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 a b s t r a c t

The purposes for which Unmanned Aerial Vehicles (UAVs) are used today are innumerable and their role is 
continuously expanding. In particular, BVLoS (Beyond Visual Line of Sight) drones, that enable large-scale and 
long-distance missions, pose complex challenges such as managing dynamic obstacles, connectivity issues and 
energy constraints. Drone performance heavily depends on interdependent parameters such as altitude, speed 
and battery usage where tuning one affects others, but such interdependencies have not been adequately ad-
dressed in the existing drone software. This paper introduces a generic approach for BVLoS mission planning 
through an interactive recommendation system that considers both parameter dependencies and operational 
requirements. The framework includes parameter taxonomy creation, requirement classification as functional 
and non-functional ones, dependency graph modeling considering both static and dynamic parameters, and an 
optimization algorithm to generate tuning recommendations. Extensive simulations and implementation results 
demonstrate improved mission efficiency, lower computational complexity, and higher reliability, providing a 
structured, scalable solution for BVLoS operations under diverse environmental and mission-specific scenarios.

1.  Introduction

Unmanned Aerial Vehicles (UAVs), commonly known as drones, are 
aircraft systems that operate without an onboard pilot, that are con-
trolled either remotely by an operator or autonomously through pre-
programmed instructions and onboard systems (Sorbelli et al., 2024c). 
UAVs are popularly used for aerial photography and videography. In 
addition to that, these are used in various fields such as agriculture, 
logistics, disaster management, etc (Idries et al., 2015). In the agricul-
tural sector, crop monitoring, pesticide spraying, and soil analysis are 
being carried out with their help (Liu et al., 2023). In logistics, compa-
nies use UAVs for quick package deliveries, especially in remote areas 
(Hu et al., 2025; Kuru et al., 2019). They are also vital in disaster man-
agement, providing real-time surveillance and aiding rescue missions 
(Laghari et al., 2023; Zhang et al., 2023)1.

Based on the operator’s ability to maintain visual contact, drone op-
erations are divided into three categories, namely Visual Line of Sight 
(VLoS), Extended Visual Line of Sight (EVLoS), and Beyond Visual Line 
of Sight (BVLoS) (Matalonga et al., 2022; Sorbelli et al., 2024c). In VLoS, 
the operator can see the drone at all times i.e. the drone remains in the 
visual range of the operator. These drones are used for short-range tasks 
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such as aerial photography, infrastructure inspection, small-scale agri-
culture monitoring, etc. In EVLoS, the drone is flown beyond the opera-
tor’s direct line of sight but with the aid of a visual observer who keeps 
the drone in sight (Sorbelli et al., 2024c). The observer communicates 
with the operator, extending the operational range while maintaining vi-
sual awareness of the drone. EVLoS enables applications such as larger 
infrastructure inspections or broader search and rescue operations. But 
the most promising application is BVLoS (Matalonga et al., 2022), where 
drones can perform tasks beyond the operator’s direct line of sight. This 
makes it perfect for applications such as extensive surveying, environ-
mental monitoring, industrial inspections and long-distance drone deliv-
ery services. The ranges of VLoS, EVLoS and BVLoS are shown in Fig. 1.

To enable a wide range of autonomous functions, from flight control 
to real-time data collection, processing, and analysis, drone software 
plays a crucial role, for navigation (Patrik et al., 2019), delivery (Hu 
et al., 2025), obstacle detection and collision avoidance (Wang & Qian, 
2026), GPS-based positioning (Kwak & Sung, 2018), automated take-off 
and landing, return-to-home functionality etc. Compliance with aviation 
regulations and adaptability to various environmental conditions fur-
ther enhance its effectiveness, making drone software indispensable for 
reliable UAV operations. Among the existing software systems we can 
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Fig. 1. Ranges of VLoS, EVLoS and BVLoS (Sorbelli et al., 2024c).

mention PX42, ArduPilot3, DroneKit4, DroneUp5, Skydio Autonomy6, 
DJI Terra7, PIX4D8. However, most of these software systems do not 
support drones’ BVLoS missions. This is because BVLoS drone opera-
tions are constrained by strict regulations and need fully autonomous 
functionalities to address some demanding challenges while flying, in-
cluding dynamic obstacle avoidance (Park et al., 2008), risk assessment 
(Sorbelli et al., 2023, 2024a), maintenance of stable connections over 
long distances (Sorbelli et al., 2023, 2024a), and optimal use of battery 
energy.

Recent research has also focused on improving UAV architectures 
and control mechanisms to enhance operational robustness and adapt-
ability. For example, reconfigurable drone platforms have been investi-
gated to allow UAV systems to adapt to different mission requirements 
and operational conditions. In Derrouaoui et al. (2022) authors pro-
vide a comprehensive review of reconfigurable drones, discussing their 
classification, structural characteristics, design principles, and control 
technologies that enable flexible UAV configurations. Similarly, in Salmi 
et al. (2024) a fault-tolerant control strategy is proposed for reconfig-
urable quadrotors that allows stable flight even in the presence of actu-
ator failure. These studies highlight the increasing complexity and so-
phistication of modern UAV systems and emphasize the importance of 
intelligent tools that assist operators in configuring mission parameters 
effectively, particularly in challenging operational scenarios such as BV-
LoS missions.

It is important to notice that different functionalities supported 
by the software are dependent on multiple operational parameters. 
For example, navigation depends on altitude, speed, flight mode, PID 
(Proportional-Integral-Derivative) controller, rate controller, etc. If we 
increase the speed of a drone to reduce latency, faster adjustment of 
altitude is necessary, as the drone might face aerodynamic forces or 
external factors (like sudden obstacles). But if the rate-controller or the 
PID controller for altitude adjustment can’t react quickly, the drone may 
find it difficult to maintain stable flight and run the risk of overshooting 
or undershooting in height. Another example could be battery manage-
ment in drones. If we increase the speed or payload capacity to achieve 
better performance for the drone’s delivery mission, this could lead to 
faster battery depletion, which affects the drone’s range and endurance, 
impacting its overall performance. Requirements and parameters cor-
responding to different requirements have interdependencies: adjusting 
one parameter to achieve better functionality may affect other parame-
ters, deteriorating another functionality (Das et al., 2024). As far as we 

2 PX4- https://docs.px4.io/main/en/
3 ArduPilot-https://ardupilot.org/
4 DroneKit-https://dronekit.io/
5 DroneUp-https://www.droneup.com/
6 Skydio Autonomy-https://www.skydio.com/skydio-autonomy
7 DJI Terra-https://enterprise.dji.com/dji-terra
8 PIX4D-https://www.pix4d.com/

know, there is no tool that solves this important problem in the specific 
context of BVLoS drones.

In this paper, we introduce a generic methodological approach that 
analyses the interdependencies among requirements and the parameters 
to build a recommendation system for BVLoS drone missions. The novel 
contribution of the paper can be summarized as follows:

• We create a general taxonomy covering parameters and constraints 
associated to the different functionalities related to drone’s BVLoS 
mission.

• We introduce an algorithm that given a Software Requirement Spec-
ification (SRS) provided by the user generates the dependency graph 
representing the relationships between different parameters.

• On top of the dependency graph and taxonomy, we develop a rec-
ommendation system which identifies the parameters to be tuned to 
achieve an optimal outcome for a specific mission while respecting 
the system constraints.
The rest of the paper is organized as follows: Section 2 discusses the 

related work, Section 3 introduces the proposed methodology, Section 4 
describes the experimental evaluation of the system and Section 5 con-
cludes.

