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Abstract

Multi-tier aerial communication networks (MACNSs), integrating satellites, high-altitude
platforms, and unmanned aerial vehicles, are emerging as a cornerstone of next-gener-
ation global connectivity. Their promise of resilient and ubiquitous coverage, however,
is hindered by highly dynamic topologies, severe energy and computational constraints,
environment-sensitive channels, diverse quality-of-service requirements, and limited real-
world validation. Artificial intelligence (AI) has increasingly been explored as a flexible
framework to address these challenges, enabling adaptive routing, distributed computing
and task offloading, handover management, intelligent resource allocation, and large-scale
network optimization. This survey provides a comprehensive and structured review of
methods for MACNSs, with particular emphasis on Al-driven solutions and their relation-
ship to classical and hybrid alternatives. We critically evaluate representative approaches
in terms of scalability, efficiency, data demands, and practical deployability, and identify
emerging trends such as graph neural networks with reinforcement learning for dynamic
routing, predictive learning for mobility management, and federated learning for distribut-
ed computation. Persistent challenges remain in lightweight edge intelligence, real-world
testbeds, reproducible benchmarking, and simulation-to-deployment transfer. To address
these issues, we offer a research roadmap emphasizing compressible and interpretable
models, standardized benchmarks, realistic validation, and hybrid designs that balance
adaptability with computational and energy overhead. Finally, we identify open challenges
and future research directions, offering insights into the design of Al-driven MACNs that
are efficient, scalable, and adaptive to evolving network and service demands.
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1 Introduction

The rapid evolution of communication networks that incorporate unmanned aerial vehicles
(UAVs), low-altitude platforms (LAPs), high-altitude platforms (HAPs), and satellites has
ushered in a transformative era of connectivity known as the multi-tier aerial communica-
tion network (MACN). Low earth orbit (LEO) is now populated by numerous commercial
constellations; Starlink alone has surpassed 10,000 active satellites in that orbit, with regula-
tory approval for more than 42,000 (Wang et al. 2024), and other operators such as OneWeb,
together with emerging systems like Amazon’s Project Kuiper and Telesat’s Lightspeed are
progressively densifying LEO. This proliferation of LEO constellations, when combined
with UAV, LAP and HAP-based tiers, is reshaping MACN design by enabling lower-latency
global coverage, new backhaul and relay topologies, and novel cross-tier resource-manage-
ment and orchestration challenges (Morshed Alam et al. 2026). MACNSs promise persistent
connectivity for applications ranging from disaster response and remote broadband access
to environmental monitoring. However, integrating these heterogeneous tiers into a seam-
less system raises critical challenges in deployment, resource constraints, dynamic topology
management, and real-time adaptation (Sharif et al. 2023).

Prior to the widespread adoption of Artificial Intelligence (AI)-driven techniques,
researchers addressed the challenges of MACNs primarily through classical optimization,
control-theoretic, and heuristic frameworks. These approaches provided important theoreti-
cal foundations and remain valuable under structured and well-characterized conditions.
However, their applicability in highly dynamic multi-tier environments is subject to practi-
cal limitations. Joint trajectory and communication co-design frameworks for multi-UAV
enabled wireless networks employed convex optimization and successive convex approxi-
mation to balance throughput and energy consumption. These formulations typically
required accurate channel state information (CSI) and relied on deterministic mobility mod-
els. While effective for small-scale or quasi-static networks, such methods become compu-
tationally expensive as the number of UAVs, users, and tiers increases. MACN architectures
integrating aerial and ground coverage relied on geometric analysis and heuristic place-
ment algorithms to extend connectivity. Resource-efficient seamless transition protocols for
high-performance multi-hop UAV multicasting utilized game-theoretic formulations and
distributed coordination schemes. While these non-Al-based strategies provided founda-
tional insights and remain valuable under well-characterized conditions, they face inherent
limitations when confronted with the dynamic, large-scale, and stochastic nature of modern
MACNS. Specifically, classical optimization methods often require accurate CSI and stable
topology assumptions that are difficult to maintain amid rapid UAV mobility, time-varying
interference, and heterogeneous traffic demands. Furthermore, the computational complex-
ity of jointly optimizing trajectory, resource allocation, and handover decisions grows pro-
hibitively with network scale, rendering real-time solutions infeasible.

