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Highlights

What are the main findings?

• Following PRISMA-ScR methodology, this scoping review synthesises 109 sources across
three domains, namely UAV platform technologies, civil applications in eight sectors,
and global regulatory and ethical frameworks, providing a structured, cross-disciplinary
knowledge map for researchers and practitioners initiating drone-based projects.

• Research attention is heavily concentrated on autonomy and AI-driven control systems,
with geographic dominance in US–European–Chinese contexts; critical knowledge gaps
persist in economic feasibility analysis, interoperability standardization, developing-
world deployment contexts, and environmental lifecycle assessment.

What are the implications of the main findings?

• As UAV technology has matured sufficiently for widespread civilian adoption, deployment
success increasingly depends on non-technical factors like early regulatory engagement, real-
istic economic planning, and ethical compliance rather than on capability constraints alone.

• Fundamental contradictions between optimistic application scalability claims and per-
sistent constraints in energy storage, swarm communication reliability, and privacy
efficiency trade-offs highlight the urgent need for integrated, cross-disciplinary research
to bridge the gap between laboratory demonstrations and real-world operations.

Abstract

The rapid proliferation of unmanned aerial vehicles (UAVs) in civilian sectors has generated
diverse research spanning platform engineering, application deployment, and regulatory
governance. This scoping review systematically maps the current knowledge landscape of
civilian UAVs, their applications, and their regulatory frameworks, and aims to serve as
initial practical guidance for researchers and practitioners initiating drone-based projects.
Following PRISMA-ScR guidelines, a structured three-stream literature search was con-
ducted using Google Scholar, yielding 109 sources published between 2015 and 2025. This
review synthesises findings across three domains: (1) technical specifications, including
UAV platform configurations, their common applications, their advantages and limitations,
electromechanical systems, flight control architectures, and communication technologies,
while also providing key guidance on how to choose the appropriate components for a
given application; (2) civil applications across eight sectors—delivery logistics, infrastruc-
ture inspection, precision agriculture, environmental monitoring, emergency response,
waste management, and commercial uses—to provide inspiration as well as to capture im-
portant details on drone projects; and (3) regulatory frameworks and ethical considerations
governing UAV operations. Analysis reveals concentrated research attention on autonomy
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and AI-driven control systems and emerging focus on communication infrastructure. Geo-
graphic representation is dominated by US, European, and Chinese contexts, with limited
coverage of developing regions. Key knowledge gaps include economic feasibility analyses,
standardisation frameworks, developing-world deployment contexts, and environmental
lifecycle assessments. Contradictions emerge between optimistic application scalability
claims and fundamental constraints in energy storage, swarm communication reliability,
and privacy–efficiency trade-offs. This review provides researchers and practitioners with
a comprehensive map of current UAV knowledge, identifies critical research gaps, and
establishes a foundation for future research in civilian drone technologies. This study
aims to systematically consolidate and synthesise fragmented research on civilian UAV
technologies, applications, and regulatory frameworks into a unified reference for research
and practice.

Keywords: unmanned aerial vehicle; UAV; drone; scoping review; civil applications;
regulatory framework; PRISMA-ScR; autonomous systems; precision agriculture;
infrastructure inspection

1. Introduction
The advancement of unmanned aerial vehicles (UAVs), also known as drones, is one

of the most remarkable technological developments of the 21st century. What originated as
a military tool during World War I [1] has been transformed and adopted for numerous
civilian activities since 2015. This shift was driven by its potential to assist in various
applications, such as crime prevention, disaster response, and infrastructure inspection [2].
In current times, drones offer remarkable versatility, with platforms ranging from com-
pact consumer quadcopters, suitable for exploratory surveys and photogrammetry, to
heavy-lift octocopters, capable of carrying sophisticated sensor suites [3]. Recent tech-
nological developments in GPS systems, sensors, and batteries have further advanced
UAV technology [4]. Additionally, the integration of artificial intelligence and reinforce-
ment learning algorithms have made autonomous operations in complex environments
possible [5]. As a result of this rapid expansion, a fragmented research landscape span-
ning multiple disciplines has emerged, creating a need for comprehensive knowledge
synthesis. Prior reviews have examined specific sub-domains such as drone applications
in disaster management [6] and precision agriculture [7], yet a unified synthesis spanning
technical platforms, civil applications, and regulatory frameworks in a single reference
remains to be seen.

Review Scope and Objectives

The existing UAV literature tends toward domain-specific investigations, with com-
prehensive cross-domain syntheses remaining limited. This scoping review addresses this
gap by systematically mapping knowledge across the technical, applied, and governance
dimensions of civilian UAV systems. Following PRISMA-ScR methodology [8], this review
pursues three objectives:

1. Map the technical landscape of UAV platforms, components, control systems, and
communication architectures documented in the recent literature.

2. Synthesise deployment evidence across civilian application domains, including opera-
tional parameters, sensor configurations, and performance outcomes.

3. Identify knowledge gaps and contradictions in current UAV research to inform future
investigation priorities.
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This review is structured as follows:

• Section 2 outlines the review methodology, including literature search strategies,
screening processes, and data extraction frameworks.

• Section 3 examines platform configurations, electromechanics, flight controller, and
communication systems, which are essential aspects of informed UAV selection.

• Section 4 comprehensively covers civil applications across delivery and logistics,
infrastructure inspection, precision agriculture, environmental monitoring, emergency
response and healthcare, waste management, and creative and commercial domains,
together with the technical details of how drones are employed in each application.

• Section 5 addresses ethical considerations and regulatory frameworks governing drone
operations, including compliance requirements, privacy protection, environmental
considerations, and safety protocols.

• Section 6 discusses persistent challenges, research opportunities for continued devel-
opment, and future directions for UAVs.

2. Methodology
This section describes the process used to identify, screen, and select the literature

included in this review. The process ensures transparency and reproducibility, following
a structured approach to searching, screening, and synthesising sources across the three
thematic streams covered in this paper.

2.1. Research Questions

This review addresses three primary research questions:

RQ1: What technical specifications, configurations, and component systems for civilian
UAVs have been documented in the recent literature?
RQ2: What civilian UAV applications have been deployed or investigated, and what are
their operational characteristics and performance outcomes?
RQ3: What regulatory frameworks and ethical considerations govern civilian UAV opera-
tions globally?

2.2. Review Protocol

Given the multi-sub-domain scope of this paper—covering UAV platforms, electrome-
chanics, autonomy, civil applications, regulatory frameworks, and ethics—this review is
structured around three parallel search streams, each tailored to the specific requirements
of its sub-domain:

• Stream A (Drones and their Properties): The search began with broad queries targeting
high-citation review papers to establish consolidated technical knowledge. Where
review papers did not cover specific technical details (e.g., sensor-specific performance,
altimeter correction, IMU drift), targeted follow-up searches were conducted. Google
Scholar’s AI-assisted semantic search was used to surface contextually relevant papers
beyond exact keyword matches, supplementing direct keyword queries.

• Stream B (Civil Applications): Each domain was queried independently, with em-
phasis placed on selecting papers that offered distinct technical contributions across
domains, maximising the breadth of applications covered. Google Scholar’s AI-
assisted search supplemented this approach by identifying pioneering studies with
novel methodologies not yet widely documented in the literature.

• Stream C (Ethics and Regulatory Frameworks): This stream combined the peer-
reviewed literature with primary documents obtained directly from official aviation
regulatory authorities (FAA and EASA). Review papers were prioritised and supple-
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mented with regulatory body publications along with targeted searches on specific
ethical dimensions including privacy, noise, wildlife disturbance, and safety.

Each stream proceeded iteratively until saturation was achieved. Targeted follow-up
queries addressed specific thematic gaps not covered by the initial results.

2.3. Databases and Sources

The primary search platform was Google Scholar, selected for its extensive reach
across peer-reviewed journals and its reliability as an open-access academic database.

Two additional source categories were consulted:

• Official regulatory authority websites: The Federal Aviation Administration (FAA)
and the European Union Aviation Safety Agency (EASA) were accessed directly for
primary regulatory documents as these publications are not consistently indexed in
academic databases.

• Grey literature: Industry technical guides, manufacturer documentation, and practi-
tioner publications were consulted for technical specifications typically absent from
peer-reviewed journals, including battery energy density benchmarks, payload capac-
ity ranges, and propeller efficiency data. All grey literature sources are included in the
reference list.

Open-access publications were prioritised throughout, consistent with the practical
guidance purpose of this review. The majority of peer-reviewed sources were published in
fully open-access journals, including IEEE Access, Scientific Reports, Frontiers, and MDPI’s
Drones, Sensors, Remote Sensing, Sustainability, and Aerospace, ensuring the evidence
base is freely accessible to the intended readership.

Grey literature sources were screened against the following criteria: (1) priority was
given to documentation from established manufacturers or industry organisations with
verifiable technical expertise; (2) technical parameters from the grey literature were cross-
validated against values reported in peer-reviewed sources where possible; (3) the grey
literature was included only for data structurally absent from peer-reviewed journals, such
as battery energy density benchmarks, payload capacity ranges, and propeller efficiency
specifications; and (4) all grey literature sources are explicitly identified in the reference list.
Table 1 summarises the 12 grey literature sources included and their specific contributions
to this review.

Table 1. Grey literature sources and their specific contributions.

Source Specific Contribution

VIBMS [9] Payload capacity ranges and typical flight times for
quadcopter, hexacopter, and octocopter platforms

Drone U [10] Flight time and range benchmarks for fixed-wing platforms

Stats Market Research [11] Cost comparison data for hybrid VTOL vs.
fixed-wing alternatives

Tyto Robotics/Nagel [12] LiPo battery energy density benchmarks (150–250 Wh/kg)
Grepow [13] Drone battery selection guidance and capacity specifications
Amprius Technologies [14] High-performance lithium-ion battery specifications
KULR Technology Group [15] Battery thermal management data for aerospace applications

BEI Power Solutions [16] Lithium drone battery performance under
temperature extremes

Argonne National Laboratory/Ahmed [17] Battery technology advancement roadmap
JOUAV [18] Drone cost breakdown by platform category (2026)
FAA [19] LAANC airspace authorisation procedures
FAA [20] Remote identification regulatory requirements
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2.4. Search Strategy

The searches were conducted in October 2025. The following search strings are
representative of the queries used across the three streams. Initially, broad queries identified
landmark review papers; specific queries followed to address the remaining gaps.

2.4.1. Stream A—UAV Technology and Properties

1. (“UAV” OR “drone” OR “unmanned aerial vehicle”) AND (“review” OR “survey”)
AND (“platform” OR “multirotor” OR “configuration”);

2. (“UAV” OR “drone”) AND (“flight controller” OR “sensor fusion” OR “IMU” OR
“GNSS” OR “RTK”);

3. (“UAV” OR “drone”) AND (“battery” OR “LiPo” OR “flight endurance” OR
“energy density”);

4. (“UAV” OR “drone”) AND (“communication” OR “5G” OR “4G LTE” OR “radio
frequency”) AND (“command and control” OR “telemetry”);

5. (“UAV swarm” OR “multi-UAV”) AND (“coordination” OR “formation control” OR
“consensus algorithm”).

2.4.2. Stream B—Civil Applications (Search per Application Domain)

1. (“UAV” OR “drone”) AND (“last-mile delivery” OR “urban logistics” OR “au-
tonomous delivery”);

2. (“UAV” OR “drone”) AND (“infrastructure inspection” OR “building inspection”
OR “BIM”);

3. (“UAV” OR “drone”) AND (“precision agriculture” OR “crop monitoring” OR “water
stress” OR “yield estimation”);

4. (“UAV” OR “drone”) AND (“environmental monitoring” OR “ecological restoration”
OR “wildlife monitoring” OR “fisheries”);

5. (“UAV” OR “drone”) AND (“emergency response” OR “disaster response” OR “pan-
demic surveillance”);

6. (“UAV” OR “drone”) AND (“landfill monitoring” OR “wastewater sampling” OR
“air quality mapping”);

7. (“UAV” OR “drone”) AND (“journalism” OR “cinematography” OR “light show” OR
“virtual tourism”);

8. (“UAV” OR “drone”) AND (“topographic mapping” OR “photogrammetry” OR
“inventory auditing”).

2.4.3. Stream C—Ethics and Regulations

1. (“UAV” OR “drone”) AND (“regulatory framework” OR “airspace regulation” OR
“operator certification”);

2. (“UAV” OR “drone”) AND (“privacy” OR “data minimisation” OR “informed consent”
OR “anonymisation”);

3. (“UAV” OR “drone”) AND (“wildlife disturbance” OR “noise impact” OR “commu-
nity acceptance”);

4. (“drone insurance” OR “UAV liability”) AND (“regulation” OR “civil liability”).

The publication window was set to 2015–2025, reflecting the period following the
commercialisation of civilian drones. Papers published from 2020 onwards were given
preference to reflect the current state of the art. Papers from 2015 to 2019 were retained
only where they represented foundational contributions not superseded by more recent
work, or where no more recent equivalent existed.
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2.5. Inclusion Criteria

Table 2 shows the criteria applied during the screening and eligibility stages.

Table 2. Inclusion criteria applied during screening and eligibility stages.