2.  Related work

In this section, we perform a comparative analysis of existing 
software, considering the basic requirements and features relevant 
for BVLoS drone missions such as navigation, vehicle state/position
tracking, mission planning, geospatial and regulatory, safety, battery 
management. Navigation enables precise handling and stabilization of 
the drone and ensures smooth operations (Kuroki et al., 2010; Patrik 
et al., 2019). It also encompasses altitude, velocity, flight mode, au-
tonomy, terrain mapping, and surface tracking. Vehicle State/Position 
Tracking provides real-time updates on the drone’s location and orien-
tation, along with position control and real-time mapping using GPS 
(Kwak & Sung, 2018). These are crucial for tasks like surveying or in-
spections. Mission planning allows users to design, schedule, and ex-
ecute drone operations with predefined routes and objectives using
various path planning algorithms that ensure efficient and safe comple-
tion of the mission (Leary et al., 2011). It is required for product deliv-
ery within the available flight time. Geospatial and regulatory compli-
ance ensure local airspace constraints such as no-fly zones, obstacles, etc 
(Leary et al., 2011). Safety features protect the drone and environment 
by incorporating fail-safe mechanisms (for preventing accidents) that 
relies on obstacle detection to navigate safely and also address actions 
for lost radio control, low battery, and geofence breaches (Alamouri 
et al., 2023). Battery Management optimizes energy usage and provides 
alerts for low power to avoid mission interruptions, including battery 
level/status, battery capacity monitoring, and power consumption rate 
(Jiao et al., 2023).

Recent research has also focused on improving different aspects of 
UAV mission planning, system autonomy and operational evaluation 
through advanced simulation frameworks and intelligent coordination 
strategies. For instance, in Cofield et al. (2026) authors proposed a scal-
able end-to-end multi agent simulation environment designed to sup-
port the development and evaluation of cooperative UAV systems. The 
framework integrates realistic communication constraints and flexible 
mission configurations, enabling researchers to study distributed coor-
dination strategies and communication aware UAV operations within 
large scale simulation environments. Such platforms provide valuable 
tools for analyzing collaborative UAV behaviors and testing mission 
strategies before real world deployment. Similarly, Chen et al. (2026) 
proposes an advanced navigation framework that leverages vision lan-
guage models to enable UAVs to interpret high level human commands 
and autonomously navigate through complex environments. This ap-
proach integrates perception modules with reinforcement learning tech-
niques, allowing the drone to process visual inputs and language based 
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instructions simultaneously. This method improves navigation reliabil-
ity by enabling drones to adapt their trajectory planning based on en-
vironmental context and mission objectives. The proposed framework 
demonstrates how recent developments in artificial intelligence can sig-
nificantly enhance the level of autonomy in UAV systems, particularly in 
scenarios where traditional waypoint based navigation may be insuffi-
cient. Another recent contribution (Yang et al., 2025) focuses on control 
and optimization strategies for UAV formations operating in uncertain 
environments. The authors introduce an adaptive predefined time path 
following control method designed to ensure accurate trajectory track-
ing and robust coordination among multiple UAVs. This approach incor-
porates adaptive control techniques that compensate for system uncer-
tainties and external disturbances while maintaining synchronization 
among UAV agents. The study highlights the importance of advanced 
control strategies for maintaining stability, performance and safety in 
multi UAV missions particularly in applications such as surveillance and 
cooperative sensing.

Collectively, these studies demonstrate the increasing complexity of 
modern UAV operations where autonomy, navigation reliability and 
coordinated control play critical roles in mission success. However, 
while these approaches significantly advance specific aspects of UAV 
systems such as autonomous navigation, intelligent architectures and 
coordinated control they primarily focus on algorithmic improvements 
or system-level control strategies. They do not address the problem of 
assisting users in selecting appropriate UAV software tools based on 
mission specific operational requirements. This limitation highlights the 
need for intelligent decision support systems capable of analyzing mis-
sion parameters and recommending suitable software configurations for 
UAV operations particularly in BVLoS scenarios where operational con-
straints are more complex.

The comparison of the software solutions mentioned above with re-
spect to these requirements is shown in Table 1. Table 1 compares sev-
eral widely used UAV software platforms with respect to key operational 
requirements relevant for BVLoS missions including navigation, vehi-
cle state tracking, mission planning, geospatial/regulatory compliance, 
safety mechanisms, battery management and BVLoS support. From the 
comparison, it can be observed that PX49 and ArduPilot10 provide the 
most comprehensive support across these requirements. Both platforms 
offer integrated functionalities for navigation, real time state monitor-
ing, mission planning and battery management making them suitable 
for complex autonomous UAV operations. In contrast, DroneKit11 pro-
vides only partial support for several features as it mainly operates as 
an API layer that interacts with autopilot systems rather than providing 
a full operational stack. As a result, functionalities such as safety moni-
toring and battery management are only partially implemented or rely 
on external modules. Platforms such as DroneUp12 and Skydio Auton-
omy13 provide certain advanced capabilities particularly in navigation 
and mission execution but they offer limited BVLoS support due to re-
strictions related to operational range and system extensibility. Finally, 
DJI Terra14 and PIX4D15 are primarily designed for mapping and pho-
togrammetry applications which explains the absence of several opera-
tional features such as vehicle state monitoring or battery management. 
Although they provide strong geospatial processing capabilities they are 
not designed as complete mission control frameworks. Overall, the com-
parison highlights that no existing platform simultaneously addresses all 
operational requirements together with explicit support for parameter 
interdependencies which motivates the need for the recommendation 
based framework proposed in this work.

9 2
10 3
11 4
12 5
13 6
14 7
15 8

Table 2 compares the same software solutions based on some global 
features such as open source, SDK/API (Software Development Kit/Ap-
plication Program Interface), multi-platform support, simulator support, 
data privacy, customization, and extensibility which are required for BV-
LoS simulation. Open source provides transparency to alter or add fea-
tures to the software. SDK/API support facilitates integration with other 
systems, empowering developers to build custom applications or control 
drones programmatically. Multi-platform support ensures the program 
to work on a range of devices and operating systems, which improves 
its usability. Before drone missions are ever deployed, users can test 
and refine them in a simulated setting with simulator support. Data pri-
vacy protects private user information and guarantees legal compliance. 
Last but not least, users can add more plugins or features to the soft-
ware to increase its usefulness or customize it to meet their own needs.
Table 2 indicates that PX416 and ArduPilot17 stand out due to their open-
source nature and high level of extensibility allowing researchers and 
developers to customize algorithms integrate new modules and adapt 
the systems to different mission scenarios. These platforms also support 
simulators which enables safe testing of complex flight behaviors be-
fore real world deployment. On the other hand, commercial solutions 
such as DroneUp18, Skydio Autonomy19, DJI Terra20 and PIX4D21 are 
mostly closed-source platforms which limits their adaptability for re-
search and experimentation. Although some of them provide APIs for 
integration, their internal architecture is not fully accessible, restrict-
ing deeper system customization. Another important feature is simula-
tor support, which is available in PX422 and ArduPilot23 but limited 
or absent in most other platforms. Simulation capabilities are particu-
larly important for BVLoS missions where testing complex scenarios in a 
safe environment is critical. These observations indicate that while some 
platforms provide strong individual capabilities, none of them simulta-
neously offers full transparency, extensibility and support for analyzing 
parameter dependencies across mission requirements. This limitation 
further motivates the need for intelligent recommendation tools capa-
ble of assisting UAV operators in tuning mission parameters effectively. 
A detailed presentation of each of the software mentioned above is avail-
able in GitHub (2025c).

