mosaic image that shows the entire scanned area.

+ Results: The stakeholders utilize the mosaic, as well as other forms of imagery, for analysis and as a basis for making
informed decisions.

The proposed strategy significantly enhances efficiency, reduces mission duration, minimizes manual intervention, and lowers
the likelihood of mission failure due to the decentralized structure of the UAV network.
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Fig. 2. UAV vertical sweeps, side-step, and sink position.

Fig. 2 depicts the simulated agricultural field to be surveyed. The area of interest is 1000 m x 1000 m, and a UAV can capture
images of 50 m x 50 m from a specific height (h). The side-step size is set to 50 m, allowing complete coverage of the region in 19
vertical sweeps. The UAV sends these images to a ground workstation (sink), located at the center of the field, as shown in Fig. 2.

The scenario models a crop scouting and mapping activity involving up to five small UAVs. Each UAV is configured to
approximate the performance characteristics of a mid-sized multicopter, weighing approximately 2-3 kg and capable of speeds
up to 20 m/s. This configuration enables the simulated UAV’s mobility, capacity, and energy consumption to closely mirror those
of actual multi-copters commonly employed in agricultural operations. Fig. 3 depicts the movement patterns and boundaries for
both aerial and ground nodes, with Fig. 3(a) illustrating the scanning movement of the aerial nodes, which maintain a constant
altitude of 10 m. The FANET utilizes mobile ground users, such as farmers, as intermediate nodes. A total of 25 mobile users are
simulated, following the Gauss-Markov mobility model. Fig. 3(b) shows the mobility pattern for the ground nodes, while Fig. 3(c)
highlights the movement boundaries for each ground node, color-coded for distinction. In the most complex configuration, five
UAVs are assigned to survey five equally distributed sections of the field, with Fig. 3(d) indicating the coverage area of each UAV,
marked with different colors.

With a velocity of 20 m/s [61], each UAV would record 20 photographs while covering a distance of 1000 m. This results in an
image capture rate of approximately one image every 2.5 s. Given an image size of 1 MB, the UAVs would be required to transmit 1
MB of data every 2.5 s. Nevertheless, the transmission occurs at regular intervals of 5 s, requiring each node to provide a minimum
of 2 MB of data within this time frame. This corresponds to a transmission rate of at least 0.5 megabits per second. It is important
to mention that a higher On-Time would increase the transmission rate while also increasing network overhead at the same time.
In order to enhance overall performance, a well-considered window for both the On-time and Off-time is established. Given these
factors, it is recommended that the MAC channel should have a minimum capacity of 0.5 Mbps. However, the usual PHY/MAC
802.11b experiences data transmission speeds lower than 500 kbps as a result of congestion in common scenarios involving MANET,
VANET, and FANET. In order to overcome this restriction, the FANET scenario uses a more advanced PHY/MAC, specifically 802.11n,
which offers improved data speeds [62].

The simulation scenario will use the AirPro-FL routing protocol to compare it with three established ad-hoc network routing
protocols: AODV, OLSR, and DSDV. Each of these protocols has been extensively studied, offering distinct advantages and trade-offs
in terms of performance, scalability, and adaptability to dynamic network conditions as those in FANETs [63].

4. Materials and methods

AirPro-FL builds upon the foundational principles and core functionalities of the OLSR routing protocol. The OLSR protocol,
developed by the Internet Engineering Task Force (IETF), is specifically designed for MANETs [64]. OLSR is an optimized link-
state routing protocol that improves on the traditional link-state method. One key improvement in OLSR is the implementation
of MPRs, which are specifically chosen nodes that handle the transmission of broadcast messages during the flooding procedure.
This technique greatly decreases the amount of unnecessary communication compared to the typical flooding mechanism, where
every node re-sends each message upon getting it for the first time. The second optimization entails the generation of link-state
information exclusively by nodes chosen as MPRs. This strategy reduces the quantity of control messages that must be disseminated
over the network. As a final optimization, an MPR node may choose to report the links between itself and its MPR selectors. This
results in the dissemination of fragmented link-state information throughout the network, which is subsequently utilized for route
computation. This approach offers the most efficient routes in terms of the number of hops required.

Unlike the majority of routing protocols designed for ad-hoc environments that rely solely on HELLO messages for control
information dissemination, the OLSR protocol employs four distinct types of messages to establish an accurate and comprehensive
view of the network. These four message types are:
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Fig. 3. Movement and boundaries for aerial and ground nodes.

» HELLO messages: These are utilized for link sensing, neighbor detection, and signaling MPRs.

 Topology Control Messages (TCM): These messages are responsible for advertising link states and declaring network topology.

+ Multiple Interface Declaration (MID) messages: MID messages announce the presence of multiple interfaces on a node.

» Host and Network Association (HNA) messages: HNA messages, a generalized form of TC messages, are periodically generated
by nodes with associated hosts or networks to declare their associations. Nodes without associated hosts or networks should
not generate HNA messages.

Based on the literature assessment in Section 2, several parameters could hinder the successful implementation of a routing

protocol in a network model as described in Section 3. These parameters include various considerations, such as:

1. High Mobility of Fast-Moving UAVs: The high mobility of fast-moving UAVs results in frequent link failures, which disrupt
communication pathways.
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2. Redundant Messages from Mobile Ground Nodes: The network’s ground nodes repetitively transmit OLSR messages, even
while their positions have not changed significantly (compared to UAVs), causing unnecessary overhead.

3. Uniform Message Transmission Rates: Regardless of their mobility or network structure, both fast-moving UAVs and ground
nodes deliver OLSR messages at the same rate.

4. Sparse and Dense Regions: Ad-hoc networks used in agricultural applications usually span extensive areas and exhibit varied
node density, leading to regions with either sparse or dense node distribution.

5. Variability in 1-Hop Connectivity: UAVs located in the middle region of the network may have better 1-hop connectivity and
MPRs. However, when the UAVs are flying at the borders of the network, they will experience poor 1-hop connectivity and
MPRs.

To address these issues and enhance performance in MANET-to-FANET communication, four main ideas are proposed:

1. Optimization of OLSR Messages Interval: Adjusting the hello interval to reduce message overhead and minimize unnecessary
transmissions.

