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Abstract

Unmanned Aerial Vehicles (UAVs) have evolved from remotely controlled plat-
forms into intelligent networked systems capable of autonomous decision making
and automation across a wide range of application areas. This transformation was
possible due to advances in artificial intelligence, wireless communication, and
edge computing. Despite these advances, research on Al-enabled UAVs remains
fragmented, with most works focusing on technical details or single application
domains, frequently ignoring the interplay of autonomy, communication topology,
and governance at the ecosystem level. This article presents a framework-driven
review of Al-enabled UAV ecosystems to fill this gap. Combining scoping with
narrative synthesis, the review proposes three analytical frameworks to orga-
nize the literature. The Mission-Stack-Context (MSC) framework characterizes
the relationship between missions, systems, and contexts. The AI Integration
Maturity Model for UAVs (AIMM-UAV) evaluates the progression from basic
manual integration to advanced autonomy. And the Energy-Autonomy Bud-
get (EAB) framework looks into whether the energy resources can support the
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desired levels of autonomy. These frameworks together help to unearth typical
design patterns, compromises, and constraints across different sectors, including
agriculture, healthcare logistics, public safety, and infrastructure inspection. The
article also identifies future research directions, including the need for ecosystem-
level autonomy, energy-aware Al, and governance frameworks that can keep pace
with technological advances.

Keywords: Artificial Intelligence, Unmanned Aerial Vehicles, Autonomous Systems,
Al Governance, UAV Ecosystems, Autonomy Maturity Models.

1 Introduction

Unmanned Aerial Vehicles (UAVs), or drones as they are popularly known, are poten-
tially one of the most change-inducing and innovative technology platforms in the
recent years. The progression of these devices has been largely influenced by the sig-
nificant development in Artificial Intelligence (AI), robotics, Internet of Things (IoT),
wireless communication, and sensing technologies. Consequently, UAVs are being
equipped with advanced functionalities that they can hardly be human-mediated, e.g.,
they can carry out complex tasks such as multi-target monitoring, agile navigation in
unpredictable environments, and real-time decision-making during critical missions[1].
The initial concept of a stealth technology for military surveillance has been super-
seded by the drone’s ascendancy in numerous civilian and commercial domains such
as precision agriculture, healthcare logistics, environmental conservation, industrial
inspection, and disaster response [2, 3].

Due to the fact that UAVs are turning increasingly capable and self-reliant, they
are no longer considered as separate instruments but rather as components of intercon-
nected ecosystems. These ecosystems comprehend various mission requirements, Al
technologies, communication networks, and governance rules. In effect, an advanced
UAV swarm can coordinate its actions collaboratively in a search-and-rescue mission,
whereas medical drones are obliged to observe privacy, safety, and airspace regulations
when carrying biological samples. Therefore, the study on UAV has transitioned to
the system-of-systems viewpoint that incorporates autonomy, communication, safety,
and energy limitations in addition to flight platforms [4, 5].

The research on UAVs has been growing rapidly, but the studies that are available
are not cohesive. Several reviews take into consideration only very specific issues like
the coordination of the swarm [6], perception algorithms [7], communication archi-
tectures [8, 9], and application domains including healthcare, humanitarian response,
and environmental monitoring [10-12]. Other papers consider the levels of autonomy
or communication networks separately, without analysing how these factors influence
each other [13-15]. Moreover, very few publications concern the introduction of laws,
regulatory frameworks, and ethical requirements that pave the way for the safe use of
intelligent UAV systems in real environments [16-18]. The absence of a comprehensive
understanding hinders the transfer of knowledge from one sector to another. This, in
turn, slows the large-scale implementation of reliable and efficient UAV solutions.



This observation motivates the perspective adopted in this review. Instead of clas-
sifying UAV research solely by application area or enabling technology, we consider
Al-enabled UAV systems as interconnected ecosystems. Hence and in order to fill the
gaps introduced earlier, this review proposes a framework-driven analysis of Al-enabled
UAV ecosystems. The objective is to analyse the gradual changes of autonomy and
intelligence due to the mission purpose, technology stack, communication architec-
ture, and contextual constraints such as regulation and energy budget. In this regard,
we introduce three analytical and interrelated frameworks that help to carry out a
domain-structured analysis. The Mission-Stack-Context (MSC) framework that cat-
egorizes UAV activities based on the goals of the mission, the artificial intelligence
and the hardware/communication side, as well as the external environmental or reg-
ulatory constraints. Building on this description, the AI Integration Maturity Model
for UAVs (AIMM-UAV) framework evaluates the degree of Al integration, ranging
from manually operated platforms to collaborative ecosystem intelligence. Finally, the
Energy—Autonomy Budget (EAB) model that connects the computational load, com-
munication needs, and the onboard energy source and shows how the limitation of the
endurance affects the autonomy.

The main contributions of this review are summarized as follows:

1. We provide a comprehensive synthesis of recent advances in Al-enabled UAV ecosys-
tems spanning communication, sensing, computation, navigation, cooperative
intelligence, governance, and emerging application domains.

2. We introduce the MSC framework for systematically characterizing UAV ecosys-
tems through the complementary dimensions of mission, technology stack, and
operational context.

3. We propose the AIMM-UAV and EAB frameworks to evaluate Al integration matu-
rity and resource sustainability as complementary aspects of autonomous UAV
system design.

4. We identify current research gaps and discuss future directions toward trustworthy,
resource-aware, and ecosystem-centric Al-enabled UAV systems.

Accordingly, this review addresses the following research questions:

- RQ1: How can Al-enabled UAV ecosystems be systematically characterized in terms
of their missions, technological capabilities, and deployment context?

- RQ2: How can the degree of Al integration and autonomy maturity be evaluated
across heterogeneous UAV systems?

- RQ3: How do energy, computation, sensing, and communication constraints
influence the sustainability of increasing UAV autonomy?

- RQ4: What technological, organizational, and governance challenges must be
addressed to achieve trustworthy, scalable, and ecosystem-level UAV intelligence?

The remainder of this paper is organized as follows. Section 2 presents the review
methodology and evidence synthesis approach. Section 3 introduces the concep-
tual foundations of Al-enabled UAV ecosystems, including autonomy, communication
architectures, Al modules, and governance considerations. Sections 4, 5, and 6 present
the three proposed analytical frameworks: the MSC framework, the AIMM-UAV,



and the EAB framework. Section 7 synthesizes findings across application sectors
through the lens of these frameworks, highlighting recurring architectural patterns,
autonomy levels, and deployment challenges. Section 8 examines governance, trust-
worthiness, safety, and regulatory considerations for intelligent UAV ecosystems, and
closes with future research directions toward ecosystem-level autonomy, resource-aware
intelligence, and trustworthy governance. Finally, Section 9 concludes the paper.

2 Review Methodology: Hybrid Scoping and
Narrative Approach

The topic of Al-enabled UAVs is fragmented across multiple disciplines including
robotics, autonomous systems, wireless communications, edge computing, healthcare,
industrial automation, and regulatory policy. As such, the literature is scattered across
different research communities, each using its own terminology and evaluation criteria.
To address this challenge, this article adopts a hybrid methodology that combines
the breadth of a scoping review with the interpretive depth of a narrative synthesis.
Narrative approaches, when conducted transparently, are recognized as rigorous and
useful for synthesizing complex, heterogeneous bodies of evidence, especially when the
aim is conceptual integration rather than effect estimation [19, 20].

The specific goal of this review is not to aggregate performance metrics across
incomparable benchmarks, but to identify recurring concepts, architectural trends,
and research gaps across heterogeneous studies in order to construct a framework-
driven understanding of Al-enabled UAV ecosystems able to link (i) AT capabilities and
autonomy mechanisms, (ii) communication/control topologies, and (iii) governance
and assurance constraints across sectors.

This review article includes a total of 94 references, of which 89% are scien-
tific journal articles that have been peer reviewed, 7% are conference proceedings,
and the remaining 4% are standards, regulatory documents, books, and techni-
cal reports. The predominance of journal articles reflects the mature state of the
research on Al enabled UAV autonomy, communication architectures, and edge intel-
ligence. Conference papers mostly represent the research directions that are rapidly
evolving and changing, such as multi-UAV coordination, learning-based control, and
aerial edge computing. To help the technical analysis reflect the current governance,
safety, and regulatory aspects of the real-world UAVs deployment, a few authoritative
non-academic sources were purposely included.

2.1 Review Design and Rationale

In this review, we treat autonomy as a system-level property emerging from inter-
actions among onboard intelligence, inter-UAV coordination, and ground, edge, and
cloud orchestration, rather than as a single algorithmic choice. Recent UAV surveys
illustrate the importance of this perspective. Reviews of aerial communications and
edge computing show that latency, intermittent connectivity, and resource constraints
materially shape what autonomous functions can be executed onboard and which be
offloaded [21, 22]. Similarly, surveys of autonomous multi-UAV networks and UAV



assisted wireless communications show that coordination mechanisms, communica-
tion conditions, and network assumptions strongly influence operational feasibility and
reliability [9, 23].

Accordingly, a scoping design was used to ensure broad capture of techni-
cal and applied evidence, and a narrative synthesis was used to support cross-
sector interpretation of (a) recurring architectural patterns, (b) trade-offs among
energy /compute/communication reliability, and (c¢) constraints imposed by assur-
ance and governance. This combination is consistent with contemporary guidance
that scoping reviews can legitimately prioritize mapping and concept clarification;
while acknowledging the interpretive role of synthesis in complex, multi-dimensional
evidence bases [24, 25].