Criterion Requirement

Publication type
Peer-reviewed journal articles or conference papers; official regulatory
documents (FAA, EASA); the grey literature for technical specifications
structurally unavailable in peer-reviewed journals

Language English

Publication year 2015 or later; preference given to 2020 and beyond

Domain Civil UAV applications, UAV technology, or UAV ethics and regulation

Technical content Must include implementation details concerning hardware configuration,
software framework, or sensor specification

Reproducibility Methods, experiments, or frameworks must be sufficiently described to be
reproducible or practically applicable

Citation influence
For Stream A, higher citation counts were prioritised as an indicator of
community influence; where multiple papers covered the same content, the
more highly cited, recent, or technically comprehensive paper was preferred

2.6. Exclusion Criteria

Papers were excluded if any of the following applied:

• Focused on military UAV applications with no transferable civil relevance;
• Were conceptual or opinion-based, lacked technical data, were based on experimental

results, or lacked implementation details;
• Lacked sufficient technical description to be useful to a reader initiating a UAV project;
• Duplicated content already covered by a higher-quality or more frequently cited paper

in the same sub-domain;
• Were published before 2015;
• Were not written in English.

2.7. Screening Process

Selection followed a four-stage process: Identification, Screening, Eligibility Assess-
ment, and Inclusion. Figure 1 illustrates the progression of records through each stage
across all three streams.

Identification
n = 463 Records identified via Google Scholar across 3 streams

Screening
n = 200 Records screened by title and abstract

Eligibility
n = 120 Full-text assessed against inclusion criteria

Included
n = 109 97 peer-reviewed publications + 12 grey literature
sources

Excluded at title & abstract (n≈ 263)
Irrelevant domain, military-only,
pre-2015, non-English, no technical
content

Excluded at full-text (n≈ 80)
Insufficient implementation detail,
duplicate domain coverage

Figure 1. PRISMA-ScR screening flow across all three search streams.
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2.8. Data Extraction Framework

A structured data extraction framework was applied consistently across all included
papers. The variables extracted were defined per stream to reflect the different types of
evidence synthesised in each section. This framework provides the methodological basis
for the comparison tables presented throughout this paper (Tables 3–5).

Stream A—UAV Technology Papers:

Table 3. Data extraction variables for Stream A (UAV Technology Papers).

Variable Description

Platform type Multirotor configuration, fixed-wing, or hybrid VTOL
Payload capacity Maximum reported payload (kg)
Flight endurance Reported flight time under operational or near-operational conditions
Sensors Type, weight, and spectral or spatial specifications
Control system Model-based, model-free, or hybrid; specific algorithms employed
Autonomy level Manual, stabilised, waypoint navigation, or fully autonomous
Communication system RF band, cellular (4G/5G), or satellite; operational range and latency
Key limitations Constraints identified or reported by the authors

Stream B—Civil Application Papers:

Table 4. Data extraction variables for Stream B (Civil Application Papers).

Variable Description

Application domain E.g., delivery, agriculture, inspection, emergency response,
environmental monitoring

Flight parameters Altitude, speed, and coverage area specifications
Platform UAV model or configuration deployed
Sensors/payload Sensing or operational equipment used in the study
Autonomy level Degree of automation of the reported system
Key performance metrics Accuracy, coverage area, speed, cost, or domain-specific KPIs
Technical contribution What distinguishes the study from others in the same domain
Key limitations Reported constraints and open challenges

Stream C—Ethics and Regulatory Papers:

Table 5. Data extraction variables for Stream C (Ethics and Regulatory Papers).

Variable Description

Jurisdiction/scope Geographic or regulatory scope of the framework
Regulatory body E.g., FAA, EASA, or national authority
Ethical dimension Privacy, safety, environmental impact, or community relations
Compliance requirements Registration, certification, insurance, or remote identification
Practical guidance Actionable recommendations for UAV project planning

2.9. Methodological Reporting Standards in UAV Research

A recognised challenge in UAV research synthesis is the inconsistent reporting of
methodological details across published studies, which limits replicability assessment
and cross-study comparison. Barnas et al. [21] addressed this problem by developing a
standardised protocol for reporting UAV methods in wildlife research, published in the
Journal of Unmanned Vehicle Systems. While developed in a wildlife monitoring context,
the protocol’s six reporting domains have direct relevance to UAV research across all
application fields covered in this review.

The protocol structures required methodological disclosures to be split into six sections:
(1) Project Overview, covering study objectives and UAV justification; (2) Drone Sys-
tem and Operation Details, including platform model, firmware version, mass, dimen-
sions, and motor configuration; (3) Payload, Sensor, and Data Collection parameters, such
as sensor model, spectral bands, resolution, frame rate, and triggering mode; (4) Field
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Operation Details, covering flight altitude, speed, overlap percentage, wind conditions,
and temperature; (5) Data Post-Processing, specifying software used, point cloud den-
sity, georeferencing method, and accuracy metrics; and (6) Permits, Regulations, Train-
ing, and Logistics, documenting operator certification level, airspace authorisation, and
insurance coverage.

The authors demonstrated through a systematic audit of the published drone stud-
ies that a substantial proportion omitted details across one or more of these categories—
particularly sensor configuration parameters and post-processing specifications—preventing
independent replication. This finding has direct implications for scoping reviews such
as the present work: gaps in methodological reporting constrain the depth of technical
synthesis achievable from the published literature, and future UAV research would benefit
substantially from adopting standardised disclosure frameworks. This review applied the
data extraction variables described in Section 2.8 to systematically capture the methodolog-
ical details available in the included studies, acknowledging that incomplete reporting in
some sources limited the specificity of comparisons made in subsequent sections.

3. Overview of Included Studies
This section provides a descriptive synthesis of the 109 sources included in this scoping

review, analysing publication trends, geographic distribution, study design characteristics,
and thematic coverage to contextualise the findings presented in subsequent sections.

3.1. Publication Trends

The temporal distribution of the included studies reveals significant growth in civilian
UAV research following 2019. Of the 109 sources, 20 (18%) were published between
2015 and 2019, establishing foundational knowledge in platform engineering and early
civil applications. The majority—88 sources (81%)—were published between 2020–2025,
reflecting accelerated research activity driven by technological maturation and expanded
deployment contexts.

Notable temporal patterns include:

• 2020 surge: Pandemic-driven expansion in contactless delivery, remote monitoring,
and emergency response applications.

• 2021–2023: Concentration of research on artificial intelligence integration, swarm
coordination, and 5G/cellular communication systems.

• 2024–2025: Emergence of autonomy maturation studies, sustainability assessments,
advanced regulatory frameworks, and 6G communication research.

This growth trajectory mirrors broader UAV commercialisation patterns, with research
shifting from proof-of-concept demonstrations (2015–2019) to operational deployment
optimisation and system integration (2020–2025).

3.2. Geographical Distribution

While there is global representation among the studies, three regions dominate
the included literature, each with its own focus. Research outputs are dominated by
these three regions:

• North America (primarily United States): Around 35% of studies, focusing on regula-
tory frameworks (FAA), delivery systems, and advanced autonomy.

• Europe: Around 30% of studies, emphasising EASA regulatory harmonisation, privacy
frameworks, and environmental applications.

• East Asia (primarily China): Around 20% of studies, concentrating on swarm tech-
nologies, communication systems, and manufacturing innovation.
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There is limited representation found from the following:

• Africa: Sparse coverage beyond targeted case studies (e.g., malaria control drones in
Zanzibar, wildlife monitoring).

• Latin America: Minimal presence.
• South Asia: Under-represented despite large potential markets.
• Middle East: Some presence but not dominant. Regulatory and ethical discussions are

particularly Western-centric, with limited investigation of developing-world deploy-
ment contexts, infrastructure constraints, or region-specific governance challenges.

3.3. Study Design Distribution

The 97 peer-reviewed sources comprise the following diverse methodological
approaches:

Reviews and Surveys (30–35%): Comprehensive surveys addressing UAV technologies,
AI integration, swarm systems, communication infrastructure, privacy concerns, and energy
systems. These sources provided consolidated technical knowledge and identified research
trajectories.

Case Studies and Field Deployments (20–25%): Operational implementations, in-
cluding wildlife monitoring systems, mining applications, delivery pilots, wastewater
monitoring, precision agriculture deployments, and COVID-19 response use cases. These
sources documented real-world performance, operational constraints, and practical lessons.

Theoretical and Simulation Studies (25–30%): Algorithm development and modelling
research addressing swarm consensus control, path planning optimisation, communication
channel modelling, and regulatory compliance frameworks. These sources advanced
theoretical foundations for autonomous operations.

Experimental and Controlled Testing (15–20%): Laboratory and field experiments
evaluating propeller aerodynamics, wind impact on flight stability, battery performance
under environmental stress, and sensor fusion validation. These sources provided empirical
performance characterisation.

This methodological diversity reflects UAV research maturity, with established experi-
mental foundations supporting increasingly sophisticated deployment investigations and
theoretical advances.

3.4. Thematic Coverage

Thematic analysis reveals uneven research attention across UAV domains:

3.4.1. Dominant Research Areas

Autonomy, AI, and Control Systems (∼35% of corpus): The largest research cluster
encompasses swarm coordination, path planning algorithms, reinforcement learning for
decision-making, sensor fusion techniques, collision avoidance systems, and flight control
architectures. This concentration reflects both technical complexity and critical importance
for operational safety and capability advancement.

Communication and Network Integration (∼20%): Substantial attention to 5G/6G
cellular connectivity, internet-of-drones architectures, multi-UAV communication protocols,
and command-and-control relay systems, driven by beyond-visual-line-of-sight (BVLOS)
operation requirements.

Environmental and Agricultural Applications (∼20%): Remote sensing methodolo-
gies, crop health monitoring, wildlife surveys, and waste management systems represent
established application domains with mature deployment evidence.
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3.4.2. Moderately Covered Areas

Infrastructure Inspection (∼10%): Building assessment, industrial facility monitoring,
and automated inspection frameworks.

Delivery and Logistics (∼8%): Urban last-mile delivery, medical supply transport, and
autonomous airdrop systems.

3.4.3. Under-Represented Areas

Insurance, Liability, and Economic Modelling (<5%): Limited rigorous cost–benefit
analyses, lifecycle cost studies, or insurance framework development beyond delivery
case examples.

Privacy and Ethical Frameworks (<5%): Minimal deep investigation despite sig-
nificant societal concerns, with most sources providing high-level policy recommenda-
tions rather than empirical studies of privacy-preserving technologies or community
impact assessments.

Human Perception and Social Acceptance (<3%): Sparse research on noise impact,
community trust, or public acceptance determinants, despite these factors critically influ-
encing deployment feasibility.

This distribution suggests research priorities favour technical capability advancement
over economic viability, social acceptance, or ethical framework development—a pattern
with implications for real-world deployment success and discussed in Section 7.

4. Drones and Their Properties
The terms used to describe these aircraft differ according to their implementation and

context. Unmanned aerial vehicle (UAV) is the official technical term. UAVs are also widely
referred to as “drones” in everyday speech [22]. Drones controlled by a remote pilot are
known as Remotely Piloted Aircraft Systems (RPASs); Unmanned Combat Aerial Vehicles
(UCAVs) are military combat drones; and Micro Aerial Vehicles (MAVs) are miniaturised
platforms [23,24].

Structurally, UAVs are made up of four essential parts: the frame structure (platform),
which influences flight characteristics, manoeuvrability, and mobility; the electromechanics,
including hardware and sensors; the flight controller, which controls speed, stability, and
other aspects of the drone; and the communication system, which handles communication
across multiple bands [25–28].

Selecting appropriate components for a project fundamentally determines its opera-
tional capabilities and mission success [29]. This section examines each essential component
and provides guidance for selecting configurations appropriate to specific objectives and
operational constraints [28].

4.1. Platform Selection

Selecting an appropriate drone platform for a specific application requires careful con-
sideration of several interdependent factors [22,24,28,30], including payload requirements
(what sensors or equipment must be carried), mission duration and range (how long and
how far the drone must operate) [3], operational environment (the terrain and weather
conditions of the operational location) [22], and budget constraints [24,28]. Understand-
ing these factors enables us to identify the platform that best meets our needs without
over-investing in unnecessary capabilities [22]. This section provides guidance for making
these decisions by examining the available platforms, their strengths, weaknesses, and the
applications for which they are most commonly used.
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4.1.1. Platform Configurations

Drone platforms are primarily categorised by their number of rotors, their rotor
configurations, and whether they have fixed wings [22,25,31]. Because each category
has distinct advantages and limitations, understanding these differences is essential for
selecting the right platform.

Multi-Rotor UAVs

Multi-rotor platforms have multiple motors and achieve controlled flight through
differential motor speeds [22,30], eliminating complex mechanics and enabling intuitive
control [3]. Their vertical take-off and landing (VTOL) capability makes them ideal for
deployment in confined areas [25], and their ability to hover enables stationary data
collection, which is essential for many applications [32].

Quadcopters (four rotors) are optimal for most applications requiring lightweight
sensing capabilities [22,31]. Their symmetric four-motor arrangement provides stability
for photography, basic inspection, and preliminary site surveys [22]. With payload capaci-
ties between 1.5 and 2 kg [3,33] and typical flight times of 20–30 min [9], these platforms
can support integrated RGB cameras (12–48 megapixel, 4 K–8 K video capability), small
multispectral sensors, or lightweight sampling equipment. Their mechanical simplicity
translates to lower acquisition costs [9], reduced maintenance requirements, and easier
operator training [22]. Beyond standard quadcopter designs, recent work has investigated
morphing structures that reshape the airframe mid-flight to enhance manoeuvrability
and adaptability, though such configurations remain experimental [34]. However, quad-
copters lack motor redundancy; a single motor failure typically results in loss of controlled
flight [22,31], limiting their suitability for operations over sensitive areas or when carrying
valuable equipment [22,23].