Classical methods remain indispensable in MACNSs and should not be viewed as super-
seded by Al. Optimization, control-theoretic, graph-theoretic, heuristic, and game-theoretic
methods offer strong advantages when the system model is sufficiently accurate, the deci-
sion space is moderate, and guarantees on stability, latency, or interpretability are required.
In such regimes, simple model-based solutions may remain more attractive than Al because
they incur lower training cost, lower inference overhead, and clearer failure modes. How-
ever, MACNss also exhibit several forms of dynamicity that challenge purely model-based
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operation: (i) topology dynamicity due to fast satellite motion, UAV mobility, and intermit-
tent visibility; (ii) channel dynamicity caused by Doppler, blockage, atmospheric effects,
and time-varying interference; (iii) traffic dynamicity arising from bursty arrivals and het-
erogeneous QoS demands; (iv) resource dynamicity involving changing battery levels,
queue states, and onboard compute availability; and (v) cross-tier coupling, where routing,
handover, offloading, and resource allocation decisions become interdependent across space,
air, and ground tiers. In these settings, Al is not universally superior, but it can become use-
ful when decisions are sequential, partially observed, high-dimensional, and repeatedly re-
optimized under nonstationary conditions. The key design question is therefore not whether
Al should replace classical methods, but when classical, Al-based, or hybrid solutions are
most appropriate for a given MACN operating regime.

Against this background, Al-based and hybrid methods have been explored across mul-
tiple MACN functions. In routing, graph neural networks (GNN) and learning-augmented
heuristics enable topology-aware and scalable path selection by predicting link quality and
capturing mobility patterns. For distributed computing and offloading, data-driven predic-
tors and federated learning support low-latency task placement while limiting raw data
movement. In handover and mobility management, predictive models and reinforcement
learning (RL) facilitate proactive handover scheduling and joint optimization of trajectory,
transmit power, and signaling to meet stringent latency and reliability requirements. In
resource management, RL enables online adaptation and allocation policies under nonsta-
tionary traffic and interference. For global network optimization, approaches that combine
Al and classical optimization methods, for example surrogate models or RL together with
established solvers, can offer favorable trade-offs between sample efficiency and solution
quality. As shown in Fig. 1, the MACN reference architecture comprises space, aerial, and
ground tiers interconnected by heterogeneous link types and layered compute resources.
The figure highlights cross-tier roles and indicates typical locations for Al agents that per-
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Fig. 1 Architecture of MACN: tiers, principal link types, and placement of intelligence at ground, aerial,
and space networks
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form inference, aggregation, and model training; the links are idealized for clarity. Here
ground, aerial, and space networks are equipped with Al-based controllers (AI-GC, AI-AC,
and AI-SC) and a global Al-based controller for all the networks.

Despite these advances, practical limitations persist, including substantial computational
and energy footprints at edge tiers, strong dependence on idealized simulations, and a scar-
city of real-world datasets, reproducible benchmarks, and testbeds. This survey therefore (i)
develops a classification of methods across routing, computing and offloading, handover,
resource management, and optimization methods; (ii) critically evaluates representative
approaches with respect to scalability, energy footprint, data dependency, and practical read-
iness for deployment; and (iii) identifies open challenges and proposes a prioritized research
agenda that emphasizes lightweight and compressible models, interpretability and robust-
ness for safety-critical control, standardized benchmarks and shared datasets, and realistic
testbeds to bridge the simulation-to-reality gap. The remainder of the paper is organized
along these five functional axes, namely routing, computing and task offloading, handover
management, resource allocation and control, and optimization, and concludes with evalu-
ation best practices and a roadmap for future research.

1.1 Existing survey works and gaps

Table 1 summarizes representative surveys from the literature and the dimensions they
cover. Existing surveys have covered important aspects of space—air—ground integrated net-
works (SAGIN) and aerial networking, but their emphases differ in scope and synthesis
style. Some surveys focus on architecture, others on a single function such as routing or
handover, and others summarize Al applications without explicitly comparing them against
classical baselines. Our contribution is therefore not to claim that prior work ignored cross-
tier networking or Al methods, but rather to provide a more decision-oriented synthesis
along four specific dimensions.

First, we examine cross-tier and cross-function coupling, that is, how routing, handover,
offloading, resource allocation, and optimization interact across space, aerial, and ground
segments rather than being treated independently. In this context, the tiers refer to the space
segment (LEO/MEO/GEO satellites), the aerial segment (HAPs and UAVs), and the ground
segment (terrestrial cellular and edge networks). The functions refer to routing, computing
and offloading, handover management, resource allocation, and network-level optimization.
The term integration denotes cross-tier coordination and joint optimization across these
functions, rather than isolated, single-layer solutions. Many existing surveys analyze these
tiers or functions independently, for example focusing solely on satellite routing, UAV tra-
jectory optimization, or terrestrial resource management. Architecture-focused works such
as Liu et al. (2018) and Zhang et al. (2020) describe structural designs and capabilities but
do not analyze how cross-tier interactions influence resource allocation, mobility manage-
ment, or the joint optimization of routing and computing. Early routing solutions for UAV
and FANET environments (Arafat and Moh 2018; Yeasir and Moh 2019) focused on topol-
ogy-aware, cluster-based, and hierarchical routing designs to address high mobility, inter-
mittent connectivity, and limited energy resources. However, in practical MACNSs, routing
paths often span multiple tiers, vertical handovers occur between satellite, air, and ground
segments, and resource allocation decisions couple trajectory control, spectrum manage-
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ment, and inter-satellite scheduling. The lack of explicit cross-tier and cross-function analy-
sis limits understanding of how Al techniques coordinate end-to-end decision making.