2. Improvement of 1-Hop Connectivity: Optimize message intervals based on the 1-hop connectivity of the nodes.

3. Diversify Ground and Flying Message Interval: May select different intervals for ground and flying nodes.

4. Adjust the transmission power of a node based on its current number of MPRs.

It can be challenging to determine the optimal power level, but improving 1-hop connectivity requires increasing the transmission
capacity of nodes. As transmission power increases, energy consumption and overhead also increase. To address these issues, we
use a strategy that involves gradually adjusting transmission power based on the node’s current 1-hop connectivity or approximate
network density.

Nodes will use fuzzy logic to dynamically select transmission power levels and message intervals from three options (low,
medium, and high). This adaptive strategy ensures that the nodes adjust their transmission power and messaging frequency
according to their current connectivity status. This helps to reduce link failures, decrease control overhead, and improve the overall
performance of the network.

It is important to note that adjusting transmission power not only affects performance metrics such as throughput, PDR, and 1-hop
connectivity, but it also affects energy consumption. The goal of this approach is to achieve optimal performance in these metrics
without disproportionately increasing power consumption. Therefore, the suggested optimization strategy is aimed at reducing
power consumption per unit of PDR, ensuring the network operates efficiently and sustainably.

4.1. Fuzzyfication in our design

Fuzzification is a technique through which the ‘crisp-valued’ inputs are converted into fuzzy-valued outputs. As shown in
Fig. 4 within a fuzzy system, pivotal modules include the fuzzifier related to input fuzzification, defuzzifier related to output
defuzzification, rule base, and fuzzy inference engine. The fuzzifier plays a crucial role in converting system inputs into fuzzy inputs,
determining a membership degree for each fuzzy input. The fuzzy inference engine computes fuzzy values, operating directly with
the rule base component, which contains a collection of “if-then” rules. Resulting from the inference engine are fuzzy variables.
Lastly, the defuzzifier transforms fuzzy outputs into crisp values, employing various methods such as averaging or centroid schemes.

The following subsections present the components involved in the fuzzification process of this work.

4.1.1. Linguistic variables

Linguistic Variables (LV) in fuzzy logic are variables represented by words or phrases instead of numerical values. These variables
help to portray ambiguity and imprecision in human discourse more instinctively. In this design, three linguistic variables, “high”,
“medium”, and “low”, were included in the model to aid decision-making processes. By using fuzzy logic, it is possible to represent
more accurately the uncertainty associated with the input data.

4.1.2. Input, output variables and membership functions
Eq. (1) shows the three input membership functions used in the proposed design. The variable on the left is called the input
membership variable.

previousM PR : {Low, Medium, High}
1 — hopConnectivity : {Low, Medium, High}
MF;, =4 currentT x Power : {Low, Medium, High} 1)
prevHellolntval : {Low, Medium, High}
prevTCM Intval - {Low, Medium, High}
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Fig. 5. Membership diagram representing an input/output membership function.

Eq. (2) shows the three output membership functions used in the proposed design. The variable on the left is called the output
membership variable.

newHelloIntval — M : {Low, Medium, High}
newHellolntval — S :  {Low, Medium, High}
MF,,; =4 newTxPower : {Low, Medium, High} 2)
newT CM Intval — M : {Low, Medium, High}
newTCM Intval — S :  {Low, Medium, High}

In the proposed framework, the variable newHelloIntval-S represents the hello interval designated for mobile ground nodes
within the MANET. Conversely, newHelloIntval-M denotes the hello interval assigned to UAVs. Additionally, newTCMIntval-M is
used for setting the topology control message interval for aerial nodes, while newTCMIntval-S is utilized for ground nodes.

4.1.3. Membership diagram

Both the input and output membership functions have similar triangular shapes, using the same linguistic variables for the five
input and five output membership functions. The main distinction lies in the values a to 7, representing different ranges within the
input and output functions. Fig. 5 shows the blueprint diagram for all input and output membership functions.

The main objective is to adjust the values of the output variables based on the input variables using fuzzy logic rules. The
1-hop connectivity is determined by the number of neighboring nodes within a single hop. This serves as an accurate measure
of the neighboring entities over a specific timeframe. It is important to note that the actual number of physical neighbors might

10
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Table 2
The input and output variables and their range.
Variable Low Medium High
a B 4 6 € ¢ n
previousMPR 0 5 3 7 10 7 15
1-hopConnectivity 0 8 5 15 20 15 25
Inputs CurrentTxPower 10 15 13 20 25 20 30
prevHelloIntval 1 2 1.5 3 4 3.5 5
prevTCMIntval 3 4 3.5 6 8 7 10
newHelloIntval-M 1 2 1.5 2.5 3 2.5 4
newHellolntval-S 2 3 2.5 6 5 8
Outputs NewTxPower 10 13 12 15 18 17 20
newTCMIntval-S 3 4 3.5 7 6.5 9
newTCMIntval-M 2 3 2.5 4 6 5 8

vary, which is why the term 1-hop connectivity is used to refer to neighbors that can be successfully connected. In essence, an
increase in 1-hop connectivity indicates an overall improvement in connections. Enhancing the transmission power (newTxPower)
of the nodes can improve the direct connection between nodes. However, this also results in increased overhead, higher operational
costs, and energy usage. Therefore, it is important to determine the proper level of transmission power to achieve an optimal level
of performance. When the 1-hop connectivity reaches an ideal range, it can be considered satisfactory connectivity. If the 1-hop
connectivity falls below the ideal range, the transmission power needs to be increased, but the exact amount of increase required is
unknown. Conversely, if the 1-hop connectivity is greater than the ideal range, the transmission power should be reduced. The precise
amount of reduction required is also uncertain. Fuzzy logic addresses these uncertainties by calculating the necessary adjustments
to the transmission power, ensuring optimal performance.

4.1.4. Range of values
Table 2 shows the range of input and output values of the system.

4.1.5. Triangle membership functions

Triangular membership functions are used to define the range of input variables in the fuzzy system. These functions depict a
solitary collection of triangle membership functions, symbolizing the overarching concept. Each set of triangle functions can cover
different ranges of values for the parameters a to 5. The subsequent explanation includes the three membership functions that
delineate ‘low’, ‘medium’, and ‘high’ values. It should be noted that the precise value ranges may differ based on the particular
input and output variables described in Table 2. Eq. (3) corresponds to the left triangle in the given membership diagram in Fig. 5.