Hexacopters (six rotors) provide operational redundancy and extra payload capacity,
which are essential when the objectives need more sophisticated sensing or when equipment
value justifies additional investment [23,31]. Their six-motor configuration delivers more
lifting power compared to quadcopters [3,33], accommodating payloads of about 4–6 kg [9].
A hexacopter can carry heavier sensors such as professional cameras, LiDAR sensors,
larger multispectral systems, or agricultural sprayers. Hexacopters can maintain controlled
flight with one motor failure [23,31] and can execute safe landings even with two motors
inoperative [23], an essential capability when carrying expensive sensors or operating over
areas where crashes could damage sensitive sites and equipment. This redundancy makes
hexacopters the best choice for inspecting infrastructure (wind turbines, bridges, power
lines), precision agriculture, and archaeological surveying, where equipment protection is
paramount [23]. The trade-off involves higher costs [9], increased mechanical complexity,
and higher power consumption, which reduces flight time [35] by 20–30% compared to
quadcopters carrying similar payloads [9].

Octocopters (eight rotors) are necessary when applications demand maximum payload
capacity [3,33] and the highest level of operational reliability [23,31]. The eight-motor
configuration accommodates payloads of approximately 6–10 kg [9] and provides the
smoothest flight characteristics and maximum redundancy [23,31]. These platforms can
maintain flight with up to four inoperative motors [23]. Applications justifying octocopters
typically involve carrying multiple synchronised sensors, heavy professional systems, or
specialised equipment where mission failure would result in significant setbacks or financial
losses [23]. Many octocopters have coaxial configurations (X8 or Y8 designs) where motors
are vertically stacked on each arm, increasing thrust density while keeping the airframe size
manageable. However, octocopters impose substantial operational overhead: empty weights
often exceed 5 kg [23], significant power consumption reduces flight time [33,35] even with
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larger batteries, and their bulk size complicates field transportation and deployment. These
platforms are best suited to well-funded projects requiring capabilities incompatible with
lighter alternatives, such as large-scale 3D mapping with high-density LiDAR, critical
infrastructure inspection with multiple sensor modalities, or environmental monitoring
requiring simultaneous thermal, multispectral, and high-resolution visual sensing [36].

Alternative Platform Configurations

Fixed-wing UAVs feature a conventional aircraft wing system that generates lift
through forward motion over stationary wings rather than rotor thrust [22,25,37]. This ap-
proach provides superior energy efficiency [30,35], enabling flight times of 60–120 min [10]
and operational ranges exceeding 50 km [36], three to five times greater than comparable
multi-rotor platforms [30]. Fixed-wing drones excel in applications requiring large-area
coverage such as mapping agricultural fields (hundreds of hectares per flight) [30], pipeline
or transmission line inspection (linear infrastructure spanning tens of kilometres) [36],
coastal surveying, and wildlife habitat assessment. The efficiency advantage of fixed-wing
drones stems from their ability to cruise, making them ideal when requiring coverage over
large areas rather than stationary data [22].

However, fixed-wing UAVs require runways or launch catapults for take-off and
a suitable area for landing [25], limiting usability in small, confined spaces or urban
environments where obstacles and movements are present [22]. They must also maintain a
minimum airspeed to remain aloft [30], which prevents hovering for detailed inspections
or precise positioning over specific features.

Hybrid VTOL (Vertical Take-Off and Landing) platforms represent an engineering
advancement merging the deployment convenience of multi-rotor VTOL with the efficiency
of fixed-wing cruise flight [25,37]. They use dedicated vertical-lift rotors for take-off and
landing, then transition to efficient fixed-wing cruise flight for range and endurance [23].
This dual-mode capability enables deployment in confined areas while achieving the range
and efficiency necessary for long-distance missions [23]. Hybrid VTOLs are well suited for
applications such as extended coastal monitoring [38], large-area geological surveys, and
wildlife tracking, where both launch flexibility and endurance are required.

Current hybrid VTOL designs range from quad planes to sophisticated tilt-wing
systems where the entire wing assembly rotates for mode transition [25]. However, the
additional weight of having multi-rotors for vertical-lift and cruise propulsion systems
adds more weight and complexity, which cancels out some of the gains in efficiency [39].
These platforms also cost 2–3 times more compared to similar fixed-wing or multi-rotor
alternatives [11] and require more sophisticated operator training [40]. A hybrid VTOL
is most logical for applications where both capabilities are essential and the operational
advantages justify the additional complexity and investment [37].

Selecting the right platform begins with clearly defining requirements across the
following four key criteria:

1. Payload Requirements: Identify all sensors, equipment, and samples that must
be carried simultaneously. Combine their weights and add a 20–30% margin for
mounting hardware and cables. Consider physical dimensions as well—some sen-
sors may require specific orientations or additional space, which may necessitate a
larger UAV.

Drone Payload Capacity ≥ (Ws + We + Wsample)× 1.3 (1)

where Ws, We, Wsample are the weights of the sensors, equipment, and sample,
respectively.

2. Mission Profile: Determine application requirements:
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• Stationary observation (inspecting structures) → multi-rotor;
• Area coverage (mapping fields) → fixed-wing or hybrid VTOL;
• Linear infrastructure (pipelines, roads, coastlines) → fixed-wing;
• Confined deployment (forest clearings, urban sites, ships) → multi-rotor or hybrid

VTOL.

3. Operational Range and Endurance: Calculate required flight time, including transit
to/from the deployment area, data collection time, and a 20–30% reserve for return-
to-home contingency. If required endurance exceeds 30 min with payload, consider
fixed-wing platforms or plan battery swaps.

Total Required Endurance ≥ (Tt + Td)× 1.25 (2)

where Tt = Transit time (round trip) = 2 × (Distance to site ÷ Cruise speed); Td = Data
collection time; and the factor 1.25 represents a 25% reserve (midpoint of 20–30%).

4. Risk Tolerance and Budget: Assess the consequences of equipment loss:

• Integrated consumer cameras → Quadcopter acceptable
• $5000–$15,000 sensor value → Hexacopter redundancy justified
• >$20,000 sensor value → Octocopter redundancy essential

Table 6 shows the multi-rotor configurations and their images.

Table 6. Drone platforms and representative images.

Drone Platform Image

Quadcopter

Hexacopter

Octocopter
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Table 6. Cont.

Drone Platform Image

Fixed-Wing

Hybrid VTOL

A side-by-side assessment of various airframe designs is provided in Table 7.

Table 7. Platform configuration comparison.

Platform Type Advantages Disadvantages Typical Applications Key Mission
Considerations Payload Capacity

Quadcopter

Cost-effective, simple
maintenance, excellent
manoeuvrability,
portable

No motor failure
tolerance, limited
endurance and payload

Visual documentation,
preliminary surveys,
small-field precision
agriculture (<50 ha),
stationary environmental
monitoring, light
inspection

Best for low-cost
sensors, short missions,
integrated RGB or light
multispectral cameras

1.5–2 kg

Hexacopter

Moderate redundancy,
good stability, higher
lift than quad,
precise hover

Higher cost, more
complex, shorter flight
time than quad

Precision agriculture
(higher-value sensors),
infrastructure inspection,
archaeological surveying,
search and rescue (with
thermal), LiDAR
mapping (light–medium)

Recommended when
payload value is high
(>∼$10 k); hovering
and redundancy
are critical

4–6 kg

Octocopter
Maximum redundancy
and stability, highest
payload capacity

Expensive, heavy, high
power consumption

Heavy LiDAR 3D
mapping, critical
infrastructure inspection,
high-risk industrial
missions

Chosen mainly for
expensive/heavy
sensors and maximum
fault tolerance

6–10 kg

Fixed-Wing
Superior endurance and
range, highly efficient
for large areas

No hover, requires
launch/landing space,
limited low-speed
operation

Large-area agricultural
mapping (>100 ha),
wildlife surveys,
environmental
monitoring over wide
regions, linear
corridor mapping

Optimised for area
coverage rather than
detail; not suitable for
stationary observation

1–5 kg

Hybrid VTOL
Combines VTOL with
long-range cruise
efficiency

Complex systems, high
cost, heavier airframe

Extended linear
infrastructure inspection,
long-range surveys
where hover and
endurance are
both required

Ideal when mission
range exceeds
multi-rotor limits but
hover is still needed

1–10 kg
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4.2. Electromechanics
4.2.1. Flight Endurance and Battery

Battery energy density remains the primary constraint limiting drone operations [28,30].
Current lithium-polymer (LiPo) batteries store approximately 150–250 Wh/kg [12], far below
aviation gasoline at ∼12,000 Wh/kg [30]. This restricts flight times for consumer quad-
copters despite optimised aerodynamics and power management. Understanding the
factors affecting flight time and endurance supports realistic mission planning [28]:

Platform efficiency: Flight time and endurance depend substantially on the drone
platform [32,41], including propeller diameter (larger propellers are generally more effi-
cient), aerodynamic optimisation, and the ability to cruise. Forward flight at optimal cruise
speed consumes less power than hovering [30].

Mission profile: Hovering for stationary observation, aggressive manoeuvring, and
high-speed flight can reduce flight time substantially [22,32,35]. Flight time should there-
fore be evaluated in the context of the specific mission profile rather than as a fixed
universal value.

Environmental factors significantly affect performance [28,42,43]: Cold temperatures
(<10 °C) reduce battery capacity [42]; strong wind increases power consumption [43];
and high-altitude operations reduce air density, requiring a higher propeller RPM for
equivalent thrust.

Most professional drones reserve 10–20% battery capacity as emergency return-to-
home power—an essential safety margin that reduces usable flight time. Accordingly,
missions should be planned using no more than 70% of battery capacity to account for
real-world conditions and safety reserves [12,35]. Manufacturer-advertised maximum
flight times are typically achieved under optimal laboratory conditions; operational flight
times are generally shorter [35].

The battery capacity required for a mission can be estimated as

Ebattery ≥ (Phover · thover + Pcruise · tcruise + Pmaneuver · tmaneuver)×
Fenv

0.7
(3)

Fenv = Ftemp × Fwind × Faltitude (4)

where Ebattery = total battery capacity needed (Wh); Phover = power consumption while hov-
ering (W); thover = time spent hovering (h); Pcruise = power consumption during cruise flight
(W); tcruise = time spent in cruise flight (h); Pmaneuver = power consumption during manoeu-
vring (W); tmaneuver = time spent manoeuvring (h); Fenv = environmental factor (multiplier
for temperature, wind, and altitude effects); 0.7 = safety factor (use only 70% of battery
capacity); Ftemp = temperature factor; Fwind = wind factor; and Faltitude = altitude factor.

Practical strategies for extended operations:

• Battery swapping infrastructure: Rather than waiting 60–90 min for recharging, main-
tain multiple batteries (3–5 for full-day operations) and rotate through charging cycles.
In-flight battery swapping systems can also extend mission continuity without requir-
ing landing.

• Solar charging stations: For multi-day remote deployments, portable solar panels
enable field battery recharging, eliminating the need to return to base.

• Mission segmentation: Design optimal data collection patterns to minimise transit
time and maximise observation time.

4.2.2. Sensors

Sensor selection fundamentally determines data quality, research capabilities, and
platform requirements. This section examines common sensor types and their capabilities,
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applications, and limitations. Table 8 summarizes how different sensors compare in weight,
primary uses, and key drawbacks.

Table 8. Sensor capabilities and application matrix.

Sensor Type Typical Weight Primary Applications Limitations

RGB Camera (Integrated) Integrated Documentation, photogrammetry,
visual inspection

Limited to visible spectrum,
lighting-dependent

RGB Camera (Professional) 0.5–2 kg High-end cinematography,
detailed documentation

Requires large
platforms, expensive

Multispectral 0.5–2 kg
Precision agriculture, vegetation
monitoring, environmental
assessment

Requires calibration,
processing expertise

Hyperspectral 1–5 kg
Mineral exploration, advanced
agriculture, environmental
contamination

Very expensive, large data
volumes, complex processing

Thermal (Uncooled) 0.2–0.8 kg Search/rescue, building inspection,
wildlife monitoring, irrigation

Lower spatial resolution,
atmospheric attenuation

Thermal (Cooled) 1–3 kg Advanced R&D, defence,
high-precision thermal analysis

Expensive, heavy, requires cooling
system maintenance

LiDAR 0.5–3 kg
Topographic mapping, forestry,
archaeology, infrastructure
inspection

Expensive, heavy, requires RTK for
best accuracy

Gas Sensors (PM2.5/PM10) 0.2–0.5 kg Air quality monitoring, pollution
mapping, urban health studies

Response time lag, calibration drift,
weight constraints

Gas Sensors (VOC) 0.2–0.5 kg Industrial emissions, leak detection,
environmental monitoring

Limited selectivity,
environmental interference

Methane Detector 0.5–2 kg Oil/gas pipeline inspection,
landfill monitoring, leak detection

Expensive, requires calibration,
wind affects accuracy

Magnetometer 0.2–1 kg Archaeological prospection, UXO
detection, geological surveys

Requires low-magnetism platform,
sensitive to interference

Ground Penetrating Radar (GPR) 2–8 kg Subsurface utility mapping,
archaeology, soil characterisation

Experimental for drones, very
heavy, limited penetration depth

Acoustic Sensor Array 0.5–2 kg Wildlife monitoring, industrial
noise mapping, acoustic surveys

Wind noise interference, requires
post-processing

Water Quality Sensors 0.5–2 kg Aquatic monitoring, water body
assessment, pollution detection

Requires water contact/sampling,
limited flight time affects coverage

Optical Gas Imaging (OGI) 1–4 kg Industrial leak detection, safety
compliance, methane visualisation

Very expensive, specific gas types,
requires training

Laser-Induced Breakdown
Spectroscopy (LIBS) 3–8 kg

Mineral identification,
contamination analysis,
geological surveys

Experimental for drones, very
heavy and expensive

4.3. Flight Control and Autonomy

Modern flight controllers integrate multiple sensors and incorporate autonomous
capabilities for reliable operations across diverse environments [28,30]. Understanding
these systems supports selection of appropriate platforms and autonomy levels for a
given application.