2.2 Evidence Identification and Selection

The literature search was conducted across IEEE Xplore, Scopus, Web of Science,
and PubMed. These databases were selected because together they cover engineer-
ing, telecommunications, computer science, healthcare, and operational applications.
Because terminology varies substantially across sectors and research communities,
literature identification followed an adaptive, modular strategy rather than a single
monolithic keyword regime. This decision is aligned with the ”Tailored Approach”
literature-search model for complex reviews, which emphasizes the practical need to
adapt searching to multi-dimensional evidence landscapes [26].

Operationally, the adaptive strategy was implemented by aligning identification
activities with the paper’s major thematic blocks (autonomy and Al mechanisms;
sectoral ecosystems; communication topologies; governance and assurance). The intent
was to reduce systematic omissions caused by vocabulary mismatch (e.g., ”swarm
coordination” vs. ”fleet management”, "BVLOS authorization” vs. ”operational risk
assessment”, "edge intelligence” vs. "aerial MEC”). Publications from 2022 onward
were prioritized to reflect post-2022 acceleration in learning-enabled autonomy, aerial
edge computing integration, and the increased prominence of governance instruments
relevant to Al-enabled aviation systems.

2.3 Analytical Framework and Data Synthesis

Screening was conducted in two stages: title and abstract screening, followed by full-
text review. The inclusion boundaries were refined iteratively to maintain consistency
with the cross-sector and topology-driven objectives of the review.

After the literature was collected, each included study was examined according to
four complementary dimensions. These dimensions were selected because they identify
key factors influencing the design and operation of intelligent UAV systems. They also
reflect the methodological gap observed in many recent UAV reviews [21, 22, 27, 28].

1. Mission context and application sector (e.g., agriculture, medical/humanitarian
logistics, industrial inspection, urban operations, defense/security);

2. AI capabilities and autonomy mechanisms (e.g., perception, decision making,
learning, multi-agent coordination);



3. Communication and coordination topologies (e.g., centralized, decentralized,
hybrid, edge-assisted, swarm-based);

4. Governance, safety, and assurance requirements (e.g., regulatory compliance, risk
assessment, security protocols).

To ensure analytical comparability, a minimum chartability criterion was applied
during full-text screening. A study was retained only when sufficient information was
available to map it to at least two of the four charting dimensions. Borderline cases
were reassessed against the same criterion to avoid the inclusion of studies that could
not contribute meaningfully to the cross-dimensional synthesis.

Following data charting, narrative synthesis was used to identify recurring patterns,
differences, and trade-offs across the included studies. The charted evidence was then
organized through the three proposed analytical frameworks. The MSC framework was
used to examine relationships among mission requirements, technical architecture, and
operating context; AIMM-UAV was used to assess the maturity of Al-enabled auton-
omy; and EAB was used to analyze the energy, computational, and communication
constraints associated with increasing autonomy.

2.4 Governance and Regulatory Sources

Academic publications alone do not fully capture the governance challenges associated
with autonomous UAV systems. For this reason, the review also considers regulatory
frameworks and standards that influence the practical deployment of Al-enabled UAVs
systems.

The regulatory sources include the National Institute of Standards and Technology
(NIST) Artificial Intelligence Risk Management Framework (AI RMF), the Euro-
pean Union Artificial Intelligence Act, the European Union Aviation Safety Agency
(EASA) Artificial Intelligence Roadmap, and the Federal Aviation Administration
(FAA) Beyond Visual Line of Sight (BVLOS) initiatives [16, 17, 29, 30]. These docu-
ments are not analyzed as technical contributions but are used to place the surveyed
research within its broader regulatory and governance context.

2.5 Limitations

This hybrid methodology provides broad conceptual coverage and supports cross-
sector integration, but it also introduces limitations. Because the review uses an
adaptive, modular identification strategy rather than a single fixed global search string,
the resulting corpus should be interpreted as a representative mapping of the Al-
UAV ecosystem rather than an exhaustive enumeration of all relevant publications.
This trade-off is consistent with the purpose of scoping reviews in complex domains,
which prioritize concept clarification and evidence mapping over completeness for
meta-analysis [24, 25].

Selection bias is possible because we prioritized studies with clear architectural
commitments and extractable ecosystem implications. However, this is a deliberate
bias toward interpretability: framework-driven synthesis cannot be performed reli-
ably on papers that omit control assumptions, coordination structure, or deployment
constraints.



3 Conceptual Foundations of AI-Enabled UAV
Ecosystems

The capabilities of modern UAVs have expanded considerably over the past decade.
What were once primarily remotely piloted platforms are now able to perceive their
environment, process large amounts of data, and make autonomous decisions dur-
ing mission execution. This evolution has been driven by advances in Al, sensing
technologies, wireless communications, and IoT infrastructures, opening the door to
applications ranging from environmental monitoring and infrastructure inspection to
healthcare logistics and emergency response [31].

As UAV applications have become more sophisticated, the focus has gradually
shifted from individual aircraft to complete operational ecosystems. A typical deploy-
ment may involve multiple UAVs, terrestrial communication networks, edge and cloud
computing resources, human operators, and regulatory constraints working together
to accomplish a common objective [32, 33]. Looking at UAVs from this broader per-
spective helps explain why system performance hinges on communication, resource
management, and coordination across the entire ecosystem, and not on onboard
intelligence alone.

The purpose of this section is to introduce the concepts that underpin the ana-
lytical frameworks developed later in the paper. We first discuss UAV ecosystems as
cyber—physical systems, followed by the role of Al in enabling autonomy. We then
review communication architectures, resource management considerations, and the
governance issues that influence the deployment of autonomous UAV systems.

3.1 UAV Ecosystems as Cyber—Physical Systems

Modern UAVs are viewed as Cyber—Physical Systems (CPSs) that integrate sensing,
computation, communication, and control within a unified operational environment.
Beyond the aerial platform itself, UAV ecosystems often include ground control sta-
tions, edge servers, cloud infrastructures, communication networks, and external data
sources that collectively support mission execution and decision making. Information
continuously flows among these components, enabling perception, localization, navi-
gation, task allocation, and operational monitoring, as reflected in Rahman et al.’s
classification of multi-UAV path-planning algorithms coordinating aerial platforms
toward shared mission objectives [33].

From a systems perspective, UAV ecosystems can be viewed as multi-layer archi-
tectures composed of physical, cyber, and organizational dimensions. The physical
layer includes aerial platforms, sensors, and actuators. The cyber layer encompasses
data processing, communication, and intelligent decision-making functions. The orga-
nizational layer incorporates mission objectives, human operators, stakeholders, and
regulatory constraints, a layer for which Almuraqab et al. provide empirical ground-
ing, showing that public trust and social influence, more than cost, shape acceptance
of Al-enabled drone services [32]. This layered perspective highlights that the effec-
tiveness of a UAV deployment depends as much on the interactions among the broader
ecosystem components as on the capabilities of individual platforms.



As UAVs become significantly integrated into smart cities, industrial operations,
and public services, ecosystem-level considerations such as interoperability, scalability,
resilience, and governance become critical design objectives. As a result, many stud-
ies advocate moving beyond platform-centric perspectives toward ecosystem-oriented
models that capture interactions among aerial, terrestrial, and cloud-based resources
[34-36].

3.2 Artificial Intelligence and Autonomy

AT has become one of the main factors behind the growing autonomy of UAV systems.
Rather than simply automating predefined tasks, modern Al techniques allow UAVs
to interpret sensor data, reason under uncertainty, adapt to changing environments,
and improve their behaviour through experience. These capabilities have expanded
the range of missions that can be performed with limited or no continuous human
intervention.

Within UAV ecosystems, Al capabilities generally support three interconnected
functions: perception and situational awareness, decision making and control, and
adaptive learning. Perception functions transform raw sensor data into actionable
information through techniques such as object detection [34, 35], semantic segmenta-
tion, tracking, localization, and environmental mapping [37]. Because no single sensor
is reliable under all operating conditions, data from cameras, radar, Light Detection
and Ranging (LiDAR), and inertial and satellite navigation sensors are fused to build
a robust and consistent representation of the operating environment [37].

Decision-making and control functions convert environmental awareness into oper-
ational actions. These functions include path planning, obstacle avoidance, task
allocation, resource management, and multi-agent coordination. Recent advances in
Reinforcement Learning (RL), Deep Reinforcement Learning (DRL), and multi-agent
learning have significantly improved the ability of UAVs to operate in dynamic and
uncertain environments while reducing dependence on continuous human supervision,
as surveyed by Frattolillo et al. across coverage, search, offloading, communication,
and navigation tasks [38].

A third category of capabilities focuses on adaptive learning and long-term
improvement. Techniques such as continual learning, transfer learning, and Federated
Learning (FL) allow UAVs to update models and policies based on mission experience
while reducing communication overhead and preserving privacy. These approaches sup-
port knowledge reuse across missions and enable adaptive forms of autonomy [39, 40].
In this vein, Li et al. propose a privacy-preserving federated learning framework
for space—air—ground integrated networks that combines differential privacy, adaptive
transfer learning, and bi-level reinforcement learning to address data heterogeneity
and device dynamics across satellite, aerial, and ground nodes [41].