0, forx <a
) 1, forx=a @
Hrow') = X2 fora<x<p
p—a
0, forx > B
Eq. (4) corresponds to the middle triangle in the membership diagram in Fig. 5.
X forx <y
) g fory<x<é @)
U . X) =
medim % fors<x<e
0, forx>e
While Eq. (5) belongs to the right triangle in the membership diagram in Fig. 5.
0, forx <¢
) %, fora<x<p )
Upiop(X) =
hish 1, forx =¢
0, forx > ¢

4.2. Fuzzy set operations
Fuzzy set operations are crucial in the concept of fuzzy logic, as they determine the actual value within a specified range. These
operations involve the assessment of imprecise rules and the combination of the results of individual rules. It is important to note

that operations on fuzzy sets are different from those on non-fuzzy sets. The membership functions for fuzzy sets A, B, and C of

11
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Fig. 6. Defuzzification from an output membership function.

distinct input variables are denoted by u,, up, and uc. These membership functions return varying confidence values, depending
on the nature of the precise inputs. Various methodologies are used to calculate the results of these membership functions. The
maximum and minimum operations are commonly used for OR and AND operators, respectively. These operations are illustrated
by the following equations:

MAX : Max{uA(x), uB(x), uC(x)} (6)
MIN : Min{uAx), uB(x), uC(x)} @

The goal of this operation is to determine the value of an input or output variable using three different membership functions.
The fuzzy set is used in the following equation when a complement (NOT) operation is needed for a single input:

NOT : pyAx) =1 - uA(x) ®

The final conclusion must be derived by aggregating the results of each rule after evaluating its outcome. Various methods can
be employed to perform this procedure, which is referred to as inference. The following are some of the most frequently employed
accumulation techniques for combining the results of individual rules:

Maximum : Max{uA(x), uB(x), uC(x)} ()]

Bounded Sum : Min{1, uA(x) + uB(x), uC(x)} (10)

HA(X) + uB(x) + pC(x)

an
Max (1, Max{uA(xo). uB(xo). uB(x)})

Normalized Sum :

For the purposes of this work, the maximum algorithm is used for accumulation.
4.3. Defuzzification

The defuzzification stage entails the conversion of the imprecise outputs of various variables from the inference stage into precise
values, which is accomplished using a defuzzifier. This procedure is implemented according to the membership function of the output
variable. For example, the outcome of the inference procedure is illustrated in Fig. 6. The ambiguous outcome is depicted in the
shaded areas of this figure. The objective of defuzzification is to extract a precise value, denoted by a dot in the figure, from this
ambiguous outcome.

The center of gravity method, or centroid, is one of the most used algorithms for defuzzification. This procedure combines all
of the fuzzy outputs to generate a single (or occasionally multiple) crisp output. The following integration formula is employed to
calculate the value of U, which is the center of gravity:

U= ./min 14}4(14) du (12)

S oy d

4.4. The flow diagram of AirPro-FL

Fig. 7 presents the idea of integration of fuzzy logic inside the standard OLSR design. At the start of the process, the agent
responsible for protocol initialization defines and initializes the fuzzy logic engine along with the relevant variables. During the
stage where MPRs are computed, the algorithm retrieves values for transmission power, message intervals, and MPR status, which
are then used as inputs in the fuzzy system. Based on the node type, the fuzzy system selects the updated transmission power and
message intervals from the proposed outputs. The remaining steps in the algorithm adhere to the principles of traditional OLSR
protocol.

12
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OnRoutingAgentinit() {

DeclareFLVariables();}

InitiateFLVariables();

OnMPRComputation();

DeclareFLEngine();

OnDolnitialize(){

InitiateFLEngine();}

Get a Pointer to the Physical Layer of the

Get the Current Tx Power from Physical Layer;
Get the Previous Hello Interval;

Set Input Parameters of FL Engine accordingly;
Run FL Engine with New Input Values;
Set Tx Power According to the New Power;

Node;

Get Current MPR;

Set New Hello Interval;
Set New TC Message Interval;

—Aerial

Set New Hello Interval;

Gi d—>
Node Type roun Set New TC Message Interval;

STANDARD OLSR();

Fig. 7. The flow diagram of AirPro-FL.

4.5. The pseudo code of AirPro-FL

Internet of Things 31 (2025) 101535

In standard OLSR, the transmission power and message intervals remain static and are not dynamically adjusted based on network
parameters. However, in the proposed routing protocol, these two parameters are optimized over time concerning 1-hop connectivity
and the previously used transmission power. The following pseudo-code illustrates the specific section of the OLSR algorithm where
this optimization technique is integrated, transforming it into AirPro-FL. It is important to note that, aside from this enhancement,
the other functions of AirPro-FL remain identical to those of OLSR, and thus they are not detailed in this pseudo-code.

Algorithm 1 explains the algorithm of the AirPro-FL Routing Protocol.

The algorithm initiates the fuzzy logic system and defines the input variables for the system. These input variables include:
CurrentTxPower, representing the transmission power a node uses to forward a packet to the next hop; 1-hop Connectivity, which
denotes the number of neighboring nodes reachable within a single hop; PrevHelloIntval and PrevTCMIntval, which refers to the
intervals of the Hello and TCM messages used during the previous data transmission; and PrevMPRSize, representing the number

of MPRs available to the current node.

Algorithm 1 expects the following inputs for the input membership function

* Index 1: (a;, B, 71,61, €1, &1 1) stands for CurrentTxPower
+ Index 2: (ay, B, 72,65, €5, (5. 1p) stands for 1ThopConnectivity
+ Index 3: (a3, f3, 73, 83, €3, {3, 113) stands for PrevHelloIntVal

+ Index 4: (ay, P4, 74, 64. €4, {4, 1y) stands for PrevTCMIntVal

+ Index 5: (as, fs, 75, 65, €5, 5, 115) stands for PrevMPRSize

Algorithm 1 expects the following inputs for the output membership function

+ Index 6: (ag, fs. 76 56 €6- L6 M) Stands for NewHelloIntValS

+ Index 7: (a7, f7, 77,67, €7,¢{7.17) stands for NewTCMIntValS

+ Index 8: (ag, fs, v3. 8. €3, {5, 113) stands for NewHelloIntValM

+ Index 9: (ay, fy, v9, 89, €9, {9, 1ly) stands for NewTCMIntValM

+ Index 10: (@9, f19» 710 105 €10+ $10- M10) Stands for NewTxPower

The above sets define the ranges of input triangular functions and output triangular functions, while Node Type stands for the
type of node that takes the following values: 0-default, 1-sink, 2-ground, 3-UAV.
The fuzzy rules for transmission power establish a set of conditions for adjusting the transmission power of a node based on the
number of previously selected MPRs and the current transmission power state. The objective of these rules is to dynamically manage
the transmission power to optimize energy consumption and ensure reliable communication in the network. Algorithm 2 evaluates