4.3.1. Sensor Fusion

Flight controllers achieve stable flight by fusing data from complementary sensors,
each compensating for the limitations of others [23]:

Inertial Measurement Units (IMUs) measure orientation and motion at high rates
(100–1000 Hz) [23], typically with dual or triple redundancy for reliability [30]. IMUs are
precise over short durations, but errors accumulate over time without external correc-
tions [44].

GNSS Receivers (GPS) provide absolute positioning accurate to 5 m, which is sufficient
for general operations [25,30]. Real-Time Kinematic (RTK) systems achieve centimetre-
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level precision through differential corrections from ground base stations [45], which is
essential for applications requiring high precision such as precision agriculture and detailed
surveying. RTK adds additional cost and operational complexity [45].

Barometric Altimeters measure altitude using atmospheric pressure with approxi-
mately 0.5 m accuracy [30,35]. Their limitation is susceptibility to weather-induced pressure
variations [46].

Obstacle Avoidance Systems use cameras or range sensors with 360° coverage for
autonomous collision avoidance in cluttered environments [22]. This capability is critical
for missions in forest, industrial facility, or urban environments, but is unnecessary for
open-area operations [22].

4.3.2. Control System Approaches

Model-Based Control uses mathematical models of aircraft dynamics to calculate
desired responses from sensor inputs [3,28]. The flight controller then issues a series
of commands enabling the UAV to achieve the desired position. Examples include six-
state altitude models for smooth climb and descent [3], complementary sensor fusion
incorporating IMU and GNSS for accurate positioning, adaptive sliding mode control for
adjusting to unexpected wind and payload variations [23], and model predictive control
for optimised path planning. Model-based approaches provide predictable and reliable
performance suitable for applications requiring precise control such as photogrammetry [3].
Performance degrades when unexpected factors occur (aerodynamic interactions near
structures, asymmetric payloads) [23,28].

Model-Free Control learns appropriate responses without explicit models using either
fuzzy logic (simple “if–then” rules mimicking human control) [23], which is optimal for very
few applications, artificial neural networks (learning patterns from training data), or deep
reinforcement learning (DDPG, TD3 algorithms) [37]. These methods offer adaptability
to changing conditions and the potential for solving complex tasks, but require greater
computational resources and lack certification pathways for most applications [3]. As such,
these techniques remain primarily research tools rather than production-ready solutions.

4.3.3. Autonomy Levels and Selection

Manual/Stabilised Control: The drone is controlled directly by a pilot. This is suitable
for operations requiring rapid response or when regulations mandate manual flight, such as
in search-and-rescue missions [25,30], disaster response, and operations in obstacle-ridden
areas [22].

GPS Position Hold: Automatically maintains 3D position. This is the most common
mode for stable data collection including photography, video capture, and stationary sensor
observations [22].

Waypoint Navigation: Executes pre-programmed flight paths with automated ac-
tions [22]. Mission planning software (DJI Ground Station Pro: 2.0.11, UgCS: 3.3, Mission
Planner: 1.3.74) is used for this purpose. This capability is essential for repeatable op-
erations with identical flight paths across temporal studies including perimeter security
patrols, power line and pipeline inspection, and automated delivery routes.

Intelligent Tracking: Uses computer vision algorithms to automatically follow a subject.
This approach is valuable in monitoring wildlife and tracking dynamic targets. In this
method, performance may degrade in cluttered and complex environments [22].

4.4. Communication Systems
4.4.1. Command and Control Links

Reliable communication between the ground station and the drone is fundamental for
safe and effective operations [30]. Most modern UAVs use radio frequency technologies on
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2.4 GHz and/or 5.8 GHz ISM bands for communication [22,25,27]. Radio frequency com-
munication provides a range of 5–15 km while maintaining video links and telemetry [47].
The 2.4 GHz band is the most common, offering better range and obstacle penetration but
facing interference from WiFi and Bluetooth devices [26,27]. The 5.8 GHz band provides
less interference at the cost of reduced range, especially in dense environments [27]. Sys-
tems such as DJI’s OcuSync and Autel’s SkyLink use a frequency-hopping spread spectrum
and dual-band operation, achieving more secure transmission with 7–15 km ranges and
full HD video transmission [48].

Cellular connectivity is also an emerging option for communication that uses standard
mobile networks [47,49,50]. This method offers extended range beyond radio capabili-
ties [50]. However, cellular latency (50–200 ms) exceeds direct radio links (5–30 ms), making
it more suitable for supervisory control of autonomous missions [47]. The introduction
of 5G networks introduced a latency of 10 ms, which is similar or even superior to radio,
enabling remote piloting and collaborative multi-drone missions [49,50]. Satellite communi-
cations remain experimental due to cost, weight, and latency constraints, though emerging
low-Earth-orbit constellations may eventually enable operations in remote regions [51].

4.4.2. Multi-UAV Coordination

Multi-UAV systems enable capabilities unavailable on a single platform [23–25].
They allow simultaneous multi-angle observation, coordinated area coverage, and dis-
tributed task execution [23,25]. Effective coordination requires each drone to maintain
self-awareness (position, orientation, battery status, system health) as well as group aware-
ness (positions and intentions of other team members) [23,25], and this is possible through
continuous communication and information exchange, preventing collisions and enabling
dynamic task reallocation [25].

Furthermore, Multi-UAV systems use either centralised control, where a ground
station coordinates all activities as well as computes task allocation [24], or distributed
approaches, where UAVs coordinate peer-to-peer with minimal ground intervention using
consensus algorithms [23,25,37]. Distributed architectures prove to be more resilient to
communication failures and scale better with larger swarms [23]. However, distributed
systems require each drone to have more powerful onboard computers for sophisticated
real-time processing [23].

Common coordination frameworks include the Robot Operating System (ROS) with
multi-agent extensions [52], the PX4 autopilot stack with swarm support, and specialised
platforms such as ArduPilot’s multi-vehicle capabilities [52]. Coordination algorithms ad-
dress task assignment, trajectory planning, and collision avoidance simultaneously [23,37].

5. Civil Applications
The integration of UAVs into civilian sectors has transformed traditional practices

across several domains including delivery and logistics, infrastructure monitoring and
management, environmental monitoring, emergency response, and creative applications.
Drones have demonstrated significant improvements in efficiency, safety, and cost when
compared to conventional methods. This section reviews UAV applications across major
civilian sectors, focusing on the technical specifications and the operational frameworks
used in practice. Across these domains, a consistent pattern emerges: multirotor platforms
dominate applications requiring precise positioning and stationary observation, while fixed-
wing systems are preferred where large-area coverage and endurance take priority. Sensor
selection and autonomy requirements also differ substantially by domain, as detailed in
the subsections below.
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5.1. Delivery and Logistics Systems

Urban logistics face mounting challenges spanning e-commerce expansion, traffic
congestion, and environmental sustainability requirements. UAV-based delivery systems
address these constraints by operating in three-dimensional airspace, bypassing ground
traffic while reducing carbon emissions through electric propulsion. Research efforts have
focused on optimisation of operational parameters, infrastructure requirements, and the
economic viability for last-mile delivery networks.

5.1.1. Last-Mile Urban Delivery

Borghetti et al. [53] investigated the efficacy of UAV last-mile delivery in congested,
urban areas in Milan using two practical methods: depot-based systems and mobile van
depots with charging capabilities. For consecutive delivery strategies, the authors found
that mobile van depots returned the maximum number of operations. The proposed system
included octocopter platforms with 15 km flight radius, 45 min cycle times including battery
changes, 5 kg maximum payload capacity, and 18 daily deliveries per drone. Key challenges
were in routing optimisation, assignment algorithms, charging infrastructure allocations,
and collision avoidance (with people and objects).

A Survey Plan (SP) approach was implemented to estimate demand through user
decision-making simulation to evaluate adoption of drone delivery. The survey compared
delivery vehicles including vans, bicycles, scooters, and drones based on factors such as
cost, time, and asset value. Muscle-powered bicycles and electrically powered drones were
identified as the only sustainable options, with drones offering greater speed than bicycles.

For the Milan-scale deployment, the authors suggested that four carefully placed
depots, accommodating 240 drones, be strategically spread out throughout the city, and
that drones would be flying fifteen kilometres in 45 min cycles to complete eighteen
missions between 8:00 am and 9:15 pm. Due to weather conditions, operations would be
restricted to approximately 20 days per year, affecting 350,000 packages. Despite these
limitations, the investment is projected to become profitable within three years, with an
estimated revenue of e3.75 per drone delivery.

5.1.2. Autonomous Decision-Making and Airdrop Operations

Li et al. [5] advanced autonomous delivery capabilities through the development
of a manoeuvre decision-making model for autonomous airdrop tasks using Deep De-
terministic Policy Gradient with Prioritised Experience Replay (PER-DDPG). The model
optimised flight state (current state), flight actions (commands to execute), and flight as-
sessment functions (score on how good/bad the action was) to maximise performance
reward through past experience replay and soft parameter updating. Their simulation
results demonstrated that PER-DDPG outperformed standard UER-DDPG in resolving
turn-around and navigational challenges while improving UAV autonomy during airdrop
operations, demonstrating an advancement in complex decision-making scenarios for
delivery applications.

5.1.3. Medical Supply and Emergency Delivery

Medical supply delivery has emerged as a critical UAV application, with numerous
studies documenting its successful implementations across diverse geographic settings.
Pavithran et al. [54] developed a fixed-wing UAV prototype specifically optimised for
medical supply delivery in rural areas. The system is projected to address traffic congestion,
inadequate road infrastructure, and time-critical constraints affecting patient outcomes.
Their system was built upon a NACA 63-412 airfoil platform with a 1.5 m wingspan and
aspect ratio of 7, achieving a 5 km operational range with 30 min flight endurance at
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350 feet altitude. The UAV measures 1.0 × 0.12 × 0.10 m, housing a 700 g payload bay, and
is propelled by an 850 KV brushless DC motor with an 11 × 4.5-inch propeller powered
by a 6500 mAh four-cell lithium polymer battery. The autonomous system integrates a
Pixhawk flight controller with a GPS module, pitot-static tube for airspeed measurement,
433 MHz telemetry for ground station communication, and PPM encoder supporting
manual, stability-augmented, and fully autonomous waypoint navigation modes. The
parachute recovery system includes a hemispherical nylon canopy designed for a 3 m
per second descent rate. The drone requires a 200 m runway length for operations while
maintaining a 2.3 kg gross take-off weight. An overview of different drone-based logistics
applications is given in Table 9.

Table 9. Delivery system comparison.

Application Platform Range Payload Flight Time Key Results Reference

Urban Last-Mile Octocopter 15 km 5 kg 45 min Break-even 3 years,
e3.75/delivery Borghetti et al. [53]

Rural Medical Fixed-Wing 5 km 700 g 30 min 50% delivery time reduction Pavithran et al. [54]
Autonomous Airdrop Multirotor Variable Variable Variable Improved navigation accuracy Li et al. [5]

5.2. Infrastructure Inspection and Monitoring

One of the most established UAV applications lies in infrastructure inspection, with
systems regularly deployed for building assessment and industrial facility monitoring.
However, costly traditional inspection methods require machinery such as scaffolding and
cranes and may place human workers in hazardous situations. UAV platforms effectively
mitigate safety risks and high operational costs.

5.2.1. Automated Building Inspection

Huang et al. [55] developed the following five-step Building Information Modelling
(BIM) process for automated exterior building surface inspection: representing BIM data
as a cloud surface model, determining viewpoint (starting position), path planning and
optimisation, virtual simulation validation, and actual flight execution. To accommo-
date various building complexities, their methodology implemented basic and advanced
path planning functions. The basic function automatically generated flight paths cover-
ing complete building exteriors coupled with integrated obstacle avoidance algorithms,
whereas the advanced function decomposed complex buildings into manageable segments
using a four-step segmentation process. This enabled error-free handling of complicated
building geometries alongside improved efficiency. Validation was done using Microsoft
AirSim across various building contexts and environmental conditions prior to deployment.
The results demonstrated that BIM-enabled path planning successfully directed UAVs in
systematic building inspections.

5.2.2. Advanced Industrial Inspection and Maintenance with Aerial Manipulation

Ollero et al. [56] introduced the AEROARMS project, tackling limitations in industrial
inspection and maintenance where traditional methods require human workers to com-
plete inspections in hazardous locations or rely on expensive specialised equipment with
restricted operational flexibility. The researchers developed four distinct aerial manipulator
configurations optimised for different industrial tasks. The first and second platforms used
a hexacopter and an octocopter respectively with a rigidly attached end-effector arm for
simple operations. Advanced configurations included dual-arm manipulators with either
stiff or compliant joints, where one arm was used for grasping the infrastructure while
the other performed the required task. The control system addressed interaction force
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management for safe contact with industrial structures without damaging equipment or
destabilising flight. The operation system used passivity-based control to balance stability
and responsiveness while compensating for communication delays between the ground op-
erator and the drone. Experimental validation in outdoor industrial settings demonstrated
successful autonomous contact operations withstanding perturbations up to 100 Newtons
while maintaining low position estimation errors, providing the robustness needed for
real-world applications. Table 10 shows two representative infrastructure inspection use
cases with their platforms, sensors, and key innovations.