Despite these advances, increasing autonomy introduces new challenges related to
robustness, explainability, verification, and accountability. Consequently, Al is both
an enabler of autonomy and a source of new engineering and governance requirements.



3.3 Communication and Coordination Topologies

Reliable communication is essential for almost every intelligent UAV application.
Whether a UAV exchanges information with a ground station, nearby aerial plat-
forms, edge servers, or cloud services, communication enables collaborative sensing,
distributed decision making, resource sharing, and mission coordination.

Several communication architectures are commonly observed in UAV deployments.
Centralized architectures rely on communication with a Ground Control Station
(GCS) or cloud infrastructure for mission coordination and decision support. Decen-
tralized architectures distribute intelligence among individual UAVs, enabling local
decision making and increased resilience to communication failures. Hybrid archi-
tectures combine both approaches by leveraging onboard intelligence together with
support from Mobile Edge Computing (MEC) platforms and cloud services. Ahmad et
al. characterize this same centralized-decentralized-hybrid taxonomy for UAV surveil-
lance systems, noting that architecture choice depends on deployment scale, mission
complexity, latency requirements, and connectivity reliability [42].

Recent advances in next-generation wireless networks have further expanded
the communication capabilities of UAVs. Technologies such as 5G, emerging 6G
systems, and advanced aerial networking paradigms facilitate seamless integration
between aerial and terrestrial networks while supporting low-latency communica-
tion, distributed intelligence, and large-scale multi-UAV operations, as surveyed for
cellular-connected 5G/B5G UAV integration by Mishra and Natalizio [43] and for 6G
ultra-reliable low-latency UAV networks by Masaracchia et al. [44].

As UAV deployments evolve toward swarm-based systems, communication and
autonomy become notably interdependent. The location of intelligent decision-making
functions, whether onboard, at the network edge, or within the cloud, directly
influences latency, reliability, scalability, and operational resilience. Consequently,
communication topology represents a fundamental design dimension for autonomous
UAV ecosystems [36].

3.4 Energy Constraints and Resource Management

Limited onboard energy continues to be one of the main constraints on UAV autonomy.
Flight, sensing, wireless communication, onboard processing, and payload operation
all compete for the same battery resources, meaning that improvements in one capa-
bility often come at the expense of another. The growing integration of Al further
amplifies these challenges. Advanced perception models, Deep Learning (DL) infer-
ence, distributed coordination mechanisms, and communication-intensive operations
can significantly increase energy consumption. Therefore, resource management has
emerged as a critical research area aimed at balancing intelligence, communication
performance, and operational endurance.

Several strategies have been proposed to address these constraints, including
energy-aware mission planning, adaptive communication protocols, lightweight Al
models, and task offloading through MEC infrastructures. These approaches seek to
optimize the allocation of computational and communication resources while main-
taining acceptable levels of autonomy and mission performance [45, 46]. Understanding



the relationship between intelligence, communication, computation, and energy con-
sumption is therefore essential for the design of scalable and sustainable UAV
ecosystems.

3.5 Governance, Safety, and Trustworthiness

The increasing deployment of autonomous UAVs in public and commercial environ-
ments has elevated the importance of governance, safety, security, and trustworthiness.
Beyond technical performance, successful deployment depends on regulatory compli-
ance, public acceptance, cybersecurity, privacy, and accountability mechanisms that
are integrated into system architecture from the outset rather than imposed after
design.

Safety is a primary concern for urban and Beyond Visual Line of Sight (BVLOS)
operations, requiring systematic risk assessment, operational authorization, and safety
assurance. For example, the Federal Aviation Administration (FAA)’s proposed
BVLOS rule introduces risk-based operational categories, mandatory safety manage-
ment systems, and structured reporting requirements [47]. The growing use of Al
adds challenges around transparency, explainability, bias, and verification; building on
its earlier roadmap [48], European Union Aviation Safety Agency (EASA) has since
issued detailed guidance on Al explainability, human-Al cooperation, and safety risk
assessment for Al-based aviation systems [49].

Cybersecurity is equally critical, as communication links, sensors, software, and
supporting infrastructure may be targeted by jamming, spoofing, data manipulation,
or unauthorized access. Reported cases of password theft and GPS jamming and spoof-
ing underscore calls for stronger regulatory and manufacturer-level security standards
[50].

These governance, safety, and security considerations form an essential foundation
for the framework-based analysis presented in the following sections.

4 Mission—Stack—Context (MSC) Framework

Al-enabled UAV research now covers a wide range of missions, technologies, and
deployment scenarios. Studies span wireless communications [9], edge computing
[45, 46], integrated sensing and communication [51], autonomous navigation [50],
swarm intelligence [36], and many application-specific domains. Although this diver-
sity has accelerated innovation, it has also made it more difficult to compare UAV
systems using existing technology- or application-oriented classifications.

As UAV ecosystems become more autonomous and interconnected, understanding
individual technologies in isolation is no longer sufficient. Similar missions may employ
fundamentally different AI capabilities, communication architectures, and resource-
management strategies, while identical technological stacks may exhibit very different
behaviors depending on the deployment environment. Consequently, a broader ana-
lytical perspective is required to explain how autonomy emerges from the interaction
between mission objectives, technological capabilities, and contextual constraints.

This motivates the proposed MSC framework, which organizes Al-enabled UAV
ecosystems according to three complementary dimensions:
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- Mission: the operational objectives pursued by the UAV system.

- Stack: the technological subsystems enabling mission execution.

- Context: the environmental, operational, and governance conditions under which
the system operates.

Together, these dimensions provide a structured lens for comparing heterogeneous
UAV systems while revealing design trade-offs that may remain hidden in technology-
centric analyses.

4.1 Mission Dimension

Mission is the first dimension of MSC because it defines why a UAV system exists.
Regardless of the underlying technology, every deployment is ultimately driven by an
operational objective. Although many deployments combine multiple functionalities,
the surveyed literature reveals five recurring mission objectives that collectively char-
acterize the majority of Al-enabled UAV applications: communication, data collection,
computation, sensing, and delivery.

We distinguish what a mission achieves from how it is carried out. Navigation
and multi-UAV cooperation are not objectives in themselves: every mission requires
navigation, and any mission may be performed by a single platform or a coordinated
group. Navigation is thus treated as a capability of the Stack dimension (Section 4.2),
and cooperation as an execution mode applying across all objectives (Section 4.1.6).
This keeps the MSC dimensions non-overlapping and lets cooperative intelligence be
assessed explicitly via AIMM-UAV (Section 5).

4.1.1 Communication Missions

Communication missions position UAVs as aerial networking assets that extend
wireless coverage, enhance network capacity, or restore connectivity in infrastructure-
constrained environments. In such deployments, UAVs may operate as aerial base
stations, relays, cache-enabled platforms, or temporary access points serving terres-
trial users and IoT devices. Typical objectives include improving wireless coverage and
quality of service through the placement of aerial base stations [52, 53], restoring or
extending connectivity in underserved areas through relay platforms [54], increasing
network capacity and offloading traffic in hotspot scenarios [55], reducing end-to-end
latency through adaptive routing [56], and delivering content efficiently through cache-
enabled UAVs [57]. These objectives often need to be achieved simultaneously despite
rapidly changing network conditions and limited onboard resources.

Addressing these challenges requires intelligent and adaptive decision making.
Hence, recent research has focused on machine learning and reinforcement learning
techniques for dynamic UAV deployment, trajectory planning, routing, spectrum allo-
cation, caching, and resource management. In [23], the authors survey reinforcement-
learning-based approaches across autonomous multi-UAV wireless networks, covering
resource allocation, trajectory planning, mobile edge computing, and network secu-
rity. In [56], the authors propose an adaptive UAV-assisted geographic routing scheme
that combines Q-learning with fuzzy-logic path calculation to improve packet delivery
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and reduce end-to-end delay in vehicular networks. These advances are helping trans-
form UAVs from passive communication relays into intelligent network nodes capable
of autonomously adapting to dynamic wireless environments.

4.1.2 Data Collection Missions

Data collection missions treat UAVs as mobile sinks responsible for gathering infor-
mation from distributed sensors and IoT devices. Such deployments are particularly
relevant in large-scale monitoring applications where direct communication with fixed
infrastructure is impractical or energy inefficient [46, 58]. Major objectives include
minimizing data collection delay while ensuring reliable information delivery [58],
reducing information staleness through Age of Information optimization [59], enabling
timely data collection using DRL [60], and jointly optimizing data freshness and energy
consumption in coordinated multi-UAV sensing missions [61].

Recent work combines trajectory optimization with learning-based scheduling and
mobility control to adapt data collection strategies to dynamic sensing environ-
ments while maintaining mission endurance. In [62], the authors use multi-agent deep
reinforcement learning to jointly optimize UAV trajectory, transmission scheduling,
and access control for energy-efficient sensing-data collection. In [61], the authors
employ multi-agent deep Q-learning to optimize the trajectories of data-collecting
and energy-transmitting UAVs, jointly minimizing age of information and energy
consumption.

4.1.3 Computation Missions

Computation-oriented missions use UAVs as mobile edge platforms that bring process-
ing resources closer to latency-sensitive users. Such systems support task offloading,
distributed inference, and real-time services in areas where fixed computing infras-
tructure is unavailable or insufficient. Existing work focuses on UAV-assisted edge
architectures [21, 45], joint offloading and resource allocation [22, 63], and the exten-
sion of edge services to space—air—ground integrated networks [64]. The main difficulty
lies in coordinating communication, computation, mobility, and energy decisions under
limited onboard resources.

