(9 (9 drones

Review

Graph Neural Network-Enabled Intelligence for Unmanned
Aerial Vehicle Systems: A Comprehensive Review

Rinkuben Patel ’ and Areej Salaymeh *

W) Check for updates

Academic Editor: Carlos Tavares

Calafate

Received: 23 May 2026

Revised: 8 July 2026

Accepted: 14 July 2026

Published: 18 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

College of Business and Information Technology, Lawrence Technological University, 21000 W Ten Mile Rd,
Southfield, MI 48075, USA; rpatel3@ltu.edu
* Correspondence: asalaymeh@ltu.edu

Highlights

What are the main findings?

* Six GNN architecture categories for UAVs: Analysis of 196 papers identifies six differ-
ent GNN architectures (convolutional, attentional, sampling-based, spatio-temporal,
distributed, and resource-efficient), which have different approaches to scalability, topol-
ogy modification, and computational limitations. No one type is best suited for all
UAV tasks.

¢ Simulation does not always predict deployment success: across trajectory planning,
cooperative tracking, FANET routing, and traffic prediction, simulation results do not
always reliably reflect real-world performance, and few studies evaluate the same
method in both settings. Hybrid methods combining GNN learning with classical
optimization often outperform purely learned approaches.

What are the implications of the main findings?

* Architecture should be designed to suit the objective rather than the method. Use
GCN or GraphSAGE for large swarms. For tasks with variable sensor quality, use
attention-based models. For drones with limited battery and memory, use compressed
variants. This practical mapping saves practitioners from reading all 196 papers to make
an informed decision.

¢ Four research priorities emerge from deployment gaps: (1) Design lightweight GNNs
that adapt to network topology changes while respecting energy budgets; (2) Build
distributed learning systems that reduce communication overhead in large swarms;
(3) Test learned policies on actual hardware, not just in simulation; (4) Combine learned
policies with formal safety rules to guarantee collision avoidance and other constraints.

Abstract

Coordinating multiple unmanned aerial vehicles (UAVs) at scale remains challenging
through centralized control or fixed rule sets, particularly when vehicles must operate un-
der intermittent communication links, incomplete observability, and constrained onboard
computational resources. Graph Neural Networks (GNNs) have emerged as a promising
framework for addressing these challenges; however, existing surveys do not systematically
relate GNN architectural decisions to the operational constraints imposed by UAV plat-
forms during deployment. This survey reviews 196 scholarly studies published between
1987 and 2026 to develop such a framework. A GNN architecture and deployment taxon-
omy is organized into six major categories—Convolutional, Attentional, Sampling-Based,
Spatio-Temporal, Distributed, and Resource-Efficient—each examined through dedicated
architectural subsections and evaluated in the context of UAV system constraints. Four
primary application domains are examined: multi-UAV trajectory planning, cooperative
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target tracking, communication-aware network optimization in Flying Ad Hoc Network
(FANET) environments, and spatio-temporal airspace traffic prediction. Within these do-
mains, the analysis highlights how architectural choices influence scalability, adaptability to
dynamic conditions, and computational efficiency. Several deployment challenges consis-
tently emerge, including maintaining tractable inference as swarm size increases, adapting
graph representations under high mobility, and operating within the limitations of onboard
computational resources. Based on these findings, a set of architecture-selection guide-
lines is derived to support deployment under varying operational conditions. Emerging
research directions are also discussed, particularly the integration of GNNs with reinforce-
ment learning, federated edge computing, and next-generation wireless communication
systems. Overall, this survey bridges the gap between methodological development and
practical deployment, providing a structured foundation for evaluating GNN suitability in
real-world multi-UAV environments.

Keywords: Graph Neural Networks; Unmanned Aerial Vehicles; multi-UAV systems;
swarm intelligence; trajectory planning; target tracking; Flying Ad Hoc Network (FANET);
edge computing; Sixth-Generation (6G) networks; distributed learning

1. Introduction

Recent advances in unmanned aerial vehicle (UAV) technologies have significantly
expanded their role in applications such as disaster management, infrastructure monitoring,
telecommunications, and environmental observation [1-3]. As the applications of UAVs
grow from single-UAV missions to large-scale multi-UAV operations and autonomous
swarm systems, their operational complexity has increased significantly [4-7]. Conven-
tional control paradigms based on centralized architectures and handcrafted solutions are
often insufficient to manage the dynamic, uncertain, and highly interactive characteristics
of such systems [8]. These challenges have led to increased interest in data-driven learning
approaches capable of modeling complex spatial relationships, temporal dependencies,
and multi-agent interactions.

Graph Neural Networks provide a suitable learning framework for modeling relational
and networked structures of multi-UAV systems [9-12]. GNNs naturally represent UAV
networks as dynamic graphs, where nodes correspond to individual UAV agents and edges
represent communication links, spatial proximity, or mission-relevant interactions. This
characteristic differentiates GNNs from conventional deep learning models, which typically
operate on data with fixed-dimensional Euclidean structures [13,14]. By leveraging graph-
based representations, learning algorithms can exploit the intrinsic structure of communi-
cation and coordination networks, thereby facilitating enhanced scalability, adaptability,
and generalization in tasks such as resource allocation, communication optimization, and
cooperative decision-making [15-17]. Building on these graph-based learning principles,
recent studies have further explored GNN-based approaches for UAV trajectory planning,
cooperative navigation, and target tracking within intricate multi-agent environments.

1.1. Why Graph-Based Learning and GNNs for UAV Systems?

A fundamental question arises: why are graph-based learning and GNN architec-
tures preferable to other machine learning paradigms for UAV systems? The answer
emerges from examining both the relational structure of UAV systems and the fundamental
constraints governing their operation. UAV systems are subject to several system-level lim-
itations that strongly influence the design of learning and control mechanisms [1,18]. These
constraints include onboard computation and energy limitations, which restrict algorithmic
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complexity on individual UAV platforms [19,20]. High mobility and FANET dynamics
result in intermittent and unreliable connectivity, posing challenges for stable communica-
tion and coordination [21-24]. Partial observability of the environment and neighboring
agents further necessitates decentralized decision-making under uncertainty [25,26]. In
large-scale swarm deployments, decentralized execution requirements make persistent
centralized coordination impractical [8,27,28]. In addition, safety-critical applications such
as collision avoidance, formation control, and Ultra-Reliable Low-Latency Communication
(URLLC)-driven missions impose strict latency constraints [29-32]. These constraints pre-
vent the effective deployment of centralized learning and global optimization approaches,
particularly in large-scale or mission-critical UAV swarm environments.

To provide a unified conceptual perspective, Figure 1 summarizes the constraint-
driven relationship between UAV system limitations, GNN architectural choices, and
intelligent multi-UAV outcomes.
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Figure 1. Constraint-driven design of graph neural network architectures for intelligent multi-UAV
systems. UAV system constraints guide the selection of GNN architectural and deployment choices,
which in turn enable coordinated decision-making and task-specific intelligence outcomes.

The framework highlights how UAV system constraints, GNN architectural choices,
and multi-UAV capabilities are interconnected. Constraints such as limited onboard energy
and computational resources encourage lightweight and localized message-passing mecha-
nisms, while dynamic network topology and intermittent connectivity require adaptive
architectures, including attention-based and dynamic graph models. Partial observability
and decentralized execution further motivate distributed GNN frameworks that support
localized decision-making without reliance on global information.

These design choices collectively enhance trajectory optimization, cooperative coordi-
nation, communication efficiency, and adaptive sensing. Overall, Figure 1 highlights that
GNN architecture selection should be driven by system-level constraints rather than model
popularity, thereby enabling more reliable and scalable UAV intelligence.

Graph Neural Networks provide an effective framework to address these challenges
through several key characteristics. GNNs introduce a structural inductive bias, which
allows models to learn from graph-structured data through message passing that captures
relational dependencies without requiring complete information about the network topol-
ogy [14,33]. In addition, GNN architectures exhibit permutation equivariance at the node
level, meaning that if the ordering of UAV agents changes, the corresponding outputs
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are permuted consistently. This property ensures stable node-level predictions and en-
ables GNNs to generalize across UAV swarms of varying sizes, supporting scalable and
decentralized coordination [27,28]. The message-passing mechanism also supports dis-
tributed computation, enabling decentralized implementations aligned with the operational
constraints of multi-UAV systems [34-37].

Relational structures of this type arise across a wide range of UAV applications. In
trajectory planning, spatial proximity graphs capture collision avoidance and coordinated
path formation [38—41]. Cooperative target tracking relies on observation graphs to model
sensor coverage and inter-agent dependencies for distributed estimation [42-45]. Commu-
nication networks are commonly represented using mesh topologies, where connectivity
must be optimized for latency, reliability, and throughput [26,46-48]. In spatio-temporal air
traffic forecasting, historical trajectory data forms temporal graphs that capture evolving
flow patterns and airspace congestion [49-51]. In contrast, conventional Convolutional Neu-
ral Networks (CNNs) designed for grid-structured data and Recurrent Neural Networks
(RNNSs) for sequential data are not well suited to capture these complex and heterogeneous
graph structures.

1.2. Motivation and Research Gap

Despite significant progress in both UAV autonomy and graph neural network re-
search, these areas are often studied in isolation. Surveys centered on UAVs [1-3,5] provide
extensive analyses of hardware platforms, control architectures, and application domains,
but they do not adequately address contemporary learning-based methodologies. On
the other hand, surveys on Graph Neural Networks [9,12,13,52] investigate architectural
innovations, theoretical foundations, and general applications in detail, but they rarely
consider the specific requirements, constraints, and dynamics of aerial robotic systems.

This survey directly connects UAV system constraints—such as high mobility, FANET
dynamics, and limited onboard energy—and graph learning design principles. Previous
surveys analyze either UAV autonomy frameworks or GNN architectures in isolation.
In contrast, this unified perspective facilitates principled model selection for practical
UAYV implementations.

To address this gap, this survey focuses on three fundamental research questions:

1.  How do architectural choices in Graph Neural Networks align with the requirements
of specific UAV applications, such as trajectory planning, target tracking, and commu-
nication optimization?

2. What challenges arise when deploying GNN-based solutions on resource-constrained
platforms, particularly with respect to computational complexity and energy-
efficient inference?

3. How can emerging technologies be integrated with graph-based learning to enable
next-generation intelligent UAV systems?

Building on these research questions, the contribution of this survey can be positioned
as follows.

Positioning of This Review: Unlike purely systematic or bibliometric surveys, this
work adopts a design-oriented and integrative perspective. Rather than only summariz-
ing existing studies, it synthesizes insights across the literature to derive unified design
principles, analyze architectural trade-offs, and evaluate deployment feasibility. This ap-
proach provides actionable guidance for selecting and adapting graph neural network
models in real-world UAV systems operating under practical constraints. Consequently,
this survey serves both as a reference for researchers and as a practical guide for designing
next-generation intelligent UAV systems.

https://doi.org/10.3390/drones10070548


https://doi.org/10.3390/drones10070548

Drones 2026, 10, 548

5 of 51

1.3. Comparison with Existing Surveys

To clearly position this survey with respect to existing literature, a structured com-
parison of prior surveys is presented in Table 1. Existing works can be broadly catego-
rized into two groups: (i) UAV-focused surveys and (ii) Graph Neural Network (GNN)-
focused surveys.

UAV-centric surveys, including Mozaffari et al. [1], Chung et al. [6], and Shakhatreh
et al. [2], provide comprehensive discussions on communication architectures, swarm coor-
dination, and application domains. However, these works primarily focus on system design
and control strategies, with limited consideration of modern learning-based approaches,
particularly graph-based learning methods.

On the other hand, surveys on Graph Neural Networks, including Wu et al. [9] and
Zhou et al. [13], offer in-depth coverage of GNN architectures, theoretical foundations, and
applications across various domains. Despite their breadth, these studies do not address the
unique challenges of UAV systems, such as dynamic topology, communication constraints,
and decentralized decision-making.

More recent works, such as Kose et al. [19], explore efficient and resource-constrained
GNN architectures. While these contributions are relevant to embedded systems, they are
not specifically tailored to UAV environments and do not provide application-level insights.

In contrast, this survey bridges the gap between these two research domains by
providing a unified analysis of GNN architectures within the context of UAV systems.
Unlike prior work, it integrates model design, application requirements, and deployment
constraints into a single framework, enabling a more systematic understanding of how
graph-based learning can be effectively applied to UAV intelligence.

Opverall, Table 1 highlights that existing surveys either focus on UAV systems without
leveraging advanced learning models or explore GNN methodologies without addressing
UAV-specific challenges. This work uniquely combines both perspectives, offering a
comprehensive and application-driven analysis.

Concretely, none of the surveys in Table 1 maps GNN architectural choices to UAV
operational constraints. The UAV-focused surveys [1,2,6] contain no analysis of GNN archi-
tectures, and the GNN-focused surveys [9,13,19] contain no analysis of UAV constraints.
This is visible in the “UAV Constraints” and “Cross-domain” columns of Table 1, where
every prior row is marked “No.” The specific contribution claimed here, a constraint-
to-architecture mapping with deployment guidance, is therefore absent from each prior
survey, and the remaining sections develop it.

Table 1. Comparison of existing UAV and GNN surveys with the proposed work.

Graph-

UAV GNN UAV Con-  Cross- - s

Survey Focus Systems Models Eased' straints Domain Quantitative Key Limitation

earning

Mozaffarietal. [1]]  UAV Yes No Limited Yes No No Limited integration of learning-based
methods

Shakhatrehetal.[2] UAV Yes No Limited Yes No No gzlsrir;flly focused on system-level

Chung et al. [6] UAV Yes No Limited Yes No No ant_ed incorporation of Al/ML
techniques

Wuetal. [9] GNN No Yes Yes No No No Not tailored to UAV systems

Zhou etal. [13] GNN No Yes Yes No No No Limited application-level evaluation

Koseetal. [19] GNN No Yes Yes No No No yOt tailored to UAV-specific

eployment
. Hybrid
This Work (UAV + Yes Yes Yes Yes Yes Yes Unified and application-driven analysis
GNN)
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1.4. Contributions and Scope

This survey establishes a unified perspective on GNN architectures and deployment-
oriented categories for UAV systems by systematically analyzing how graph-based learning
addresses autonomous aerial intelligence challenges. The main contributions include:

¢  Unified architecture and deployment taxonomy for GNN-enabled UAV systems: A
structured taxonomy categorizes major GNN variants, including Graph Convolu-
tional Networks (GCNs), Graph Attention Networks (GATs), GraphSAGE, and spatio-
temporal GNNs. Each category is analyzed in terms of its suitability for UAV en-
vironments, highlighting how architectural design choices align with system-level
requirements such as scalability, adaptability, and robustness.

*  Application-driven analysis across UAV domains: GNN-based approaches are sys-
tematically examined across key UAV applications, including multi-UAV trajec-
tory planning and collision avoidance, cooperative target tracking and surveillance,
communication-aware modeling, and spatio-temporal prediction. This analysis pro-
vides insights into how graph-based representations enable efficient coordination and
decision-making in dynamic environments.

®  C(ritical evaluation of deployment challenges: This work goes beyond model-level
analysis by identifying practical challenges associated with real-world deployment.
Key issues such as scalability to large swarms, dynamic graph updates under high
mobility, communication constraints, and limited onboard computational resources
are critically examined, along with existing mitigation strategies.