Table 10. Infrastructure inspection systems.

Application Platform Key Sensors Automation Level Key Innovation Results Reference

Building Exterior Multirotor RGB Camera Fully Autonomous BIM-integrated path
planning

Complete coverage,
obstacle avoidance Huang et al. [55]

Industrial
Manipulation Hexa/Octocopter

LiDAR, Stereo Vision,
Ultra-Wideband
(UWB)

Semi-Autonomous
Dual-arm
manipulation, force
control

100 N perturbation
resistance, TRL 5 Ollero et al. [56]

5.3. Agricultural Applications

Precision agriculture has become one of the primary beneficiaries of UAV technology,
with platforms enabling spatially resolved crop monitoring, targeted interventions, and
resource optimisation improving yields while reducing environmental impacts. Further-
more, the integration of specialised sensors with autonomous flight capabilities trans-
forms traditional farming practices through data-driven decision-making. Mogili and
Deepak [7] provide a broad overview of drone applications in precision agriculture,
including crop monitoring and pesticide spraying, highlighting how UAVs can cover
hectares of fields in a single flight and reduce human health risks associated with manual
pesticide application.

5.3.1. Thermal Remote Sensing for Irrigation Optimisation

Sharma et al. [57] conducted a comprehensive review of UAV-based remote sensing
techniques for detecting water stress in specialty crops. The timely detection of water stress
identifies irrigation needs, leading to improved crop yield quality and a reduction in water
wastage. Their study analysed 104 scholarly articles from 2012 to 2024, examining thermal,
multispectral, and hyperspectral imaging systems, sensor specifications, flight parameters,
and data processing algorithms across vineyards, orchards, and vegetable crops to identify
best practices in water stress monitoring.

The Crop Water Stress Index (CWSI) was identified as the most widely used thermal
indicator for crop water stress. CWSI compares canopy temperature with air temperature,
with adjustments for humidity and vapour pressure deficit. Drones with thermal sensors
operating in the 8–14 micrometre wavelength range, with spatial resolutions between a
few centimetres (high detail) and 50 cm (lower detail) flying at various altitudes above
crops, allowed accurate thermal imaging for crop water stress detection. Combining
thermal data with multispectral images (particularly SWIR bands at 1450 nm and 1940 nm)
identified water stress with accuracies exceeding 85% (R2 values ranging from 0.77 to 0.92).
Key challenges included atmospheric effects on thermal images, canopy heterogeneity
and shadow interference, processing large amounts of high-resolution hyperspectral data,
payload constraints, and scalability limitations for large-scale agricultural monitoring.

5.3.2. Crop Monitoring and Yield Estimation

Sapkota and Paudyal [58] explored the capability of UAVs for maize plant growth
monitoring and yield estimation in the mountainous terrain of Nepal. Their study aimed
to use drones for rapid examination of plant growth patterns and yield prediction across
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large areas. A multirotor UAV equipped with a multispectral camera was used to capture
the spectral information of the maize plants throughout the plant’s life cycle. The captured
images were then combined to create an orthomosaic map and a 3D model of the field
in order to estimate yield based on the following factors: plant height, vegetation indices
(GRVI and NDVI), Leaf Area Index (LAI), and biomass measurements. The findings
demonstrated that drone-captured images are superior to lower-resolution satellite images
in yield prediction, especially in complex mountainous terrain.

5.3.3. Forest Disease Detection

Qin et al. [59] developed the Spatial-Context-Attention Network (SCANet), a deep
learning technique for automatic pine wood disease detection using UAV remote sensing
images. Conventional spectral-data-only techniques fail for small targets with complex
backgrounds. SCANet integrates spatial information retention modules, context informa-
tion modules, and attention refining modules to capture both high-level and low-level
features, reduce information loss, increase receptive fields, minimise background interfer-
ence, and highlight target features. This method achieved an overall accuracy of 79.33%
with 0.86 precision and 0.91 recall, outperforming previous machine learning and deep
learning techniques.

5.3.4. Swarm-Based Agricultural Monitoring

Albani et al. [60] developed a swarm robotics approach for autonomous weed monitor-
ing and mapping in agricultural fields, specifically targeting volunteer potato detection in
sugar beet cultivation. The SAGA (Swarm Robotics for Agricultural Applications) project
proposed a decentralised multi-UAV system where collective behaviour emerges from
self-organisation rather than centralised control, providing flexibility, scalability, and ro-
bustness. The approach took inspiration from the collective decision-making observed
among foraging honeybees, enabling UAVs to dynamically allocate resources to weed-
dense areas while swiftly abandoning weed-free areas through peer-to-peer interactions
and consensus-based field categorisation.

The system architecture integrated PrecisionScout quadcopters (30 min flight time)
equipped with triple-redundant autopilots, five IMUs, RTK-GPS for centimetre-level po-
sitioning, RGB cameras, and Nvidia Jetson processors for onboard vision and control.
Ultra-Wideband (UWB) technology provided inter-UAV communication and relative locali-
sation. The weed detection system employed a convolutional neural network for semantic
segmentation of sugar beets versus volunteer potatoes. Collaborative re-sampling across
multiple drones improved detection accuracy compared to relying on individual plat-
form precision. The results demonstrated that patchy weed distributions significantly
reduced monitoring time compared to uniform distributions, validating the resource
allocation strategy. Table 11 shows several drone-assisted agricultural monitoring tech-
niques along with their sensor configurations and performance metrics.

Table 11. Precision agriculture systems.

Application Sensors Key Indices/Metrics Flight Parameters Accuracy/Results Reference

Water Stress Detection Thermal (8–14 µm) CWSI, Canopy
Temperature

30–120 m, 8–50 cm
resolution

R2 = 0.70–0.97;
>85% accuracy Sharma et al. [57]

Yield Estimation Multispectral GRVI, NDVI, LAI Variable, mountainous
terrain

Superior to satellite in
complex terrain Sapkota and Paudyal [58]

Forest Disease RGB, Multispectral SCANet CNN outputs Variable 79.33% accuracy,
0.86 precision Qin et al. [59]

Swarm Monitoring RGB, Multi-sensor, UWB
Weed density, CNN
accuracy, UWB
positioning

Coordinated multi-UAV Reduced labour,
faster coverage Albani et al. [60]
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5.4. Summary of Environmental and Conservation Applications

UAV technology has transformed ecological research and conservation efforts by en-
abling non-invasive monitoring, comprehensive spatial coverage, and access to previously
inaccessible terrain. Applications span ecosystem restoration, wildlife population surveys,
habitat assessment, and environmental health monitoring. Across these applications, a
consistent pattern emerges: multirotor platforms are preferred for localised, high-resolution
tasks (e.g., coral reef mapping, water sampling), while fixed-wing and hybrid VTOL sys-
tems are more appropriate for large-area habitat surveys and fishery monitoring. Manfreda
et al. [61] provide a comprehensive framework for UAV use in environmental monitor-
ing, demonstrating the versatility of UAS platforms across hydrological, ecological, and
land-surface applications. Similarly, Ventura et al. [62] document UAS applications in
coastal habitat monitoring, demonstrating the effective mapping of seagrass meadows and
benthic communities. Guan et al. [63] further establish best practices for small UAS (sUAS)
monitoring of coastal environments, covering field protocols, sensor calibration, and data
processing standards that are directly applicable to practitioners initiating environmental
monitoring projects.

5.4.1. Ecological Monitoring, Maintenance, and Restoration

Robinson et al. [64] examined UAV applications in ecological monitoring, mainte-
nance, and restoration. They proposed the introduction of drones within the Society for
Ecological Restoration (SER) Recovery Wheel to simplify traditionally complex and time-
consuming measurements. Their study divides drone use cases into three stages: planning,
implementation, and monitoring.

1. Planning Phase: Compared to satellite imagery, drone-based vegetation mapping
produces more affordable and higher-resolution topographic maps. In one study, the
authors used a commercial UAV DJI Phantom 4 to create detailed shallow coral reef
orthomosaic images. UAVs fitted with LiDAR for measuring ecosystem structural
characteristics produced more accurate results, with further improvements when
combined with machine learning algorithms. Choosing the right platform for the use
case was proven to be the first necessary stage.

2. Implementation Phase: Field deployments in the UAE and Thailand find up to
20% survival rates for drone-planted seeds. Even with these modest rates, UAVs
are advantageous for regions humans cannot easily reach. Multirotor UAVs with
sprayers have also been effectively used to apply agricultural pesticides in alfalfa
production and insect pest control applications, and drones with thermal detectors
are used to combat wildfires particularly in early detection of wildfires. The real-time
transmission of data guides firefighters to drop extinguishing balls to control fires
before further spread.

3. Monitoring Phase: Drones monitoring vegetation health enable scientists to track
ecosystem changes and adapt management and restoration strategies accordingly.
Wildlife surveillance is enhanced using real-time video or infrared sensors for an-
imal detection. UAVs equipped with landing gear and sampling tools can gather
environmental DNA (eDNA) or Polymerase Chain Reaction (PCR) samples, pro-
viding detailed ecological community data. Air-sampling drones measure air qual-
ity to evaluate whether ecosystem restoration interventions such as reforestation
are needed.

Barnas et al. [21] address the need for methodological standardisation in UAV-based
wildlife research, proposing a standardised protocol for reporting drone survey meth-
ods. Their framework covers flight parameters, platform specifications, and data col-
lection procedures, and is particularly valuable for ensuring reproducibility and com-
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parability across studies—a dimension this review identifies as an important gap in the
current literature.

Singh et al. [65] present a systematic review and best-practice guidelines for drone
remote sensing of invasive plants, demonstrating how workflow design, sensor selection,
and classification algorithms together determine detection accuracy. Their findings are
applicable across environmental monitoring domains where species-level discrimination
is required.

5.4.2. Fishery Research and Aquatic Monitoring

Harris et al. [66] noted that there is a lag in adoption of Unmanned Aircraft System
(UAS) technology in fishery research. While traditional methods using satellite, aircraft,
and boats are good, drones perform the same tasks more cost-effectively and efficiently. In
particular, drones may be used in fisheries as an enhanced resource monitoring tool and
as an aid in preventing illegal fishing. In this research, multirotor UAS platforms with a
battery life of 20–40 min were employed to document sockeye salmon monitoring in Alaska
and Red Drum observations in Florida, estimating biomass and observing fish behaviour
for efficient harvesting. Their research also documented habitat mapping applications,
including near-infrared hyperspatial imagery to detect vegetation and water content, digital
surface model generation with survey-grade elevation values to create detailed 3D models
of the ground and surrounding objects, and normalised difference vegetation index (NDVI)
calculations to measure plant health. Table 12 shows drone-based use cases across several
ecological monitoring and conservation domains.

Table 12. Summary of environmental and conservation applications.

Application Domain Platform Sensors/Tools Key Capabilities Results/Outcomes Reference

Coral Reef Mapping DJI Phantom 4 RGB Camera High-resolution
orthomosaic generation

Baseline data collection,
improved resolution
vs. satellite

Robinson et al. [64]

Ecosystem Structure Multirotor LiDAR + ML Structural characteristic
measurement

Enhanced accuracy with
ML integration Robinson et al. [64]

Seed Distribution Multirotor Delivery system Access to remote areas 20% survival rate in
UAE/Thailand Robinson et al. [64]

Wildfire Detection Multirotor Thermal sensors Early detection, real-time
data transmission Early intervention capability Robinson et al. [64]

Fisheries Assessment Multirotor RGB, NIR, Hyperspectral Biomass estimation,
habitat mapping

20–40 min operations, NDVI
for plant health Harris et al. [66]

Coastal Monitoring Fixed-wing/Multirotor RGB, Multispectral Seagrass and benthic
habitat mapping

High-resolution
coastal surveys Ventura et al. [62]

5.4.3. Sensor Selection and Operational Workflows for Environmental Monitoring

Manfreda et al. [61] provided a comprehensive review of UAS applications in environ-
mental monitoring, representing a foundational synthesis developed within the HARMO-
NIOUS COST Action network involving scientists from 30 countries. Their study examined
UAS deployments across hydrological monitoring, natural and agricultural ecosystem
assessment, and river system characterisation, with particular attention to sensor selection,
workflow design, and data quality constraints.

On the sensor side, the review catalogued optical cameras in full-frame and APS-C
configurations for high-resolution photogrammetry, multispectral cameras for vegetation
indices and water quality proxies, hyperspectral sensors for mineralogical and biochemical
analysis, thermal cameras for evapotranspiration and surface energy balance estimation,
and LiDAR for topographic and structural characterisation. The authors emphasised that
sensor selection must balance spatial resolution requirements, platform payload limits,
the spectral range of interest, and processing complexity—a multi-criteria decision not
reducible to a single optimal choice.
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Operationally, the review formalised a seven-stage UAS data collection workflow:
(1) mission and flight planning; (2) pre-flight camera or sensor configuration; (3) in-flight
data collection; (4) ground control and radiometric calibration; (5) geometric and atmo-
spheric correction; (6) orthorectification and image mosaicking; and (7) extraction of
application-relevant products and metrics. Ground Control Points (GCPs) were iden-
tified as essential for achieving sub-decimetre georeferencing accuracy in photogrammetric
products, with direct georeferencing using RTK-GNSS reducing but not eliminating GCP
dependency in high-accuracy applications such as flood inundation mapping or stream
channel morphology characterisation.