Unlike communication missions, where networking performance is the primary
concern, computation missions emphasize execution latency, resource utilization,
and computational efficiency. This leads to tighter integration between networking,
scheduling, and resource management functions.

4.1.4 Sensing and ISAC Missions

Sensing missions focus on acquiring and interpreting information from the physical
environment using visual, radar, LIDAR, thermal, hyperspectral, and wireless sensing
technologies. Representative applications include surveillance, infrastructure inspec-
tion, precision agriculture, environmental monitoring, mapping, and search-and-rescue
operations [12, 42]. More recently, Integrated Sensing and Communication (ISAC) has
emerged as a promising paradigm in which sensing and wireless communication share
spectrum and hardware resources. This integration can improve spectral efficiency
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while bringing perception and communication functions into a common system archi-
tecture, both for low-altitude UAVs [51, 65, 66] and for high-altitude platform-assisted
designs [67].

The value of these missions lies not only in collecting data, but in convert-
ing it into actionable situational awareness. Al-based perception methods, including
DL, computer vision, multimodal sensor fusion, and object detection, are therefore
used to extract high-level semantic information from raw measurements and sup-
port autonomous decision making [34, 35]. In ISAC-enabled deployments, this process
also introduces trade-offs among sensing accuracy, communication quality, computa-
tional workload, and spectrum use, making joint and adaptive resource management
particularly important.

4.1.5 Delivery and Logistics Missions

Delivery missions use UAVs to transport physical payloads such as parcels, medical
supplies, laboratory samples, and emergency aid. Unlike the preceding objectives,
in which the UAV delivers a communication, computation, or information service,
delivery missions move mass, so payload weight directly constrains flight range, energy
consumption, and the number of deliveries per sortie. Recent reviews of last-mile parcel
delivery report substantial potential reductions in emissions and cost compared with
ground vehicles, while also noting that routing and scheduling, charging infrastructure,
and energy consumption remain open problems and that experimental validation is
still limited [68]. In healthcare and humanitarian settings, delivery missions support
the rapid transport of medical supplies to remote or disaster-affected areas, where
time savings can be operationally significant [10, 11].

AT is increasingly used to address the combinatorial and dynamic nature of these
missions. Deep reinforcement learning has been applied to assign packages to drones
and coordinate multi-agent delivery at scale [69], and to construct energy-aware routes
that integrate drone energy-consumption models into the learned policy [70]. Delivery
missions are also among the most exposed to societal and regulatory constraints, since
they typically require BVLOS operation over populated areas; public trust has been
shown to be a decisive factor in the acceptance of Al-enabled drone delivery services
[32].

4.1.6 Execution Mode: Single-UAV, Multi-UAV, and Swarm
Operations

Each of the five mission objectives can be carried out by a single UAV or by a coor-
dinated group of platforms. Examples in the surveyed literature include multi-UAV
data collection with jointly learned trajectories [61, 62], cooperative target search
[36], swarm redeployment after platform failures [6], cooperative swarm localization
[71], and multi-agent delivery [69]. Cooperation can improve spatial coverage, mission
speed, redundancy, and resilience to the failure of individual platforms.

These benefits come at the cost of greater coordination complexity. Multi-UAV
and swarm operations must contend with synchronization, communication overhead,
partial observability, distributed decision making, and fault tolerance, and cooperative
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Table 1 Principal mission objectives identified in Al-enabled UAV ecosystems. Execution mode is
a cross-cutting attribute that applies to every objective.

Mission Objective

Primary Purpose

Representative Characteristics

Communication

Data Collection

Computation and

Edge Intelligence

Sensing and ISAC

Delivery and
Logistics

Provide wireless
connectivity and network
services

Gather information from
distributed sensing
infrastructures

Provide edge computing
and Al processing
capabilities

Perceive the physical
environment, possibly
while supporting
communications
Transport physical
payloads to target
locations

Aerial base stations, relays, caching
platforms, coverage extension, adaptive
routing [52-57]

Mobile data harvesting, IoT integration,
trajectory optimization, Aol minimization
[58-62]

Task offloading, resource allocation, latency
reduction, edge intelligence [21, 22, 63, 64]

Surveillance, monitoring, mapping, target
detection, integrated sensing and
communication [12, 42, 51, 65-67]

Last-mile parcel delivery, medical and
humanitarian supply, package—drone
assignment, energy-aware routing

[10, 68-70]

Determine whether a
mission is performed by
one or several coordinated
UAVs

Single-UAV, multi-UAV, and swarm
operation; task allocation, formation
control, distributed decision making
[6, 36, 38, 71]

Ezecution mode
(cross-cutting)

formations introduce new attack surfaces such as position spoofing [72]. Multi-agent
RL, distributed optimization, and cooperative path planning have therefore become
central tools for adaptive cooperation and collective decision making [23, 33, 38].

Within MSC, execution mode is treated as an attribute of a mission rather than
as a mission in its own right. The same data collection objective, for example, may
be pursued by one UAV following a precomputed route or by a swarm that jointly
adapts its trajectories online. The difference lies not in what the system is meant to
achieve but in how much coordinated intelligence it requires, which is precisely what
AIMM-UAV characterizes in Section 5.

The five mission objectives are not mutually exclusive, and practical deployments
often combine several of them. A search-and-rescue operation, for example, may com-
bine sensing, communication, and computation objectives executed by a cooperating
swarm, while a medical delivery service may pair a delivery objective with communi-
cation support for BVLOS command and control. Nevertheless, the objectives capture
the dominant operational purposes found in the surveyed literature and provide a
useful basis for comparing otherwise heterogeneous Al-enabled UAV systems. Table 1
summarizes these mission objectives together with the cross-cutting execution mode.
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Table 2 Principal stack layers identified in Al-enabled UAV ecosystems.

Stack Layer

Primary Function

Representative Components

Sensing and
Perception

Communication and
Networking

Computation and
Edge Intelligence

Decision Making and
Control
Energy and Resource

Management

Security, Safety, and
Assurance

Acquire and interpret

environmental information

Enable information
exchange among
ecosystem entities

Process data and execute

AT algorithms

Transform information

into operational actions

Optimize resource
utilization and mission
endurance

Ensure trustworthy and

compliant operation

Cameras, radar, LIDAR, GNSS, inertial
sensors, sensor fusion, computer vision
models [7, 34, 35]

A2A /A2G links, cellular networks, satellite
communications, mesh networking, ISAC,
routing protocols [8, 9, 51, 67]

Onboard processors, MEC servers, cloud
computing platforms, edge Al, machine
learning models [14, 23, 77]

Trajectory planning, reinforcement
learning, resource allocation, autonomous
control, task scheduling, swarm
coordination [6, 36, 74, 75]

Battery management, power allocation,
energy-aware scheduling, charging, energy
harvesting, resource optimization [78-80]
Authentication, intrusion detection,
cybersecurity mechanisms, safety
monitoring, privacy protection, regulatory

compliance [13, 16, 81]

4.2 Stack Dimension

Different missions often rely on similar technologies. The Stack dimension therefore
focuses on the technological building blocks that enable mission execution. Analysis
of the surveyed literature reveals six recurring stack layers: sensing and perception,
communication and networking, computation and edge intelligence, decision making
and control, energy and resource management, and security, safety, and assurance.

The sensing layer acquires and processes information from onboard and exter-
nal sources. Communication mechanisms enable information exchange among UAVs,
ground stations, edge infrastructures, and cloud resources [73]. Computation lay-
ers execute Al algorithms and support data processing through onboard processors,
MEC platforms, and cloud infrastructures [63, 64]. Decision-making and control
layers transform information into operational actions through planning, optimiza-
tion, and adaptive control mechanisms, including navigation and trajectory planning
[71, 72, 74-76].

Energy-management functions regulate resource utilization and mission endurance,
while assurance layers address safety, cybersecurity, privacy, and regulatory compliance
[16, 17, 27-30]. Importantly, AT capabilities may be embedded across multiple layers
simultaneously, illustrating the pervasive role of intelligence throughout modern UAV
ecosystems. Table 2 summarizes the principal stack layers and their corresponding
functions.
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4.3 Context Dimension

The Context dimension accounts for the external conditions under which a UAV
ecosystem must operate. These conditions can alter system performance even when the
mission and technological configuration remain unchanged. Unlike mission objectives
or architectural choices, many contextual factors evolve during operation and can-
not be fully controlled by system designers. Context is therefore distinct from Stack:
whereas Stack describes the mechanisms built into the system to manage energy, secu-
rity, and other concerns, Context describes the external conditions and constraints,
such as available energy resources or exposure to threats, that these mechanisms must
respond to.

Six recurring forms of context emerge from the surveyed literature. The first
three relate directly to the operating environment. Environmental conditions include
weather, terrain, physical obstacles, visibility, and propagation characteristics, each
of which can affect sensing accuracy, navigation safety, and communication reliabil-
ity [12, 82]. Network conditions concern topology, connectivity, interference, traffic
demand, and spectrum availability [8, 9, 14]. Operational context, in turn, depends
on factors such as mission urgency, task complexity, mobility patterns, coordination
requirements, and swarm size [6, 10, 11].