We have seen that most of the software is not open source, which 
is a problem from a research perspective. Also, simulation support is 
not present, and software is not customizable in most cases. Finally, 
the functionalities/requirements supported by the software can be in-
terdependent, as they rely on multiple cross-domain operational param-
eters. So, tuning one parameter to get better functionality in one aspect 
may impact other parameters, which deteriorates other functionality. 
According to the best of our knowledge, there is no such work that ad-
dresses this important issue in the BVLoS missions specific context.

In the rest of this work, we analyze the interdependencies among the 
requirements and parameters mentioned above both qualitatively and 
quantitatively, so that we can fine-tune them and generate a recommen-
dation system for the success of drone BVLoS missions. 
3.  Proposed methodology

In this Section, we introduce a generic framework to model a rec-
ommendation system for a drone’s successful BVLoS mission. It has two 
main components: Taxonomy creation and Recommendation System De-
sign. The procedure is detailed below:

Taxonomy creation: At first, based on a literature survey, we iden-
tify the parameters that are usually associated with the requirements 

16 2
17 3
18 5
19 6
20 7
21 8
22 2
23 3
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Table 1 
Comparative analysis of the software based on requirements.
 Requirements  PX4  Ardu Pilot  DroneKit  DroneUp  Skydio Autonomy  DJI Terra  PIX4D
 Navigation  Yes  Yes  Partially (API)  Yes  Yes (short range)  No  No
 Vehicle State/position tracking  Yes  Yes  Limited  Yes  Yes  No  No
 Mission Planning  Yes  Yes  Yes  Yes  Yes (short range)  Yes  No
 Geospatial and Regulatory  Yes  Yes  Limited  Yes  Limited  Limited  Yes
 Safety  Yes  Yes  Limited  Yes  Yes  No  No
 Battery Management  Yes  Yes  Limited  Yes  Limited  No  No
 BVLoS  Yes  Yes  Limited  No  Limited  No  No

Table 2 
Comparative analysis of the software based on features.
 Features  PX4  Ardu Pilot  DroneKit  DroneUp  Skydio Autonomy  DJI Terra  PIX4D
 Open Source  Yes  Yes  Yes  No  No  No  No
 SDK/API  Yes  Yes  Yes  Yes  Yes  No  No
 Multi-Platform Support  Yes  Yes  Yes  Yes  Limited  Yes  Yes
 Simulator Support  Yes  Yes  No  Limited  Yes  No  No
 Data Privacy  Yes  Yes  Limited  Yes  Yes  Yes  Yes
 Customization and Extensibility  High  High  Moderate  Limited  Limited  Limited  No

needed for the BVLoS missions. Then the parameters are classified based 
on whether they can be dynamically tuned by the software or are de-
pendent on static hardware, known as dynamic parameters and static pa-
rameters respectively. We also find out the admissible and desirable range 
of values for each of the parameters. This leads to a generalized taxon-
omy of requirements and parameters for a drone’s BVLoS mission. This 
taxonomy will provide the qualitative and quantitative information for 
individual parameters and requirements that are useful to the user for 
any specific drone mission. This taxonomy is created once, however it is 
upgradable in an agile manner.

Recommendation System Design: When a user provides a specific Soft-
ware Requirement Specification (SRS) document, the system can identify 
the functional and non-functional requirements. Then with the help of 
the taxonomy, the dependencies among the requirements and param-
eters are analysed and a visual representation is created by constructing 
weighted dependency graphs. Finally, the system recommends values of 
the parameters to the user to get optimal results.

The workflow of our proposal is shown in Fig. 2. In the next subsec-
tions, we illustrate each step with more detail.

3.1.  Taxonomy creation

Algorithm 1 defines the formation of the taxonomy from the litera-
ture survey. It has three main phases: parameter identification for indi-
vidual requirements, segregating the parameters into static and dynamic, 
and identifying admissible and desirable ranges of each parameter. In the 
next subsections we will describe each with examples.

3.1.1.  Parameter identification
To create a generalized taxonomy, at first, we need to find out the 

requirements for drone’s BVLoS operation, and the detail information 
about the parameters that affect each of the requirements. By exploring 
the research papers (journals, conferences), websites of drone software, 
or any other regulatory information for drones, we can get the informa-
tion about the requirements and parameters. By linking each parameter 
to its corresponding requirement, a clear understanding of the system’s 
dependencies is established, ensuring accurate tracking, evaluation, and 
optimization during development and implementation.

For example, as illustrated in Table 1, different requirements for the 
user can be navigation, mission planning, safety, energy management 

Algorithm 1 Taxonomy formation.
1: Input: 𝐿: Literature survey (journals, conferences, drone software 
websites, regulatory information)

2: Output: Taxonomy 
3: Initialize: Taxonomy  = {}
4: for each requirement 𝑟𝑖 ∈ 𝐿 do

\\Identify parameters for requirements
5:  Identify set of parameters 𝑃𝑖 ← 𝐿 \\referred in Section 3.1.1

\\Segregate parameters and assign range of values
6:  Static parameters 𝑆𝑡𝑎𝑡𝑖 = {}
7:  Dynamic parameters 𝐷𝑦𝑛𝑎𝑖 = {}
8:  for each 𝑝 ∈ 𝑃𝑖 do
9:  𝑉 𝑎𝑙𝑢𝑒_𝑟𝑎𝑛𝑔𝑒𝑠𝑝 = {}
10:  Identify equation 𝑒𝑞𝑝 to compute 𝑝 ← 𝐿 \\referred in Section 

3.1.1
11:  if 𝑝 is Hardware Dependent then \\referred in Section 3.1.2
12:  𝑆𝑡𝑎𝑡𝑖 = 𝑆𝑡𝑎𝑡𝑖 ∪ {𝑝}
13:  else
14:  𝐷𝑦𝑛𝑎𝑖 = 𝐷𝑦𝑛𝑎𝑖 ∪ {𝑝}
15:  end if
16:  𝑉 𝑎𝑙𝑢𝑒_𝑟𝑎𝑛𝑔𝑒𝑠𝑝 = ⟨𝑙𝑜𝑤𝑒𝑟_𝑙𝑖𝑚, 𝑢𝑝𝑝𝑒𝑟_𝑙𝑖𝑚⟩ ← 𝐿 \\referred to Sec-

tion 3.1.3
17:  end for
18:  Create tuple 𝑇𝑖 = ⟨𝑟𝑖, 𝑃𝑖, 𝑆𝑡𝑎𝑡𝑖, 𝐷𝑦𝑛𝑎𝑖,∪𝑝∈𝑃𝑖𝑉 𝑎𝑙𝑢𝑒_𝑟𝑎𝑛𝑔𝑒𝑠𝑝,∪𝑝∈𝑃𝑖{𝑒𝑞𝑝}⟩
19: end for
20:   =  ∪ {𝑇𝑖}
21: return 

etc. However, some non-functional requirements also exist such as link 
reliability, latency etc. The corresponding parameters of a few require-
ments are described below:

Navigation (N). Navigation (Patrik et al., 2019) depends upon the ve-
locity (𝑢), bearing angle (𝜃𝑤) and heading of drone (𝐻). Bearing angle 
is the directional angle from the drone’s current position to the target 
location. Heading of drone is the direction the drone, currently facing, 
which is measured as an angle relative to a fixed reference frame (North) 
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Fig. 2. Overall architecture of the system.