13
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Algorithm 1 AirPro-FL Routing Protocol

1: OnAirProF LInit() {
2:  FLEngine « NewF LEngine();

3 CurrentTxPower < InputV ariable(ay, fy,y1,61.€1,$1.1);

4. 1 — hopConnectivity < InputV ariable(ay, fy,v2,63.€3.$.1m2);
5:  PrevHelloIntVal < InputV ariable(as, f3.y3.63.€3.{3.13);
6:  PrevTCMIntVal « InputVariable(ay, Py.v4,04.€4.84.14);
7.  PrevM PRSize « InputVariable(as, fs, 75,05, €5,5,15);

8

NewHelloIntV alS < OutputV ariable(ag, Pg. 76, 56 €6+ Co- M6 ); > For Mobile Nodes
9:  NewTCMIntValS « OutputVariable(as, f7.77.567.€7,(7.17); > For Mobile Nodes
10:  NewHelloIntValM « OutputV ariable(ag, fig. 3. 63, €3. 3. 13); > For Aerial Nodes
11:  NewTCMIntValM « OutputV ariable(ag, Py, v9,89, €9, L9, 19); > For Aerial Nodes

12 NewTxPower < OutputV ariable(ayg, B10s 710 810+ €10- £10- 110)
13:  FLEngine— > add InputV ariable(CurrentTx Power);

14:  FLEngine— > addInputV ariable(1 — hopConnectivity);
15:  FLEngine— > addInputV ariable(PrevHelloIntV al);
16:  FLEngine— > addInputVariable(PrevTCM IntVal);
17:  FLEngine— > addInputV ariable(PrevM PRSize);

18:  FLEngine— > addOutputV ariable(N ewHelloIntV al S);
19:  FLEngine— > addOutputV ariable(N ewT C M IntV alS);
20:  FLEngine— > addOutputV ariable(NewHelloIntValM);
21:  FLEngine— > addOutputV ariable(NewTCM IntValM);
22:  FLEngine— > addOutputV ariable(N ewT x Power);

23:  FLRulesInisialized = false;

24: }

25: OnAirProF LM PRComputation() {

26:  DoNormalOLSR();

27: if (OptimisationT ype == 1) then

28: node < GetObject(this); > Get Current Node
29: dev < GetDevice(node,0); > Get 0" Device of the Node
30: phy < GetPhy(dev), > Get Physical Layer of the Device

31: FLEngine— > setInputV alue(PrevTCM IntV al,myCM IntVal);
32: F LEngine— > setInputV alue(1 — hopConnectivity, N .size());

33: FLEngine— > setInputV alue(PrevM PRSize, M PRSet.size());
34: FLEngine— > setInputV alue(PrevHelloIntVal,myelloIntVal);
35: FLEngine— > setInputV alue(CurrentTx Power, Phy.GetTx P());
36: FLEngine— > process();

37: NewTxP « FLengine— > getOutputV alue(e N ewT x Powere));

38: if (Ntype == 3) then > 0-default, 1-sink, 2-Ground Node, 3-UAV
39: SetHelloInt(F LEngine— > getOutputV alue(NewH elloIntV al M));

40: SetTCM Int(FLEngine— > getOutputV alue(N ewT C M IntV alM));

41: else

42: SetHelloInt(F LEngine— > getOutputV alue(N ewHelloIntV al S));

43: SetTCM Int(F LEngine— > getOutputV alue(N ewT CM IntV alS));

44: end if

45: end if

46:  DoNormalOLSR();

47: }

the current transmission power level (CurrentTxPower) and the size of the previously selected MPR set (PrevMPRSize), which are
both categorized using three fuzzy levels: Low, Medium, and High. Using these inputs, the algorithm adjusts the transmission power
to a new value called NewTxPower. Specifically, the following rules allow the system to balance transmission power dynamically
based on the network conditions, reducing the transmission power when many MPRs are available and increasing transmission
power when fewer MPRs are available.

Algorithms 3 and 4 present the Messaging Interval Rules for Aerial and Ground Nodes. These rules aim to adjust the time intervals
for sending two types of control messages: Hello messages and TCM, based on the node’s connectivity status. By adjusting these
intervals, the algorithm ensures that aerial and ground nodes dynamically adapt their messaging rates to network conditions. This
helps conserve energy and reduce unnecessary traffic when the connectivity status is low while maintaining high responsiveness
when the connectivity status is high.

4.6. Implementation of AirPro-FL under NS-3

Ns-3 is a discrete-event network simulator that is specifically designed for Internet systems [65]. It provides researchers and
developers with a comprehensive platform for the simulation and evaluation of network protocols, applications, and services in
a controlled environment. The decision to implement AirPro-FL under ns-3 version 3.37 is motivated by the simulator’s recent
enhancements and improved performance.

The NetSimulyzer 3D Visualization Tool [66] will be used to facilitate the 3D visualization of network scenarios. A versatile
instrument that is intended to present, debug, comprehend, and display ns-3 scenarios. NetSimulyzer is chosen to improve the
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Algorithm 2 Transmission Power Fuzzy Rules for AirPro-FL Routing Protocol

1: DefineTxPowerRules() {

2: if (CurrentTxPower == High) A (PrevM PRSize == High) then
3: NewTxPower «— Medium

4: end if

5: if (CurrentTxPower == Medium) A (PrevM PRSize == High) then
6: NewTxPower « Low

7: end if

8: if (CurrentTxPower == Low) A (PrevM PRSize == High) then

9: NewTxPower « Low

10: end if

11: if (CurrentTxPower == High) A (PrevM PRSize == Medium) then
12: NewT xPower « Low

13: end if

14: if (CurrentTxPower == Medium) A (PrevM PRSize == Medium) then
15: NewTxPower «— Medium