Other contextual constraints determine whether a mission can remain sustainable,
secure, and practically deployable. Energy limitations arise from battery capacity,
payload weight, onboard computation, and the endurance required by the mission
[78-80]. Security conditions include exposure to jamming, spoofing, eavesdropping,
malware, and adversarial manipulation, as well as the resilience measures needed to
preserve trustworthy operation [13, 15, 81]. Governance introduces a different class of
constraint: regulatory approval, privacy obligations, safety certification, and ethical
requirements may determine whether a technically feasible system can be deployed at
all [16-18].

These contextual dimensions are strongly interdependent. Adverse weather may
weaken communication links and increase propulsion energy, while a security mech-
anism may improve resilience at the cost of additional computation and latency.
Context should therefore not be treated as background information, but as an
active design dimension that shapes mission feasibility and technological choices.
Table 3 summarizes the principal contextual dimensions influencing Al-enabled UAV
ecosystems.

4.4 Cross-Dimensional Analysis

The value of MSC lies in relating missions, technological capabilities, and deployment
conditions rather than considering each dimension independently: mission objectives
determine which capabilities are required, stack layers define how those capabilities are
realized, and contextual factors determine whether they can be achieved in practice.
Communication missions, for example, rely heavily on networking and energy man-
agement while remaining sensitive to connectivity and interference; sensing missions
depend more on perception and control, tying their performance closely to environ-
mental conditions; and swarm-based deployments require the simultaneous integration
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Table 3 Principal contextual dimensions influencing Al-enabled UAV ecosystems.

Context Dimension

Primary Focus

Representative Factors

Environmental
Context

Network and Traffic
Context

Operational Context
Energy and
Resource Context

Security and Threat
Context

Regulatory and
Governance Context

Physical operating
environment

Communication
environment and
connectivity conditions
Mission-specific
constraints and
requirements

Availability of operational
resources

Exposure to cyber and
physical threats

Legal, ethical, and
compliance requirements

Weather conditions, terrain characteristics,
obstacles, propagation conditions, visibility
[12, 82]

Network topology, user density,
interference, traffic demand, link quality,
spectrum availability [8, 9, 14]

Mission urgency, coverage objectives,
mobility patterns, task complexity, swarm
size [6, 10, 11]

Battery capacity, payload limitations,
computational resources, charging
opportunities, edge resources [78-80]
Jamming, spoofing, eavesdropping,
malware, adversarial attacks, system
resilience [13, 15, 81]

Airspace regulations, privacy constraints,
safety certification, ethical considerations,

UTM/U-space frameworks [16-18]

of communication infrastructure, distributed intelligence, and operational constraints
to support coordinated decision making.

This interaction also explains why identical AT algorithms often perform differently
across deployments: an algorithm that succeeds in one application may fail if the
technology stack cannot support the required computation or if contextual constraints
limit sensing, communication, or energy resources. Figure 1 summarizes this view
— rather than treating Mission, Stack, and Context as separate design dimensions,
autonomy emerges from their continuous interaction, providing a common reference for
comparing heterogeneous Al-enabled UAV systems and identifying design trade-offs.

4.5 Implications for UAV Ecosystem Design

Rather than classifying UAV research by application domain or individual tech-
nologies, MSC highlights the relationships among mission objectives, technological
architectures, and deployment contexts. This integrated perspective provides a com-
mon basis for comparing heterogeneous Al-enabled UAV systems while revealing
design trade-offs that may not be apparent when these dimensions are considered
independently.

Applying the framework across the surveyed literature reveals several recurring
trends. Most existing research remains centered on communication and sensing mis-
sions, frequently paired with heavy stack-level investment in autonomous navigation
and control capabilities. At the architectural level, AI is concentrated primar-
ily within perception, communication optimization, and control functions, whereas
higher-level concerns such as governance, ethics, cybersecurity, and societal acceptance
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Fig. 1 Mission—-Stack—Context (MSC) framework for Al-enabled UAV ecosystems.

receive comparatively less attention despite their growing importance for real-world
deployment (Section 8).

Although MSC captures what a UAV ecosystem is designed to accomplish, how it
is implemented, and the conditions under which it operates, it does not distinguish
the extent to which Al drives system behavior. Two ecosystems with similar mission
profiles, architectures, and deployment contexts may rely on fundamentally different
levels of autonomy and intelligent decision making. Characterizing this dimension
requires an additional perspective, motivating the AIMM-UAYV introduced in the next
section.

5 Al Integration Maturity Model for UAVs
(AIMM-UAYV)

The MSC framework describes UAV ecosystems in terms of their missions, technologi-
cal architectures, and deployment contexts, but systems occupying similar positions in
this design space may still differ substantially in the role played by Al: some platforms
rely on predefined rules or limited automation, while others continuously perceive,
learn, adapt, and make decisions with minimal human intervention. The proposed
ATIMM-UAYV captures this missing dimension, characterizing the progressive transition
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from manual operation to fully autonomous, adaptive, ecosystem-aware intelligence
— not by focusing on application domains or hardware, but by treating intelligence
as a system-wide property emerging from the interaction of sensing, communication,
computation, control, and governance. Used together, MSC and AIMM-UAV are com-
plementary: MSC explains what a system is designed to accomplish and under which
conditions, while AIMM-UAV captures how deeply intelligent capabilities are inte-
grated into that system. As a result, maturity depends not only on the sophistication
of individual AI techniques but on the extent to which they shape system behavior,
operational decision making, and autonomous adaptation.

5.1 Design Principles
The framework is built upon five complementary design principles:

- Progressive Autonomy: Maturity levels reflect the gradual transition from
human-controlled operation to increasingly autonomous and adaptive behavior.

- Distributed Intelligence: Intelligence is often distributed across onboard plat-
forms, edge infrastructure, cloud services, and cooperating UAVs. Higher maturity
levels therefore represent increasing levels of collaborative and decentralized intelli-
gence.

- Learning and Adaptation: Maturity goes beyond automation to the ability
to learn from data, adapt to changing environments, and continuously improve
operational performance.

- Human—AI Collaboration: Human operators remain integral to many UAV
ecosystems. This principle captures how responsibility progressively shifts from
human supervision toward autonomous decision making.

- Governance and Trustworthiness: Increasing autonomy must be accompa-
nied by stronger guarantees for safety, security, explainability, accountability, and
regulatory compliance.

Together, these principles define six maturity levels spanning the evolution from
manual operation to ecosystem-wide intelligence. Rather than serving as rigid cat-
egories, the levels provide a common reference for comparing heterogeneous UAV
systems and understanding how AI capabilities evolve across different application
domains.

5.2 AIMM-UAYV Levels

The proposed AIMM-UAV distinguishes six levels of Al integration that reflect the
evolution of UAV ecosystems from fully human-operated platforms to collaborative,
ecosystem-scale autonomous systems. Progression through these levels is characterized
by increasing decision-making autonomy, learning capability, system coordination, and
operational independence.

5.2.1 AIMM-0: Manual Operation

Manual operation represents the starting point of the maturity model. At this level,
all mission planning, navigation, sensing interpretation, and operational decisions are
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performed by human operators, while the UAV serves primarily as a remotely piloted
platform with little or no onboard intelligence.

Early UAV architectures reviewed in [76] exemplify this platform-centric paradigm,
where operators remain responsible for mission execution, navigation adjustments,
and contingency management. Similarly, the survey by Shakhatreh et al. [73] describes
many practical deployments in which autonomy is limited and system behav-
ior is largely predetermined. Within the MSC framework, missions, technological
capabilities, and contextual conditions remain relatively static, resulting in limited
adaptability to changing operational environments.

5.2.2 ATMM-1: Rule-Based Automation

The first step toward autonomy introduces predefined control logic that auto-
mates routine operational tasks. Functions such as waypoint navigation, geofencing,
return-to-home procedures, mission scripting, and basic obstacle avoidance can be exe-
cuted without continuous human intervention. Nevertheless, system behavior remains
deterministic because every action follows rules specified in advance.

Although these capabilities improve operational efficiency, they do not provide gen-
uine adaptability. Unexpected situations still require human intervention, and mission
execution remains constrained by predefined assumptions regarding the environment
and operating conditions. Similar forms of deterministic automation are discussed in
[31, 76].

5.2.3 AIMM-2: Assisted Intelligence

A significant transition occurs at AIMM-2, where AI begins assisting rather than
replacing human decision making. Learning algorithms support perception, object
detection, target recognition, trajectory optimization, communication management,
and resource allocation, while human operators retain authority over mission-critical
decisions.

This level reflects the growing use of data-driven decision support rather than fully
autonomous control. Won et al. [83], for example, review numerous machine-learning
approaches for UAV placement, trajectory optimization, and resource allocation that
remain embedded within centrally managed optimization frameworks. Likewise, the
survey by Bithas et al. [84] highlights the application of learning techniques to
link adaptation, coverage enhancement, and scheduling optimization. These meth-
ods improve operational performance but continue to rely on human supervision and
relatively fixed operational policies.

5.2.4 AIMM-3: Supervised Autonomy

AIMM-3 marks the point at which autonomous decision making becomes a fundamen-
tal system capability. Rather than simply assisting operators, the UAV independently
performs navigation, path planning, obstacle avoidance, and mission adaptation while
remaining under human supervision. Operators primarily monitor system behavior
and intervene only when necessary.