* Integration with emerging technologies: The survey explores the intersection of GNNs
with emerging paradigms, including reinforcement learning, federated learning, and
edge-computing frameworks. These integrations are discussed in the context of
enabling adaptive, decentralized, and resource-efficient UAV intelligence.

¢ Identification of research gaps and future directions: Open challenges are highlighted,
including the simulation-to-real gap, lack of standardized benchmarks, and absence of
formal safety guarantees. Based on these observations, future research directions are
outlined to guide the development of reliable and scalable GNN-based UAV systems.

Overall, this survey provides a comprehensive and application-oriented framework
that connects GNN methodologies with UAV system design, offering practical insights for
both researchers and practitioners.

1.5. Paper Selection Methodology

A structured and systematic literature review methodology is adopted to ensure
comprehensive coverage and reproducibility. The study focuses on Graph Neural Network
(GNN) applications in UAV systems, particularly in multi-UAV collaboration, trajectory
optimization, target tracking, and communication-aware networks.

A comprehensive search was conducted across major academic databases, including
IEEE Xplore, Elsevier ScienceDirect, SpringerLink, MDPI, ACM Digital Library, arXiv, and
Google Scholar. The search covered publications from 1987 to 2026.

The final database search was executed in May 2026, and the most recent included
records were published in March 2026. Within each database, the keyword groups listed in
this section were combined using the Boolean operator AND across groups and OR within
each group. Searches were limited to records published between 1987 and 2026 and to
English-language documents. Representative search queries adapted to the syntax of each
database are provided in Appendix A.

The lower bound of 1987 reflects the inclusion of foundational swarm-behavior work
that predates graph neural networks, particularly Reynolds’ distributed flocking model [53],
which established the local-interaction principles that graph-based learning later formal-
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ized. Graph neural networks themselves emerged later, with early formulations by Gori
et al. [54] and Scarselli et al. [12]. These foundational references are included for historical
context only; The GNN-for-UAV literature analyzed in this survey is concentrated primarily
after 2018.

The following keyword combinations were used:

*  “Graph Neural Network”, “Graph Convolutional Network”, “GNN”, “GCN”, “Graph
Attention Network”, “GAT”, “GraphSAGE”, “Spatio-Temporal Graph Neural Net-
work”, “Dynamic Graph Neural Network”.

e  “UAV”,“Unmanned Aerial Vehicle”, “Drone”, “Multi-UAV”, “UAV Swarm”, “Flying
Ad Hoc Network”, “FANET”.

*  “Trajectory Planning”, “Path Planning”, “Collision Avoidance”, “Target Tracking”,
“Cooperative Tracking”, “Communication Optimization”, “Routing”, “Resource Allo-
cation”, “Task Allocation”, “Spatio-Temporal Prediction”.

e “Multi-Agent Reinforcement Learning”, “MARL”, “Graph Reinforcement Learning”,
“Decentralized Coordination”, “Swarm Coordination”, “Federated Learning”, “Edge
Computing”, “Mobile Edge Computing”, “6G”, “Digital Twin”.

* Combined terms: “GNN UAV”, “Graph neural network drone”, “Multi-agent
UAV graph”, “Graph-based UAV coordination”, “GNN-based UAV communica-
tion”, “GNN UAV trajectory planning”, “GNN FANET routing”, “Graph learning
UAV swarm”.

The initial database search identified 525 records across multiple academic sources.
After removing 49 duplicate records, 476 studies remained for title and abstract screening.
Following the first-stage screening, 294 full-text articles were assessed for eligibility. After
full-text review and the application of inclusion and exclusion criteria, 196 eligible studies
were selected for the final qualitative synthesis.

In addition to the 196 systematically reviewed studies, a small number of foundational and
architecture-background references are cited for contextual and methodological completeness.

Inclusion criteria:

*  GNN or graph-based learning applied to UAV systems;
*  Multi-agent coordination, communication, or control problems;
¢  Experimental validation or theoretical contribution.

Exclusion criteria:

*  Non-peer-reviewed articles, except highly relevant preprints used for emerging or
very recent research directions;

*  Papers without methodological contribution;

*  Duplicate or redundant studies.

In the final exclusion stage, nine studies were classified as position or weak-evidence
papers. These were defined as works that present claims or recommendations without ex-
perimental validation, theoretical proof, or methodological contribution directly applicable
to GNN-based UAV systems.

This structured process ensures that the review is comprehensive, reproducible, and
focused on studies directly relevant to GNN-enabled UAV systems.

The PRISMA workflow shown in Figure 2 summarizes the study selection pro-
cess, including database search, duplicate removal, screening, eligibility assessment, and
final inclusion.
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PRISMA Flow Diagram — GNN-Enabled Intelligence for UAV Systems
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Figure 2. PRISMA flow diagram illustrating the study selection process for GNN-enabled UAV
systems.

Figure 3 illustrates the temporal distribution of the reviewed publications, highlighting
the rapid growth of GNN-enabled UAV research after 2018.
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Figure 3. Temporal distribution of the reviewed publications.

Temporal Distribution

A total of 56% of the reviewed papers were published between 2023 and 2026, indicat-
ing rapid growth in research interest in GNN-enabled UAV systems.

This temporal trend indicates that GNN-enabled UAV intelligence is a rapidly emerg-
ing research area rather than a fully mature field. The sharp increase after 2020 reflects the
growing convergence of graph learning, autonomous aerial systems, and multi-agent coor-
dination. At the same time, the concentration of recent studies suggests that the literature
remains fragmented, with limited standardization in benchmarks, evaluation settings, and
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deployment conditions. Moreover, many recent contributions are still validated primarily
in simulation, indicating that real-world generalization and reproducibility remain open
challenges. These observations underscore the need for more unified evaluation protocols
and stronger experimental validation in future work.

1.6. Organization

The remaining part of this survey is structured as follows. Section 2 discusses the
relevant background of the GNN architecture and deployment taxonomy, including Graph
Convolutional Networks (GCNs), Graph Attention Networks (GATs), GraphSAGE, spatio-
temporal GNNSs, distributed GNNSs, and resource-efficient GNNSs, together with UAV
system models. Section 3 presents a comprehensive overview of the applications of GNNs
in multi-UAV trajectory design, cooperative target tracking, communication networks, and
air traffic prediction. Section 4 discusses the limitations of current GNN-based UAV ap-
proaches, highlighting gaps between simulation-based research and real-world deployment.
Section 5 examines the core technical challenges involved in deployment, with particular
emphasis on scalability, dynamic graph structures, and computational constraints. Section 6
outlines potential research directions, focusing on reinforcement learning, edge computing,
and the integration of future 6G communication networks. Finally, Section 7 concludes the
paper with a synthesis of key findings and practical architecture-selection guidance.

2. Background
2.1. Graph Neural Network Architecture and Deployment Taxonomy for UAV Systems

The taxonomy used here classifies GNN approaches along two orthogonal axes. The
first axis is the message-passing mechanism, which defines how a model aggregates neigh-
bor information: fixed convolutional weighting (GCN), learned attention (GAT), sampled
aggregation (GraphSAGE), or temporally coupled aggregation (spatio-temporal GNNSs).
The second axis is the deployment paradigm, which defines how computation is distributed
and compressed for hardware: distributed execution and resource-efficient compression.
The two axes are independent: the first is mutually exclusive at the level of the core operator,
whereas the second is not, because any operator can be distributed or compressed. The first
axis therefore determines what a model can represent, and the second determines whether
it can run on a UAV.

Each formulation below is interpreted through the deployment property implied by
its core operator. GCN emphasizes normalized local aggregation, which supports scal-
able neighbor-based coordination; GAT introduces adaptive neighbor weighting, which is
particularly relevant under heterogeneous sensing and variable link quality; and Graph-
SAGE employs sampled inductive aggregation, which supports UAV swarms with dy-
namically changing membership. Table 2 summarizes these correspondences and their
deployment implications.

Table 2. Analytical relevance of standard GNN formulations to UAV deployment constraints.

Architecture Key Mathematical Mechanism UAV-System Interpretation Deployment Implication
Normalized neighborhood UAVs exchange local state Suitable for scala.ble swarm coordination, but .
GCN . . - . node representations are prone to over-smoothing
aggregation information with nearby agents . .
as message-passing depth increases
UAVs weight neighboring agents ~ Useful for interference-limited or heterogeneous
GAT Learnable attention coefficient a;; according to link quality, sensing ~ UAV networks, but incurs higher per-edge
relevance, or mission context computational cost
. . Suitable for dynamic swarms with node arrival,
UAVs aggregate information from failure, or topology changes, though neighbor
GraphSAGE Sampled inductive aggregation sampled neighbors and generalize ! POO8Y 8¢S, & 5

sampling introduces approximation in the

to unseen agents aggregated representation
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2.1.1. Graph Convolutional Networks

Graph Convolutional Networks perform feature aggregation through neighborhood
convolution operations. The layer-wise propagation rule is defined as [14]:

H+) — a(D—%AD—%HU}wm) )
where A is the adjacency matrix with added self-loops and D is its corresponding degree
matrix, defined as

A = A+ Iy, Dii :ZA” (2)

]

where W is the layer weight matrix, ¢ is a nonlinearity such as ReLU, and H 0) = X [14].

Mapping to UAV Constraints: In multi-UAV systems, GCN message-passing aligns
with localized interaction constraints arising from limited communication range and energy
budgets [34,36]. Each UAV aggregates neighbor information without global knowledge,
enabling scalable coordination. Symmetric normalization ensures balanced flow across
heterogeneous networks [27,28]. For trajectory planning, GCNs process relative positions,
enabling collision-free generation [41,55]. Permutation equivariance ensures consistent
node-level policy behavior under node reordering, which is critical for UAV swarm coordi-
nation [56].

2.1.2. Graph Attention Networks

Graph Attention Networks (GATs) [57] and their heterogeneous extensions introduce
learnable attention coefficients that weight neighbor contributions [58]. The attention
mechanism computes:

_ exp(LeakyReLU(a” [Wh;[|Wh;]))
~ Lken() exp(LeakyReLU(a” [Wh;[|[Wi]))

a;j 3)
where a is a learnable attention vector and || denotes concatenation. The output features
are computed as

JEN (i)

Mapping to UAV Constraints: Attention mechanisms enable dynamic neighbor priori-
tization, which is essential under interference-limited FANET conditions [21-23]. Higher
weights assigned to UAVs with stronger signals or relevant information facilitate inter-
ference mitigation and selective sharing [15,16,47]. Multi-head attention learns diverse
patterns for spatial proximity, communication quality, and mission relevance [57]. Hetero-
geneous GATs suit UAV systems integrating communication states, sensors, and mission
parameters [58]. Heterogeneous Graph Attention Networks (HGATs) model UAV-UAV and
UAV-sensor links with distinct mechanisms. Learning-based approaches have also been
explored for efficient coordination and data collection in UAV-enabled IoT systems [59].

2.1.3. Inductive Learning with GraphSAGE

GraphSAGE (Sample and aggreGatE) enables inductive learning by sampling neigh-
borhoods and aggregating features through learnable functions [33]:

Hk = a(wk - CONCAT (hg—l,AGGREGATE({h’;—l,Vu eN (v)}))) )

https://doi.org/10.3390/drones10070548


https://doi.org/10.3390/drones10070548

Drones 2026, 10, 548

11 of 51

where CONCAT denotes concatenation or element-wise operations, and AGGREGATE
can be mean, LSTM, or pooling functions. Unlike transductive GCNs requiring the entire
graph during training, GraphSAGE generates embeddings for unseen nodes through local
neighborhood sampling.
Mapping to UAV Constraints: GraphSAGE'’s inductive capability is critical for UAV
swarms with time-varying agent populations due to arrivals, departures, or failures [27,28].
Key advantages:

®  Zero-shot generalization: This learns aggregation functions rather than node-specific
embeddings, enabling new UAVs to join swarms without retraining [60].

*  Computational efficiency: Neighborhood sampling reduces computational complexity
by limiting the number of neighbors aggregated at each layer, enabling scalable and
efficient inference on resource-constrained platforms [33].

2.1.4. Spatio-Temporal Graph Neural Networks

Spatio-temporal GNNs model spatial dependencies through graph structure and
temporal dynamics through recurrent, convolutional, or attention-based temporal mod-
ules. Existing spatio-temporal graph learning frameworks combine graph convolution
operations with temporal sequence modeling to capture coupled spatial interactions and
temporal evolution in dynamic graph systems [61]. Recent airspace-specific studies fur-
ther extend these architectures using adaptive graph convolution and temporal attention
mechanisms for airspace complexity prediction and large-scale airspace modeling [50].

Mapping to UAV Constraints: These architectures are essential for applications requir-
ing prediction of future states under mobility-induced topology changes and decentralized
flocking behavior in multi-agent robotic systems [49,50,62,63].

Applications:

* Airspace traffic management: Model airspace complexity, trajectory evolution,
and sector-level spatial interactions using aviation-focused spatio-temporal graph
models [50].

¢ UAV dynamics: Temporal components capture acceleration and banking maneuvers.

¢ Neighbor coordination: Spatial graph convolution supports coordinated motion and
decentralized flocking behavior in multi-agent systems [62,64].

Distinction from Dynamic GNNs

Although both Spatio-Temporal Graph Neural Networks and Dynamic Graph Neu-
ral Networks model evolving graph information, they address different types of graph
dynamics. Table 3 summarizes the primary differences between these two architectures.

Table 3. Distinction between Spatio-Temporal GNNs and Dynamic GNNs.

Aspect Spatio-Temporal GNNs  Dynamic GNNs

Node set Fixed Time-varying

Features Time-varying Time-varying

Edges Time-varying Tlme—\{arymg with semantic

evolution

Structural changes  Assumes fixed nodes Explicit node additions/deletions
Fixed swarm with Highly mobile swarms with

Best for s L
mobility join/leave

Spatio-temporal GNNs assume a fixed node set with time-varying features and edges.
Dynamic GNNs explicitly model structural changes, including node additions/deletions
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and semantic edge evolution, and are particularly suitable for highly mobile UAV swarms
where communication links form and break rapidly [65-70].

This distinction is important for UAV system design because the appropriate model
class depends on the level of structural variability in the network. Spatio-temporal GNNs
are more suitable when the UAV set remains fixed and only motion-dependent interactions
evolve over time, whereas dynamic GNNs are better aligned with highly mobile swarm
environments in which nodes may join, leave, or frequently lose connectivity. Thus, model
selection should be informed by whether temporal evolution occurs primarily in node
states or in the graph structure itself.

2.1.5. Distributed Graph Neural Networks

Distributed GNNs support decentralized computation across multiple UAVs with-
out requiring centralized aggregation. Each UAV performs local message passing with
neighbors and updates its own embeddings through federated learning or gossip-based
protocols [36,71,72]. The layer-wise propagation is computed locally at each node [36], as
defined in Equation (6):

W = U(W(l) .AGG({h](” e N(i)})) (6)

where each UAV i computes aggregation using only neighbor states {h;}, avoiding global
graph knowledge.