Fig. 3. Drone angle, bearing angle, and the heading of drone.

and drone adjustment angle (𝜃𝑑) as shown in Fig. 3. The corresponding 
equation is represented as 𝜃𝑑 = 𝜃𝑤 −𝐻 (Patrik et al., 2019).

Safeness/Risk (S). There can be two types of safeness, ground safe-
ness (𝐺𝑆) (Sorbelli et al., 2023, 2024a,c) and air safeness (𝐴𝑆)
(Sorbelli et al., 2024b). Ground safeness represents the frequency of ca-

sualty occurring due to a drone fall and is also referred to as the proba-
bility per hour of a lethal accident (Sorbelli et al., 2024a). On the other 
hand, air safeness represents the risk due to collision with other UAVs, 
birds or air obstacles.

The probability of ground safeness 𝐺𝑆 depends upon the probability 
of casualty 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦 due to a drone crash (Primatesta et al., 2020a).

The 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦 depends upon the probability of a crashing event 
(𝑒𝑣𝑒𝑛𝑡), the probability to impact a person (𝑖𝑚𝑝𝑎𝑐𝑡) and probability of 
causing fatal injuries (𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦). 𝑖𝑚𝑝𝑎𝑐𝑡 depends on the population den-
sity at a given location 𝜌, impact angle of drone 𝜓 towards the ground 
after a crash and the area exposed to the crash 𝐴exp(𝜓). 𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 de-
pends upon the kinetic energy at impact, and sheltering factor. The
corresponding equations to calculate each parameter are listed below:
where 𝑟𝑝 and ℎ𝑝 are the average radius and height of a person respec-
tively, 𝑟𝑢𝑎𝑣 is the radius of the drone, 𝐸imp is the kinetic energy at impact, 
𝑆𝐹  is the sheltering factor, 𝛼, 𝛽 are the impact energy for a fatality, 𝑣imp
is the impact velocity, 𝛿 is the drone’s mass, 𝑣init is initial vertical veloc-
ity, 𝑔 is the acceleration due to gravity, and 𝜁 is the height from which 
the drone is falling.

The probability of air safeness (𝐴𝑆 ) mostly depends upon the num-
ber of air obstacles or drones (Sorbelli et al., 2024b) in a drone swarm.
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Energy consumption (E). Energy consumption (𝐸) depends on path-
length (𝑝𝐿) and halting time (𝐻𝑇 ). As path-length increases the flight 
duration of the drone, it enhances the energy consumption. Likewise 
halting time significantly impacts energy use, as drones require continu-
ous thrust to hover at the halting points (for example for data collection) 
which consumes battery power even when stationary.

Link reliability (LR). For BVLoS, the UAV has to maintain seamless con-
nection with the ground control station (GCS) via wireless links. This 
long distance communication is established either by satellite (SAT-
COM) (Ghamari et al., 2022) or cellular networks (Azari et al., 2020; 
Fotouhi et al., 2019). As SATCOM is costly and technically complex 
(Ghamari et al., 2022), the existing cellular networks can be used for 
wide applications. The probability of wireless link reliability 𝐿𝑅 de-
pends on the probability of line of sight of drone with a cellular tower 
and received signal power from tower 𝑊  (Sorbelli et al., 2023, 2024a). 
The corresponding equations (Sorbelli et al., 2023, 2024a) are :
𝐿𝑅 = 𝐿𝑂𝑆 ⋅ 𝑃𝑊

𝐿𝑂𝑆 = 1

1 + 𝜏𝑒
−𝜔

(

arctan 𝜁
𝑑𝐺

)

−𝜏

𝑃𝑊 (𝑥, 𝑦, 𝑡) = 𝑃𝑊 (𝑡)𝐺(𝑡)𝐺(𝑥, 𝑦)
(

𝜆
4𝜋𝑑𝑠

)2

𝑑𝐺 =
√

(

𝑥(𝑥,𝑦) − 𝑥𝑡
)2 +

(

𝑦(𝑥,𝑦) − 𝑦𝑡
)2

𝑑𝑆 = ‖(𝑥, 𝑦) − 𝑡‖2

where 𝑑𝐺 is the ground distance between the drone and the tower; 𝜁
is the altitude of drone; 𝜔, 𝜏 are the S-curved parameters; 𝑑𝑆 is the Eu-
clidean slant distance that separates the antennas between drone and 
the tower; 𝐺 is the antenna gains of the transmitting and receiving de-
vices; and 𝜆 is the wavelength representing the effective aperture area 
of the receiving antenna.

Latency/Delay (D). Latency/Delay (𝐷) depends on path length (𝑝𝐿) of 
drone’s trajectory, velocity (𝑢) of the drone, number of halting points 
in between a path (𝐻𝑃 ), where the drone temporarily stops for data 
collection or doing some activity (e.g. spraying pesticides in fields), and 
halting time (𝐻𝑇 ) (Sorbelli et al., 2024a).

Table 3 summarizes the mentioned requirements with associated param-
eters.

3.1.2.  Segregating parameters
After identifying the parameters, we have to identify which parame-

ters can be tuned by software dynamically during the mission and which 
parameters we cannot. A few parameters, like the velocity of the drone 
or the altitude at which the drone flies, can be changed through on-
board programming. These are called dynamic parameters. On the other 
hand, the physical components of the system or the static environmen-
tal conditions, such as mass or size of the drone, population density, 
and obstacles, remain static throughout the mission. These are called 
static parameters. For example, based on the parameter list in Table 3, 
we classify the static and dynamic parameters as shown in Table 4 .

3.1.3.  Admissible and desirable ranges
Once the parameters have been established, it is necessary to identify 

the admissible and desirable ranges for each of them. The admissible range
refers to the minimum and maximum limits within which a parameter 
can function without causing failure or instability, which defines the 
extreme limits that a system can tolerate. Whereas the desirable range
is the optimal subset within the admissible range where performance, 
efficiency, and safety are maximized for stable and reliable operation. In 
the proposed recommendation system, we try to limit the values within 
the desirable ranges for optimized performance.

Table 3 
Requirements with parameters.
 Requirements  Parameters  Symbols used
 Navigation (𝑁)  Velocity 𝑢

 Drone adjustment angle 𝜃𝑑
 Bearing angle 𝜃𝑤
 Heading of drone 𝐻

 Safeness (𝑆)  Probability of ground safeness 𝐺𝑆
 Probability of air safeness 𝐴𝑆
 Probability of casualty 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦
 Probability of event 𝑒𝑣𝑒𝑛𝑡
 Probability of impact 𝑖𝑚𝑝𝑎𝑐𝑡
 Probability of fatality 𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦
 Population density 𝜌
 Area of exposure 𝐴exp
 Radius of person 𝑟𝑝
 Height of person ℎ𝑝
 Radius of drone 𝑟𝑢𝑎𝑣
 Impact angle 𝜓
 Event type 𝐸𝑡𝑦𝑝𝑒
 Impact of Kinetic energy 𝐸𝑖𝑚𝑝
 Mass of drone 𝛿
 Impact velocity 𝑣𝑖𝑚𝑝
 Initial vertical velocity 𝑣𝑖𝑛𝑖𝑡
 Altitude of drone 𝜁
 Acceleration due to gravity 𝑔
 Sheltering factor 𝑆𝐹
 Number of drones 𝑛
 Impact energy for fatality 𝛼, 𝛽

 Link Reliability (𝐿𝑅)  Probability of line of sight 𝐿𝑂𝑆
 Received signal power 𝑃𝑊
 Altitude of drone 𝜁
 Antenna gain of transmitter (tower) 𝐺(𝑡)
 Antenna gain of receiver (drone) 𝐺(𝑥, 𝑦)
 Wavelength of receiving antenna 𝜆
 Euclidean distance between drone and tower 𝑑𝑆
 Ground distance between drone and tower 𝑑𝐺
 S-curved Parameters 𝜏, 𝜔