20



RL has become one of the defining technologies at this maturity level because it
enables sequential decision making under dynamic operating conditions. Chen et al.
[85] provide a comprehensive overview of RL techniques for autonomous UAV systems.
Representative examples include the adaptive computation offloading framework pro-
posed by Li et al. [86] and the joint trajectory planning and transmission scheduling
approach developed by Luo et al. [62]. Although these methods enable real-time adap-
tation, they are generally optimized for specific missions and environments, limiting
their ability to generalize across substantially different deployment scenarios.

5.2.5 AIMM-4: Collaborative Autonomy

The defining characteristic of AIMM-4 is that intelligence extends beyond individual
platforms to coordinated groups of autonomous agents. Execution mode alone does
not determine this level. For instance, a rule-based multi-UAV formation remains at
AIMM-1, while AIMM-4 requires the coordination itself to be intelligent and adap-
tive. Multiple UAVs cooperate by exchanging information, coordinating actions, and
collectively adapting their behavior to achieve shared mission objectives. Distributed
intelligence, swarm coordination, federated learning, and collaborative decision making
become essential capabilities.

Recent work demonstrates how multi-agent reinforcement learning and distributed
optimization can support scalable cooperation and adaptive task allocation. Wu et
al. [6] present a swarm redeployment strategy based on collaborative intelligence,
while Hou et al. [36] develop a cooperative target-search framework in which collec-
tive behavior emerges from interactions among autonomous agents. These approaches
substantially improve mission effectiveness and resilience but also introduce new
challenges related to communication overhead, synchronization, and distributed trust.

5.2.6 AIMM-5: Ecosystem Intelligence

The highest maturity level extends intelligence beyond individual platforms and
swarms to encompass the entire operational ecosystem. Autonomous UAVs, commu-
nication infrastructures, edge and cloud platforms, digital twins, IoT systems, and
human stakeholders function as interconnected components of a continuously adapt-
ing intelligent environment. Decision making is no longer confined to individual agents
but emerges through coordinated interactions across the ecosystem.

Technologies such as digital twins, edge intelligence, and distributed learning
enable continuous adaptation using real-time environmental information and shared
knowledge. This ecosystem-wide perspective supports mission-level optimization that
transcends the objectives of individual platforms. At the same time, increasing auton-
omy places greater emphasis on governance, requiring mechanisms that ensure safety,
accountability, explainability, trustworthiness, and regulatory compliance [16, 17].

Figure 2 summarizes the progression of Al integration across the six maturity
levels. As intelligence evolves from manual operation to ecosystem-wide autonomy,
decision making becomes progressively more adaptive, collaborative, and distributed,
reflecting the increasing complexity of future Al-enabled UAV ecosystems.
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Fig. 2 Progression of Al integration across the AIMM-UAV maturity levels.

5.3 Mapping AIMM-UAYV to the MSC Framework

Building on this distinction between what a system does and how deeply intelligence
shapes it, Figure 3 illustrates how the relationships among Mission, Stack, and Context
evolve across the maturity levels. At AIMM-0 and AIMM-1, objectives, technologi-
cal functions, and operating assumptions are largely predefined, leaving limited scope
for adaptation. AIMM-2 introduces data-driven assistance, while AIMM-3 allows the
system to make autonomous decisions within predefined supervisory boundaries. At
AIMM-4 and AIMM-5, intelligence becomes more distributed, linking multiple plat-
forms, infrastructures, and stakeholders through collaborative and ecosystem-wide
decision making.

This mapping also shows that maturity cannot be assessed solely through the
sophistication of individual algorithms. Moving toward higher levels requires stronger
integration among sensing, communication, computation, control, coordination, and
governance functions. A technically advanced learning method may therefore remain
at a relatively modest maturity level if it operates in isolation or has limited influence
on mission-level decisions. Conversely, ecosystem intelligence depends on the ability to
combine intelligent components into a coherent, adaptive, and trustworthy operational
system.

6 Energy—Autonomy Budget (EAB) Framework

The MSC and AIMM-UAV frameworks describe how intelligent UAV ecosystems are
organized and how autonomy evolves across levels of Al integration. A remaining
question is whether the desired level of autonomy can be sustained in practice, since
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regardless of algorithmic sophistication, autonomous operation ultimately depends on
finite energy reserves and the computation, communication, and sensing resources
that consume them. The proposed EAB addresses this by treating autonomy as
a resource-dependent capability rather than a purely algorithmic one: flight, sens-
ing, computation, and communication continuously compete for the same onboard
resources, and mission endurance is significantly influenced by processing workloads,
sensing requirements, communication activity, and Al inference in addition to propul-
sion [78, 79, 87]. As autonomous functionality becomes more sophisticated, these
competing demands grow increasingly intertwined, creating fundamental trade-offs
between operational endurance, mission performance, and intelligent decision making.

EAB emphasizes the strong interdependence of energy, computation, and commu-
nication rather than treating them independently. Han et al. [14], for example, propose
a cloud-edge-terminal command architecture that jointly allocates computational,
communication, and energy resources across distributed UAV systems, while recent
work on energy-aware task offloading and intelligent UAV architectures [80, 88] shows
that improvements in sensing fidelity, onboard intelligence, and collaborative opera-
tion inevitably increase both computational workload and communication demand.
The resulting perspective views autonomy as a dynamic balance between available
resources and the intelligent functions that consume them.
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6.1 Computational Load as a Driver of Autonomy

Modern autonomous UAVs highly depend on computationally intensive AI workloads.
Perception, object detection, simultaneous localization and mapping (SLAM), trajec-
tory planning, anomaly detection, and autonomous navigation all require continuous
execution of machine-learning models and real-time inference. As systems progress
toward higher AIMM-UAV levels, these workloads demand increasingly capable
onboard computing platforms, including embedded GPUs, dedicated Al accelerators,
edge-computing modules, and specialized low-power hardware [87].

Recent advances demonstrate that higher computational capability does not neces-
sarily imply higher energy consumption. Lightweight neural networks, model compres-
sion, quantization techniques, and hardware-aware optimization enable sophisticated
AT functions to execute efficiently on resource-constrained platforms while maintaining
acceptable inference accuracy [89, 90]. These developments illustrate that computa-
tional capability is itself a component of the autonomy budget: advanced autonomy
can only be sustained if the required processing workload remains compatible with
the available energy resources [78, 79].

6.2 Communication Load and Distributed Intelligence

As autonomy becomes highly distributed, communication evolves from a support-
ing function into a core system resource. Cloud offloading, edge intelligence, swarm
coordination, digital twin synchronization, and collaborative sensing all depend on
continuous information exchange among aerial platforms and supporting infrastruc-
tures. Emerging communication technologies, particularly 5G and future 6G networks,
are therefore becoming fundamental enablers of intelligent UAV ecosystems [8].

The additional connectivity, however, introduces its own resource demands. Every
transmitted message consumes bandwidth, communication energy, and onboard pro-
cessing capacity. These costs become especially significant in collaborative missions,
where multiple UAVs must frequently synchronize decisions and exchange environ-
mental information. Ai et al. [91] demonstrate that communication management is
therefore central to balancing collaborative intelligence against mission endurance.

Within the EAB framework, communication is viewed as both an enabler of auton-
omy and a consumer of limited resources. Increasing intelligence often requires greater
communication activity, making efficient information exchange an essential component
of sustainable autonomous operation.

6.3 Energy Coupling and Resource Allocation

The central idea behind EAB is that energy is not consumed by propulsion alone but
shared among all functions supporting autonomous operation. From this perspective,
the onboard energy budget can be divided into four principal components:

1. Propulsion and flight control;

2. Sensing and payload operation;
3. Computational processing;

4. Communication and networking.

24



These four domains can be conceptually represented as:

Etotal = Eﬁight + Esense + Ecomp + Ecomma (]-)

where Fgight, Fsenses Peomps and Feomm denote the energy allocated to propulsion,
sensing, computation, and communication, respectively. This decomposition empha-
sizes that every additional autonomous capability ultimately draws energy from the
same finite onboard reserve.

Although propulsion remains the dominant source of energy consumption for most
UAVs, the contribution of sensing, computation, and communication increases steadily
as autonomy becomes more sophisticated. Traspadini et al. [78] highlight the grow-
ing impact of onboard processing and communication on total energy consumption,
while Zhang et al. [79] identify the joint management of sensing, communication, and
computing resources as a central challenge for intelligent UAV systems. The trend
becomes even more pronounced in collaborative and multi-agent deployments that
rely on continuous perception, learning, and coordination.

Resource allocation therefore becomes an exercise in balancing competing objec-
tives. Increasing sensing frequency, running larger learning models, or exchanging
additional information can improve mission performance but inevitably reduces the
energy available for sustained flight. Conversely, extending mission endurance may
require simplifying onboard intelligence, reducing sensing activity, or limiting commu-
nication. The EAB framework captures this fundamental trade-off between autonomy
and endurance by emphasizing that intelligent functionality must be evaluated
together with the resources required to sustain it.

Battery state estimation, remaining flight-time prediction, and adaptive energy-
management strategies are consequently becoming integral components of intelligent
UAV systems [92, 93].