Mapping to UAV Constraints: Distributed architectures address critical UAV limi-
tations. Federated GNN learning enables UAVs to train local models on subgraphs and
share gradient updates rather than raw data, preserving privacy and reducing commu-
nication overhead in reported studies [71-73]. Over-the-air aggregation exploits wireless
analog transmission for efficient gradient aggregation without digital protocols [34,74].
Distributed GNN systems such as DistDGL [36] demonstrate graph-partitioning strategies
for scalable GNN training. Although not UAV-specific, these methods provide a transfer-
able technical background for decentralized and large-scale graph learning, where large
graphs are divided into subgraphs processed independently, with boundary nodes sharing
representations [36]. In UAV systems, related distributed and over-the-air aggregation
strategies provide relevant background for decentralized learning under communication
constraints [37]. Decentralized architectures eliminate single points of failure, ensuring
swarm robustness to individual UAV failures or communication disruptions [71].

Trade-offs include increased convergence time and potential accuracy degrada-
tion due to asynchronous updates and gradient staleness [71,75]. Applications in-
clude decentralized trajectory planning [34,38], privacy-preserving edge learning in
UAV-MEC systems [20,76,77], and wireless gradient aggregation for resource-constrained
swarms [72,74,78,79].

2.1.6. Resource-Efficient Graph Neural Networks

Resource-efficient GNNs reduce computational and memory requirements to enable
deployment on embedded UAV platforms with limited processing power, memory, and
battery life [19,20]. Model quantization reduces precision from 32-bit floating point to
8-bit integers, achieving 4-8 x memory reduction with <3% accuracy loss [19,80]. Binary
quantization achieves 32x compression but incurs 5-10% accuracy loss [81], while mixed-
precision approaches balance efficiency and performance by using FP16 for critical layers
and INTS8 elsewhere [82].

Knowledge distillation trains compact student GNNs from large teacher models [83]:

[’distill = Etask + (1 - 0‘) ' KL(Pstudent”Pteacher) (7)
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Knowledge distillation enables substantial parameter reduction while retaining most
of the teacher model accuracy. Pruning removes redundant connections through structured
or unstructured approaches, reducing computational complexity and improving efficiency.
GNN-specific hardware accelerators such as AWB-GCN [84] and HyGCN [85] demonstrate
substantial speedup and improved hardware efficiency for graph convolutional workloads.
Although these accelerators are not evaluated specifically on UAV platforms, they provide
relevant hardware-acceleration background for deploying resource-efficient GNN inference
on constrained edge devices.

Mapping to UAV Constraints: Resource efficiency is critical for onboard deployment.
Efficient GNN implementations enable real-time inference on embedded platforms such as
Jetson TX2 and Raspberry Pi, though performance depends on model size and hardware
optimization. As an order-of-magnitude illustration rather than a fixed rule, a mid-range
embedded UAV computer such as the NVIDIA Jetson TX2 or NVIDIA Jetson Xavier NX
provides on the order of 8 GB of shared memory, which in practice favors models in the
tens-of-megabytes range once the operating system, perception stack, and runtime buffers
are accounted for. The exact budget is platform-dependent: microcontroller-class autopilots
provide far less, while larger companion computers provide more. Knowledge distillation
can substantially shrink large teacher models to fit such budgets [83]. These figures should
therefore be interpreted as platform-dependent guidance rather than a universal threshold.
Energy-efficient inference extends flight time through reduced power consumption [86].
Lightweight GNNs can achieve high frame rates for real-time collision avoidance and
navigation tasks [20]. Lightweight federated graph learning [20] demonstrates substantial
memory reduction and faster inference with minimal accuracy loss for UAV-MEC systems.
Applications include real-time collision avoidance, energy-constrained missions [86], and
privacy-preserving edge learning [20,76].

Figure 4 presents a unified taxonomy of Graph Neural Network (GNN) architectures
tailored for UAV applications, highlighting how different model families address distinct
operational requirements and constraints. The taxonomy emphasizes that no single GNN
architecture is universally optimal; instead, model selection depends on application de-
mands, communication conditions, and onboard computational limitations. It should be
noted that while GCN, GAT, GraphSAGE, and Spatio-Temporal GNNs represent distinct
architectural families defined by their mathematical formulation and message-passing
mechanisms, Distributed and Resource-Efficient GNNs represent deployment-oriented
design paradigms applicable across multiple architectural families. They are included in
this taxonomy due to their critical practical significance for UAV system deployment under
real-world resource and communication constraints [19,20].

Convolutional GNNs, such as GCN and GraphSAGE, are primarily suited for scalable
swarm coordination due to their reliance on localized neighborhood aggregation, which
enables efficient processing and generalization across varying swarm sizes. However, their
uniform treatment of neighbors limits their ability to capture heterogeneous interactions.

Attentional GNNs address this limitation by introducing adaptive weighting mech-
anisms, allowing UAVs to prioritize more informative or reliable neighbors. This makes
them particularly effective in heterogeneous environments, although at the cost of increased
computational complexity.

Sampling-based approaches, such as Cluster-GCN and GraphSAINT, improve scal-
ability by enabling efficient subgraph sampling and mini-batch training, reducing the
computational burden for large-scale swarm deployments.

Spatio-temporal and dynamic GNNs extend these capabilities by incorporating tem-
poral evolution and topology changes, making them essential for applications such as
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trajectory prediction and air traffic management. However, these models introduce addi-
tional latency and computational overhead.

Convolutional GNNs Attentional GNNs

* GCN
* GraphSAGE

* Neighbourhood Aggregation » Spatial Learning

* GAT,HAN

* Attention Mechnisms

= Adoptive Focus

Sampling-Based GNNs

&ﬁ * Cluster - GCN
9" e GraphSAINT

* Node Sampling * Mini-Batch Training

Spatio-Temporal & Dynamic GNNs

- ® ., DysAT, EvolveGCN
. » Temporal & Evolving Graphs

¢ Real-Time Adoption

GNN Architectures
for UAVs

Distributed GNNs

\ / * DistDGL, Legion

* Parallel Processing » Federated Learning

¢ Quantized GNNs
* TinyGNN

» low-Power Inference » Model Compression

Figure 4. Architecture and Deployment Taxonomy of Graph Neural Networks for UAV Applications.
Note: GCN, GAT, GraphSAGE, and ST-GNN represent architectural families defined by their mathe-
matical formulation, while Distributed and Resource-Efficient GNNs represent deployment-oriented
paradigms applicable across multiple architectures.

Finally, distributed and resource-efficient GNN frameworks address practical deploy-
ment constraints by enabling decentralized learning and reducing model complexity for
embedded UAV platforms. Overall, the taxonomy highlights that GNN architecture selec-
tion involves a fundamental trade-off between scalability, adaptability, and computational
efficiency, requiring careful alignment with application-specific constraints.

2.1.7. Emerging Architectures

Three further architecture classes are receiving increasing attention and are relevant to
UAV systems, although their UAV-specific evidence base remains limited. Graph Transform-
ers replace local message passing with global self-attention over nodes, which mitigates
over-smoothing and the limited receptive field of deep convolutional GNNs (Section 4.1).
For UAV swarms, this becomes important when coordination requires dependencies span-
ning more hops than a shallow GCN can capture, such as global formation consensus.
The tradeoff is that attention typically scales quadratically with the number of nodes,
which conflicts with onboard computational constraints and currently restricts practical
deployment to small swarms or sparsified-attention variants [87,88].

Graph diffusion models define propagation or generation through a diffusion process
over the graph. As a propagation mechanism, they improve long-range information
flow [89]; as a generative mechanism, they can produce candidate trajectories or formations
under constraints [90]. Their relevance to UAV trajectory generation is promising, although
evidence in aerial systems remains limited.

Multi-modal graph learning integrates heterogeneous inputs such as vision, range
sensing, and communication state within a unified graph representation, closely matching
the multi-sensor nature of UAV platforms [91]. The main challenge remains performing
such fusion within strict onboard compute and energy budgets.

These architecture classes are not given dedicated application subsections because
UAV-specific empirical evidence remains sparse. They are included here to identify emerg-
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ing research directions rather than established practice, consistent with the inclusion criteria
discussed in Section 1.5.

2.2. Formal UAV System Models and Problem Definitions
2.2.1. Mathematical Problem Formulations

This section formalizes three canonical UAV system problems and demonstrates their
natural correspondence to graph-based learning formulations.

Problem 1: Multi-UAV Trajectory Planning

Consider a set of UAVs V = {1,2,..., N}, where each UAV i has state x;(t) and
control input u;(t). The objective is to generate collision-free trajectories from initial states
to predefined goal locations while maintaining communication connectivity.

The dynamic interaction among UAVs is modeled as a time-varying graph:

gt = (Vr Et) (8)

where edges represent communication or proximity relationships [18,24].
The trajectory optimization problem is formulated as:

min} | dxi(t),wit)) dt ©)

subject to

e  (Collision avoidance constraints:

Ixi(t) =X ()| = dsage,  Vi# ], (10)

¢ UAV dynamics:
%i(t) = fixi(t), wi(t), (11)
e  Connectivity preservation induced by G;.

Trajectory planning and collision avoidance are extensively studied in UAV
systems [92-94], while recent work integrates graph-based learning for decentralized
coordination [27,38,41,55].

Problem 2: UAV Communication Network Optimization

A UAV communication network is modeled as a weighted graph G = (V, £), where
edge weights correspond to channel gains ;;.

The signal-to-interference-plus-noise ratio (SINR) for UAV i is defined as:

Pl
SINR; = ——"— (12)
" L i+ 0
where P; denotes transmission power and o represents noise power.
The objective is to maximize network throughput:
N
max Z log(1 + SINR;) (13)

(P3N, io

This formulation is widely adopted in UAV-enabled wireless networks [1,31,32,95].
Graph neural networks have recently been applied to such problems by learning

mappings from interference graphs to resource allocation policies [10,11,15,16,96,97].
Problem 3: Cooperative Multi-Target Tracking
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Let U denote the set of UAVs and 7T the set of targets. The sensing relationship
is represented as a bipartite graph G = (V,€), where V = U U T and edges indicate
observable UAV-target pairs.

The objective is to minimize estimation uncertainty:

min Tr(P) (14)
where P is the covariance matrix of the estimated target states.

Multi-target tracking in UAV systems has been extensively studied using control and
reinforcement learning frameworks [43,45,98,99]. Recent approaches incorporate graph
neural networks to model inter-agent and agent-target dependencies, improving tracking
robustness and coordination [42,44,100,101].

2.2.2. UAV System Models

Table 4 summarizes UAV subsystem characteristics and their graph-theoretic repre-
sentations.

Table 4. UAV System Characteristics and Graph Representations.

UAV Subsystem Graph Type Nodes Edges Features Learning Objective References

Communication Dynamic, R SINR, throughput, Minimize latency, - e

Network Weighted UAVs Connectivity links delay maximize capacity [15,16,26,46,47]

Navigation & . . L Position, velocity, Collision-free path, )

Control Static/ Temporal UAVs, Waypoints Proximity, precedence heading energy-optimal [39-41,92,93]

Swarnr} . Dynamic UAVs Communication range State, task assignment Formation stability, [27,28,53,102,103]

Coordination consensus

Target Tracking Bipartite, UAVs, Targets Observation links Sensor measurements, Minimize tracking error [42-45,98]
Temporal beliefs

Resource Allocation  Static, Weighted UAVs, Tasks Capability match Compute, energy, Maxumzp task [104-108]

payload completion

Communication Model: UAV-to-UAV links follow free-space path loss, where d is dis-
tance and A is wavelength [95,109]. Link quality varies with mobility, requiring continuous
graph adaptation [18,24].

Navigation Model: UAV dynamics follow motion constraints with control bounded
by system limits [92]. Safe distance enforces collision avoidance [94].

Swarm Coordination: Inspired by Reynolds’ flocking model [53], UAVs maintain
graph-based coordination objectives [8,27,110].

Table 4 highlights that different UAV subsystems naturally correspond to different
graph formulations, feature spaces, and learning objectives. Communication and resource
allocation problems are more naturally modeled using weighted graphs that encode inter-
ference, capacity, or capability relationships, whereas navigation and swarm coordination
rely more strongly on spatial or temporal interaction graphs. This mapping suggests that
effective GNN design should begin with a careful abstraction of the physical UAV subsys-
tem into an appropriate graph representation, rather than applying a generic architecture
across all tasks.

To complement this graph-based abstraction, Figure 5 illustrates a system-level archi-
tecture of GNN-enabled UAV networks, showing how local sensing, graph construction,
lightweight onboard inference, peer-to-peer communication, and optional centralized or
edge-based training interact under practical deployment constraints.

As shown in Figure 5, GNN-enabled UAV systems can be viewed as dynamic com-
munication graphs in which each UAV performs local sensing, graph construction, and
lightweight inference while adapting to communication variability and resource constraints.
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Figure 5. GNN-enabled UAV system architecture. Multiple UAVs operate as nodes in a dynamic
communication graph, where edges represent active, intermittent, or potential communication links.
Each UAV performs onboard sensing, graph construction, lightweight GNN inference, and local
decision-making. Peer-to-peer message passing supports decentralized coordination, while optional
centralized or edge-based training enables global model aggregation and distribution of updates. The
architecture operates under practical constraints including latency, bandwidth, energy, and limited
onboard computation.

2.3. Resource-Constrained GNN Design

Practical deployment demands resource-efficient architectures due to strict onboard
energy, memory, and computational constraints [19]. Model quantization reduces precision
to 8-bit, decreasing memory by approximately 75% [80-82,111]. Knowledge distillation
transfers knowledge to compact networks for embedded processors [83]. Hardware acceler-
ation achieves real-time inference within UAV power budgets [84-86]. These optimizations
extend flight time and enable real-time decisions [112-114]. Distributed over-the-air train-
ing enables collaborative learning without centralizing data [34,36,37,74].

3. Applications: GNN-Enabled Intelligence for UAV Systems

Following the establishment of mathematical underpinnings and architectural design
guidelines in Section 2, GNN deployment is analyzed across several UAV application
domains. This section examines how graph-based solutions solve real-world problems in
multi-UAV systems by breaking them down into four application areas: trajectory planning
and collision avoidance, cooperative target monitoring and surveillance, communication
network optimization, and spatio-temporal air traffic prediction.

3.1. Multi-UAV Trajectory Planning and Collision Avoidance

Multi-UAV trajectory planning maintains agents in three-dimensional space while
ensuring collision avoidance, communication connectivity, kinodynamic feasibility, and
mission completion. Traditional centralized planning is computationally intractable as
swarm size increases, whereas purely reactive approaches often produce suboptimal tra-
jectories. Graph neural networks facilitate distributed yet coordinated planning through
learned graph-structured policies [38,41].
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3.1.1. Graph-Based Planning Frameworks

Learning-Based Cooperative Planning: Frameworks combining GNNs with rein-
forcement learning process relative positions and interactions through communication
graphs [41]. GNN models trained on small swarms generalize to larger formations without
retraining, directly addressing scalability challenges [27,28].

Attention-Driven Coordination: Graph attention mechanisms dynamically weight
neighbor importance, enabling adaptive coordination in heterogeneous swarms [39]. In
environments with limited communication, attention weights prioritize high-quality infor-
mation sources.

Hybrid Approaches: Several studies integrate GNNs with classical optimization frame-
works [55,115]. In these approaches, GNNs provide learned priors to guide optimization
solvers, reducing computational complexity while preserving feasibility constraints.