16: end if

17: if (CurrentTxPower == Low) A (PrevM PRSize == Medium) then
18: NewTxPower < Medium

19: end if

20: if (CurrentTxPower == High) A (PrevM PRSize == Low) then
21: NewTxPower « High

22: end if

23: if (CurrentTxPower == Medium) A (PrevM PRSize == Low) then
24: NewTxPower — High

25: end if

26: if (CurrentTxPower == Low) A (PrevM PRSize == Low) then

27: NewT xPower «— Medium

28: end if

29: FLengine— > Add Rule(N ewT x Power);

30: }

Algorithm 3 Messaging Interval Rules for Ground Nodes

: DefineHelloIntV al Rules ForGround Nodes() {

. if (1hopConnectivity == High) then
NewHelloIntValS < High

end if

. if (1hopConnectivity == Medium) then

NewHelloIntValS < Medium

: end if

. if (1hopConnectivity == Low) then

9: NewHelloIntValS « Low

10: end if

11: FLengine— > AddRule(NewHelloIntValS);

12: )

13: DefineTCM IntV al Rules ForGround Nodes() {

14: if (1hopConnectivity == High) then

15: NewHelloIntValM < High

16: end if

17: if (1hopConnectivity == Medium) then

18: NewHellolntValM « Medium

19: end if

20: if (1hopConnectivity == Low) then

21: NewHelloIntValM « Low

22: end if

23: FLengine— > AddRule(NewT CM IntValS);

24: }

ONO U A WN -

visualization and comprehension of the proposed 3D network scenario, as the default visualization tool in ns-3, NetAnim, currently
lacks 3D visualization capabilities.

Fuzzylite, an open-source fuzzy logic control library written in C++, is included in addition to the simulation and visualization
tools. The Fuzzylite Libraries provide a seamless method for the design and operation of fuzzy logic controllers within an
object-oriented programming paradigm, without the need for external libraries.

Table 3 presents the values of the simulation parameters for the investigated scenario.

Each data point considered in the experimental results in Section 5, is an average of 30 simulation experiments performed under
identical parameter settings to bring normalization in result analysis.

5. Results

The Results section provides a detailed analysis of the performance evaluation of the proposed routing protocol compared to
three well-established routing protocols in ad-hoc networks. This evaluation includes six key metrics: PDR, throughput, cumulative
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Algorithm 4 Messaging Interval Rules for Aerial Nodes

. DefineHelloIntV al Rules ForMobileNodes() {

. if (1hopConnectivity == High) then
NewHelloIntValM < High

end if

. if (1hopConnectivity == Medium) then

NewHelloIntValM < Medium

: end if

. if (1hopConnectivity == Low) then

9: NewHelloIntValM « Low

10: end if

11: FLengine— > AddRule(NewHelloIntValM);

12:}

13: DefineTCM IntVal RulesForMobileNodes() {

14: if (1hopConnectivity == High) then

15: NewTCMIntValM < High

16: end if

17: if (1hopConnectivity == Medium) then

18: NewTCMIntValM <« Medium

19: end if

20: if (1hopConnectivity == Low) then

21: NewTCMIntValM « Low

22: end if

23: FLengine— > AddRule(NewTCM IntValM);

24: }

ONOU A WN -

Table 3
Simulation parameter values for crop surveying and mapping scenario.

Simulation parameters

Parameter Value
Simulation area 1000 m x 1000 m
Side-step 50 m
UAVS’ type Multi-copters
UAVs’ speed 20 m/s
Height of the flight 10 m to 20 m
Pause time 2s

OLSR
Routing protocols AODV

DSDV

AirPro-FL
Number of UAVs 1,2,3,4,5
Number of mobile nodes 25
Mobility model Gauss Markov
Number of sink nodes 1
Mobility model 3D Scan
PHY/MAC 802.11n
Packet size 512 Bytes
Traffic rate 5 Mbps
Traffic type 5 On/Off
Traffic (On-time) 2.5 s
Traffic (Off-time) 25s

delay, packet forwarding, average energy consumption per node, and normalized energy consumption per node. Each metric offers
valuable insights into the efficiency, reliability, and overall effectiveness of the routing protocols under examination. A crucial
aspect of this evaluation is the impact of network density and data generation rates, which are directly influenced by the number of
UAVs deployed within the operational area. As each UAV operates as a source node, introducing additional UAVs does not merely
enhance coverage but also increases the number of simultaneously active data sources, contributing to higher network traffic and a
more complex communication topology. When a single UAV is deployed, the entire field image data is transmitted within a given
time window ¢. As the number of UAVs increases, the data transmission process becomes more parallelized; for instance, with two
UAVs, the same dataset is delivered within ¢/2, and with n UAVs, the expected data delivery time is reduced to approximately 7/n.
However, this increase in UAV density also introduces greater routing complexity, as more nodes generate, transmit, and relay data
simultaneously, leading to higher link dynamics, potential interference, and increased routing overhead. This section provides an
in-depth analysis of the observed results, explaining the factors contributing to performance variations and offering insights into
how multi-UAV routing complexity can be optimized.
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Fig. 8. Performance of the application layer in terms of PDR.

5.1. Packet delivery ratio (PDR)

Fig. 8 illustrates the PDR for the different routing protocols across varying numbers of participating UAVs. PDR measures the
percentage of packets successfully transmitted from their source to the destination within a communication network. It is a key
indicator of the effectiveness and reliability of a network protocol. PDR is calculated by dividing the number of packets received at
the destination by the total number sent from the source.

ink

S .
PDR (%) = —rmreceived o 0 (13)

Sender,,,

Results show that AirPro-FL outperforms the other protocols, maintaining a superior PDR across all scenarios.

When UAV density is low (a single UAV in the operation area), all the protocols show relatively high PDR. AirPro-FL stands
out with a PDR nearing 94%, followed by OLSR, which surpasses 80%. AODV and DSDV, show slightly lower performance, with
DSDV having the lowest PDR of around 70%. As the UAV density increases, the performance gap between AirPro-FL and the other
protocols becomes more evident, since OLSR, AODV, and DSDV experience a noticeable decline. The drop is extreme for AODV and
DSDV, whose PDR falls below 50% when there are two UAVs or more. In contrast, AirPro-FL continues to maintain high delivery
rates, demonstrating that the protocol scales efficiently as the network becomes denser and overlap between aerial and ground
nodes is more frequent. In the highest-density scenario (five UAVs in the operational area), OLSR, AODV, and DSDV show a further
decline with their PDR dropping to approximately 30%. AirPro-FL, on the other hand, demonstrates its effectiveness by maintaining
a PDR close to 80%.