6.4 Integrating EAB with MSC and AIMM-UAV

Figure 4 illustrates how MSC, AIMM-UAV, and EAB combine into a unified design
methodology. The process begins by identifying mission objectives, technological capa-
bilities, and operational constraints using MSC; the corresponding level of autonomy
is then assessed through AIMM-UAV, providing an estimate of the intelligent func-
tionality required to accomplish the mission; and EAB finally evaluates whether the
available resource budget — energy, computation, sensing, and communication — is
sufficient to sustain that level of autonomy throughout mission execution.

If the available resources prove insufficient, the designer can iteratively refine the
system by adjusting mission objectives, simplifying Al models, modifying communica-
tion strategies, introducing edge-computing support, or improving onboard hardware
capabilities. Sustainable autonomy therefore emerges not from maximizing intelligence
alone, but from balancing mission requirements, technological capabilities, contextual
constraints, and resource availability within a single integrated design process.
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7 Cross-Sector Synthesis of AI-Enabled UAV
Ecosystems

The surveyed literature demonstrates that intelligent UAV systems are shaped by the
combined influence of mission requirements, technological capabilities, and operational
context. None of these dimensions can adequately explain system behavior in isolation.
Mission objectives determine the sensing, communication, and decision-making capa-
bilities that are required, while the available technology stack constrains how these
functions can be realized. Environmental conditions, regulations, and infrastructure
availability further influence whether a proposed solution can be deployed effectively
in practice.

Mission requirements are often the primary source of architectural diversity.
Applications such as surveillance, inspection, mapping, logistics, healthcare deliv-
ery, humanitarian response, and environmental monitoring impose markedly different
demands in terms of sensing modalities, communication range, navigation precision,
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payload capacity, and response latency. As mission complexity increases, systems
generally require more advanced perception, onboard intelligence, and autonomous
decision-making capabilities. This trend is reflected across a wide range of appli-
cation domains, including medical delivery [10], humanitarian operations [11, 82],
deep-learning-based surveillance [7], and environmental monitoring [12]. Although
these applications address different operational objectives, they consistently demon-
strate how mission characteristics drive the selection of sensing, communication, and
autonomy mechanisms.

A similar evolution can be observed within the technology stack. Remotely
piloted platforms typically rely on relatively simple sensing and communication infras-
tructures, whereas more autonomous systems integrate edge computing, artificial
intelligence, computer vision, digital twins, and cloud-edge collaboration. Despite this
rapid technological progress, many stack components continue to evolve independently.
As a result, perception, planning, communication, and cybersecurity are frequently
optimized separately rather than as tightly integrated elements of a single intelligent
ecosystem [13].

Operational context introduces another layer of complexity. Factors such as urban
environments, indoor operation, remote regions, or disaster-affected areas directly
influence communication reliability, navigation accuracy, sensing quality, and energy
consumption. Humanitarian missions, for example, must cope with rapidly chang-
ing environments and damaged infrastructure, while environmental monitoring often
takes place in remote areas where connectivity and computational resources are
limited [11, 12, 82]. Regulatory frameworks and cybersecurity requirements further
shape deployment decisions and vary significantly across jurisdictions and application
domains [13]. Consequently, many published solutions perform well under carefully
defined operating conditions but provide limited evidence of their robustness in
substantially different environments.

One recurring observation throughout the literature is the imbalance between
mission ambition and technological maturity. Numerous studies envision highly
autonomous missions while relying on communication infrastructures, sensing capabil-
ities, or coordination mechanisms that remain insufficiently validated for operational
deployment. Humanitarian and disaster-response systems, for instance, often assume
reliable autonomous coordination despite challenging communication conditions and
complex stakeholder interactions [11, 82]. Conversely, other studies demonstrate highly
sophisticated technological capabilities but target relatively narrow mission objec-
tives. Deep-learning-based perception systems achieve remarkable object-detection
performance [7], while advanced environmental monitoring platforms provide accurate
sensing and mapping capabilities [12]; however, these contributions are generally opti-
mized for specific tasks rather than broader ecosystem-level autonomy. This contrast
suggests that much of the current literature continues to advance individual disciplines
faster than fully integrated autonomous ecosystems.

Several broader challenges also emerge consistently across application domains.
Interoperability among heterogeneous platforms, communication technologies, sensors,
and software frameworks remains limited despite significant progress in networking
and edge-computing architectures [8, 9, 14, 15]. Security, privacy, trustworthiness, and
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system dependability are strongly recognized as critical requirements, yet they are
still commonly addressed as separate research topics rather than integral design prin-
ciples [13, 81, 82]. In addition, many studies emphasize the performance of individual
components under controlled conditions while giving comparatively less attention to
scalability, resilience, maintainability, and regulatory compliance. The lack of stan-
dardized evaluation methodologies further complicates objective comparison across
application domains, although initiatives such as UAVBench represent an important
step toward more consistent benchmarking [94].

The classifications presented in Table 4 further illustrate that autonomy maturity
depends on considerably more than the sophistication of individual AI algorithms.
Structured applications such as precision agriculture typically remain within AIMM-
UAV levels 1-2 because operations follow predefined flight plans and Al primarily
supports data collection and analysis under human supervision. Healthcare logis-
tics and public-safety missions generally require higher levels of autonomy (AIMM
2-4), reflecting the need for adaptive navigation, real-time decision making, and
operation under dynamic conditions while still maintaining human oversight for safety-
critical tasks. Collaborative swarm applications occupy the highest maturity levels
because mission success depends on distributed intelligence, coordinated adaptation,
and continuous cooperation among multiple autonomous agents. Achieving these
capabilities takes more than advanced learning algorithms; it takes stronger integra-
tion of communication, computation, coordination, and governance across the entire
ecosystem.

Taken together, these observations reinforce the motivation for the proposed
frameworks. The MSC framework provides a structured way to analyze mission
requirements, technological capabilities, and operational context, while AIMM-UAV
characterizes how intelligence is embedded within those dimensions. The proposed
EAB complements this perspective by evaluating whether the desired level of auton-
omy can be sustained using the available computational, communication, and energy
resources. Viewed collectively, the three frameworks provide a unified perspective for
comparing heterogeneous UAV systems, identifying research gaps, and guiding the
design of future intelligent aerial ecosystems.

8 Governance and Trustworthy AI for UAV
Ecosystems

Greater autonomy brings greater responsibility. As UAV ecosystems evolve from
remotely piloted platforms to intelligent, collaborative systems, technical performance
alone is no longer sufficient. Safe and trustworthy deployment also depends on effec-
tive governance that addresses safety, security, privacy, accountability, transparency,
and regulatory compliance. Rather than being viewed as an external constraint, gov-
ernance should be considered an integral component of autonomous UAV ecosystems,
enabling intelligent systems to operate safely and gain the confidence of operators,
regulators, and society.
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Table 4 Cross-sector synthesis of Al-enabled UAV ecosystems using the MSC, AIMM-UAV, and
EAB frameworks. L: Low, M: Medium, H: High, VH: Very High.

Sector Primary Mission Objective Mission Stack Context AIMM Key EAB Challenge

Agriculture Crop monitoring, M M L-M 2 Flight endurance and
precision spraying, large-area coverage
field assessment

Infrastructure Asset monitoring, M-H H M 2-3 High-resolution sensing

Inspection anomaly detection, and onboard processing
maintenance support

Environmental Data collection, M M M-H 1-2 Long-duration

Monitoring mapping, ecological operation in remote
assessment environments

Healthcare Medical delivery, H H H 2-3 Reliability, safety, and

Logistics emergency support communication

availability

Public Safety &  Search and rescue, H H H 3-4 Real-time

Disaster situational awareness, communication and

Response emergency mission adaptability
coordination

Communication Coverage extension, H H M-H 3-4 Communication-

Networks aerial relays, computation-energy
temporary base trade-offs
stations

Collaborative Distributed sensing, VH VH H 4-5 Scalable coordination

Swarms cooperative missions, and communication
collective autonomy overhead

8.1 Trustworthy AI and Governance Challenges

The growing adoption of Al has made trustworthy system behavior a central design
objective. Existing governance frameworks consistently emphasize transparency,
explainability, robustness, accountability, human oversight, and security as essential
principles for responsible AT deployment [16-18]. These principles are particularly crit-
ical in UAV applications because autonomous decisions can directly influence public
safety, critical infrastructure, healthcare logistics, and emergency-response operations.

Explainability is especially important as Al assumes greater responsibility for
navigation, target recognition, mission planning, and resource allocation. Operators,
regulators, and other stakeholders must be able to understand the reasoning behind
autonomous decisions, not merely the decisions themselves. This need becomes par-
ticularly evident in safety-critical applications such as healthcare delivery and disaster
response, where incorrect decisions may have significant operational consequences
[10, 11, 82]. Accordingly, recent studies advocate governance-by-design approaches in
which transparency, accountability, and human oversight are incorporated throughout
the system lifecycle rather than introduced after deployment [16-18].

Security presents a closely related challenge. Intelligent UAV ecosystems rely on
interconnected sensing, communication, computing, and control infrastructures that
are exposed to threats such as spoofing, jamming, adversarial attacks, data manipu-
lation, and unauthorized access. Vulnerabilities may arise at multiple levels, ranging
from onboard AI models and navigation systems to wireless communication links and
cloud-edge infrastructures [13, 81]. Because autonomous platforms continuously coop-
erate and exchange information, security failures can propagate beyond individual
vehicles and affect the operation of the broader ecosystem.
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Table 5 Governance requirements across AIMM-UAV maturity levels.