Domain-Specific Adaptation: Advanced frameworks incorporate environmental con-
text into graph structures [40,116-118]. For infrastructure inspection tasks [116], graph
connectivity may depend on visibility constraints, while confined environments require
geometry-aware connectivity modeling [117].

GNN-based MARL for Coordination and Task Allocation: Recent advances in graph
neural network (GNN)-based multi-agent reinforcement learning (MARL) have signifi-
cantly improved coordination and decision-making in multi-UAV systems. For instance,
the MAGNNET framework integrates GNNs with a centralized training and decentralized
execution (CTDE) paradigm, enabling agents to learn globally optimal policies during train-
ing while making decisions independently during deployment [119]. This approach has
demonstrated strong performance in decentralized task allocation problems, achieving high
conflict-free task assignment rates and maintaining scalability in dynamic environments.

In addition to task allocation, GNN-based MARL approaches have been applied to
resilient multi-agent coordination under real-world uncertainties. Recent work demon-
strates that graph-based coordination mechanisms remain robust under agent failures,
communication disturbances, and partial observability [35]. Such approaches highlight the
importance of designing coordination strategies that are not only efficient but also resilient
to real-world operational challenges.

3.1.2. Collision Avoidance Strategies

Reactive Neural Avoidance: Sensor-to-control pipelines augmented with graph-based
coordination ensure that individual avoidance actions remain compatible with swarm-level
objectives [29].

Predictive Planning: Temporal prediction models estimate future UAV positions,
enabling proactive maneuver planning and smoother collision avoidance [120].

Learning-Enhanced Methods: Several works combine classical Velocity Obstacle meth-
ods [94] with learning-based components [30], achieving improved safety—efficiency trade-offs.

Multi-Objective Coordination: Modern systems optimize multiple objectives simulta-
neously, including flight time, energy consumption, and formation stability [112,121,122].

3.1.3. Localization and SLAM

Localization and SLAM: Graph-based representations are fundamental to simultane-
ous localization and mapping (SLAM), where UAV states and environmental landmarks
are naturally modeled as nodes in a graph. Emerging approaches explore the integration
of graph neural networks with SLAM pipelines to improve state estimation, loop closure
detection, and robustness in dynamic and partially observable environments. While SLAM
focuses on environment representation and localization, trajectory-planning methods pri-
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marily address coordination and control strategies in multi-UAV systems, as summarized
in Table 5.

Table 5. Categorization of GNN-Based Multi-UAV Trajectory-Planning Methods.

Primary Method

GNN Architecture Application Domain Key Innovation References

Reinforcement Learning
Integration

Hybrid
Learning-Optimization

Temporal Prediction
Attention Mechanisms
Domain-Specific Adaptation

Reactive Coordination

Scalable policy learning and

GCN/GraphSAGE + RL General coordination [38-41]

transfer to larger swarms
. : . .

GCN + MPC/A* search Constrained planning Cqmblnes learning efficiency [55,115]
with formal guarantees

Temporal GNN Dynamic environments Multl-.step aheaf:l prediction for [120,123]
proactive planning

GAT + RL Heterogeneous swarms Dy.narr}m neighbor importance [39]
weighting

Various Inspgchon, delivery, Context-a.ware graph [116-118,121,122]

confined spaces construction
GNN + Vision Sensor-based navigation Direct sensor-to-action with [29,30]

multi-agent coordination

Table 5 reveals clear trade-offs among GNN-based trajectory-planning approaches.
Learning-based methods provide strong scalability and fast inference, but they often lack
explicit safety guarantees, which limits their suitability for safety-critical missions. Hybrid
learning-optimization approaches offer a more balanced solution by combining learned
efficiency with constraint enforcement, making them particularly attractive for real-world
UAV deployment. Reinforcement learning-based methods provide adaptability in dynamic
environments, but their training instability and computational cost remain significant
barriers. Therefore, method selection should be guided by the relative importance of safety,
scalability, computational efficiency, and environmental complexity.

3.1.4. Efficiency of Computation

GNN-based methodologies achieve favorable scalability through localized compu-
tation [28]. Each UAV independently processes a small neighborhood of nearby agents
(typically five to ten neighbors), regardless of the overall swarm size. Hardware acceleration
further enables real-time deployment on resource-constrained platforms [19].

Planning and tracking are not independent: the proximity graphs used for collision-
free planning are the same structures that, once targets are added as nodes, support the
cooperative tracking discussed next.

3.2. Collaborative Target Monitoring and Surveillance

Multi-UAV tracking leverages spatial diversity to improve localization accuracy and
maintain persistent surveillance coverage [42-45].

3.2.1. Multi-Target Tracking

Heterogeneous Graphs: Tracking frameworks often model heterogeneous graphs con-
taining multiple node types (UAVs, targets, and observations) and edge types (observation,
communication, and temporal relationships), enabling integrated data association and
estimation [42].

Cross-Attention Fusion: Attention-based mechanisms adaptively weight sensor mea-
surements according to sensing quality and spatial geometry [44,100].

Vision—-GNN Integration: Recent work has explored integrating visual perception
with graph neural networks, where object-level features extracted from onboard cameras
are represented as scene graphs for decision-making. Such vision-GNN pipelines enable
obstacle-aware navigation and improve robustness in complex and dynamic environments.
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Belief Propagation: Graph neural networks can perform approximate belief prop-
agation to jointly solve estimation and coordination problems in distributed tracking
systems [43,45].

3.2.2. Search and Surveillance

MARL for Search: Graph-based multi-agent reinforcement learning (MARL) ap-
proaches learn coordinated search policies that balance exploration and coverage [101,124].
Local GNN interaction rules can produce emergent behaviors such as region partitioning
and cooperative target handoffs [124].

Long-Duration Monitoring: Temporal and graph-based methods can support persis-
tent monitoring by modeling evolving relationships among UAVs, targets, and observed
regions over time. UAV-based monitoring applications have been widely studied in en-
vironmental sensing and long-duration missions [125]. In addition, UAV swarm com-
munication studies highlight the importance of UAV-to-UAV communication, FANET
coordination, distributed decision-making, and reliable communication architectures for
persistent multi-UAV operation [102]. However, these works focus on monitoring applica-
tions and swarm communication/control architectures rather than dynamic GNN-based
monitoring methods. Therefore, dynamic GNN-based long-duration monitoring remains
an open research direction.

UAV Detection and Classification: Recent research has explored graph-based learning
for UAV detection and classification using external sensing modalities such as radar, radio
frequency (RF), and acoustic signals. By modeling sensor observations and inter-sensor
relationships as graphs, GNN-based approaches enable robust detection, classification, and
tracking of UAVs in complex and noisy environments.

3.3. Communication-Aware Graph Modeling

UAV communication networks must handle dynamically changing topologies, time-
varying channels, interference management, and strict latency requirements [15-17].

GNN and MARL for UAV Communication Networks: In UAV-assisted communica-
tion networks, recent research has explored the integration of multi-agent reinforcement
learning (MARL) and graph-based learning to address large-scale coordination challenges.
A notable direction involves combining MARL with knowledge distillation from large lan-
guage models (LLMs) to enhance decision-making efficiency and scalability in multi-UAV
networking scenarios [126]. These hybrid frameworks leverage high-level guidance during
training while maintaining decentralized execution, resulting in improved communication
coverage, network robustness, and adaptability in highly dynamic environments.

FANET Optimization: GNN-based approaches jointly optimize UAV trajectories and
network topology to maintain connectivity in flying ad hoc networks (FANETSs) [26,46].
Such systems can detect performance degradation and autonomously trigger network
reconfiguration [47]. Learned GNN policies also support predictive caching and resource
provisioning in UAV-assisted networks [48].

Resource Allocation: Graph-based models represent wireless interference relationships
to optimize power allocation and spectrum usage [96,97]. Knowledge graph completion
techniques can infer missing channel information [127]. GNN-based frameworks also
balance computation and communication costs during task offloading in edge-computing
environments [128].

Routing and Network Design: GNN-enabled routing algorithms determine optimal
forwarding strategies based on network topology and traffic patterns [129]. Enhanced
models incorporate link-quality metrics in addition to geometric connectivity [21]. Cross-
layer frameworks jointly optimize decisions across physical, MAC, and network layers [22].
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Bipartite graph formulations have also been applied to optimal UAV placement for com-
munication coverage [130,131].

The communication graphs discussed above are largely static snapshots. When the
evolution of these graphs over time becomes the primary quantity of interest, the spatio-
temporal models discussed in the next subsection become more appropriate.

3.4. Spatio-Temporal GNNs for Air Traffic

As UAV traffic density increases, reliable traffic prediction and conflict detection
become critical challenges [49,50,132,133].

Trajectory Prediction: Spatio-temporal graph neural networks (ST-GNNs) capture
spatial dependencies and temporal dynamics in trajectory data [132]. Multi-modal systems
combine radar observations, flight plans, and meteorological data to improve prediction
accuracy [50]. Airspace complexity metrics account for both velocity dynamics and interac-
tion patterns among aircraft [50].

Large-Scale Predictions: Spatio-temporal models enable large-scale prediction of traffic
flow and density patterns [64,133]. Federated learning frameworks allow collaborative
model training across distributed systems while preserving data privacy [49]. Hierarchi-
cal architectures capture multi-resolution temporal dynamics. Similar techniques have
also been applied to terrestrial transportation networks and intelligent urban environ-
ments [134].

However, it is important to note that many existing spatio-temporal GNN models are
validated on terrestrial transportation datasets, and there remains a lack of standardized
large-scale UAV air traffic datasets for direct evaluation.

It should be noted that the traffic prediction studies summarized here are based on
diverse datasets and evaluation settings, and therefore provide qualitative guidance rather
than direct quantitative comparison across UAV-specific benchmarks.

Unlike a single empirical comparison, Table 6 synthesizes trends across multiple
studies to provide evidence-informed guidelines for model selection. It highlights that
architecture choice is inherently application-dependent, requiring alignment with system
scale, communication dynamics, and computational constraints rather than relying on a
universally optimal model.

Table 6. Synthesized GNN Architecture-Selection Guidelines by Application Domain. Individual
recommendations originate from cited primary sources; the contribution lies in unified cross-domain
organization enabling systematic architecture comparison.

Application Domain Primary Challenge ?:;‘;ﬁl:;ended GNN Architectural Rationale Key References
Permutation equivariance

Trajectory Planning Scalable coordination GCN, GraphSAGE + RL supports con51stent‘node—level [28,38-41]
policies across varying swarm
sizes
Attention weights observations

. . . GAT, Heterogeneous by quality; heterogeneous )

Target Tracking Multi-sensor fusion CNN structure represents UAV-target [42-45,100]
relationships
Handles rapid connectivity

FANET Routing Topology adaptation Dynamic GNN, GCN changes and learns routing [21-23,47,129]
policies from traffic patterns
Interference graph structure

Spectrum Management Interference mitigation GCN, Graph RL directly informs power/channel [96,97,127,128]

optimization
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Table 6. Cont.
Application Domain Primary Challenge E:I;Oi;?gended GNN Architectural Rationale Key References
Local computation with
Swarm Coordination Distributed consensus GCN, Dynamic GNN message passing enables [27,28,53,102,103]
distributed execution
. 5 Joint spatial-temporal modeling
Traffic Prediction Spatio t.emporal ST-GNN, Temporal captures coordination dynamics [49,50,132,133]
forecasting GNN .
and motion patterns
Combinatorial Learns assignment heuristics;
Task Allocation O GNN + RL, GraphSAGE  inductive learning handles [104-108]
optimization

Search & Surveillance

Exploration-exploitation =~ MARL + GNN

variable task/UAV counts
Multi-agent learning discovers

coordinated search strategies [98,101,124,125]

3.5. Patterns of Research and Cross-Cutting Themes

The application landscape reveals several recurring themes that extend beyond indi-
vidual domains. These themes influence both research directions and practical deployment
strategies in multi-UAV systems [14,27,28,56].

Architecture-Application Matching: Different GNN architectures are better suited
to particular UAV tasks. Graph attention networks are effective when dynamic neighbor
weighting is required [58,135]. This is especially relevant in target tracking scenarios with
heterogeneous sensor quality [42—45]. It is also useful in heterogeneous UAV swarms with
varying capabilities [28,136]. When spatial coordination and temporal dynamics must be
modeled jointly, spatio-temporal architectures become important for UAV trajectory pre-
diction, airspace monitoring, and coordinated motion analysis [49,50,63]. Recent airspace
complexity prediction studies further demonstrate that multimodal spatio-temporal graph
neural networks can effectively capture coupled spatial interactions and temporal evolution
in large-scale airspace systems [50]. These models are particularly useful for airspace traffic
prediction, trajectory forecasting, and airspace management [50,64,132,133]. Inductive
learning approaches such as GraphSAGE enable generalization across varying swarm
sizes [33,60]. This capability is important for scalable swarm coordination and dynamic
task allocation [27,28,104-107].

Read together, these studies trace a single research trajectory rather than a collection
of isolated results. Early work established that graph structure improves coordination
relative to non-relational baselines; later work shifted the question from whether GNNs
help to which architecture performs best under specific constraints, with attention-based
models excelling when link quality varies and sampling-based models performing better
when swarm size changes. The remaining disagreement in the literature is therefore not
about the value of graph structure, but about which inductive bias best matches a given
operating condition.

Hybrid Learning-Optimization Paradigms: Practical implementations increasingly
adopt hybrid frameworks that integrate learned models with classical optimization strate-
gies [41,137-140]. Pure learning approaches offer flexibility and computational effi-
ciency [14,56]. However, they may struggle to enforce strict safety constraints [29,38,40].
Conversely, purely optimization-based methods can become computationally prohibitive
as graph size increases. Large-scale GNN systems provide transferable background on
graph partitioning, caching, and scalable training, although they are not direct UAV de-
ployment evidence [36,141,142]. Hybrid approaches use GNNs to provide learned priors,
heuristics, or warm-start solutions for optimization solvers [35,41,138-140]. This combina-
tion improves both efficiency and reliability, which is important for safety-critical aerial
operations [29,38—40,55].

https://doi.org/10.3390/drones10070548


https://doi.org/10.3390/drones10070548

Drones 2026, 10, 548

23 of 51

Distributed Implementation Patterns: A common implementation paradigm relies
on distributed computation. In this setting, each UAV processes only locally available
information through GNN message passing [27,34,36,47,56]. This approach aligns naturally
with coordination under limited communication conditions [15,16,28,47]. It also supports
onboard computational constraints [19,20,80,111]. Because each UAV performs localized
computation, the per-agent computational cost remains approximately constant as swarm
size increases. This property supports more efficient multi-UAV coordination in UAV-
specific studies [27,28]. General large-scale GNN systems further provide transferable
technical background for distributed graph processing and training scalability [36,141,142].

Integration of Multi-Source Data: Advanced UAV systems often integrate heteroge-
neous data sources. These include optical and LiDAR observations [43-45], communication
metrics such as SINR and latency [15,16,46,47], and mission-level variables such as task
assignments and energy levels [104-107]. Heterogeneous graph representations support
diverse node types, including UAVs, targets, tasks, and ground stations [58,136]. They
also represent multiple edge types, such as communication links, observations, and task
dependencies. This structure enables unified reasoning across complex multi-modal UAV
environments [43-45,58,136].