 Latency/Delay (𝐷)  Path length 𝑝𝐿
 Velocity 𝑢
 No. of halting points 𝐻𝑃
 Halting time 𝐻𝑇

 Energy Consumption (𝐸)  Path length 𝑝𝐿
 Halting time 𝐻𝑇

These values are elicited through relevant literature survey and reg-
ulatory information regarding drones. For instance, in terms of altitude, 
a drone may have an admissible range of 10𝑚 to 15, 000𝑚, but a review 
of the relevant literature (T-DRONES, 2025a) suggests a desirable range
of 30𝑚 to 120𝑚 for stable operation and regulatory compliance. Unlike 
dynamic parameters (e.g., velocity or altitude) where the admissible range
indicates the extreme operational limits and the desirable range denotes 
the optimal subset for efficiency, static parameters such as the mass of the 
drone, radius of the drone, height or radius of a person, population den-
sity, or antenna gain are fixed by design specifications, physical laws, 
or environmental conditions. Hence, for static parameters, the admissible
and desirable ranges are the same during the mission. We identified the 
admissible and desirable ranges of a few static and dynamic parameters as 
listed in Table 5 and 6.

The architectural diagram of our proposed method for taxonomy cre-
ation is depicted in Fig. 4. The taxonomy is further used to analyze in-
terdependencies among requirements and parameters, to suggest opti-
mized values for the parameters towards a recommendation system for 
drone’s BVLoS mission.

3.2.  Recommendation system design

After creating the taxonomy, the proposed recommendation system 
reads the specific SRS, given by the user, and provides the optimized 
range of values for mission specific parameters for a drone’s BVLoS
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Table 4 
Static and dynamic parameters.
 Static  Dynamic
 Parameter  Symbol  Parameter  Symbol
 Mass of drone 𝛿  Path length 𝑝𝐿
 Radius of drone 𝑟𝑢𝑎𝑣  No. of halting points 𝐻𝑃
 Radius of person 𝑟𝑝  Halting time 𝐻𝑇
 Height of person ℎ𝑝  Velocity 𝑢
 Impact energy for fatality 𝛼, 𝛽  Impact angle 𝜓
 Antenna gain of transmitter 𝐺(𝑡)  Initial vertical velocity 𝑣𝑖𝑛𝑖𝑡
 Antenna gain of receiver 𝐺(𝑥, 𝑦)  Impact velocity 𝑣𝑖𝑚𝑝
 No. of drones 𝑛  Bearing angle 𝜃𝑤
 Sheltering Factor 𝑆𝐹  Heading of drone 𝐻
 Population Density 𝜌  Event type 𝐸𝑡𝑦𝑝𝑒
 Wavelength of receiving antenna 𝜆  Altitude of drone 𝜁
 Acceleration due to gravity 𝑔  Drone angle 𝜃𝑑

 Euclidean distance between drone and tower 𝑑𝑆
 Ground distance between drone and tower 𝑑𝐺

Table 5 
Admissible and desirable ranges of static parameters.
 Parameters  Admissible / Desirable range  Ref.
 Mass of drone (𝛿)  0.5 kg to 3.75 kg Primatesta et al. (2020a)
 Radius of drone (𝑟𝑢𝑎𝑣)  0.2 to 0.88m Primatesta et al. (2020a)
 Radius of person (𝑟𝑝)  0.2025 to 0.23m First in Architecture  (2025)
 Height of person (ℎ𝑝)  1.65 to 1.74m First in Architecture  (2025)
𝛼  100 J Primatesta et al. (2020a)
𝛽  34 J Primatesta et al. (2020a)
 Sheltering Factor (𝑆𝐹 )  0 to 10 Primatesta et al. (2020a)
 Population Density (𝜌)  R*- 141 to 172 𝑝∕𝑘𝑚2, S*- 866 to 1287 𝑝∕𝑘𝑚2, U*- 2135 to 7430 𝑝∕𝑘𝑚2 Sorbelli et al. (2024a)

* → different cities from Italy, R→Rural, S→Suburban, U→Urban, 𝑝∕𝑘𝑚2 → 𝑝𝑒𝑜𝑝𝑙𝑒∕𝑘𝑚2

Table 6 
Admissible and desirable ranges of dynamic parameters.
 Parameters  Admissible  Desirable  Ref.
 Path length (𝑝𝐿)  More than 644 km  0.9144 - 30 km T-DRONES (2025b)
 Velocity (𝑢)  16 to 2173 km/h  48 to 145 km/h JOUAV (2025)
 Impact angle (𝜓)  50◦ - 70◦ ≤ 60◦ EASA (2025)
 Event type (𝐸𝑡𝑦𝑝𝑒)  Ballistic descent, Uncontrolled Glide, Parachute descent, Flyaway  Parachute descent, Flyaway Primatesta et al. (2020a)
 Altitude (𝜁)  10 to 15000m  30 to 122m T-DRONES (2025a)

mission. The recommendation system consists of four phases: Require-
ment identification, Requirement classification, Dependency graph con-
struction, and Parameter optimization. In the next subsections, we will 
describe each step in details.

3.2.1.  Requirement identification
In order to determine the set of requirements for a specific mission, 

we first need to consider and analyze the information provided on the 
software requirement specification (SRS). The SRS generally includes 
the software’s capabilities, behaviors, and rules that must be followed 
to meet user needs. In more detail, SRS frequently outlines the precise 
functions, interactions, and results that the system must provide. They 
also cover topics including the system’s usability, performance, and in-
teroperability.

In the rest of the paper we refer without loss of generality to 
a generic SRS document (GitHub, 2025b) that is the comprehen-
sive blueprint for developing and maintaining the software. Based 
on that, we prepare the set of requirements such as Navigation(𝑁), 
GPS Based Positioning(𝐺𝑃𝑆), Delivery(𝐷𝑉 ), Obstacle Detection(𝑂𝐷), 
Safeness/Risk(𝑆), Link Reliability(𝐿𝑅), Latency/Delay(𝐷), Energy 
Consumption(𝐸).

3.2.2.  Classification of requirements
A clear grasp of the requirements, parameters, and expectations of 

the system is ensured by segregating requirements into functional and 
non-functional categories as defined below (Bag et al., 2025).

Functional Requirement (FR): Functional Requirement (FR) de-
scribes the system functionality, indicating what the system should do 
to meet user needs and achieve its goals (Kurtanović & Maalej, 2017).

Non-functional Requirement (NFR): Non-functional Requirement 
(NFR) describes the system properties and constraints, such as perfor-
mance, security, and usability, which define how the system operates 
(Kurtanović & Maalej, 2017).

For example, based on the SRS in GitHub (2025b) the functional 
requirements are Navigation (𝑁), GPS-based positioning (𝐺𝑃𝑆), Deliv-
ery (𝐷𝑉 ) and Obstacle Detection (𝑂𝐷). The non-functional requirements
are Safeness/Risk (𝑆), Link reliability(𝐿𝑅), Latency/Delay (𝐷) and En-
ergy consumption (𝐸). Hence, 𝐹𝑅 = {𝑁,𝐺𝑃𝑆,𝐷𝑉 ,𝑂𝐷} and 𝑁𝐹𝑅 =
{𝑆,𝐿𝑅,𝐷,𝐸}.