5.2. Throughput

The bar chart in Fig. 9 provides a visual representation of how the throughput varies with the density of the network for each
routing protocol. Throughput assesses the rate of data transmission in a communication network, typically measured in bits per
second (bps) or kilobits per second (Kbps). It is calculated by dividing the amount of data successfully transmitted by the duration
of the transmission period.

Bytes,  coivea X 1024

Throughput = / Time 14

Bytes

sent

Results show that AirPro-FL outperforms the other protocols, maintaining a superior throughput in accordance with the PDR
metric.

Under low-density conditions (a single UAV), the throughput achieved by AirPro-FL is around 2700 kbps, while OLSR, AODV,
and DSDV exhibit similar performance in the range of 2000-2300 kbps. As the density of UAV increases, the gap between AirPro-FL
and the other protocols widens. While the performance of OLSR, AODV, and DSDV drops significantly to below 1500 kbps, AirPro-
FL maintains a high throughput close to 2700 kbps. This trend continues as density increases, with AirPro-FL outperforming all
protocols, achieving throughput above 2050 kbps even in the highest-density scenario, whereas OLSR, AODV, and DSDV struggle
to maintain throughput above 1000 kbps.
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Fig. 9. Performance of the application layer in terms of Throughput.

Cumulative Delay

800w oOLSR
@ AODV
700 1 mmm DSDV
B AirPro-FL

Delay (ms)
]
o

300 4

200 4

100 A

1 UAV 2 UAVs 3 UAVs 4 UAVs 5 UAVs
Participating UAVs

Fig. 10. Performance of the application layer in terms of Delay.

5.3. Cumulative delay

Fig. 10 illustrates the performance of the application layer in terms of cumulative delay, taking into account the routing protocols
under scrutiny and the UAV density. Cumulative delay is the total time a packet takes to travel from the source to the destination
in a network. It is measured in milliseconds (ms) and includes all delays encountered along the way.

D =D+ Dy+D3+--+D, (15)

cumulative

where D;, D,, D3, and D, denote the individual delays that each packet experiences, and n represents the total number of network
components the packet traverses. This metric helps evaluate the network’s performance, identifying bottlenecks and assessing the
efficiency of routing protocols. Lower cumulative delays indicate faster and more efficient transmissions, crucial for applications
requiring immediate data delivery.

The results highlight that AirPro-FL outperforms the other routing protocols in terms of cumulative delay. At the lowest UAV
density, all protocols exhibit minimal delay. AirPro-FL shows the lowest value. As UAV density increases, the delay increases across
all protocols. However, AirPro-FL maintains a lower delay value compared to OLSR, AODV, and DSDV, with the latter protocols
showing values in the range of 220-300 ms, while AirPro-FL remains around 115 ms. As the density increases further to three, four,
and five UAVs in the operational area, the delays for the other protocols, particularly OLSR and AODV, increase sharply, reaching,
for example, values above 600 ms. In contrast, AirPro-FL manages to sustain significantly lower delays, never exceeding 300 ms,
even under the most challenging conditions.
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Fig. 11. Performance of the application layer in terms of average energy consumption per node.

5.4. Energy consumption & normalized energy consumption

This study also focuses on the average energy consumption per ad-hoc node, as shown in Fig. 11, and normalized energy
consumption per node, as shown in Fig. 12. Two metrics will be used to evaluate the performance of each protocol in terms of
energy consumption and efficiency.

Average energy consumption measures the total energy used by all network components over a specific period. This includes

energy used for data transmission, reception, routing, and processing. It is calculated by summing the energy consumption of

each component and dividing it by the total number of components.
n

i Eixt

n

Energyaperage = (16)

where E; denotes the energy consumption rate of the ith network component and is measured in quantities such as Watts (W)
or Joules (J) per second,  represents the duration of operation or simulation time, and n represents the total number of network
components. Understanding average energy consumption helps in designing energy-efficient and sustainable networks.
Normalized Energy Consumption (NEC) is a custom metric that evaluates the energy efficiency of network nodes by comparing
their energy consumption to their respective PDR. It is calculated using the following formula.

NodeAverage EnergyConsumption

NEC = a7
PDR
NEC provides a way to assess the energy efficiency of nodes, with a lower NEC indicating better energy efficiency and
performance.

Using these metrics, the aim is to analyze the relationship between adjustable transmission power and adjustable messaging
intervals in relation to the energy consumption of individual nodes.

As UAV density increases, there is a corresponding rise in the average energy consumption per node. Fig. 11 demonstrates this
direct correlation between the rise in energy consumption and the addition of each UAV. It also reveals that for a single UAV, energy
consumption is fairly uniform across all protocols, indicating similar baseline energy efficiency under minimal network load. As the
number of UAVs increases and the network becomes denser, there is a slight rise in energy consumption due to the high energy
needs of a UAV.

The tuning in transmission power for AirPro-FL protocol results in slightly higher energy consumption. However, this tactic has
led to a significant improvement in its PDR in all scenarios, as shown in Fig. 12. Specifically, in low-density scenarios, when a
single UAV operates in the network, AirPro-FL demonstrates the best performance with a lower NEC ratio than the other protocols.
This suggests that AirPro-FL can effectively manage transmission power to optimize network performance in relation to energy
consumption. However, in higher-density scenarios, with two UAVs, AirPro-FL maintains the lowest NEC ratio, while OLSR, AODV
and DSDV show higher NEC value. This trend becomes more clear when UAV density increases. At higher UAV densities (five UAVs),
AirPro-FL is once more superior, while the rest of the protocols experience a substantial increase in NEC value. This result proves
that fixed transmission power does not consume as much energy as dynamic transmission power, but the consumed energy is not
used efficiently.

19



G. Kakamoukas et al. Internet of Things 31 (2025) 101535

Normalized Energy Consumption per Node

12
B OLSR
I AoDV
10 | WM DSDV
B AirPro-FL

Energy Consumption / PDR (Ratio)

1 UAV 2 UAVs 3 UAVs 4 UAVs 5 UAVs
Participating UAVs
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Fig. 13. Performance of the application layer in terms of packet forwarding.