Transfer Learning and Generalization: A key advantage of GNN-based methods
is their ability to generalize across different swarm sizes, environmental conditions, and
mission types [27,28,33,60,104-106]. In some cases, learned representations can also transfer
across application domains [14,56]. For example, trajectory-planning models may inform
tracking applications [42—-45]. Similarly, communication-optimization methods can be
adapted for routing or coverage problems [15,16,46,47,131]. Such transfer can reduce
development time and improve system robustness [33,60].

Scalability via Graph Structure: The inherent sparsity of graph-based representations
provides strong scalability benefits [14,56]. Unlike fully connected neural networks, GNNs
operate on sparse interaction graphs. In these graphs, nodes communicate primarily with
local neighbors [14,27,28,47]. This sparsity reduces computational complexity and supports
distributed implementation [34,36,142]. As a result, UAV-specific studies suggest improved
scalability for multi-agent coordination [27,28].

Scalability mechanisms borrowed from general-purpose GNN systems do not transfer
directly to UAV environments; Section 5.1 analyzes these discrepancies and their bottlenecks
in detail.

Overall, these patterns highlight that graph neural networks provide a unified model-
ing framework for multi-UAV systems. They enable decentralized coordination, efficient
representation of local interactions, and integration of heterogeneous data sources. These
properties make GNNs particularly suitable for large-scale swarm systems where central-
ized control becomes impractical.

Taken together, these cross-cutting patterns show that GNN-based UAV research
is moving from isolated task-specific models toward more integrated design principles.
Section 3.6 builds on these observations by comparing the strengths and weaknesses of
major GNN families across UAV system requirements.

3.6. Comparative Analysis of GNN Approaches in UAV Systems

Building on the cross-cutting patterns identified in Section 3.5, this subsection com-
pares major GNN architecture families from a model-selection perspective, focusing on
scalability, adaptability, computational feasibility, and real-world applicability.

Convolutional GNNs (GCN, GraphSAGE): Convolution-based models such as GCN
and GraphSAGE are widely adopted due to their scalability and efficient localized mes-
sage passing [14,33]. These architectures support decentralized coordination and enable

https://doi.org/10.3390/drones10070548


https://doi.org/10.3390/drones10070548

Drones 2026, 10, 548

24 of 51

generalization across varying swarm sizes, making them suitable for large-scale UAV
systems [27,28]. This design emphasizes efficiency and robustness, though it is less expres-
sive in highly heterogeneous environments where node importance varies dynamically.

Attentional GNNs (GAT, HAN): Attention-based models introduce adaptive weight-
ing mechanisms that allow UAVs to prioritize more informative neighbors [57,58]. This
improves performance in scenarios with heterogeneous sensing quality or asymmetric
communication. These models offer enhanced flexibility, although they typically incur
higher computational cost compared to convolutional approaches [135].

Sampling-Based GNNs: Sampling-based methods, such as Cluster-GCN and adaptive
neighborhood sampling, improve scalability by reducing the computational burden of
message passing [56,143,144]. These approaches are particularly effective for large-scale
graphs, although sampling strategies may introduce approximation effects depending on
the application context.

Spatio-Temporal and Dynamic GNNSs: Spatio-temporal and dynamic GNNs extend
graph learning to time-varying systems by modeling evolving node interactions and tem-
poral dependencies [67,68,70]. These architectures are well suited for trajectory prediction,
airspace monitoring, and adaptive coordination tasks [50,132]. Their effectiveness depends
on the availability of consistent temporal data and stable communication patterns.

Distributed and Federated GNNs: Distributed and federated learning frameworks
align naturally with decentralized UAV systems by enabling collaborative model training
without centralized data aggregation [20,71,73]. These approaches improve scalability
and data privacy while introducing additional considerations related to communication
efficiency and synchronization [34].

Resource-Efficient GNNs: Resource-efficient GNNs focus on lightweight architectures,
quantization, and model compression techniques to enable deployment on embedded UAV
platforms [19,111]. These methods improve real-time feasibility, though they require careful
balancing between computational efficiency and model expressiveness.

Key Insight: No single GNN architecture is universally optimal for UAV systems.
Convolutional models provide scalability, attention-based models improve adaptability,
and dynamic architectures capture temporal evolution. Resource-efficient variants enhance
deployment feasibility on constrained hardware platforms.

To complement the application-level comparison above, Table 7 summarizes the com-
putational and deployment tradeoffs across major GNN architecture families, focusing on
asymptotic computational complexity, scalability, communication overhead, and onboard
resource requirements relevant to UAV systems.

Table 7. Computational cost and deployment profile of major GNN architecture families for UAV

systems.
Architecture Family ~ Per-Layer Computational Cost Scalability to Large Swarms Comm. Overhead (Decentralized) Onboard Memory/Energy
GCN O(JE[F +|V|F?) mg)ierate (full-graph, transduc- Low (1-hop exchange) Low-Moderate
High (inductive;  sampling
2
GraphSAGE O(|V]-S-F+|V|F?) bounds cost) Low Low
GAT O(|V|FF' + |E|F") 1S\;It(})]c)1erate (grows with edge den- g/lllctxg)erate (extra cost mainly com- Moderate
2 .
Spatio-Temporal O(T(|E|F + |V|F?)) + temporal =~ Moderate (temporal window Moderate High
module multiplies cost)
Distributed Ei;ggig:f endent + synchro- High (designed for scale) High (gradient/embedding sync) Moderate
Resource-Efficient Reduced ~ 4x at 8-bit High Low Very Low

Note: F = feature dimension, F’ = output dimension, S = neighbors sampled per layer, and T = time steps. Costs
are asymptotic per-layer profiles synthesized from cited architecture papers (GCN: [14]; GAT: [57], which reports
GAT complexity is comparable to GCN), rather than measured benchmark runtimes.
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The selection of an appropriate model therefore depends on task requirements, com-
munication conditions, and computational constraints. These comparative insights provide
a foundation for understanding broader system-level challenges, which are discussed in
Section 5.

3.7. Quantitative and Qualitative Performance Summary

To provide a structured perspective on the effectiveness of graph neural network
(GNN)-based approaches in UAV and multi-agent systems, Table 8 presents a consolidated
performance summary of representative studies published between 2018 and 2025. Only
studies that explicitly employ GNN-based or graph-learning architectures in UAV or closely
related multi-agent robotic contexts are included. Non-GNN works, general surveys, and
purely road-traffic prediction benchmarks are excluded to ensure domain relevance and
avoid misleading comparisons.

The studies included in Table 8 are selected as representative examples that report
explicit quantitative performance metrics across different UAV application domains. The
reported results illustrate performance across diverse applications, including trajectory
planning, target tracking, communication optimization, task allocation, visual tracking,
and swarm coordination.

However, datasets, simulation environments, evaluation protocols, and performance
metrics vary significantly across studies. As a result, the values presented in Table 8
should be interpreted as a descriptive synthesis rather than a standardized benchmark.
Direct numerical ranking of methods may be misleading because metrics such as success
rate, collision rate, HOTA, MOTA, FPS, throughput improvement, and connectivity score
measure different task objectives.

Despite these differences, several trends can be observed. GNN-based methods inte-
grated with reinforcement learning demonstrate strong performance in decentralized coor-
dination tasks, particularly in navigation, task allocation, and communication scheduling.
Attention-based architectures show competitive results in perception-driven applications
such as multi-object tracking and visual tracking, while spatio-temporal and hybrid models
are particularly effective in dynamic environments requiring predictive capabilities.

At the same time, a notable portion of the literature reports qualitative or relative
improvements without standardized numerical metrics. This reflects the early-stage na-
ture of benchmarking in GNN-enabled UAV systems and highlights the need for unified
evaluation protocols. Furthermore, most results are obtained in simulation environments,
indicating that large-scale real-world validation remains an open challenge.

Overall, the available evidence supports the effectiveness of GNN-based approaches
for multi-UAV intelligence while also emphasizing the importance of standardized bench-
marks and deployment-oriented evaluation in future research.

Table 8 present representative studies selected from the 196 included works using the
following criteria: (i) the study applies a GNN-based method to a UAV or closely related
multi-agent task; (ii) its application falls within one of the four surveyed domains; and
(iii) collectively the selected studies span all four domains and the main GNN families.
Studies that report at least one numerical performance value are summarized quantitatively
in Table 8.

Table 9 reframes the available evidence using relative change over a defined baseline,
which provides a more comparable view than raw absolute values across heterogeneous
metrics. Two patterns appear. First, the magnitude of improvement depends strongly on
the baseline. Yang et al. [41] report a 44.0% gain in success rate over I-PPO, but a smaller
15.4% gain over the stronger MADDPG baseline in Scenario A. In the high-density scenario,
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the same study reports a larger relative improvement over representative MARL baselines,
with a 78.0% success-rate improvement and a 73% collision-rate reduction.

Table 8. Quantitative performance summary of GNN-based UAV and multi-agent systems
(2018-2025).

Reference Year Application Dataset GNN Model Task Metric Reported
Area Performance
. . . . Success
Yang Trajectory Simulation (obstacle Multi-UAV . 94.2% success;
et al. [41] 2025 planning environment) GEN+PPO navigation rate/rCa?thwn 5.1% collision
Yang OmniDrones Scalable 27.9%
2025 Navigation . . Graph RL S Task efficiency improvement
etal. [115] (simulation) coordination .
over baseline
Simulation Dynamic
Jietal. [123] 2025  Path planning (dynamic UAV GNN + U-Net  trajectory Success rate 92.8% success
environment) generation
Qian . . GAT-based Multi-object 51.34% HOTA;
etal. [44] 2025 Target tracking VisDrone, UAVDT model tracking HOTA /MOTA 50.47% MOTA
GNN- .
Xue . . Real-world + Small-object
et al. [100] 2023 Visual tracking benchmark datasets enhanced tracking FPS 72.5 FPS
model
- Simulation o
Hu ) 2025 Dec1§10n- (multi-agent GNN + MARL uav . Effectiveness 97.4 /0.
et al. [145] making . confrontation effectiveness
environment)
Ren Communication  Simulation Data - .11 o
2023 . Graph RL transmission Throughput improvement
et al. [146] scheduling (network topology) scheduling over baseline
Mou 2022 Communication  Simulation GCN Connectivity Connectivity 0.311 vs. 0.077
et al. [47] resilience (network graph) maintenance (Jeo) baseline
Note: Reported performance values are task-specific and derived from different datasets, simulation
settings, baselines, and evaluation metrics. Therefore, this table provides a descriptive synthesis
rather than a standardized benchmark or cross-domain ranking.
Table 9. Relative performance changes reported or computable from representative GNN-based
UAV studies.
Study Domain GNN Method Baseline Relative Performance Change
. . . +44.0% success rate, computed from
Yang et al. [41] Trajectory planning, Scenario A GNN-PPO I-PPO 94.2% vs. 65.4%
Yang et al. [41] Trajectory planning, Scenario A GNN-PPO MADDPG +15'§ * succesos rate, computed from
94.2% vs. 81.6%
Traiectory plannin Representative +78.0% success-rate improvement,
Yang et al. [41] P B GNN-PPO MARL basoling computed from 85.8% vs. 48.2%; 73%
& Y collision-rate reduction as reported
- Multi-UAV navigation, MASP, graph-based . 27.9% fewer steps, computed from
Yangetal- TH5] 5 hiDrones-20 HRL (F)Voronoi 315.31 vs. 437.43
. 18.0-19.1% fewer steps, computed from
Yangetal. [115]  Multi-UAV navigation, MPE-50 EI‘?LSP graph-based Ei‘;ﬁfegs'based 47.46 vs. 57.88 ((H)Voronoi) and
58.68 ((H)RRT*) )
Ground-to-air heterogeneous AGUZero, Reported baseline +11.03% and +10.35% transmission-ratio
Ren et al. [146] d . attention-based . .
ata communication graph RL models improvement in two reported cases
CEN, strongest
Mou et al. [47] Communication resilience under CR-MGCM, Eg;g;zizsiite din +55.5% connected time-step ratio J,
’ general UEDs GCN-based Figure 16 01; Mou computed from 0.311 vs. 0.200
etal. [47]

Note: Relative performance changes are computed from reported values in the cited studies whenever
a defined baseline is available. Because datasets, environments, metrics, and baseline choices differ
across studies, these comparisons provide indicative evidence rather than a standardized benchmark.
RRT* denotes the Rapidly-exploring Random Tree Star algorithm.

Second, gains are largest in structured coordination and communication tasks, where

relational structure is explicit. For example, Mou et al. [47] report a connected time-step
ratio of 0.311 for the GCN-based CR-MGCM method, compared with 0.200 for the strongest
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non-proposed baseline in the same setting. However, the comparison also shows that the
apparent improvement depends strongly on which baseline is selected; using the HERO
baseline instead gives 0.311 versus 0.077.

Across the fourteen representative studies examined, only four (28.6%) report or
permit computation of a relative improvement against a defined baseline, and four (28.6%)
report absolute metrics without a baseline; these eight studies with numerical results appear
in Table 8. The remaining six (42.9%) report no quantitative performance value and are
summarized qualitatively in Table 10. This distribution is itself a finding: the GNN-for-
UAV literature currently lacks shared baselines and standardized reporting, which limits
reproducibility and makes meta-analysis across studies difficult. Studies that do not report
quantitative performance values are summarized qualitatively in Table 10.

Because the studies summarized in Table 8 report heterogeneous metrics across dif-
ferent datasets and application domains, direct numerical ranking may be misleading.
Therefore, Table 10 presents a qualitative summary by application domain, model family,
evaluation focus, and evidence type rather than comparing raw performance values.

Table 10. Qualitative summary of representative GNN-based UAV and multi-agent studies by
application domain, model family, evaluation focus, and evidence type.

Application Domain

Trajectory Planning
Target Tracking
Communication/FANET

Task Allocation

Visual Tracking and Perception
Fault and Anomaly Detection

Swarm Coordination

Model Family Evaluation Focus Evidence Type
GCN + RL/Graph RL Nav1gat19n efﬁgency, colhsl(.)n avoidance, Simulation
cooperative trajectory planning
GAT/Cross-Attention HOTA, MOTA, IDF], tracking consistency =~ UAV benchmarks
GCN/Graph Connectivity, robustness, throughput, Simulation
RL/Meta-learning/GNN + SAC secure communication [147]
GNN + PPO/CTDE/MAGNNET/ . . .
Conflict-free assignment, task completion, . .
GCN/Heterogeneous GNN + computation offloading [108,136,148] Simulation
RL/Graph RL P & LOA0
GNN-enhanced visual models FPS, tracking accuracy, small-object Benchmark and
robustness real-world data
ST-GAT /Transformer/Causal GNN Accuracy, AUC, residual-based detection Real UAV flight data
Aggregation GNN/GNN + Coverage control, distributed coordination, . .
Simulation

MAPPO/Decentralized GNN policies  decentralized control [27,35]

Note: This table provides qualitative categorization rather than direct numerical ranking because the
reviewed studies use heterogeneous datasets, metrics, baselines, and evaluation settings. Studies that
do not report quantitative performance values are summarized qualitatively in this table.

Tables 6 and 10 are intended to be read together. Table 6 provides the recommended
architecture for each application domain, while Table 10 records the type of evidence
supporting each recommendation. Read jointly, they show that the recommendations differ
substantially in evidential strength: guidance for trajectory planning and task allocation
rests largely on simulation evidence, guidance for target tracking and visual perception
is supported by benchmark datasets and limited real-world data, and only the real-world
deployment row of Table 10 is supported by physical-robot evidence. Recommendations
supported primarily by simulation should therefore be treated as provisional pending
hardware validation, as discussed in Section 4.6.