3.2.3.  Dependency graph construction
After classifying the requirements, these are used to build a graph 

structure that visually maps out how different parameters for each
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Fig. 4. Architectural diagram of taxonomy creation.

requirement relate and depend on each other. This leads to the creation 
of a weighted dependency graph, which shows the connections among the 
parameters for each requirement, providing a visual structure for further 
analysis and optimization. The weights are put on the edges based on 
desirable ranges as it is the optimal subset within the admissible range
where performance, efficiency, and safety are maximized for stable and 
reliable operation. A few definitions related to the graph construction 
are given below.

Dependency Graphs:  A dependency graph is defined as a formal 
representation of system requirements, parameters and their dependen-
cies. It consists of vertices representing functional requirements (FRs), 
non-functional requirements (NFRs), and the associated parameters, along 
with edges that capture dependencies among them (Roy et al., 2021).

Basic Clusters:  Basic clusters focus on the direct dependencies 
among parameters within individual requirements, providing a granular 
view of their connections (Roy et al., 2021).

The algorithm for step 3.2.1 to 3.2.3 is shown in Algorithm 2. It starts 
by initializing an empty graph  and empty sets for functional (𝐹𝑅) and 
non-functional (𝑁𝐹𝑅) requirements. The algorithm then identifies the set 
of requirements from the SRS and classifies each as either functional or 
non-functional. For each requirement, it calls a subroutine 3 to create a 
basic cluster graph, which maps the parameters and dependencies associ-
ated with that requirement based on the taxonomy. Algorithm 3 begins 
by initializing empty sets for nodes (𝑉𝑖) and edges (𝐸𝑖). For each pa-
rameter 𝑝 associated with the requirement, a corresponding node 𝑣𝑝 is 
created and added to the node set. Then, for each equation 𝑒𝑞𝑝 related 
to a parameter, it identifies other nodes (parameters) involved in the 
computation and creates edges between them and 𝑣𝑝. Each edge is as-
signed a weight based on the desirable range of the connected parameter, 
representing the level of dependency. The algorithm ultimately returns 
a basic cluster graph 𝐺𝑖 representing the internal parameter relationships 
of the given requirement. These individual basic cluster graphs are then 
added to the main graph , which is ultimately returned as the output, 
representing the system’s requirement-parameter dependency structure.

For example, Fig. 5a shows a basic cluster for the requirement Risk. 
The corresponding color codes are referred to Fig. 5(b). A graph may 
contain macro cluster (Roy et al., 2021) as well, which combines mul-
tiple basic clusters to illustrate the broader inter dependencies among 

Algorithm 2 Requirement identification and graph construction.
1: Input: : SRS,  : 𝑇 𝑎𝑥𝑜𝑛𝑜𝑚𝑦
2: Output:  Dependency graph 
3: Initialize:  = {}, Set of functional requirements 𝐹𝑅 = {}, Set of non-
functional requirements 𝑁𝐹𝑅 = {}

\\Requirement Identification
4: Identify set of requirements 𝑅 ←  \\referred to Section 3.2.1

\\Requirement Classification
5: for each 𝑟𝑖 ∈ 𝑅 do
6:  if 𝑟𝑖 defines system functionality then
7:  𝐹𝑅 = 𝐹𝑅 ∪ {𝑟𝑖} \\referred to Section 3.2.2
8:  else
9:  𝑁𝐹𝑅 = 𝑁𝐹𝑅 ∪ {𝑟𝑖} \\referred to Section 3.2.2
10:  end if

\\Basic Cluster Construction
11:  𝐺𝑖 = Create_basic_cluster(𝑟𝑖,  ) \\referred to Algorithm 3
12:   = ∪ {𝐺𝑖}
13: end for
14: return 

requirements, offering a comprehensive perspective on how different as-
pects of the system interact. Analysing inter requirement dependencies 
is beyond the scope of this paper.

3.2.4.  Parameter optimization:
Using the dependency graph and SRS, the system identifies which pa-

rameters need to be tuned to achieve the best possible outcomes for 
the UAV system according to the identified requirements. This can be 
formulated as an optimization problem as given below :
Maximize: 𝑍 =

∑

𝑟∈𝑅
𝑅𝑒𝑞(𝑟) (1)

Subject to:
𝐿𝑖 ≤ 𝑝𝑖 ≤ 𝑈𝑖, ∀𝑝𝑖 ∈ 𝑃 (2)

where:

• 𝑅 is the set of requirements, with 𝑅 = 𝐹𝑅 ∪𝑁𝐹𝑅.
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Fig. 5. Basic cluster.

Algorithm 3 Create_basic_cluster(𝑟𝑖,  ).
1: Input: 𝑟𝑖: Requirement ,  : Taxonomy
2: Output: cluster 𝐺𝑖
3: Initialize: Node set 𝑉𝑖 = {}, Edge set 𝐸𝑖 = {}

\\Create node set
4: for each parameter 𝑝 ∈ 𝑃𝑖 ←   do \\𝑃𝑖: Set of parameters for 𝑟𝑖
5:  Create node 𝑣𝑝
6:  𝑉𝑖 = 𝑉𝑖 ∪ {𝑣𝑝}
7: end for

\\Create edge set
8: for each equation 𝑒𝑞𝑝 ∈ 𝑇𝑖 do
9:  Identify nodes 𝑈𝑖 ∈ 𝑉𝑖 to compute 𝑒𝑞𝑝
10:  for each node 𝑢 ∈ 𝑈𝑖 − 𝑣𝑝  do
11:  Create edge 𝑒 between 𝑣𝑝 and 𝑢
12:  Assign edge weight
13:  𝐸𝑖 = 𝐸𝑖 ∪ {𝑒}
14:  end for
15: end for
16: return cluster 𝐺𝑖

• 𝑃  is the set of parameters.
• 𝐿𝑖, 𝑈𝑖 denote the desirable lower and upper bounds of each parame-
ter 𝑝𝑖.

An optimization Algorithm 4 is applied on the dependency graphs to 
find the best values for these parameters while respecting system con-
straints.

It starts by reading the user inputs provided in the SRS. Each param-
eter is checked: if it has no children (i.e., nothing else depends on it), 
it is treated as a leaf node. The algorithm then begins solving these leaf 
parameters first, using the equations defined in the taxonomy and the 
values already known from the SRS. As values are computed, the algo-
rithm moves upward in the graph, updating parent parameters step by 
step until all dependencies are resolved. This bottom up approach en-
sures that every parameter is calculated only after its prerequisites are 
available. Finally, the output of the algorithm yields a recommendation 
system that provides the user with clear, actionable suggestions on how 
to adjust parameters to maximize performance and meet requirements 
efficiently.

The architecture diagram of the recommendation system is depicted 
in Fig. 6. Considering different scenarios, we have demonstrated differ-
ent use cases where based on the inputs by the user (from SRS), the 
Algorithm 4 recommends optimized values for individual parameters 
for a specific requirement. Those are described below.