5.5. Number of forwards

The bar chart in Fig. 13 illustrates the volume of packet forwarding to the destination using different routing protocols and
varying densities of UAVs. The number of forwards counts the number of times a data packet is forwarded by intermediate nodes
before reaching its destination. It helps in understanding the routing behavior and efficiency of the network. A higher number
of forwards can indicate suboptimal routing, network congestion, or packet retransmissions, which can impact overall network
performance.

Packet forwarding performance is directly influenced by UAV density. At low densities (a single UAV operation), AirPro-FL
reduces the number of required hops by 96% compared to the second-best option, DSDV. As density increases, packet forwards
(hops) grow in traditional protocols due to route rediscoveries and topology instability. However, AirPro-FL minimizes unnecessary
hops, achieving 97% fewer hops with two and three UAVs, 54% fewer with four UAVs, and 63% during the highest density of
UAVs with five UAVs. This reduction in hop count demonstrates AirPro-FL’s ability to maintain optimal routing paths with fewer
retransmissions, leading to lower delays and reduced energy consumption.

6. Discussion

The simulation results illustrate that AirPro-FL outperforms other protocols in multiple metrics and scenarios. In particular:
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PDR: AirPro-FL consistently achieves higher PDR compared to both proactive (OLSR, DSDV) and reactive (AODV) protocols,
even as the network density increases. This advantage is largely attributed to AirPro-FL’s fuzzy logic engine, which adapts
more efficiently to changes in link quality.

Throughput: In complex scenarios involving multiple UAVs, AirPro-FL maintains superior throughput. Its proactive nature,
coupled with fuzzy logic, provides timely route updates that reduce congestion and packet loss, whereas AODV suffers from
on-demand delays, and OLSR/DSDV experiences performance drops when network density rises.

Delay: AirPro-FL demonstrates a lower end-to-end delay, reflecting the benefits of pre-emptive route information and dynamic
adjustments. In contrast, AODV experiences higher latency due to its route discovery phase, while proactive protocols like
DSDV and OLSR may face congestion under high node mobility.

Energy Efficiency: Although proactive protocols risk higher energy consumption, AirPro-FL manages to mitigate this cost via
dynamic transmission power and fuzzy logic-based decision-making. This balanced approach prevents excessive overhead and
improves battery utilization, especially in multi-UAV operations.

Packet Forwarding (Hops): AirPro-FL significantly reduces the required hops to deliver packets compared to competing
protocols. Its fuzzy logic framework ensures that the number of intermediate nodes remains low, optimizing both the routing
overhead and the transit time.

These comparative findings support the notion that AirPro-FL’s blend of proactive routing, fuzzy logic, and deterministic mobility
considerations offers a robust solution for the challenges posed by collaborative, multi-UAV networks in precision agriculture.
Moreover, the protocol’s adaptability positions it favorably for deployment in other mission-oriented applications requiring efficient,
reliable ad-hoc networking.

The preceding findings in Section 5 have been analyzed to identify the factors that contribute to the better performance of the
system under the proposed routing protocol. This investigation has identified two primary classifications. The first classification
distinguishes between proactive and reactive routing protocols based on their fundamental routing principle. Proactive routing
protocols, such as OLSR, DSDV, and AirPro-FL, ensure that all nodes have the most current routes by regularly sharing routing
tables throughout the network. This continuous route maintenance leads to faster route establishment periods, which is especially
useful in highly dynamic environments where quick route determination is crucial. However, the frequent update process can also
lead to increased overhead, resulting in higher energy consumption and delays. Conversely, reactive routing protocols, like AODV,
establish routes only when needed. While this on-demand approach reduces overhead and conserves energy, it may cause packet
drops due to delayed route discovery processes, negatively impacting network performance. Based on this work, proactive routing
protocols seem to have an advantage over reactive protocols in metrics such as PDR and throughput. This may be attributed to
the nature of proactive protocols, which maintain consistent and updated routing tables, allowing for quicker route establishment
and recovery in dynamic environments. The network’s overall effectiveness improves as the overhead associated with maintaining
these routing tables becomes more manageable with an increasing number of UAVs. Furthermore, preemptive knowledge of network
topology in proactive protocols can lead to more efficient routing decisions, improving the reliability of data delivery compared to
the on-demand route discovery process of reactive protocols.

The second classification is based on the integration of fuzzy logic into the routing process. It is important to note that AirPro-FL
is the only protocol that involves this type of logic among the protocols examined. Fuzzy logic enhances the protocol’s ability to
handle uncertainties and make complex decisions based on ambiguous information. This is particularly useful in ad-hoc network
environments, where varying signal conditions and node mobility can create uncertainties. The fuzzy logic system of AirPro-FL
evaluates multiple criteria simultaneously, leading to advanced routing decisions that improve overall network performance. That
is mainly the reason why AirPro-FL outperforms other protocols across all scenarios and metrics.

Although AirPro-FL is not the first fuzzy logic-enhanced routing protocol, it is the first protocol to introduce mechanisms
optimized for deterministic UAV operations. Unlike existing approaches that rely on stochastic mobility models, AirPro-FL bridges
UAVs following predefined flight paths with randomly moving ground nodes, tailoring its routing updates to each group’s mobility
profile and characteristics. This dual consideration of routing updates minimizes overhead for the slow ground-based nodes and
reduces link failures for the faster aerial nodes, thereby enhancing energy efficiency, latency, and overall network performance.
Furthermore, analyzing deterministic trajectories gives deeper insights into network density and coverage strategies, which can be
reverse-engineered into guidelines that are dynamically refined through the fuzzy logic engine. Through these mechanisms, AirPro-
FL not only addresses the shortcomings of existing fuzzy logic-enhanced protocols, but also opens the road for deeper analysis and
optimization of routing strategies that aim to bridge different types of networks and mobility patterns in precision agriculture and
beyond.