Comparative Analysis of GNN-Based UAV Systems: A cross-analysis of the studies
summarized in Tables 6 and 10 reveals several consistent trends regarding the effectiveness
and limitations of GNN-based approaches in UAV and multi-agent systems.

First, GNN-based methods demonstrate clear advantages in decentralized coordina-
tion tasks, particularly when integrated with reinforcement learning frameworks. Hybrid
approaches combining GNNs with multi-agent reinforcement learning paradigms, such
as PPO and centralized training with decentralized execution, are frequently applied to
trajectory planning, task allocation, communication scheduling, and swarm coordination.
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These approaches are effective because graph message passing enables agents to reason
over local interaction structures while supporting scalable decentralized decision-making.

Second, attention-based GNN architectures show strong potential in tasks requiring
adaptive interaction modeling, including target tracking, communication optimization,
and perception-driven decision-making. By dynamically weighting neighboring nodes,
these models improve the ability to prioritize reliable or task-relevant information in par-
tially observable and communication-constrained environments. However, their increased
computational and communication overhead remains an important deployment concern,
especially for dense UAV swarms.

Third, spatio-temporal and hybrid graph models demonstrate strong capability in mon-
itoring and prediction tasks, such as trajectory forecasting, fault detection, anomaly detec-
tion, and UAV health monitoring. These models are particularly useful when both relational
dependencies and temporal evolution must be modeled jointly. However, their effectiveness
depends on the availability of reliable temporal data and sufficient onboard computation.

Despite these advantages, several limitations remain. A large portion of existing
work relies on simulation-based validation, with relatively few studies demonstrating
large-scale real-world deployment. Furthermore, the lack of standardized UAV datasets
and evaluation protocols limits direct comparability across studies. Challenges related
to scalability, communication overhead, robustness under latency and packet loss, and
embedded hardware constraints remain open research problems.

Overall, GNN-based methods provide a powerful and flexible framework for enabling
intelligent, decentralized UAV systems. Future research should focus on bridging the gap
between simulation and real-world deployment, developing standardized benchmarks,
and improving robustness under practical operational constraints.

3.8. Meta-Summary and Cross-Domain Insights

While Table 8 summarizes individual studies, Table 11 provides a higher-level synthe-
sis of GNN-based UAV applications across major domains. This meta-summary highlights
common model families, dataset types, performance trends, and limitations, thereby ad-
dressing the need for a more structured cross-study comparison.

Table 11. Meta-summary of GNN-based UAV applications and performance trends across domains.

Application Domain Typical GNN Model Primary Task Dataset Type Performance Trend Key Limitation
Traiectory Plannin Eel\aIi;\Rigéol\rIcinI}lig Collision-free navigation =~ Predominantly High success rates Limited real-world
) y & Graph RgL) ! and path optimization simulation-based typically above 85-95% safety validation
Graph Attention Lo . UAV benchmarks Improved tracking - .
Target Tracking Networks (GAT), Multi-object tracking (VisDrone, UAVDT)and  accuracy and identity Sensitive to occlusion
H and sensor fusion . . . and noisy observations
eterogeneous GNN simulation consistency
GNN + Multi-Agent Multi-UAV task Simulation High coordination Scalability and
Task Allocation Reinforcement Learning  assignment and environments efficiency often communication
(MARL), CTDE scheduling exceeding 90% overhead
Communication Graph RL, Federated Scheduling, routing,and ~ Simulation and network Improve'zd' throughput, Lack of st'anc.lardlzed
L. GNN, GCN-based . . connectivity, and communication
Optimization resource allocation scenarios
models robustness benchmarks

Swarm Coordination

Anomaly and Fault
Detection

Security and Defense

Decentralized GNN,
GraphSAGE, GNN +
MAPPO
Spatio-temporal GNN
(ST-GNN), GAT +
Transformer

GNN + Reinforcement
Learning, Graph-based
learning

Distributed control,
flocking, and patrolling

Fault detection and
anomaly identification

Attack detection, secure
communication,
recovery

Simulation and limited
real-world robots

Real UAV flight data

Simulation and
graph-based datasets

Strong robustness under
disturbances and failures

High accuracy often
exceeding 96%

Effective detection and
recovery performance

Few large-scale
real-world deployments

Limited availability of
public UAV datasets

Limited adversarial and
real-world validation

The meta-summary in Table 11 provides a higher-level synthesis of model selection
trends across application domains, highlighting how different GNN architectures are pre-
ferred depending on task requirements, whereas spatio-temporal and attention-based
GNNSs are more common in tracking, anomaly detection, and fault diagnosis. Across

https://doi.org/10.3390/drones10070548


https://doi.org/10.3390/drones10070548

Drones 2026, 10, 548

29 of 51

domains, GNN-based methods provide clear benefits when the problem involves relational
structure, dynamic neighborhood interactions, or decentralized decision-making. Neverthe-
less, several limitations remain consistent across the literature, including limited real-world
validation, heterogeneous evaluation protocols, and insufficient reporting of onboard la-
tency, communication cost, and energy consumption. These observations reinforce the need
for standardized UAV-GNN benchmarks and deployment-oriented evaluation criteria.

3.9. Observed Limitations and Inconsistent Performance Trends

While the surveyed studies demonstrate strong performance of GNN-based ap-
proaches across various UAV applications, a closer examination of the literature reveals
several limitations and inconsistencies.

First, as reflected in Table 8, many studies report improvements over baseline meth-
ods without providing standardized or comparable evaluation metrics. In several cases,
performance is reported only in relative terms (e.g., percentage improvement) or using
task-specific metrics, making it difficult to assess whether GNN-based methods consistently
outperform classical approaches across different scenarios.

Second, a number of studies rely on simulation-based environments with controlled
conditions. As discussed in Section 4, these settings often simplify communication dynam-
ics, sensing noise, and environmental uncertainty. As a result, the reported performance
gains may not directly translate to real-world deployments, where traditional rule-based or
optimization-driven methods can exhibit more stable behavior.

Third, the effectiveness of GNN-based models depends heavily on the underlying
graph construction and data quality. In scenarios with sparse communication, noisy
observations, or rapidly changing topology, the advantages of relational learning may be
reduced. This suggests that the performance benefits of GNN5s are not uniform across all
operational conditions.

Finally, the survey indicates that many works focus on demonstrating feasibility
rather than providing rigorous comparisons against strong classical baselines. This limits
the ability to draw definitive conclusions about the relative advantages of GNN-based
approaches in all UAV applications.

These observations highlight the need for more standardized benchmarking, real-
world validation, and systematic comparison with classical methods to fully establish the
practical benefits of GNN-based UAV intelligence. In certain scenarios, particularly under
strict safety, latency, or resource constraints, simpler optimization-based or rule-based
methods may provide more reliable and stable performance than GNN-based approaches.

4. Limitations of Current GNN-Based UAV Approaches

This section critically assesses the limitations of current GNN-based UAV approaches,
focusing on methodological constraints, deployment challenges, evaluation gaps, and the
transition from simulation to real-world implementation. Although existing studies show
promising results across trajectory planning, communication optimization, task allocation,
target tracking, anomaly detection, and swarm coordination, practical adoption remains
constrained by scalability, communication reliability, computational cost, benchmark incon-
sistency, and limited safety assurance.

The preceding section established where GNNs help and by how much; this section
turns to where they fall short, organized by architecture family so that each limitation can
be traced to a specific mechanism.
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4.1. Limitations of Convolutional GNNs

Convolutional GNN, including GCN and GraphSAGE, rely on neighborhood aggre-
gation to propagate information across graph-structured systems [14,33]. While effective
for relational representation learning, this mechanism can become restrictive in UAV net-
works where node interactions are dynamic, heterogeneous, and mission-dependent. In
multi-UAV systems, communication quality, spatial proximity, node mobility, and task
relevance vary over time, making fixed or weakly adaptive aggregation insufficient to
capture critical dependencies.

A key limitation is over-smoothing, where repeated aggregation across multiple layers
causes node representations to become increasingly similar. This creates problems for
UAV swarms because multi-hop coordination requires information propagation across the
network while decentralized decision-making still requires each UAV to preserve distinct
local context. Moreover, convolutional GNNs are often developed under relatively stable
graph assumptions, whereas UAV networks frequently experience topology changes due
to mobility, link disruption, obstacle blockage, and mission-dependent formation changes.
As a result, purely convolutional models may struggle to maintain robust performance in
real-time UAV operations.

4.2. Limitations of Attention-Based GNNs

Attention-based GNNs, such as Graph Attention Networks, improve upon fixed ag-
gregation by assigning adaptive weights to neighboring nodes [57,135]. This is useful in
UAV systems because different neighbors may contribute unequally to routing, collision
avoidance, sensing, relay selection, or cooperative tracking. However, attention mecha-
nisms introduce additional computational and communication overhead because attention
scores must be computed over graph edges.

This limitation becomes more significant in dense UAV swarms, where the number
of communication links can grow rapidly. For time-sensitive UAV tasks such as colli-
sion avoidance, formation control, and cooperative navigation, additional processing and
message-passing overhead can reduce operational reliability. Attention-based GNNs also
assume that messages from neighboring UAVs are available in a timely and reliable man-
ner. In practical FANETSs, links may be affected by fading, interference, message loss, and
asynchronous communication. Under such conditions, learned attention weights may no
longer represent the actual system state, reducing coordination quality. Wireless-aware
GNN research highlights the need to explicitly account for channel impairments rather
than assuming ideal message exchange [34].

4.3. Limitations of Spatio-Temporal and Dynamic GNNs

Spatio-temporal GNNs extend graph learning by modeling both relational structure
and temporal evolution. In UAV and aviation contexts, these models support trajectory pre-
diction, airspace complexity modeling, and dynamic monitoring applications [50,61]. How-
ever, they depend strongly on consistent temporal observations and reliable historical data.

In UAV systems, temporal data may be incomplete or noisy due to sensor faults,
occlusions, communication interruptions, localization errors, or environmental distur-
bances. Missing, delayed, or noisy observations can reduce prediction reliability, especially
in safety-critical applications such as collision avoidance and cooperative maneuvering.
Dynamic graph models also require frequent graph updates to represent changing UAV
positions, communication links, and task relationships. These updates introduce additional
computational overhead and may be difficult to perform onboard resource-constrained
UAVs in real time.
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4.4. Limitations of Distributed and Resource-Efficient GNNs

Distributed and resource-efficient GNNs are increasingly important for UAV systems
because onboard platforms have limited computation, memory, energy, and communication
bandwidth. Distributed GNN training systems and sampling-based methods can improve
scalability, but many such methods are developed for general large-scale graph workloads
rather than UAV-specific deployment [36,37,149].

Resource-efficient techniques such as quantization, pruning, knowledge distillation,
and hardware acceleration can reduce computation and memory requirements [81-84].
However, these methods may introduce information loss or reduce model expressiveness
when compression is aggressive. For UAV applications, this creates a trade-off between
inference efficiency and mission-level reliability. Lightweight models may be suitable for
onboard deployment, but they must still preserve sufficient relational reasoning capacity
for navigation, tracking, communication recovery, and safety-critical decision-making.

4.5. Benchmark and Evaluation Limitations

A major limitation in the current literature is the lack of standardized benchmarks
for GNN-based UAV systems. Existing studies use different simulators, datasets, assump-
tions, graph construction strategies, communication models, and evaluation metrics. Some
studies assume ideal communication and full observability, while others consider dy-
namic topology, partial observability, or communication constraints. This makes direct
comparison difficult.

Evaluation metrics also vary across studies, including success rate, collision rate, en-
ergy consumption, latency, throughput, robustness, tracking accuracy, and task completion
efficiency. Without unified benchmark datasets and evaluation protocols, reported improve-
ments may not generalize across UAV platforms, swarm sizes, communication conditions,
or mission scenarios. This limitation reduces reproducibility and makes it difficult to
identify which GNN architectures are most suitable for specific UAV applications.

4.6. Simulation-to-Real Gap and Deployment Challenges

Many GNN-based UAV methods are evaluated primarily in simulation. Simulated
environments often simplify communication, sensing, synchronization, localization, and
actuation. Real-world UAV deployments, however, involve asynchronous communication,
unreliable wireless links, hardware limitations, sensor noise, localization drift, battery
constraints, and environmental uncertainty.

The simulation-to-real gap is especially important for decentralized GNN policies.
Real-world multi-robot deployment studies show that decentralized execution requires
handling message delays, dropped communication, asynchronous updates, and ad hoc net-
working constraints [150]. These factors can disrupt message passing and lead to behavior
that differs from simulation-trained policies. Therefore, UAV-GNN research needs more
real-world testbeds, hardware-in-the-loop experiments, and deployment-aware evaluation.

Because so few studies evaluate the same model in both simulation and real-world
settings, simulation results should be read as indicative rather than predictive: they do not
always reliably reflect the effectiveness of a method under real-world deployment. The gap
is not uniform across tasks or architectures. It is likely widest for methods that depend
on dense and timely message passing, such as attention-based coordination and spatio-
temporal prediction, because real FANET links introduce latency, packet loss, jitter, and
intermittent connectivity. It is comparatively narrower for methods that already assume
local, sparse, or asynchronous communication, such as sampling-based and distributed
GNN designs. A practical consequence is that an architecture that appears less accurate
in idealized simulation, for example one using sparse aggregation, may prove more ro-
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bust under deployment conditions. Closing this gap requires shared hardware testbeds,
hardware-in-the-loop validation, and a reporting convention in which communication
models, latency assumptions, packet-loss rates, localization errors, onboard compute limits,
and energy constraints are stated explicitly.

4.7. Safety and Reliability Limitations

Safety remains one of the most critical limitations of GNN-based UAV systems. Many
current methods use data-driven learning or reinforcement learning without providing
formal guarantees for collision avoidance, stability, constraint satisfaction, or worst-case
behavior. This is problematic for safety-critical UAV applications such as airspace manage-
ment, infrastructure inspection, disaster response, and swarm navigation.

Learned policies may also behave unpredictably outside their training distribution.
Dynamic environments, adversarial conditions, sensor failures, or unexpected topology
changes can expose weaknesses that were not observed during training. Recent work
on causal GNNs, UAV fault detection, anomalous drone detection, and robust swarm
communication suggests promising directions for improving reliability, interpretability,
and resilience [151-155]. However, formal verification, safety-aware learning, and certified
deployment frameworks remain underdeveloped.

4.8. Summary of Limitations

In summary, GNN-based UAV systems face several unresolved limitations. Con-
volutional GNNs may suffer from over-smoothing and limited adaptability to dynamic
topology. Attention-based GNNs improve adaptive aggregation but introduce computa-
tional and communication overhead. Spatio-temporal and dynamic GNNs are powerful
for modeling temporal evolution but remain sensitive to missing, delayed, or noisy data.
Distributed and resource-efficient methods improve scalability but introduce trade-offs
between efficiency and model fidelity. In addition, the lack of standardized benchmarks,
the simulation-to-real gap, and the absence of formal safety guarantees limit real-world
adoption. Addressing these challenges is essential for developing reliable, scalable, and
safety-aware GNN-enabled UAV intelligence.