Key operational challenges documented included spatiotemporal constraint mis-
matches between UAS revisit capacity and ecological process dynamics, payload limitations
restricting simultaneous multi-sensor deployments on small platforms, and the absence
of harmonised data quality and reporting standards preventing cross-study comparison.
The review explicitly identified standardisation of acquisition protocols and data products
as a priority for advancing UAS environmental monitoring from individual case studies
toward systematic, reproducible monitoring programmes.

5.5. Emergency Response and Healthcare

Medical drone applications represent critical time-sensitive deployments where rapid
response capabilities directly impact patient outcomes and survival rates. Systems have
been developed for emergency medical supply delivery, disaster response coordination,
pandemic monitoring, and telemedicine support. Daud et al. [6] provide a scoping review
of drone applications in disaster management, documenting their use across search and
rescue, medical supply delivery, damage assessment, and communication relay roles, and
confirming the versatility of UAV platforms across emergency contexts.

5.5.1. Invasive Plant Species Detection and Best Practices for Drone Remote Sensing

Singh et al. [65] conducted a systematic review of drone-based remote sensing for
invasive plant detection and mapping, synthesising 103 studies published between 1960 and
2023 using a database of 33 standardised reporting parameters. The review covered image
capture approaches, data processing pipelines, analytical methods, and species–ecosystem
suitability, providing both a technical synthesis and a set of best practice recommendations
directly applicable to environmental monitoring projects.

On the sensor side, RGB cameras dominated the reviewed literature due to their low
cost and ease of use, but were found limited to morphological and colour-based discrimi-
nation, which failed for species with visually similar phenotypes or at early growth stages.
Multispectral sensors operating across red-edge and near-infrared bands enabled com-
putation of vegetation indices such as NDVI, NDRE, and EVI, improving discrimination
accuracy for species with distinct chlorophyll or water content signatures. Hyperspectral
sensors provided the highest discriminatory power, enabling detection of biochemical
markers unique to invasive taxa, but imposed significant weight penalties (1–5 kg) and
generated data volumes requiring specialised processing pipelines. Flight altitude directly
influenced the trade-off between spatial resolution and area coverage: low-altitude flights
(10–30 m AGL) produced centimetre-resolution imagery suitable for individual plant iden-
tification, while higher altitudes (60–120 m) balanced resolution with coverage efficiency
for landscape-scale surveys.

For image processing, the review documented progression from traditional supervised
classifiers (Random Forest, Support Vector Machine) to deep learning approaches includ-
ing convolutional neural networks (CNNs) and semantic segmentation models (U-Net,
DeepLabV3+), with the latter achieving precision and recall values consistently above

https://doi.org/10.3390/drones10050365

https://doi.org/10.3390/drones10050365


Drones 2026, 10, 365 26 of 43

85% for well-trained species-specific models. Object-Based Image Analysis (OBIA) was
identified as particularly effective for mapping clonal invasive species with distinctive
canopy textures. A key finding was that most studies focused on a single site (74%) and
single species (68%), raising concerns about the generalisability of trained models across
geographic regions, seasonal conditions, and habitat types.

The study’s best practice recommendations included specifying sensor model, spectral
bands, and calibration procedure in all published work; reporting flight altitude, overlap
percentage (recommended ≥80% front and ≥60% side), and Ground Sampling Distance;
selecting sensor type based on the spectral distinctiveness of the target species rather than
cost alone; and validating detection models on independent datasets from spatially distinct
sites before operational deployment. The authors further identified the Global South as
substantially under-represented in the existing evidence base—a pattern consistent with
the geographic bias documented in the present review—and called for prioritising invasive
species drone monitoring research in tropical and subtropical ecosystems where biological
invasion pressure is highest.

5.5.2. Pandemic Response and Surveillance Systems

Multiple frameworks addressing pandemic and epidemic response using UAV tech-
nology have been developed. Gupta and Bansal [67] reviewed the use of drones as a
technological response to the COVID-19 epidemic in surveillance and monitoring, drug
and supply delivery, and post-epidemic analysis. Different drone types were used for dif-
ferent tasks: multirotor drones for close-range tasks such as aerial photography and crowd
monitoring, and fixed-wing drones for large-area mapping and long-endurance surveil-
lance. Blockchain BloCoV6 schemes were introduced for health data sharing, ensuring
data integrity. 5G communication was integrated to enable real-time video and sensor data
transmission. Doppler sensors and onboard cameras were used to detect human movement
and crowd density, supporting social distancing. Geographic Information Systems (GIS)
supported spatial analysis by mapping infection hotspots and optimising drone routes.
Deep learning models, including CNNs and DNNs, were employed for automated face
mask detection, crowd counting, and anomaly detection.

5.5.3. Humanitarian Aid and Disaster Response

Allen and Mazumder [68] proposed an integrated autonomous system for disaster
response through AASAPS-HADR (Autonomous Aerial Survey and Planning System for
Humanitarian Aid and Disaster Response), addressing gaps in how emergency services
assess and respond to natural disasters. The framework consisted of networked ground
stations and autonomous quadrotor UAVs operating through an emergency ad hoc commu-
nication system. AI perception algorithms were used for three critical tasks: assessing road
damage to determine passable routes, detecting and geolocating human victims in affected
areas, and performing health assessments to prioritise medical response. Experimental val-
idation used the Nvidia Jetson TX2 embedded computing platform mounted on quadrotor
UAVs running real-time pose recognition algorithms for non-contact health monitoring.
The system architecture included autonomous navigation capabilities for surveying entire
disaster zones, machine learning models for victim identification and casualty classifi-
cation, and route optimisation algorithms generating dispatch plans for ground-based
emergency vehicles.

Daud et al. [6] conducted a scoping review examining UAV deployments across
disaster management phases using Arksey and O’Malley’s framework updated by the
Joanna Briggs Institute for Scoping Reviews. The review synthesised evidence across four
operational phases, namely mitigation, preparedness, response, and recovery, covering ap-
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plications ranging from pre-disaster risk mapping to post-disaster damage assessment and
victim search.

In the response phase, multirotor platforms equipped with RGB and thermal cameras
were the dominant configurations, used for real-time situational awareness, survivor
detection in collapsed structures, and delivery of emergency supplies to areas inaccessible
by ground teams. Fixed-wing platforms were deployed for large-scale mapping operations
due to their superior endurance, enabling rapid generation of updated terrain models
following floods, earthquakes, or landslides. LiDAR-equipped UAVs produced three-
dimensional structural damage assessments, while multispectral sensors evaluated post-
flood vegetation loss and soil contamination. Communication relay applications were also
documented, where UAVs extended ground-to-rescue-team connectivity in GPS-degraded
or infrastructure-destroyed environments.

The review identified critical operational limitations, including battery endurance
constraining sustained search coverage, regulatory clearances delaying deployment in
active disaster zones, and the absence of standardised data formats limiting interoperability
between multi-agency response systems. The authors further noted a geographic bias
toward developed-country disaster contexts, with limited evidence from low-resource
settings where UAV deployment challenges—including sparse cellular infrastructure, lim-
ited maintenance capacity, and restricted regulatory frameworks—are most pronounced.
The paper calls for dedicated research into infrastructure-minimal UAV communication
protocols and cost-appropriate platform configurations for humanitarian disaster response
in developing regions. Table 13 shows drone-based solutions for crisis situations and
medical logistics.

Table 13. Emergency response and healthcare systems.

Application Platform Key Technology Communication Primary Function Performance
Results Reference

COVID-19 Response Multi/Fixed-wing Blockchain, 5G,
CNN/DNN, GIS 5G networks Surveillance, delivery,

post-analysis
Predictive analytics
enabled Gupta and Bansal [67]

Disaster Response Quadrotor Nvidia TX2, AI
perception Ad hoc network

Road assessment,
victim detection,
health evaluation

Real-time edge
processing Allen and Mazumder [68]

5.6. Waste Management and Environmental Monitoring

Waste management operations also benefit from UAV deployment through enhanced
monitoring capabilities, improved safety by reducing human exposure to hazardous
environments, and cost-effective volumetric assessment replacing traditional surveying
methods. Cited applications span landfill management, wastewater treatment, and air
quality monitoring.

5.6.1. Volumetric Monitoring and Temporal Assessment

Incekara et al. [69] explored low-cost UAV platforms for temporal monitoring of
landfill sites. The methodology used Structure-from-Motion photogrammetric techniques
processing aerial imagery collected across five separate drone flights over approximately
two years. Standard consumer models with regular RGB cameras were used. Volume
was calculated by measuring the distance between the waste pile’s surface and a baseline
reference level using Digital Elevation Models. Ground control points were established
to georeference collected imagery and validate accuracy of derived elevation models.
Temporal analysis revealed waste accumulation rates and enabled predictions of remaining
landfill operational life. The results demonstrated that low-cost UAVs can successfully
capture volumetric changes with sufficient accuracy for operational decision-making,
providing a viable alternative to expensive professional surveying equipment.
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Another study by Son et al. [70] tackled waste pile monitoring by combining two
technologies: ground-based laser scanning (TLS) and drone photography (UAV photogram-
metry). Their study involved a systematic comparison of three waste stockpile volumetric
analysis approaches: TLS-only, UAV-only, and TLS/UAV fusion. Ground control points
were deployed throughout the study as reference markers for accuracy assessment, and per-
formance evaluation showed the UAV-based method achieved a root mean squared error
(RMSE) of 0.032 m and required 340 min for complete data collection, while TLS achieved
0.202 m RMSE but required 800 min. The fusion model combined point clouds from both
technologies using registration algorithms and spatial filtering techniques, producing the
most accurate results with an RMSE of 0.030 m. The study found that the hybrid method
worked best because each technology covered the other’s weaknesses: drones efficiently
captured large top surfaces from above, while ground lasers measured vertical sides and
shadowed areas that drones could not photograph clearly.

5.6.2. Wastewater Treatment and Automated Sampling

Guerra et al. [71] developed a drone system to monitor wastewater treatment plants,
replacing the traditional, often dangerous, manual collection of water samples for laboratory
analysis. The “virtual high-density sensor network” concept used a UAV that could reach
almost any surface point in treatment basins, providing flexibility to sample different
locations as needed without the safety risks faced in manual collection. The technical design
featured a network of robotised X4-configuration quadcopters operating as a coordinated
team through a multi-agent system built on the Robot Operating System (ROS) framework.
Each drone had a Pixhawk 2.4.8 flight controller running the PX4 flight stack combined
with Odroid XU4 single-board minicomputers for autonomous decision-making.

Each UAV could be equipped with either commercial multiparametric sensors for
real-time water quality analysis or a custom-designed sample capture probe with a 400 cm3

capacity. For navigation, EGNOS-enhanced GPS was combined with laser range-finder
altimeters, supplemented with CC2530 beacon networks as backup positioning when
satellite-based augmentation was unavailable, as well as visual marker detection for precise
landing and sample delivery. Testing showed autonomous flight with 1 kg payloads across
multiple missions, achieving precise hovering 0.4 m above water surfaces for 20 s sampling
periods.

5.6.3. Air Quality and Environmental Health Assessment

Ranganathan et al. [72] conducted air quality monitoring using smart drones inte-
grated with geospatial technology, addressing environmental health concerns at solid
waste dump yards. Decomposition processes, vehicle operations, and waste handling in
dump yards generated airborne pollutants including particulate matter, volatile organic
compounds, methane, and greenhouse gases. Traditional monitoring relied on fixed sen-
sors placed around the facility edges, which provided limited coverage and missed how
pollution varied across large dump sites. The UAV-based approach attached gas sensors
and particulate matter detectors to drones, enabling three-dimensional mapping of pollu-
tion concentrations across the entire facilities and tracking how concentrations changed
throughout the day.

The system combined multiple sensor types: electrochemical sensors for gases like
methane, carbon monoxide, and hydrogen sulphide; optical counters for classifying par-
ticle sizes; and weather instruments measuring temperature, humidity, and wind. Flight
missions followed a systematic pattern at different heights to ensure complete coverage
of the field. The collected data was analysed using mapping software to create interpo-
lated concentration maps showing pollution distribution, pinpointing emission sources,
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and tracking how pollutants drifted toward nearby neighbourhoods. Integration with
population density data enabled exposure risk assessment (how many people are affected
by the pollution) to support public health actions. Monitoring over different operational
phases revealed patterns linking emissions to specific activities, allowing facility operators
to implement targeted controls that reduced emissions during high-impact periods.

5.7. Creative and Commercial Applications

Commercial UAV applications extend beyond traditional industrial uses into creative
domains including journalism, entertainment, cinematography, and tourism. These appli-
cations leverage UAV capabilities for novel perspectives, coordinated visual effects, and
access to locations or viewpoints impractical through conventional methods. Table 14
shows drone deployments related to solid waste, wastewater, and air quality monitoring.

Table 14. Waste management applications.