Algorithm 4 Optimization.
1: Input: : Cluster graph,  ∶ SRS
2: Output: Optimized values for parameters
3: Initialize: Create stack 𝑆 = {}
4: 𝐼𝑛𝑝𝑢𝑡_𝑣𝑎𝑙𝑢𝑒𝑠{⟨𝑝1, 𝑝1.𝑣𝑎𝑙⟩, ⟨𝑝2, 𝑝2.𝑣𝑎𝑙⟩,… .} ← 

\\input user-defined values for parameters
5: for each cluster 𝐺 ∈  do

\\push all nodes
6:  for each 𝑣 ∈ 𝐺 do
7:  𝑣.𝑣𝑖𝑠𝑖𝑡𝑒𝑑 = 𝑓𝑎𝑙𝑠𝑒

\\mark leaf-nodes
8:  if 𝑐ℎ𝑖𝑙𝑑(𝑣) == NULL then \\𝑐ℎ𝑖𝑙𝑑(𝑣): set of children of node 
𝑣

9:  𝑣.𝑙𝑒𝑎𝑓 = 𝑡𝑟𝑢𝑒
10:  else
11:  𝑣.𝑙𝑒𝑎𝑓 = 𝑓𝑎𝑙𝑠𝑒
12:  end if
13:  𝑆.𝑝𝑢𝑠ℎ(𝑣)
14:  end for

\\pop nodes to compute
15:  while 𝑆 ! = NULL do
16:  𝑣𝑝 = 𝑆.𝑝𝑜𝑝()

\\compute if leaf
17:  if 𝑣𝑝.𝑙𝑒𝑎𝑓 == 𝑡𝑟𝑢𝑒 then
18:  𝑣𝑝.𝑣𝑎𝑙 ← solution of {𝑒𝑤(𝑣𝑝, 𝑢) ∶ 𝑢 ∈ 𝑐ℎ𝑖𝑙𝑑(𝑣𝑝)}

 using 𝑒𝑞𝑝 on 𝐼𝑛𝑝𝑢𝑡_𝑣𝑎𝑙𝑢𝑒𝑠 ∪ {𝑣𝑞 .𝑣𝑎𝑙 ∶ 𝑞 ≠ 𝑝}
19:  print ⟨𝑝, 𝑣𝑝.𝑣𝑎𝑙⟩
20:  𝑣𝑝.𝑣𝑖𝑠𝑖𝑡𝑒𝑑 = 𝑡𝑟𝑢𝑒 \\Flag visited nodes
21:  else  \\mark as leaf, if all children are computed
22:  if ∀𝑢 ∈ 𝑐ℎ𝑖𝑙𝑑(𝑣𝑝) ∶ 𝑢.𝑣𝑖𝑠𝑖𝑡𝑒𝑑 = 𝑡𝑟𝑢𝑒 then
23:  𝑣𝑝.𝑙𝑒𝑎𝑓 = 𝑡𝑟𝑢𝑒
24:  𝑆.𝑝𝑢𝑠ℎ(𝑣𝑝)
25:  end if
26:  end if
27:  end while
28: end for

Use Case 1
We have considered Probability of Ground Safeness (𝐺𝑆 ) as 

a requirement, considering an urban region (Kolkata (22.654899, 
88.439464)) having population density (𝜌)=0.024 𝑝𝑒𝑜𝑝𝑙𝑒∕𝑚2, where a 
Tylon aircraft (Primatesta et al., 2020a) is used. Some values of the pa-
rameters are provided in the SRS, and the rest of the values are taken 
from the taxonomy as given below:
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Fig. 6. Architectural diagram of the recommendation system.

• Values from SRS:  Mass of drone (𝛿) = 3.75 𝑘𝑔, radius of drone 
(𝑟𝑢𝑎𝑣) = 0.88 𝑚, altitude (𝜁) = 120 𝑚, initial velocity (𝑢) = 40 𝑚∕𝑠

• Values from Taxonomy:  Radius of person (𝑟𝑝) = 0.2032 𝑚, height 
of person (ℎ𝑝) = 1.65 𝑚, impact angle (𝜓) = 45◦, Sheltering Factor 
(𝑆𝐹 ) = 7.5 and 𝑒𝑣𝑒𝑛𝑡 = 0.005

Based on these values, the recommendation system gives the results 
as: impact velocity (𝑣𝑖𝑚𝑝) = 62.864935 𝑚∕𝑠, impact of kinetic energy 
(𝐸𝑖𝑚𝑝) = 7410 𝐽 , 𝑖𝑚𝑝𝑎𝑐𝑡 = 0.174211, 𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 = 0.914184, 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦 = 
0.000796, 𝐺𝑆 = 0.999204

Use Case 2
Now consider a suburban region (Barasat(22.724610, 88.484729)) 

having population density(𝜌)=0.0082 𝑝𝑒𝑜𝑝𝑙𝑒∕𝑚2, where a Parrot Disco 
aircraft (Primatesta et al., 2020b) is used for simulating Probability of 
Ground Safeness (𝐺𝑆 ) as a requirement.

• Values from SRS: Mass of drone (𝛿)=0.75 𝑘𝑔, radius of 
drone(𝑟𝑢𝑎𝑣)=0.575 𝑚, altitude(𝜁)=120 𝑚, initial velocity(𝑢)=30 𝑚∕𝑠.

• Values from Taxonomy: Radius of person(𝑟𝑝)=0.2032 𝑚, 
height of person(ℎ𝑝)=1.65 𝑚, impact angle(𝜓)=45◦, Sheltering 

Factor(𝑆𝐹 )=5(Considering sub urban region Primatesta et al., 
2020a) and 𝑒𝑣𝑒𝑛𝑡 = 0.005(Considering 𝐸𝑡𝑦𝑝𝑒= ballistic descent 
Primatesta et al., 2020a)

Hence the respective outputs are impact 
velocity(𝑣𝑖𝑚𝑝)=57.02631 𝑚∕𝑠, impact of kinetic energy(𝐸𝑖𝑚𝑝)=1219.5 𝐽 , 
𝑖𝑚𝑝𝑎𝑐𝑡 = 0.036651, 𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 = 0.913668, 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦 = 0.000167, 
𝐺𝑆 = 0.0.999833

Use Case 3
Finally, consider a Rural region (Anandapur(22.738762, 

87.738036)) having population density(𝜌)= 0.000604 𝑝𝑒𝑜𝑝𝑙𝑒∕𝑚2, 
where a DJI Mavic aircraft (Primatesta et al., 2020a) is used simulating 
Probability of Ground Safeness (𝐺𝑆 ) as a requirement.

• Values from SRS: Mass of drone (𝛿)=0.7 𝑘𝑔, radius of 
drone(𝑟𝑢𝑎𝑣)=0.2 𝑚, altitude(𝜁)=120 𝑚, initial velocity(𝑢)=20 𝑚∕𝑠.

• Values from Taxonomy: Radius of person(𝑟𝑝)=0.2032 𝑚, 
height of person(ℎ𝑝)=1.65 𝑚, impact angle(𝜓)=45◦, Sheltering 
Factor(𝑆𝐹 )=2.5(Considering rural region Primatesta et al., 2020a) 
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Fig. 7. Computational time analysis.

Fig. 8. Importing SRS document.
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Fig. 9. Displaying the SRS and taxonomy file.

Fig. 10. Displaying basic cluster.

and 𝑒𝑣𝑒𝑛𝑡 = 0.005(Considering 𝐸𝑡𝑦𝑝𝑒= ballistic descent Primatesta 
et al., 2020a)
Hence the respective outputs are impact 

velocity(𝑣𝑖𝑚𝑝)=52.459508 𝑚∕𝑠, impact of kinetic energy(𝐸𝑖𝑚𝑝)=963.2 𝐽 , 
𝑖𝑚𝑝𝑎𝑐𝑡 = 0.001112, 𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦 = 0.987003, 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦 = 0.000005, 
𝐺𝑆 = 0.999995

Table 7 summarizes all the mentioned use-cases.

4.  Experimental evaluation

To validate the proposed recommendation system, we perform a set 
of simulations to demonstrate how parameter interdependencies and op-
timizations impact UAV BVLoS missions. This allows us to assess how 

well the recommendation system adapts to varying conditions while en-
suring compliance with operational constraints.