5. Challenges in GNN-Based UAV Systems

Whereas Section 4 examined the limitations specific to each GNN architecture family,
this section turns to the system-level challenges that arise when GNN-based methods
move from controlled simulation to real UAV deployment. To avoid overlap, neither the
architecture-specific limitations of Section 4 nor the architecture comparisons of Section 3.5
and Section 3.6 are repeated here; both are referenced only where a deployment challenge
follows directly from them.

Although graph neural networks provide a powerful framework for modeling rela-
tional interactions in UAV systems, addressing the limitations identified in the previous
section introduces several non-trivial technical challenges. In particular, scalability in large
UAV swarms, dynamic topology adaptation, and strict onboard resource constraints pose
fundamental obstacles to real-time deployment.

5.1. Scalability Challenges in Large-Scale UAV Networks

When deploying GNNs across large UAV swarms, scalability is a critical concern. As
the network grows, computational, communication, and training costs increase substantially.
The main bottleneck is that scalability in UAV systems is not only a graph-size prob-
lem; it is also a mobility, communication, and embedded-computation problem. General
distributed GNN frameworks typically optimize throughput for large but relatively stable
graphs, whereas UAV networks require inference and coordination under continuously
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changing topology, intermittent FANET connectivity, limited onboard memory, constrained
battery energy, and real-time control deadlines. Sampling-based scalability methods re-
duce neighborhood size, but if sampling ignores wireless link quality, mission relevance,
or safety-critical neighbors, it may remove exactly the information needed for collision
avoidance, connectivity preservation, or cooperative tracking. These differences indicate
that UAV-oriented scalable GNN design must jointly consider graph sparsification, com-
munication reliability, onboard computation, and mission-level safety rather than adopting
general large-scale GNN systems directly.

Distributed GNN Training: Training GNNs on large-scale networks typically requires
partitioning graphs into smaller subgraphs that can be processed independently while
minimizing communication overhead between partitions [36,67,156]. In UAV networks,
spatial locality naturally supports such partitioning since UAVs located near each other
form dense local subgraphs. However, high mobility introduces frequent topology changes
that require dynamic repartitioning to maintain balanced workloads while minimizing
data movement [157]. Distributed frameworks such as DistDGL enable mini-batch training
on billion-scale graphs through static partitioning and optimized inter-machine communi-
cation [36]. Unlike static data-center environments, UAV networks require mobility-aware
partitioning and adaptive load-balancing mechanisms to maintain communication effi-
ciency [1]. Over-the-air aggregation techniques further reduce communication overhead by
performing analog gradient aggregation directly within wireless channels [37].

Scalable Training Techniques: Full-batch GNN training requires aggregating informa-
tion from all k-hop neighbors, which leads to exponential neighborhood growth. Neighbor
sampling techniques mitigate this problem by randomly selecting fixed-size neighbor sub-
sets at each layer, reducing computational complexity from exponential to constant per
node [143]. Importance sampling further prioritizes neighbors with stronger communica-
tion links or greater task relevance [149]. Layer-wise sampling and precomputation strate-
gies reduce computational overhead by caching intermediate representations [141,142].
These large-scale GNN training methods demonstrate transferable scalability principles
for handling large graph data, but they are not direct evidence of UAV network deploy-
ment [144]. Therefore, their relevance to UAV systems should be interpreted as technical
background for scalable graph learning rather than as validated UAV-specific performance.

Resource-Communication Trade-offs: Distributed training introduces fundamental
trade-offs between local computation and communication [158]. In bandwidth-limited
UAV networks, similar resource-communication trade-offs are expected, but large-scale
GNN training studies should be treated as transferable background rather than direct
UAV deployment evidence. Gradient compression techniques, including quantization
and sparsification, significantly reduce bandwidth requirements [157]. Adaptive strategies
dynamically balance these trade-offs according to network conditions [67,156].

DistDGL [36] partitions a static graph for distributed training, and EvolveGCN [67]
models temporal evolution over synchronized, complete graph snapshots; in a UAV swarm,
the partition is invalidated by mobility, and the snapshots cannot be assembled under
intermittent, partially observed FANET links.

Current efforts to bridge this gap remain partial and are largely validated in simulation
rather than benchmarked against the general frameworks they adapt, but they indicate
several promising directions. UAV-specific studies increasingly favor localized message
passing, sparse neighbor selection, and decentralized execution to avoid dependence on
global graph knowledge. Federated and distributed learning approaches reduce raw-
data sharing and improve privacy, but they still require communication-efficient update
mechanisms to operate under FANET constraints. Over-the-air aggregation offers one
possible direction by exploiting wireless superposition to reduce gradient-aggregation
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overhead, while lightweight and resource-efficient GNN designs address onboard SWaP-C
limitations through quantization, pruning, distillation, and shallow architectures.

Dynamic and temporal GNN methods also help address topology variation, but their
practical use requires event-triggered updates and latency-aware message passing. Overall,
the literature is moving from simply borrowing general scalable GNN techniques toward
UAV-aware designs that combine sparse local aggregation, communication-aware learning,
dynamic graph adaptation, and hardware-conscious model compression.

Even so, no existing framework jointly satisfies the graph-stability, communication,
computation, synchronization, and evaluation requirements summarized in Table 12. The
systematic adaptation of general distributed GNN systems to UAV constraints has not yet
been investigated as a coherent research problem, which we identify as an open direction
for the field.

Table 12. Key discrepancies between general-purpose scalable GNN frameworks and UAV-specific

deployment requirements.

Aspect

General Large-Scale GNN
Frameworks

UAV-Specific Requirement

Adaptation Bottleneck

Graph structure

Communication

Computation

Caching/precomputation

Synchronization

Evaluation objective

Often assume relatively stable
or slowly updated graph
partitions

Assume reliable server or
cluster interconnects

Designed for CPUs/GPUs with
substantial memory and power

Cache node embeddings or
graph partitions to improve
throughput

Often rely on coordinated
mini-batch or synchronized
updates

Optimize training throughput,
memory use, or
graph-processing efficiency

UAV graphs change rapidly
due to mobility, node failures,
and link dynamics

FANET links are intermittent,
bandwidth-limited, and
affected by interference

UAVs operate under strict
SWaP-C and battery constraints

Cached representations may
become stale under rapid
topology change

UAVs may operate
asynchronously with partial
observability

UAV deployment requires
safety, latency, connectivity, and
energy awareness

Static partitions become invalid
and require costly
repartitioning

Message passing and gradient
exchange may be delayed,
dropped, or asymmetric

Model depth, neighborhood
size, and memory footprint
must be limited

Cache invalidation and update
frequency become
mission-critical

Stale gradients and outdated
node states reduce coordination
reliability

System-level metrics must be
included beyond accuracy or
throughput

5.2. Dynamic Graph Changes and Temporal Adaptation

UAV networks exhibit continuously evolving topologies due to mobility, node ar-
rivals and departures, link failures, and environmental changes. Traditional GNN models
designed for static graphs struggle to adapt to these dynamics.

Dynamic GNN Architectures: Dynamic graph neural networks model structural
evolution through temporal representations that maintain evolving node embeddings
using recurrent units or attention mechanisms [68]. Incremental update techniques modify
only the embeddings affected by topology changes rather than recomputing the entire
graph representation [65,66]. In UAV networks, when new UAVs join or change positions,
only nearby nodes require embedding updates. Continuous-time dynamic graph models
also enable event-driven updates triggered by network changes [67,68,156].

Temporal Graph Learning: Learning from temporal graph sequences requires bal-
ancing short-term responsiveness with long-term consistency [61,69,70,159]. Combining
graph-based spatial modeling with temporal convolution, recurrent architectures, or tem-
poral attention enables models to capture both spatial interactions and temporal evolution.
Temporal attention mechanisms further enhance performance by dynamically weighting
past observations [69,70].
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Real-Time Graph Updates: Operational UAV systems must process graph updates
in real time to support situational awareness and rapid decision-making [64,132,148].
However, high update frequencies (typically 10-100 Hz) required for trajectory-planning
conflict with the computational limitations of embedded processors. Potential solutions
include asynchronous update strategies in which different regions update at different rates
depending on local conditions, as well as predictive caching techniques that precompute
future states during idle computation cycles [148]. Distributed systems must also maintain
consistency despite communication delays and packet loss [64]. Detection mechanisms
determine when incremental updates remain sufficient and when full recomputation
becomes necessary [132].

Figure 6 illustrates the dynamic evolution of UAV communication graphs, highlighting
node arrivals, departures, and edge reconfigurations over time. This demonstrates why
static graph assumptions are insufficient for real-world UAV systems. In practice, graph
updates may occur at high frequencies due to mobility, link instability, and dynamic mission
conditions, creating a tension between model responsiveness and onboard computational
feasibility. This challenge motivates the need for dynamic GNN architectures, incremental
embedding updates, and asynchronous processing strategies that can preserve situational
awareness without requiring full graph recomputation at every update step.
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Figure 6. Dynamic evolution of UAV communication graphs over time. (a) Time T1: Initial UAV
communication graph. (b) Time T2: Node join (UAV4) and edge changes. (c) Time T3: Node leave
(UAV2), node join (UAV5), and edge updates. (d) Time T4: Network stabilization with new node
(UAVE).

5.3. Limited Computational Resources Onboard

Small UAV platforms are constrained by strict limits on size, weight, power, and cost
(SWaP-C), making the deployment of computationally intensive graph neural network
models particularly challenging.

Model Quantization and Compression: Model compression techniques significantly
reduce the computational and memory requirements of GNN models, enabling execution
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on embedded processors [80-82,111]. Quantization replaces high-precision parameters
with lower-precision representations (e.g., 8-bit or 4-bit integers), substantially reducing
memory consumption and accelerating inference. For UAV platforms, 8-bit quantization
typically reduces model size by approximately 75% with minimal impact on prediction
accuracy [80]. Dynamic quantization further adapts numerical ranges based on activation
distributions during runtime [82]. Structured pruning techniques remove entire neurons or
layers while maintaining a regular network topology, enabling efficient hardware execution.

Hardware Acceleration: Specialized hardware accelerators provide substantial im-
provements in performance and energy efficiency compared with general-purpose proces-
sors [84-86]. These accelerators exploit the irregular sparsity patterns inherent in graph
computations through customized memory hierarchies and processing units optimized for
gather-scatter operations. FPGA-based accelerators offer flexibility across different GNN ar-
chitectures while delivering performance improvements of one to two orders of magnitude
compared with traditional CPUs [85,86]. Dataflow-based architectures further enhance
efficiency by streaming graph data and enabling pipelined execution of communication
and computation stages [84].

Lightweight Model Architectures: Designing inherently efficient GNN architectures
reduces computational demands from the outset [19]. In many UAV coordination tasks,
shallow GNN architectures with two to three layers are sufficient to capture local interaction
patterns, reducing computational complexity by an order of magnitude compared with
deeper networks. Simple aggregation functions such as mean or max pooling provide low
computational overhead but may lose expressive power. More sophisticated aggregators
such as attention mechanisms or recurrent units capture richer interaction patterns but
increase computational cost [19]. Knowledge distillation techniques transfer information
from large teacher models to smaller student models, preserving predictive performance
while reducing model size [83].

Federated Learning and Distributed Inference: When individual UAVs lack sufficient
computational resources for complex inference tasks, collaborative learning strategies
distribute computation across multiple agents [20]. Federated learning allows UAVs to
train models collaboratively using locally collected data while sharing only model updates,
preserving data privacy and leveraging distributed computational resources [20]. Split-
computing approaches further partition GNN inference between UAV edge devices and
ground-based cloud infrastructure, balancing latency, bandwidth usage, and computational
workload [114].

Energy Efficiency Considerations: Energy consumption directly influences UAV flight
duration and mission range [59,112,113]. Adaptive inference techniques can dynamically
adjust model complexity based on available battery levels. When sufficient energy is avail-
able, full-capacity models may be used; under low-energy conditions, simplified models
can be deployed [113]. In UAV-enabled edge computing, model placement, transmission
delay, and disk I/O energy cost also affect the feasibility of onboard inference systems [114].
Although this work is not GNN-specific, it provides relevant background on UAV energy
constraints that motivate lightweight and resource-efficient learning models. Event-driven
processing can further reduce average energy consumption by triggering computations
only when significant environmental changes occur [59]. Hardware—software co-design
approaches jointly optimize model architecture and hardware implementation to maximize
energy efficiency in embedded graph-learning systems [84].

Energy-Latency Trade-offs Across GNN Architectures: Different GNN architectures
exhibit distinct trade-offs between computational cost, latency, and energy consumption
during inference. Convolution-based models such as GCN and GraphSAGE generally offer
lower computational complexity due to simple aggregation operations, making them more
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suitable for real-time and energy-constrained UAV applications. In contrast, attention-
based models such as GAT introduce additional computational overhead through attention
coefficient calculations, increasing inference latency and energy usage, particularly in dense
communication graphs.

Spatio-temporal and dynamic GNN models further increase computational require-
ments by incorporating temporal dependencies and recurrent or sequential processing,
which can limit their feasibility for time-critical onboard deployment. While these models
provide improved predictive capability and situational awareness, their energy and latency
costs must be carefully balanced against system constraints.

These observations highlight that architecture selection in UAV systems involves an
inherent trade-off between model expressiveness and resource efficiency, and energy-aware
model design remains a key requirement for practical deployment.

Among the challenges summarized in Table 13, dynamic graph adaptation and on-
board computational limitations emerge as the most critical barriers to real-world de-
ployment. Although scalability can be improved through graph partitioning, sampling
strategies, and distributed training frameworks, real-time UAV operation depends more
fundamentally on the ability of models to adapt efficiently to rapidly changing network
topologies while remaining computationally feasible on embedded platforms. Conse-
quently, the development of lightweight dynamic graph-learning methods and resource-
aware model design should be prioritized.

Table 13. Core Technical Challenges in GNN-Based UAV Systems, Their System-Level Impact, and
Representative Solution Strategies.

Challenge Domain Impact on UAV Systems Representative Solutions References
Computational and memory Graph partitioning, neighbor sampling,

Scalability C.OII}PIEXIty increases w1th grgph size, and distributed GNN training . [36,141-144]
limiting real-time processing in large  frameworks to reduce computational
UAV swarms overhead
Sopit tpelgy chans 0 0 USY e and dymamic NN s

Dynamic Graphs y & that capture evolving graph structures [65-68,70]

Compute Constraints

passing and degraded model
performance

Limited onboard processing power,
memory, and energy restrict
deployment of complex GNN models
on UAV platforms

and time-dependent interactions

Model quantization, lightweight
architectures, hardware acceleration, [19,20,80,84,86,111]
and distributed /federated inference

In addition to these core challenges, several cross-cutting issues further complicate
the deployment of GNN-based UAV systems. The limited availability of high-quality,
real-world training data motivates the adoption of self-supervised learning and simulation-
to-reality transfer techniques.

Simulation-to-real transfer is a further deployment concern and is analyzed in
Section 4.6.

Furthermore, achieving reliable generalization across diverse operational environ-
ments remains a significant challenge due to variations in communication conditions,
sensing noise, and environmental dynamics.

Safety and the role of hybrid learning optimization designs are discussed in Section 4.7
and revisited in the Conclusions Section.