Application Method/ Technology Platform Key Metrics Accuracy/
Performance Time/ Cost Savings Reference

Landfill Temporal
Monitoring SfM Photogrammetry Consumer Multirotor Volume, DEM

Sufficient for
operational
decisions

Cost-effective vs.
professional
surveying

Incekara et al. [69]

Stockpile
Assessment TLS + UAV Fusion Multirotor Volume, RMSE

UAV: 0.032 m
RMSE, 340 min;
Fusion: 0.030 m
RMSE

UAV 2.4× faster
than TLS alone Son et al. [70]

Wastewater
Sampling

Virtual Sensor
Network,
MAS/ROS

X4 Quadcopter Sample collection,
positioning

<1 inch landing
accuracy, 15 s
sampling

Eliminates human
hazard exposure Guerra et al. [71]

Air Quality
Monitoring

Multi-sensor, GIS
integration Multirotor PM, VOC, CH4,

meteorological
3D pollution
mapping

Comprehensive vs.
fixed stations Ranganathan et al. [72]

5.7.1. Journalism and Aerial News Reporting

Almalki et al. [73] investigated the integration of drones with artificial intelligence to
address gaps in aerial journalism, specifically wireless communication reliability. Tradi-
tional terrestrial propagation models performed inconsistently over different landscapes
and altitudes, creating challenges for reliable video streaming and live news coverage. Their
work proposed a Neural Network–Radial Basis Function Network (NN-RBFN) technique
to address this problem. Their study evaluated five representative propagation models
using MATLAB: R2021b simulations and 3D Remcom Wireless InSite: 3.3.4. Their results
demonstrated that the Two-Ray model achieved superior performance at 30 m altitude,
delivering RSS values between 63 and 70 dBm, SINR ranging from 10 to 19 dB, throughput
from 5 to 28 Mbps, and coverage extending to 1 km, with the framework converging after
49 epochs and achieving 99% accuracy in channel prediction.

5.7.2. Entertainment and Drone Light Shows

Huang et al. [74] explored drone applications in light shows as a means of artistic
expression and creative entertainment. Coordinated swarms of drones are transforming
outdoor shows by replacing conventional fireworks and creating new visual narratives.
Due to their reusability, drones are less expensive to operate than fireworks over time,
even though the initial capital investment per unit remains high. Their study highlighted
specialised software platforms that convert three-dimensional animations into precise
drone flight paths for choreography. Key technical considerations include high-precision
GPS or RTK positioning for formation accuracy, RGB LEDs for vibrant visual effects, and
battery capacities sufficient for typical show durations. Safety procedures emphasised
include maintaining minimum distances between spectators and drones, establishing
backup communication channels, and conducting thorough pre-flight testing. Drone
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counts range from tens of units for small-scale venues to hundreds or thousands for
large-scale performances.

5.7.3. High-Level Cinematography

Mademlis et al. [75] created a multiple-UAV cinematography tool for covering outdoor
events. The tool addresses the limitations associated with single manually piloted drones,
including restricted field of view and high operator workload during complicated filming
scenarios like sports events. The multi-UAV approach increased visual coverage through
the coordination of multiple drones, which each take different shots simultaneously. As a
result, a novel cinematographic effect was obtained by smoothly synchronising the footage
from multiple drones, and because the drones work alternately, longer continuous coverage
was possible while eliminating battery concerns. The authors also introduced a new
classification system for drone cinematography that organises different camera techniques,
including shot distances (close-up, medium, and long shots), how a single drone moves
around a target (tracking sideways, tracking vertically, or circling), and how multiple drones
work together to create sequences of shots. The system combined several technologies
including computer vision for automatic target tracking, AI algorithms to analyse video
and detect safety issues like crowds, and user-friendly software that coordinates the drone
fleet while preventing collisions and keeping drones in the right positions. In this system,
the data captured is ultimately transferred to the station using 4G/LTE and WiFi networks.

5.7.4. Tourism and Virtual Experience

During the COVID-19 pandemic, Ilkhanizadeh et al. [76] investigated a way to keep
tourism alive through virtual visits to Rome, Italy, using drones. Their paper proposed a
mixed-integer linear mathematical model to identify the best site for drone centres, their
ideal number, and the number of drones that should be deployed to each centre. The
model minimises system costs while considering capacity constraints, demand types, and
coverage requirements. Computer vision and object detection technologies were integrated
to augment the user experience, achieving 93.8% accuracy for people detection and 94.2%
for building detection (with recall rates of 94.1% and 93.7%, respectively), enabling high-
quality virtual experiences. Table 15 shows drone roles in media, entertainment, and virtual
experiences.

Table 15. Creative and commercial applications.

Application System Type Key Innovation Technical Specifications Performance/Results Reference

Journalism Communication
optimisation

NN-RBFN propagation
modelling

5G MIMO, 26 GHz,
30 m altitude

99% channel prediction
accuracy Almalki et al. [73]

Entertainment Shows Coordinated swarms Redundant autonomous
systems

<250 g, GPS ±1.5 m,
13–25 min flight

500–3000 drone shows,
>1B viewers Huang et al. [74]

Cinematography Multi-UAV coordination Autonomous tracking,
fleet management

4G/LTE, HD streaming,
computer vision

Complementary
coverage, reduced
workload

Mademlis et al. [75]

Virtual Tourism Remote operation, CV Object detection for UX 93.8% people, 94.2%
building detection

Pandemic tourism
engagement Ilkhanizadeh et al. [76]

5.8. Other Applications

Several niche applications demonstrate UAV versatility in addressing specific
operational challenges across diverse domains including topographic surveying and
financial auditing.

5.8.1. Topographic Mapping and Surveying

Lu [77] examined how low-altitude drones can be used to create detailed large-scale
topographic maps. Their experiment used the Southern Sky Patrol AS1200 aerial survey
system to survey the Bowen School of Management at Guilin University of Technology.
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Their study focused on generating Digital Orthophoto Maps (DOMs) and Digital Elevation
Models (DEMs) using UAV-based photogrammetric techniques.

The method involved a three-stage workflow for image collection, processing, and
3D model mapping. The first stage captured images and made sure they were clear and
detailed enough using quality parameters such as tone, resolution, clarity, and identifia-
bility of ground features. The second stage focused on cleaning and aligning the images
using edge detection, feature extraction, and feature matching methods to produce an
overlapping representation of the area. The last stage consisted of aligning images in 3D
space using triangulation to create spatial coordinates. The author finally compared the
drone-generated terrain with precise ground GPS (RTK-GNSS) measurements, revealing
z-axis errors; combining the drone’s mapping system with a mobile RTK-GNSS station for
real-time GPS corrections substantially improved overall accuracy, confirming the reliability
of UAVs for topographical mapping.

5.8.2. Auditing and Inventory Management

Appelbaum and Nehmer [78] presented fully automated inspection procedures for
inventory observations and asset assessments using drones. Although some traditional
auditing procedures have been digitalised, a large portion continues manually and is prone
to human error. The authors proposed a re-engineering framework converting manual
auditing duties into incremental, automated procedures. Examples include ERP system
and dataset integration for document inspection, RFID tagging for tangible asset inspection
with physical observation validation, process mining for observation verification, data
monitoring and linking for confirmation, and transaction replication with real-time data
filtering for re-performance and analytical procedures.

Testing of warehouse prototypes proved practical with preset value metrics. Different
drones with different specifications, costs, and evidence-quality video capture capabilities
were evaluated during implementation. The authors concluded that the use of drones
in auditing is developing and a full deployment of the framework would require careful
attention and planning. Table 16 lists two drone tasks along with their platforms and key
technologies.

Table 16. Specialised application summary.

Application Platform/System Key Technology Primary Function Results Reference

Topographic Mapping AS1200 Aerial Survey Photogrammetry,
RTK-GNSS DOM/DEM generation High accuracy with

RTK correction Lu [77]

Inventory Auditing Variable platforms RFID, video capture,
ERP integration

Automated asset
inspection

Early-stage feasibility,
reduced errors Appelbaum and Nehmer [78]

6. Ethical Considerations and Regulatory Frameworks
Drone-based research projects must comply with regulatory requirements and ethical

frameworks that differ across jurisdictions but share common principles. Understanding
these requirements during project planning prevents delays, legal complications, and
ethical violations that could compromise a project’s integrity and results [33]. This section
examines the regulatory requirements, ethical considerations, and operational best practices
for a drone project.

6.1. General Regulatory Principles

Around the world, legislators have created regulatory frameworks for drone op-
erations to adapt existing airspace management systems to accommodate unmanned
aircraft [79]. While specific requirements vary by jurisdiction, most share similar core
guidelines prioritising safety, security, and operational efficiency.
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6.1.1. Operator Certification and Training

Most countries require individuals conducting drone operations for research or com-
mercial purposes to demonstrate aeronautical knowledge and operational competency by
obtaining certifications or licenses. These certification programmes typically cover airspace
rules, weather interpretation, aircraft performance characteristics, proper operating proce-
dures, and relevant laws [80]. The training requirements scale with operational complexity;
basic certifications may be enough for simple visual line-of-sight operations, while ad-
vanced operations may need additional qualifications or specialised training [81,82].

6.1.2. Aircraft Registration

Most countries require drones above a certain weight (usually between 250 and 500 g)
to be officially registered. Registration systems tie each drone to its owner or pilot, creating
responsibility and accountability for any incidents, violations, or complaints that occur as a
result of operation [83]. Some jurisdictions require extra registration for drones equipped
with cameras or sensors capable of recording data to address privacy concerns of residents
near the operation site [84].

6.1.3. Airspace Restrictions

Globally, each country identifies restricted zones where drones are not allowed to fly
through. This is to protect sensitive locations and high-risk airspace. Restricted airspace
may include military installations, government facilities, critical infrastructure (power
plants, dams), correctional facilities, and protected natural areas, as well as the airspace sur-
rounding airports, which typically extends several kilometres from runways. Operations
in airspace surrounding airports requires prior authorization from air traffic control or avi-
ation authorities [19,85]. The extent and enforcement of these restrictions vary significantly,
but their existence represents a consistent regulatory pattern globally.

6.1.4. Insurance Requirements

Liability insurance is also a common requirement for commercial and research drone
operations, primarily to protect third parties from injury or property damage resulting
from the aircraft operations [86]. Insurance coverage varies by jurisdiction and operational
risk level and typically ranges from modest coverage for low-risk operations to substantial
amounts for operations in overpopulated areas or involving heavy aircraft [87]. Research
institutions often impose insurance requirements beyond what regulations mandate, recog-
nizing the liability risks associated with drone operations [88].

6.1.5. Remote Identification

Emerging regulatory trends increasingly mandate electronic identification systems
that enable authorities and other airspace users to remotely identify a drone [20,85]. These
systems work as a license plate for drones and broadcast information such as the drone’s
ID number, operator location, and other flight details [79]. Remote identification facilitates
rule enforcement, increases security, and supports future traffic management systems in
integrating drones into shared airspace [33,89].

6.2. Ethical Considerations

Beyond regulatory compliance, ethical considerations shape responsible drone practice,
particularly regarding individual privacy, environmental impact, and community relations.

6.2.1. Privacy Protection

Drone-mounted sensors, particularly high-resolution cameras and thermal imaging
systems, raise significant privacy concerns [90]. Careful consideration to preserve people’s
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privacy in projects involving data collection in populated areas or over private property is
required for a responsible ethical project [91]. Some of the considerations necessary include
the following:

Data Minimization Principles

Projects should emphasise collecting only the data essential to their objectives [84,92].
As such, sensor configuration choices, including resolution, field of view, and spectral bands,
should be chosen to limit accidental capture of privacy-sensitive information [93,94]. For
example, multispectral sensors used for vegetation analysis inherently reveal less personally
identifiable information than high-resolution RGB cameras. Similarly, configuring cameras
with appropriate zoom levels and framing reduces the capture of areas beyond projects
interest [95].

Informed Consent and Transparency

When projects involve people or private property, obtaining informed consent by
clearly explaining data collection activities, usage intentions, retention periods, and access
controls is essential [96]. Where individual consent is not required, such as operations in
public spaces, transparency measures, including public notices, visible operator presence,
and community engagement, help maintain trust and enable affected parties to voice their
concerns. Some research contexts may require formal ethics review processes to evaluate
privacy impacts and protective measures [97].

Anonymization Techniques

When project outputs include imagery or data that could reveal someone’s identity,
anonymisation techniques such as blurring faces, obscuring licence plates, or removing
metadata can protect individual privacy without sacrificing the scientific value of the
work [84]. The appropriateness and effectiveness of an anonymisation technique depend
largely on the project’s context and the sensitivity of the information collected [98].

6.2.2. Environmental and Community Considerations
Wildlife and Ecosystem Protection

Drone operations in natural environments may disturb wildlife, especially during
nesting season or in critical habitats [99]. Projects should assess potential disturbance,
maintain appropriate distances from animals, and limit flight frequency and duration by
selecting appropriate flight parameters (altitude, speed, approach angles) to minimise
stress responses [38,100]. For some areas, like habitats of critical species, getting special
permission from wildlife authorities may be necessary.

Noise and Community Impact

Drones typically generate noise that may disturb nearby communities or wildlife.
Drone noise is highly tonal and contains a greater proportion of high-frequency broadband
content compared with typical aircraft noise, which is likely to cause concern for exposed
communities due to impacts on public health and well-being [101,102]. Scheduling flights
during appropriate hours and notifying nearby communities beforehand demonstrates
respect for community concerns. Also, explaining research purposes and listening to
community feedback helps establish positive relationships and public support for the
work [103].
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6.3. Safety Protocols and Best Practices

Safety considerations protect the public, the environment, and property from drone
operational hazards [104]. Comprehensive safety practices include pre-flight preparation,
operational procedures, and emergency response planning.