Several potential improvements could be made to further enhance the performance and adaptability of AirPro-FL. Firstly, while
fuzzy logic has been effective in optimizing decision-making, integrating machine learning techniques such as reinforcement learning
or deep learning could further improve the protocol’s ability to adapt to changing network conditions. For example, a machine
learning-based system could dynamically adjust the fuzzy logic parameters based on real-time data, such as battery consumption,
or network congestion, leading to even more optimized routing decisions. Another area for improvement is energy management.
Although AirPro-FL already demonstrates high energy efficiency, implementing advanced energy-harvesting techniques or energy-
aware task allocation among UAVs could further extend the operational lifespan of the network. By intelligently distributing tasks
based on node energy levels, the protocol could ensure that no single UAV is overburdened, thereby avoiding the early depletion of
any node’s resources. Additionally, enhancing the fault tolerance of the protocol could increase its robustness in the field. Introducing
self-healing mechanisms that automatically reroute data in the event of a node or communication link failure would make AirPro-FL
more resilient in unpredictable environments.
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The promising performance of AirPro-FL suggests several potential areas for future research. One direction is to explore how
the protocol can be used in hybrid environments where both stationary and mobile ground nodes, like sensors, machinery, and
farmers’ mobile devices, interact with UAVs in real-time. Understanding how AirPro-FL functions in such complex settings would
help enhance its capabilities, especially in scenarios where the mobility patterns of ground nodes differ significantly from aerial
nodes, or where multiple types of ground devices interact simultaneously. This expansion would also allow for testing the protocol’s
resilience and efficiency in broader smart farming ecosystems. Another area for future exploration is the integration of AirPro-FL
with emerging wireless communication technologies, such as 5G and 6G, LoRaWAN, or NB-IoT, which could provide more stable,
low-latency communication over larger distances. Leveraging these technologies could enable the protocol to support larger-scale
farming operations, where UAVs need to cover vast areas while ensuring reliable communication with both mobile ground nodes
and centralized data sinks.

Although the suggested deployment of AirPro-FL focuses on off-network decision-making at the ground node level which
is connected to the cloud, the incorporation of edge or dew computing paradigms could further enhance its scalability and
responsiveness. In an edge computing scenario, lightweight analytics and routing decisions can be offloaded to nodes located closer
to data sources rather than relying solely on centralized or cloud-based resources. This approach would reduce latency, especially in
mission-critical applications, by facilitating near-real-time data processing and route optimization. Similarly, dew computing extends
the idea of edge services even closer to end-devices, enabling UAVs or ground nodes themselves to perform data pre-processing
tasks or distribute the computational burden. Such an architecture would allow AirPro-FL to adapt more dynamically to fluctuating
network conditions and large-scale deployments, resulting in faster route recalculations, improved energy efficiency, and increased
resilience against communication bottlenecks or node failures.

Although simulation-based findings underscore the potential of AirPro-FL, several limitations need attention. The current study
relies heavily on deterministic models and controlled simulations but real-world conditions often involve varying interference
sources, unpredictable weather, and diverse topological constraints that were not captured in this work. Hardware inconsistencies,
such as varying battery life and processing capabilities among UAVs and ground nodes, may influence performance in practice
but were not examined in the simulation environment. To address these limitations, field experiments are essential for validating
AirPro-FL’s performance under real-world conditions. Future work should aim to implement a testbed that facilitates FANET-to-
MANET communication, enabling practical evaluations of the protocol. The introduction of a testbed would provide insight into how
UAVs and mobile ground nodes, such as farmers’ smartphones, interact in a real environment, revealing the challenges associated
with environmental interference, hardware malfunctions, or unexpected mobility patterns. Such a testbed would not only validate
simulation results but also help identify areas where the protocol can be fine-tuned for optimal performance in real-world agricultural
settings. The development of this testbed could be further extended to incorporate multi-hop communication using also ground
vehicles, providing a resilient communication framework in case of UAV failure or out-of-range issues.

In addition to the agricultural sector, AirPro-FL could be applied to other mission-critical domains, such as environmental
monitoring, disaster management, or search-and-rescue operations. These fields involve similar mobility patterns and require highly
efficient data collection and transmission systems, making AirPro-FL a suitable candidate for cross-domain applications. Testing
the protocol under varying environmental conditions, such as mountainous terrains or urban areas with high-density obstacles,
would be essential to evaluate its adaptability and performance across different domains. Furthermore, future research could focus
on improving the scalability of the protocol. As the number of UAVs or ground nodes increases, managing communications and
maintaining efficient routing becomes more complex. Exploring the use of clustering techniques, where UAVs or ground nodes
are grouped into smaller clusters to reduce overhead, could be an effective way to address scalability challenges. Additionally,
testing AirPro-FL in larger, more dynamic environments with higher and even more complex node mobility would provide a deeper
understanding of its limitations and help refine its performance.

7. Conclusion

Research in FANET routing protocols has mainly concentrated on stochastic UAV movement. However, recent studies have shown
that stochastic mobility models, like Random Walk or Gauss Markov, do not accurately reflect UAV behavior since UAVs usually
operate within a specific mission and not randomly. This understanding highlights the need for routing protocols that will be able
to support FANETs in practical applications, giving rise to the concept of mission-oriented routing protocols.

In this paper, a crop surveying and mapping scenario was examined, as it currently exists, involving a single UAV surveying
an extensive crop area. This UAV lacks real-time data transmission capabilities and faces operational challenges such as battery
recharges and potential failures, jeopardizing the mission on multiple fronts.

This work’s objective is to replace the single-UAV system with a FANET that can accomplish the mission much faster, potentially
in half, a third, a quarter, or even a fifth of the time required by a single UAV. Furthermore, the FANET system enables real-
time data transmission through MANET and FANET collaboration, allowing the mission to be completed on-site rather than
through the traditional post-field process. To achieve this, a new proactive routing protocol that optimizes MANET and FANET
communication and uses fuzzy logic to make smarter routing decisions called AirPro-FL, is designed. The proposed protocol
outperforms well-established ad-hoc routing protocols in metrics such as PDR, throughput, delay, energy efficiency, and number
of forwards.

By introducing AirPro-FL, which is designed specifically for scanning operations — a task commonly used in various fields such
as traffic surveillance, environmental monitoring, disaster response, military reconnaissance, and search-and-rescue missions — the
aim is to set the stage for future mission-oriented routing protocols. These protocols can unlock the full potential of different types
of network architectures such as MANET-to-FANET, VANET-to-MANET, and VANET-to-FANET, enabling tasks to be completed more
efficiently and effectively and facilitating the collection of data in the era of Big Data.
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