Overall, the challenges discussed in this section show that deployment feasibility
depends not only on the selection of an appropriate GNN architecture but also on the ability
to manage system-level constraints during operation. Scalability, topology adaptation, and
onboard computation are tightly coupled in UAV systems: improving one often affects the
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others. Addressing these issues requires coordinated advances in adaptive graph learning,
communication-aware model design, and hardware-software co-optimization to support
real-time, robust, and energy-efficient UAV intelligence.

6. Future Directions

The future research directions outlined in this section are derived directly from the
limitations and challenges identified in Sections 4 and 5, particularly those related to
scalability, dynamic graph adaptation, simulation-to-real transfer, energy-constrained
deployment, and safety-critical operation. Rather than presenting general trends in UAV
or machine learning research, these directions reflect specific gaps observed in the current
GNN-based UAV literature. Three promising integration directions are identified based
on an analysis of current applications and deployment challenges: reinforcement learning
for autonomous decision-making, edge computing for distributed intelligence, and 6G
networks for next-generation connectivity. These directions address key system constraints
while enabling more practical and scalable UAV deployments. In particular, these directions
are motivated by unresolved challenges in dynamic graph adaptation, simulation-to-
real transfer, communication reliability, and energy-constrained deployment identified in
Section 5.

6.1. Integration with Reinforcement Learning

Motivated by the scalability and coordination challenges discussed in Section 5, the
integration of reinforcement learning with GNNs can enable architectures that allow multi-
ple UAVs to make autonomous decisions through interaction with the environment rather
than relying solely on predefined rules.

GNN-Enhanced Multi-Agent Reinforcement Learning: In traditional multi-agent
reinforcement learning models, increasing the number of agents causes an exponential
growth in the state-action space. GNN-based solutions address this challenge by explicitly
modeling agent interactions through graph representations [137,138,145,147]. Each agent
learns from information within its graph locality, resulting in effective cooperation among
agents. Empirical studies show that GNN-based approaches can scale to large agent
populations, including swarms of more than 50 UAVs, while maintaining effective learning
dynamics [35,139]. The core idea is that GNN-based models naturally fit agent systems
with graph structure, where agents act as nodes and their interactions act as edges.

Deep RL Foundations: Basic deep reinforcement learning algorithms such as policy
gradient methods, actor—critic architectures, and Q-learning variants form the foundation
of GNN-enhanced methods [160-162]. This integration combines the structural inductive
bias of GNNs with the capacity of reinforcement learning to optimize long-term objectives
through trial-and-error interaction. This is especially useful for UAV applications where
optimal behaviors emerge from local interactions.

Graph-Based RL Applications: Several UAV applications show strong potential for
GNN-RL integration. In trajectory planning, graph-structured policies support collision
avoidance and connectivity maintenance [38,39,41]. In communication network optimiza-
tion, GNN-RL can jointly optimize routing, power control, and spectrum allocation [26]. In
task allocation, graph-based policies support scalable assignment decisions [55,146]. These
applications often outperform non-graph baselines while also generalizing better to larger
swarm sizes.

Advanced Learning Paradigms: Meta-learning supports rapid adaptation to new
mission types with limited retraining. Transfer learning helps bridge the gap between
simulation and reality, enabling policies trained in simulation to be deployed on real UAV
systems [163-165].
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6.2. Integration with Edge Computing

Addressing the computational and communication constraints identified in Section 5,
edge computing architectures distribute intelligence across UAV swarms and ground infras-
tructure. This addresses computational limitations while reducing latency and preserving
data privacy.

Federated Learning for UAV Systems: Federated learning enables multiple UAV fleets to
collaboratively train GNNs without centralizing sensitive operational data [71,73,76,77,166].
Each UAV trains on locally collected mission data and transmits only model updates rather
than raw observations. Privacy-preserving aggregation protocols protect sensitive flight
patterns while improving collective intelligence [72]. This paradigm is especially valuable
in multi-operator settings such as delivery services, air taxis, and emergency response,
where collaboration is required without full data sharing. Combining federated learning
with lightweight methods also helps address UAV resource limitations [20].

Over-the-Air Computation: Instead of sending digital gradient updates, over-
the-air computation uses wireless channel superposition to aggregate analog signals
directly [78,79,167,168]. Multiple UAVs transmit simultaneously, and the wireless medium
performs gradient averaging in the electromagnetic domain. This approach significantly
reduces communication overhead and enables collaborative learning in near real time
during active missions.

Computation Offloading and Edge Intelligence: Dynamic offloading divides GNN
execution between UAVs and ground infrastructure in order to balance latency, energy
consumption, and inference quality [114,136,169-172]. Lightweight front-end processing
on UAVs handles time-sensitive perception, while more complex reasoning is offloaded
to edge servers. Topology-aware scheduling strategies account for changes in network
conditions [75]. Digital twin frameworks create virtual replicas of UAV systems on edge
infrastructure, enabling safe policy validation and testing [104,173,174]. Related 6G-enabled
digital-twin routing studies further show that workload prediction and multi-agent re-
inforcement learning can support adaptive migration and routing decisions in dynamic
edge environments [175], offering useful background for future UAV digital-twin and
edge-computing architectures.

6.3. Connectivity to 6G Networks

Given the communication latency and reliability challenges highlighted in Section 5,
the emerging sixth generation of wireless communication technologies offers several trans-
formational features, including terabit-per-second data rates, sub-millisecond latency, and
centimeter-level positioning accuracy. These advances are likely to revolutionize UAV oper-
ation by enabling large numbers of autonomous aerial devices to function simultaneously.

6G Architecture and UAV Integration: Next-generation networks naturally incorporate
aerial nodes as part of their infrastructure [176-180]. UAVs can act as flying base stations,
relay nodes, and sensing platforms. In highly mobile aerial-terrestrial networks, GNN-
based network management can optimize three-dimensional cell deployment, handover
strategies, and interference coordination. Recent studies have begun exploring GNN-based
modeling for heterogeneous multi-tier networks, including UAYV, high-altitude platform
(HAP), and satellite integration in 6G-enabled non-terrestrial networks [10,16].

Advanced 6G Technologies: Non-terrestrial networks supported by satellites provide
service to remote areas [181]. Terahertz communication enables ultra-high-speed links for
streaming sensor data [182]. Ultra-reliable low-latency communication supports stringent
control requirements by minimizing end-to-end delay [31,32]. Al-native network man-
agement can dynamically allocate resources through GNN-based controllers [183]. The
Internet of Things provides a foundation for large-scale UAV sensing ecosystems [184].
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Recent 6G-enabled digital-twin migration studies also suggest that workload prediction
and multi-agent reinforcement learning can support adaptive routing and service migration
in highly dynamic edge networks [175].

6.4. Emerging Directions

In addition to these three primary integration areas, and building on the limitations
and challenges identified in Sections 4 and 5, several additional research directions emerge
that warrant further investigation. These include adversarial robustness and security
mechanisms that protect UAV systems against attacks [185-189]; fault detection and re-
silience frameworks that ensure safe degraded-mode operation [151-155,190-192]; neural
architecture search methods that automate the design of suitable GNN architectures for
specific UAV tasks [193,194]; and cross-domain applications that extend GNN-UAYV tech-
niques to ground robotics, maritime systems, and satellite-like distributed autonomous
networks [195-201].

Furthermore, competitive and adversarial multi-UAV scenarios are gaining attention,
where multiple agents may operate with conflicting objectives in shared environments.
Graph neural networks provide a natural framework to model such interactions, enabling
scalable coordination, opponent-aware strategies, and robust decision-making under ad-
versarial conditions.

Taken together, these directions indicate a transition toward UAV systems that are
increasingly autonomous, scalable, and communication-aware through the integration
of GNNs with complementary technologies. However, translating these advances into
practical deployments requires addressing system-level constraints identified in Section 5,
particularly those related to communication reliability, computational efficiency, and real-
time operation.

Toward Deployment-Ready GNN Frameworks: A key research direction is the devel-
opment of deployment-aware GNN frameworks that explicitly incorporate communica-
tion constraints, energy efficiency, and latency requirements. In practical UAV networks,
intermittent connectivity and limited bandwidth necessitate adaptive message-passing
mechanisms and communication-efficient learning strategies. Integrating GNNs with edge
computing and distributed learning paradigms can further improve scalability and enable
real-time deployment in large-scale UAV systems [20,34,71].

Standardized Benchmarking and Real-World Validation: Improving reproducibil-
ity and comparability across studies requires standardized benchmarks, datasets, and
evaluation protocols tailored to UAV systems. Most existing works rely on simulation
environments that do not fully capture real-world variability. Future research should
therefore emphasize hardware-in-the-loop experiments and real-world validation to bridge
the gap between simulation and deployment [1,18].

Safety-Critical and Robust Learning: Ensuring robustness and reliability remains a
fundamental requirement for real-world UAV applications. Models must operate under
uncertainty, noisy observations, and dynamic environments while maintaining stable
performance. Future work should focus on uncertainty-aware learning, robust training
strategies, and resilience to communication failures. In particular, approaches that explicitly
model dynamic graph evolution and decentralized coordination can improve reliability in
practical operating conditions [67,68,70].

In addition, recent research has explored integrating learning-based policies with
formal safety guarantees, such as control barrier functions (CBFs) and constraint-aware
optimization. Combining graph neural networks with such frameworks enables decen-
tralized decision-making while ensuring provable safety and constraint satisfaction in
multi-UAV systems.
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6.5. Visionary Research Opportunities

Beyond the integration directions discussed above, the next stage of GNN-enabled
UAV research depends on mechanisms that directly target current deployment barriers.
Table 14 identifies six such opportunities, each characterized by its technical direction, the
UAV-specific gap it addresses, and the expected research outcome.

Table 14. Visionary and technically detailed research opportunities for GNN-enabled UAV systems.

Research Opportunity

Technical Direction

UAV Gap Addressed

Expected Research
Outcome

Event-triggered GNN
message passing

Safety-certified GNN
policies

Continual
topology-adaptive GNNs

Hardware-aware GNN
co-design

Sim-to-real graph digital
twins

Trust-aware,
attack-resilient graph
learning

Activate graph
communication only when
topology, uncertainty, or
mission risk crosses a
threshold

Combine GNN policies
with control barrier
functions, model predictive
control, or reachability
analysis

Online graph rewiring,
memory modules, and
uncertainty-aware updates
for changing networks
Jointly optimize depth,
neighborhood size,
quantization, and onboard
processor constraints
Digital twins, domain
randomization, and
hardware-in-the-loop
validation of learned

High communication
overhead and energy use
in dense swarms

No formal guarantees for
collision avoidance or safe
control

Static training fails under
node failure, packet loss,
and changing membership

Many GNN:Ss are too costly
for real-time embedded
deployment

Simulation results often do
not transfer to real flight

Communication-efficient
GNNs with bounded
latency and lower battery
cost

Coordination with
verifiable safety constraints

GNN s that adapt during
deployment without full
retraining

Deployable models
optimized for latency,
memory, and energy

Reproducible validation
pipeline for
deployment-ready systems

policies

Edge trust scores, anomaly
detection, and
adversarially robust
aggregation

Vulnerability to spoofed
nodes, corrupted links, and
malicious data

Robust coordination under
cyber—physical attacks

7. Conclusions

This survey shows that the effectiveness of GNN-based UAV intelligence depends
less on choosing a single dominant model family and more on aligning architecture design
with mission constraints. The main synthesis emerging from the reviewed literature is
that different GNN families address different UAV requirements. Convolutional GNNs
and GraphSAGE-style models are most suitable for large-scale swarm coordination be-
cause they support efficient local message passing and scalability. However, they are less
effective when communication quality, sensing reliability, or agent roles vary significantly
across the network. In contrast, attention-based GNNss are more suitable for heterogeneous
sensing, cooperative target tracking, and adaptive neighbor weighting, but their compu-
tational overhead and sensitivity to noisy communication make real-world deployment
more challenging.

A second important finding is that the largest deployment gap appears in models
that depend on dynamic graph updates, temporal sequences, or reinforcement learning
policies. Spatio-temporal and dynamic GNNs are promising for trajectory prediction,
FANET adaptation, and airspace monitoring, but their performance depends heavily
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on reliable temporal observations and frequent graph updates. Similarly, GNN-MARL
frameworks show strong simulation performance for coordination and task allocation, but
they remain difficult to validate under packet loss, asynchronous communication, partial
observability, and onboard computation limits. These observations indicate that simulation
accuracy alone is insufficient for judging deployment readiness.

A third cross-cutting insight is that hybrid approaches are likely to be the most practical
near-term direction for safety-critical UAV systems. Pure learning-based methods provide
flexibility and fast inference, while classical optimization and control methods provide
constraint handling and interpretability. Combining GNNs with optimization, model
predictive control, safety filters, or rule-based fallback mechanisms can better balance
adaptability, efficiency, and reliability in real UAV missions.

The most promising near-term research directions can therefore be ranked as follows.
First, lightweight dynamic GNNs should be prioritized because UAV systems require
models that can adapt to changing topology while operating under strict onboard energy
and computation limits. Second, communication-aware distributed and federated GNNs
are essential for scalable swarm deployment, especially when centralized coordination is
infeasible. Third, simulation-to-real transfer, hardware-in-the-loop validation, and real-
flight benchmarking are needed to close the gap between controlled experiments and
operational UAV environments. Fourth, safety-aware hybrid GNN frameworks should be
developed to provide stronger guarantees for collision avoidance, formation control, and
mission-critical decision making.

For practitioners, GNN architecture selection should begin with the UAV mission
requirement rather than model popularity. For large-scale coordination with limited
computation, GCN or GraphSAGE-style models are appropriate starting points. For target
tracking, heterogeneous sensing, or variable-quality communication links, attention-based
or heterogeneous GNNs are better suited. For trajectory forecasting, evolving FANETs, and
airspace prediction, spatio-temporal or dynamic GNNs should be considered, provided
that temporal data quality and update latency can be managed. For embedded UAV
deployment, distributed and resource-efficient variants should be treated as necessary
design constraints rather than optional enhancements.

Overall, GNN-enabled UAV intelligence is moving from task-specific simulation
studies toward deployment-aware system design. Future progress will depend on models
that are not only accurate, but also communication-efficient, energy-aware, robust to
topology changes, and compatible with safety-critical UAV operation.
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Appendix A. Representative Search Queries

The representative query below illustrates the search logic, which was adapted to the
native syntax of each database listed in Section 1.5.
Core query:
(“Graph Neural Network” OR “GNN” OR “Graph Convolutional Network” OR “GAT”
OR “GraphSAGE” OR “Spatio-Temporal Graph”) AND (“UAV” OR “Unmanned Aerial
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Vehicle” OR “Drone” OR “FANET” OR “UAV swarm”) AND (“trajectory” OR “tracking”
OR “communication” OR “coordination” OR “task allocation”)

e IEEE Xplore, ACM Digital Library: the Boolean query above applied to all-
metadata/full-text fields.

*  ScienceDirect, SpringerLink, MDPI: the same keyword groups applied to title, abstract,
and keywords, with the Boolean operators adapted to each interface.

e arXiv: the keyword groups applied to title and abstract (categories cs.LG, ¢s.RO,
eess.SP).

*  Google Scholar: shorter combined-term queries (e.g., “GNN UAV,” “graph neural
network drone,” “graph-based UAV coordination,” “GNN FANET routing”) to capture
records not indexed in the databases above.
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