6.3.1. Pre-Flight Assessment

Following standard pre-flight assessment procedures reduces accident risk [104]. This
includes ensuring weather conditions are within the aircraft’s safe operating parameters
and meet regulatory requirements; conducting site surveys to identify obstacles, emergency
landing zones, and whether people might be present; and inspecting the drone’s mechanical
components, battery charge, and system functions to identify problems before take-off [17].
Ensuring stable and reliable communication links prior to and during multi-UAV opera-
tions is critical to mission resilience, as weak or failed links can undermine coordinated
behaviours and emergency responses [105].

6.3.2. Operational Best Practices

For safe operation, best practices include keeping visual contact with the aircraft either
directly or through visual observers, continuously monitoring battery levels, and maintain-
ing a safe distance from people, structures, and obstacles. In challenging environments
or when the pilot’s attention is divided, having a dedicated spotter to watch the drone
and surroundings helps. Pilots should be prepared to abort flight when unsafe conditions
develop, including inclement weather, approaching aircraft, or equipment issues [106,107].

6.3.3. Emergency Preparations

Even with careful planning, equipment failures or unexpected situations occasionally
occur. Preparation for common scenarios such as GPS loss, low battery, control link loss, or
forced landings minimises consequences [24,92]. Knowing capabilities of the UAV during
failures (such as automatic return-to-home functions) and having practiced emergency
procedures improves outcomes when unexpected situations arise [81,82].

Project timelines must account for regulatory compliance procedures, which may take
several months in the case of operator certification, aircraft registration, and institutional
ethics reviews. Early engagement with regulatory obligations and ethical considerations
prevents delays and guarantees that the project proceeds with appropriate safeguards
protecting all stakeholders.

7. Discussion
This scoping review maps the evolution and current state of drone technology across

technical systems, operational deployments, and governance frameworks. The evidence
base shows that drone platforms have progressed from experimental prototypes to op-
erational tools used across diverse domains. Modern consumer and professional UAV
systems now provide stable autonomous flight, advanced sensing capabilities, intuitive
interfaces, and improved reliability, thus supporting many research and operational ob-
jectives. However, more advanced applications—such as extended-duration missions,
all-weather operations, fully autonomous deployment in complex environments, and
large-scale coordinated sensing—remain limited by persistent technical, regulatory, and
operational constraints [33,79,108].

While research output has expanded substantially since 2015, this synthesis of
109 sources reveals significant knowledge gaps, methodological limitations, and unre-
solved contradictions that hinder the translation of research advancements into reliable
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real-world systems. This review critically examines these limitations, identifies priority
research needs, and proposes directions for future investigation.

7.1. Contradictions in Current Evidence

Our analysis of the included studies reveals several substantive tensions between
research claims and operational realities:

7.1.1. Battery Endurance vs. Application Scalability

A fundamental contradiction exists between energy storage limitations and deploy-
ment assumptions in application research. Battery technology studies consistently doc-
ument strict endurance constraints (20–45 min for multirotor platforms) with significant
performance degradation under environmental stress [42,109]. Yet, numerous application
papers propose scalable long-duration monitoring or delivery systems without adequately
addressing power limitations or infrastructure requirements for battery swapping and
charging [53,64]. This gap suggests either that application researchers underestimate op-
erational energy demands or that energy researchers focus on worst-case scenarios not
representative of typical conditions. Any resolution would require integrated studies
co-developing energy systems and application requirements rather than treating them as
independent research streams.

7.1.2. Swarm Scalability: Theory vs. Communication Reality

The control theory literature demonstrates the mathematical scalability of large UAV
swarms through consensus algorithms and distributed architectures [24,37]. However, com-
munication infrastructure studies highlight fundamental constraints: bandwidth saturation
in dense formations, latency accumulation in multi-hop networks, and electromagnetic in-
terference in urban environments [105]. Field deployments remain limited to small groups
(typically <10 UAVs), with the gap between theoretical proofs and practical implementa-
tions unresolved. This suggests swarm research requires co-design of control algorithms
and communication protocols rather than sequential development.

7.1.3. Privacy vs. Operational Efficiency Trade-Offs

Network integration studies promote persistent monitoring and real-time data stream-
ing for operational efficiency [48,49], while privacy frameworks advocate data minimisation,
on-device processing, and strict retention limits [84,92]. These positions represent funda-
mentally conflicting optimisation objectives rarely reconciled within single investigations.
Missing are empirical studies quantifying privacy–utility trade-offs: what accuracy is
sacrificed by on-device anonymisation, and what operational capabilities require cloud
processing versus edge computing?

7.1.4. Wildlife Monitoring: Tool vs. Stressor

Environmental research presents UAVs both as minimally invasive monitoring
tools [38] and sources of measurable wildlife disturbance [99,100]. This apparent contradic-
tion can be resolved partially through operational parameters—altitude, approach speed,
and acoustic signature—but species-specific and context-dependent responses remain
poorly characterised. Generalised claims of “non-invasive monitoring” without species-
specific validation risk ecological harm while paradoxically attempting conservation.

7.2. Persistent Challenges

Despite significant technological advancement, several constraints continue to
limit drone applications and operations. The energy density limitations of current
lithium-polymer and lithium-ion battery technology represent the biggest limitation of
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drones [13,14]. These limitations restrict practical flight time to 20–45 min for most plat-
forms, fundamentally restricting how far a drone can fly, how much they can carry, and
how long missions can last [109,110]. While new battery technologies show improvements,
a breakthrough in lightweight power sources capable of enabling several hours of flight
time on a small drone remains years away.

Environmental robustness is another persistent constraint [4]. Because drones are
small and lightweight, wind, precipitation, and temperature extremes significantly affect
operational feasibility [1]. Small multirotor platforms struggle when wind speeds are
high [3,22], typically above 10–15 m/s. Precipitation affects sensor performance and
creates aerodynamic disturbances complicating stable flight. Temperature extremes reduce
battery performance and may cause electronic malfunctions [15,16]. These environmental
sensitivities necessitate planning around favourable conditions, potentially creating gaps
in monitoring data or extending project timelines to wait out bad weather [51].

7.3. Critical Research Gaps

Beyond contradictions within existing evidence, the following scoping analysis identi-
fies domains with insufficient investigation relative to deployment needs:

7.3.1. North–South Technology Gap

The geographic concentration of UAV research in North America, Europe, and East
Asia (collectively ∼85% of included sources) leaves important gaps in understanding UAV
deployment under the conditions prevalent in developing regions. Several technology
limitations become more acute in these contexts. Battery thermal management is a critical
challenge in tropical climates, where sustained high temperatures and humidity accelerate
capacity degradation, reducing already-limited flight times further. GNSS dependency is
particularly problematic in regions with limited augmentation infrastructure (e.g., without
SBAS coverage comparable to EGNOS or WAAS), constraining the accuracy achievable
without RTK ground stations. Cellular connectivity gaps in rural and remote areas of Africa,
South Asia, and Latin America restrict the use of 4G/5G-dependent autonomous mission
architectures. Economic constraints frequently limit platform selection to lower-cost op-
tions with reduced redundancy, increasing operational risk in contexts where maintenance
infrastructure is also limited. Finally, regulatory frameworks in many developing regions
are at an earlier stage of maturity, creating uncertainty around operational compliance and
enforcement. Adaptive research targeting tropical climate conditions, low-infrastructure
communication environments, and governance frameworks appropriate for varying regu-
latory capacity is needed to unlock UAV potential in these underserved contexts.

7.3.2. Economic Feasibility and Lifecycle Cost Analysis

Technical capability demonstrations dominate the application literature, with rigorous
economic analysis largely absent. Questions inadequately addressed include:

• The total cost of ownership, including platform depreciation, maintenance, insurance,
operator training, and regulatory compliance;

• A break-even analysis for operational scenarios;
• A comparison of cost-effectiveness vs. traditional methods under realistic operational

tempos.
• The economic impact of technology obsolescence and upgrade cycles.

Borghetti et al. [53] provide a rare exception with their detailed delivery system cost
analysis modelling; however, most domains lack comparable economic rigor. Without such
investment, decisions lack empirical foundation.
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7.3.3. Standardization and Interoperability Frameworks

Multi-vendor operations and system-of-systems integration receive limited investiga-
tion beyond protocol-level discussions [52]. Critical gaps include:

• Cross-platform data format standardization;
• Interoperable mission planning and airspace coordination;
• Sensor calibration and data quality standards;
• Maintenance and certification standards for heterogeneous fleets.

This fragmentation constrains collaborative operations and limits market efficiency
through vendor lock-in.

7.3.4. Environmental Lifecycle Assessment

Sustainability discussions focus narrowly on operational emissions (electric vs. fossil
propulsion) while neglecting the following:

• Battery production and disposal environmental costs;
• Manufacturing energy intensity and supply chain impacts;
• Electronic waste from rapid technology obsolescence;
• Comparative lifecycle emissions vs. replaced systems.

As UAV deployment scales, comprehensive lifecycle environmental accounting be-
comes essential for evaluating net sustainability impacts.

7.3.5. Integration with Urban Air Mobility Ecosystems

Small UAV research proceeds largely independently from emerging eVTOL and urban
air mobility (UAM) development, despite inevitable airspace sharing. Critical integration
questions unaddressed include:

• Airspace allocation and deconfliction between small UAVs and passenger-carrying aircraft;
• Traffic management system interoperability;
• Distributed vs. centralised control architecture compatibility;
• Infrastructure sharing (vertiports, charging stations, communication networks).

7.4. Methodological Limitations

The scoping analysis reveals systematic methodological patterns limiting evidence
quality and generalisability:

Simulation-to-Deployment Gap: Theoretical studies often employ idealised assump-
tions (perfect communication, known environments, unlimited computation) not validated
in field conditions. Few studies progress from simulation through to controlled experiments
followed by operational deployment.

Short-Duration Studies: Field deployments typically span days to weeks and are
insufficient to characterise long-term reliability, maintenance requirements, or seasonal
operational variation.

Controlled Environment Bias: Experimental studies emphasise optimal conditions;
environmental robustness under adverse weather, GPS degradation, and communication
interference remain under-characterised.

Single-Platform Focus: Most studies investigate isolated systems rather than heteroge-
neous fleets or multi-stakeholder operations representative of real-world deployments.

7.5. Research Opportunities

Several research directions offer a high potential impact for advancing drone capa-
bilities. The following priorities are directly mapped to the contradictions identified in
Section 7.1:
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• Energy storage advancement (addressing the battery endurance vs. application scal-
ability contradiction): Improvements in battery storage capacity and charging rates
will benefit all application domains [17]. A concrete research priority is to conduct
operational data-based energy consumption modelling to quantify actual energy con-
sumption boundaries under different mission payloads and environmental conditions,
thereby correcting the optimistic assumptions prevalent in application studies. Even
modest improvements of 30–50% in endurance would significantly expand operational
capabilities and reduce infrastructure demands.

• Reliable autonomy development (addressing the gap between simulation and de-
ployment): Current autonomous systems perform well under nominal conditions but
struggle with edge cases [40]. The following is a targeted research question: what
onboard sensing and decision-making architectures enable consistent autonomous per-
formance across the full range of environmental conditions encountered in real-world
deployment, not just controlled test environments?

• Multi-agent coordination (addressing the swarm scalability vs. communication reality
contradiction): Challenges remain in collision avoidance for dense formations and
reliable communication for robust coordination [37]. Research should develop co-
designed control–communication architectures with explicit bandwidth and latency
budgets integrated at the algorithm design stage, validated through field deployments
exceeding 20 simultaneous UAVs in realistic RF environments.

• Communication infrastructure (addressing operational range limitations): New com-
munication technologies are needed to support reliable, low-latency connectivity over
long distances across diverse operational environments, including rural areas, com-
plex terrain, and infrastructure-limited regions. The following is a specific question:
how can emerging low-Earth-orbit satellite constellations be practically integrated
into UAV command-and-control architectures to enable BVLOS operations in regions
without cellular coverage [51]?

8. Conclusions
This study presents a comprehensive scoping review of civilian unmanned aerial vehi-

cle technologies, applications, and regulatory frameworks, synthesising current research
across technical, operational, and governance domains. Unmanned aerial vehicle technol-
ogy stands at an important stage where fundamental capabilities are established, yet its
true potential stands yet to be achieved. The transition from experimental demonstrations
to deployments in different civilian sectors shows the technical maturity of drones, yet
limitations such as short battery life, sensitivity to environmental conditions, and complex
regulatory requirements still prevent widespread adoption. The path forward requires
coordinated advancement across multiple areas. Not only technological advancements but
also regulatory evolution and social acceptance are essential to facilitate advantageous and
sustainable applications.

Researchers and practitioners approaching UAV-based projects should recognise that
technical capability is necessary but not sufficient for successful deployment. Early en-
gagement with regulatory authorities, comprehensive planning, and realistic evaluation of
economic viability determine whether feasible concepts translate to operational systems
that provide the desired benefits or not. The technology has matured to the degree that
success or failure increasingly depends on these non-technical factors rather than capability
constraints. Future UAV systems are expected to increasingly leverage advanced com-
munication infrastructures such as 5G and emerging 6G networks to enable low-latency,
beyond-visual-line-of-sight operations and coordinated multi-UAV systems, while progress
in hybrid propulsion, hydrogen fuel cells, and next-generation battery technologies is
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anticipated to extend flight endurance and operational range beyond their current limi-
tations. Collectively, these developments are likely to transition UAVs from constrained,
task-specific platforms into robust, scalable systems with the capacity to redefine operations
across multiple civilian sectors.
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