AIMM  Primary Governance Focus

Level
0 Operator responsibility and procedural compliance
1 Rule verification and deterministic behavior assurance
2 Human oversight and decision-support validation
3 Explainability, auditability, and supervisory control
4 Distributed accountability, trust management, and coordinated decision
making
5 Ecosystem governance, assurance, and regulatory compliance

Governance requirements also vary according to the mission and operating envi-
ronment. Healthcare logistics place strong emphasis on safety, privacy, and reliability,
whereas humanitarian operations require transparent and accountable decision making
under highly uncertain conditions [10, 11, 82]. Communication-oriented applications
introduce additional concerns related to network resilience and spectrum manage-
ment, while surveillance missions raise important questions regarding privacy and data
protection. Effective governance therefore depends on the mission objectives, techno-
logical capabilities, and operational context in which the system is deployed, not on
the level of autonomy alone.

8.2 Governance Across AIMM-UAV Maturity Levels

Governance evolves alongside autonomy. At the lower AIMM-UAV levels, where
systems remain manually operated or primarily rule-based, governance focuses on
operator responsibility, procedural compliance, and verification of deterministic behav-
ior. Human operators retain direct responsibility for mission execution, making
accountability relatively straightforward.

As systems transition toward assisted intelligence and supervised autonomy, gov-
ernance must address a broader range of concerns. Al models influence operational
decisions, making explainability, auditability, continuous monitoring, and meaningful
human oversight essential. Governance at these levels seeks to ensure that operators
can understand, validate, and intervene in autonomous behaviors whenever necessary.

The challenges become more complex once autonomy extends beyond individ-
ual platforms. Collaborative swarms, edge-cloud integration, and digital-twin-enabled
ecosystems distribute decision making across multiple autonomous agents and sup-
porting infrastructures. Under these conditions, responsibility is no longer confined
to a single operator or platform but shared among UAVs, communication networks,
computing resources, and human stakeholders. Traditional governance models based
on centralized control therefore become progressively more difficult to apply.

This evolution is reflected in the AIMM-UAV maturity model, where governance
expands from supervising individual platforms to coordinating entire intelligent ecosys-
tems. Table 5 summarizes the primary governance priorities associated with each
maturity level.

The transition toward highly autonomous UAV ecosystems therefore requires gov-
ernance mechanisms to evolve alongside technological capabilities. Emerging work
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on dependable autonomy, trustworthy AI, standardized evaluation, and certification
methodologies provides an important foundation for this transition [15, 17, 81, 94].
However, large-scale deployment will ultimately depend on closer alignment between
technological innovation, assurance and certification processes, regulatory frameworks,
and societal expectations.

Viewed from this perspective, governance is not simply another layer of the UAV
architecture. It is the mechanism that enables autonomous systems to remain safe,
trustworthy, and accountable as intelligence expands from individual platforms to
interconnected ecosystem-scale operations.

8.3 Future Research Directions

Recent advances in AI, communication networks, robotics, and autonomous systems
have significantly expanded the capabilities of UAV platforms, yet achieving fully intel-
ligent aerial ecosystems remains an open challenge. What the MSC, AIMM-UAV, and
EAB frameworks developed in this paper make clear is that future progress hinges less
on advances in individual technologies than on their ability to operate as integrated,
adaptive, and sustainable ecosystems. The remainder of this subsection discusses the
research directions expected to shape the next generation of intelligent UAV systems.

8.3.1 Intelligent and Adaptive UAV Ecosystems

AT is highly embedded in perception, navigation, communication management,
resource allocation, and mission planning, yet most existing solutions remain highly
specialized, achieving strong performance only within the environments or datasets for
which they were designed [15, 83, 85]. Generalizing autonomous behavior across mis-
sions and operating conditions therefore remains a major open challenge. Emerging
technologies — including foundation models, multimodal learning, generative Al, and
autonomous agents — offer new opportunities for systems that reason under uncertainty
and adapt continuously without sacrificing safety or reliability, although reinforcement
learning’s promising simulation results have yet to translate into consistently reliable
real-world performance.

Viewed through the MSC framework, future systems should move beyond optimiz-
ing isolated tasks toward jointly adapting mission objectives, technological capabilities,
and contextual constraints, dynamically reconfiguring sensing, communication, and
decision-making strategies as operating conditions evolve.

8.3.2 Resource-Aware and Sustainable Autonomy

Increasing autonomy inevitably increases resource demand, as more sophisticated
perception, collaborative decision making, and continuous environmental awareness
compete for limited onboard energy, computation, and communication. Yet many
existing studies continue to evaluate autonomy primarily through task performance
while assuming abundant computational power, reliable communication, or sufficient
battery capacity — conditions rarely met in practical deployments. Recent research
therefore recognizes that energy, communication, and computation must be managed
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jointly rather than optimized independently [14, 78, 79], a need that grows more
pressing as systems progress toward higher AIMM-UAV maturity levels.

Future work is therefore likely to focus on adaptive workload management,
energy-aware inference, intelligent task offloading, and resource-efficient multi-agent
coordination, while progress in battery technologies, wireless charging, and energy
harvesting further extends mission endurance [80, 88]. More broadly, sustainable
autonomy will require treating energy, computation, and communication as a unified
resource budget rather than as separate optimization problems.

8.3.3 Trustworthy and Governable AI

Building autonomous systems also raises fundamental questions of trust, accountabil-
ity, and governance: future UAV ecosystems must satisfy demanding requirements for
explainability, transparency, cybersecurity, privacy, and regulatory compliance while
maintaining high operational performance. Recent governance initiatives consistently
emphasize human oversight, accountability, and explainability as prerequisites for
responsible autonomous systems [16-18], yet many current UAV solutions continue
to prioritize performance metrics while offering limited support for transparent deci-
sion making, formal verification, or post-mission auditing — shortcomings that become
especially significant in healthcare, emergency response, and critical infrastructure
deployments.

Security introduces a related challenge, as growing reliance on edge computing,
cloud services, and collaborative intelligence expands the attack surface and cre-
ates new vulnerabilities throughout the ecosystem [13, 81]. Standardized evaluation
and benchmarking initiatives such as UAVBench will play a critical role in enabling
objective comparison and certification of autonomous capabilities across deployment
scenarios [94].

8.3.4 From Platform-Centric to Ecosystem-Centric UAV Systems

Perhaps the most profound transformation lies in the shift from individual autonomous
platforms to intelligent aerial ecosystems. Research has historically concentrated
on improving single-UAV capabilities, and although attention has expanded toward
collaborative swarms, edge computing, digital twins, and distributed intelligence
[8, 14, 77], these advances are still frequently developed in isolation rather than as
components of a unified ecosystem. The AIMM-UAV framework suggests that future
autonomy will instead emerge through cooperation among multiple platforms, commu-
nication infrastructures, cloud-edge resources, digital twins, IoT systems, and human
stakeholders, building on recent advances in multi-agent reinforcement learning for
large-scale coordination and adaptive task allocation [6, 36].

Realizing ecosystem-level autonomy will require addressing challenges beyond arti-
ficial intelligence itself, including interoperability, distributed decision making, trust
management, data governance, resilience, and certification, with federated learning,
multi-agent reinforcement learning, and digital-twin-enabled decision support likely to
become central building blocks. Ultimately, this transition requires systems-integration
and governance progress alongside technological progress, and the MSC, AIMM-UAV,
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and EAB frameworks introduced in this paper are intended to help identify the
advances it demands.

9 Conclusion

This review examined how Al-enabled UAV systems are evolving from isolated aerial
platforms into connected and increasingly autonomous ecosystems. Across the sur-
veyed literature, autonomy emerges not from Al alone but from the interaction
of mission requirements, technological capabilities, operating conditions, and finite
resource availability.

Three complementary frameworks were developed to organize this landscape. The
MSC framework links mission objectives with technology-stack capabilities and con-
textual constraints. The AIMM-UAV framework describes how the role of intelligence
progresses from manual operation and deterministic automation to collaborative and
ecosystem-level autonomy. The EAB framework adds a resource perspective by exam-
ining whether a desired level of autonomy can be sustained under practical energy,
computation, sensing, and communication constraints.

The cross-sector analysis revealed a recurring imbalance between ambitious mis-
sion concepts and the maturity of the technologies needed to support them. Higher
autonomy typically demands stronger contextual awareness, tighter coordination
among system components, and greater computational and communication capac-
ity. At the same time, many proposed solutions remain difficult to transfer beyond
narrowly defined scenarios. Interoperability, scalability, cybersecurity, governance,
assurance, and resource sustainability therefore remain central obstacles to large-scale
deployment.

Future progress will depend on bringing together advances that are still often
developed separately. Artificial intelligence, edge computing, communication networks,
digital twins, autonomous control, and multi-agent coordination must be integrated
with comparable progress in standardization, certification, trustworthy system design,
and human—Al collaboration. The transition toward intelligent aerial ecosystems
is therefore as much a systems-integration and governance challenge as it is an
algorithmic one.

MSC, AIMM-UAV, and EAB approach the same ecosystems from three angles
— structural, autonomy, and resource-sustainability — and read together, they let
designers compare existing systems, spot mismatches between mission ambition and
deployment readiness, and steer the design of future UAV ecosystems that are
adaptive, trustworthy, and sustainable.
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