4.1.  Simulation environment

We perform the simulation on a system having Windows 10 op-
erating system with an Intel Core i5 processor (2.9GHz, 8 GB RAM). 
The user interface for the system is built using standard web technolo-
gies (HTML, CSS, and JavaScript), which is interactive and lightweight. 
To handle mathematical input and equations, we integrate the Math-
Live equation builder. The entire implementation code can be found in 
GitHub (2025a).

We consider once more the SRS in GitHub (2025b) and we analyze 
the expected performance of the system based on the execution time, 
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Fig. 11. Configure inputs for the parameters.

Fig. 12. Recommended values for the parameters and requirement.

Table 7 
Use cases.
 Input  Output
 Par  Case 1  Case 2  Case 3  Par  Case 1  Case 2  Case 3
𝑢 40𝑚∕𝑠 30𝑚∕𝑠 20𝑚∕𝑠 𝑣𝐼 62.864935𝑚∕𝑠 57.02631𝑚∕𝑠 52.459508𝑚∕𝑠
𝜁 120𝑚 120𝑚 120𝑚 𝐸𝐼 7410𝐽 1219.5𝐽 963.2𝐽
𝑆𝐹 7.5 5 2.5 𝑃𝐼 0.174211 0.036651 0.001112
𝛿 3.75𝑘𝑔 0.75𝑘𝑔 0.7𝑘𝑔 𝑃𝐹 0.914184 0.913668 0.987003
𝑃𝐸 0.005 0.005 0.005 𝑃𝐶 0.000796 0.000167 0.000005
𝜌 0.024𝑝∕𝑚2 0.0082𝑝∕𝑚2 0.000604𝑝∕𝑚2 𝑃𝐺𝑆 0.999204 0.999833 0.999995
𝑟𝑝 0.2032𝑚 0.2032𝑚 0.2032𝑚
𝑟𝑢 0.88𝑚 0.575𝑚 0.2𝑚
ℎ𝑝 1.65𝑚 1.65𝑚 1.65𝑚
𝜓 45◦ 45◦ 45◦

Par→Parameter, 𝐸 → 𝑒𝑣𝑒𝑛𝑡,𝐼 → 𝑖𝑚𝑝𝑎𝑐𝑡, 𝐹 → 𝑓𝑎𝑡𝑎𝑙𝑖𝑡𝑦, 𝐶 → 𝑐𝑎𝑠𝑢𝑎𝑙𝑡𝑦, 𝑟𝑢 → 𝑟𝑢𝑎𝑣, 𝑣𝐼 → 𝑣𝑖𝑚𝑝, 𝐸𝐼 →

𝐸𝑖𝑚𝑝, 𝑝∕𝑚2 → 𝑝𝑒𝑜𝑝𝑙𝑒∕𝑚2
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varying the inputs (parameters and requirements) to measure the scala-
bility and responsiveness of the system. We measure this separately for 
different algorithms.

4.2.  Results

To systematically evaluate the system, we began by analysing how 
changes in the number of requirements and parameters influence the 
overall computational performance. This evaluation helps in assessing 
both the scalability and responsiveness of the framework when applied 
to UAV mission planning. Also, we put a few implementation snapshots 
of the proposed system.

4.2.1.  Execution time
To understand how well our framework performs in practice, we 

carry out a computational time analysis focusing on the two most im-
portant algorithms of the system: graph construction (Algorithm 2) and 
optimization (Algorithm 4). These are the stages that handle most of the 
processing, as these are executed for each SRS. So their computational 
efficiency directly impacts the performance of the system.

We consider nine test cases, where number of requirements varies 
from 1 to 3 and number of parameters varies from 3 to 8. The results for 
the test cases are shown in Fig. 7. Overall, we can see that the graph con-
struction algorithm has higher computational complexity compared to 
the optimization algorithm. Graph construction needs to build the entire 
dependency structure from scratch for every requirement. For each re-
quirement, it first generates nodes for all parameters and then examines 
the equations associated with each parameter to identify their depen-
dencies. Once the dependencies are known, it creates edges between 
the relevant nodes and assigns appropriate weights based on the desir-
able parameter ranges. This process involves checking every parameter 
pair and performing repeated lookups to ensure that all relationships 
are captured, which becomes time-consuming as the number of require-
ments and parameters increases. On the other hand, the optimization al-
gorithm works on the already constructed graph and only evaluates the 
parameters that are required for the final result. It computes the values 
of leaf parameters first and then moves upward through the graph in a 
single pass, which requires far fewer operations.

In Fig. 7(a) we consider one requirement varying the number of pa-
rameters. Here, rendering the graph becomes slower while increasing 
the number of parameters, while the optimization time barely changed. 
Further, we extended the study by considering multiple requirements, 
as illustrated in Fig. 7(b). Obviously the computational time increases 
with the higher number of requirements and parameters. However, it is 
in the order of 10−2 to 10−3 seconds, as the graph rendering time ranges 
from roughly 7 to 15 milliseconds and the optimization time stays be-
tween 0.2 and 0.9 milliseconds even when the number of requirements 
and parameters increases.

Even though we tested with small input sizes, the trend clearly shows 
that the system is computationally efficient and can comfortably scale 
to more complex UAV mission scenarios.

4.2.2.  Simulation snapshots
The snapshots of different stages of the recommendation system 

are illustrated below. Initially, in the landing page, we import the SRS 
(Fig. 8) and then similarly import the Taxonomy file and display these 
(Fig. 9). After that we can select any of the requirement and display 
the corresponding graph (Fig. 10). Then we can select any of the re-
quirement for parameter optimization and configure the inputs based 
on the SRS as well as taxonomy (Fig. 11). Finally we are able to get the 
recommended values for the requirement and the parameters (Fig. 12).

5.  Conclusion

In this work, we introduce a structured framework to study how dif-
ferent requirements and parameters in UAV BVLoS missions are con-
nected and influence one another. By creating a generalized taxonomy

and using weighted dependency graphs, we show that how tuning one 
parameter can affect multiple aspects of a mission. The proposed rec-
ommendation system further demonstrate its ability to suggest optimal 
parameter settings efficiently, as confirmed through computational time 
analysis. Altogether, this approach offers UAV operators a practical tool 
to make mission planning safer, more reliable, and better informed.

Despite these promising results, some limitations of the current work 
should be acknowledged. First, the proposed framework relies on prede-
fined relationships among parameters derived from domain knowledge 
and existing documentation. While this allows the system to capture im-
portant interdependencies, these relationships may evolve as UAV tech-
nologies, regulatory frameworks, and operational requirements change. 
Second, the current taxonomy focuses on a specific set of parameters 
relevant to BVLoS missions and may not yet capture all environmental, 
hardware, or regulatory factors that could influence drone operations. 
Finally, the evaluation has been performed in a controlled experimental 
setting, and further validation with large-scale real-world UAV mission 
data would provide deeper insight into the robustness and practical ap-
plicability of the proposed system.

Looking ahead, we plan to expand this framework by introducing 
macro clusters which depicts the interdependencies among multiple re-
quirements, making it easier to analyze complex missions. This higher-
level view will also help in spotting broader interdependencies that may 
otherwise go unnoticed. In addition, we aim to test the system with real-
world UAV datasets and explore adaptive optimization methods that can 
adjust to changing mission conditions. These improvements will make 
the recommendation system more scalable, flexible, and resilient for fu-
ture BVLoS operations.
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