Second, we provide MACN-specific method-selection guidance by comparing classical,
Al-based, and hybrid solutions under mobility, intermittency, onboard resource limits, and
heterogeneous QoS demands. Although some studies discuss AI methods in context, sys-
tematic side-by-side evaluations of algorithmic paradigms across core functions are largely
absent. There is a need to clearly document when classical approaches outperform learning-
based ones, where RL or SL are most appropriate, and how algorithmic complexity and data
requirements trade off against performance for routing, edge computing and offloading,
mobility management, and resource management. Without such comparative treatments,
practitioners lack principled guidance for selecting and adapting Al methods to specific
MACN functions and operational constraints.

Third, we review practical readiness by identifying which studies remain simulation-
only, which include prototype or emulator-level validation, and what computational or
energy assumptions underlie their reported gains. Practical deployment considerations
receive insufficient attention. Important aspects for real-world adoption are often only
briefly mentioned or omitted, including the computational and energy footprints of candi-
date Al models, strategies for model compression and on-device inference, interpretability
requirements for safety-critical control, and robustness under nonstationary or adversarial
conditions. Surveys such as Guo et al. (2021) and Chen et al. (2024) note these topics,
but they do not provide detailed, comparative guidance that would help designers evaluate
model readiness for constrained aerial and space platforms.

Fourth, we summarize the current state of datasets, simulators, and reproducibility prac-
tices, and we outline a minimal set of evaluation dimensions needed for fair comparison
across studies. Existing literature heavily relies on simplified simulations and lacks stan-
dardized evaluation platforms. This issue directly affects the credibility of Al-based routing,
handover, and optimization results, as performance metrics such as delay, handover failure
rate, energy consumption, and scalability are often evaluated under idealized topology and
traffic assumptions. Shared real-world datasets and open experimental platforms remain
scarce, which limits reproducibility and reduces the external validity of performance claims
reported in works such as Qiu et al. (2022) and Xiao et al. (2024). Without consistent bench-
marks or realistic multi-tier testbeds, it is difficult to assess the practical feasibility of pro-
posed Al solutions.

1.2 Scope and objectives

The primary aim of this survey is to provide a structured and focused review of state-of-the-
art methods for multi-tier aerial communication networks, commonly referred to as space,
air, and ground integrated networks. The paper concentrates on five functional areas: rout-
ing, distributed computation and task offloading, handover management, resource allocation
and control, and network-level optimization. Across these areas, we synthesize classical,
Al-based, and hybrid methodologies, evaluate their practical suitability with respect to scal-
ability, computational and energy cost, data requirements, and deployment-related trade-
offs, and identify research directions that can accelerate the transition from simulation to
operational deployment.
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The objectives of this survey are threefold. First, we synthesize and consolidate recent
research across the MACN stack, covering terrestrial networks, LAPs, HAPs, and satellite
systems, to present a coherent account of multi-tier design challenges and cross-tier inter-
actions. Second, we critically assess classical, Al-based, and hybrid methods with respect
to their suitability for different MACN operating conditions, paying particular attention to
mobility, intermittency, onboard resource limitations, computational and energy cost, and
heterogeneous QoS requirements. Third, we identify open problems and propose a priori-
tized research agenda to guide future work toward seamless, scalable, and deployable con-
nectivity in next-generation aerial communication networks.

1.3 Contributions of the survey

This survey provides a holistic account of how Al shapes the design and operation of differ-
ent tiers of aerial networks within the broader MACN framework. We examine the multiple
roles that Al techniques play in addressing core challenges such as routing, task offloading,
resource allocation, and network level optimization in heterogeneous and highly dynamic
aerial environments. By systematically organizing recent advances and synthesizing find-
ings from the literature, the survey offers an integrative perspective intended to inform and
guide future research and development in this rapidly evolving field. Our key contributions
are as follows.

e We provide a comprehensive and unified analysis of AI based methodologies. Spe-
cifically, we categorize and evaluate a broad spectrum of Al techniques applied to rout-
ing, distributed computing, resource management, and optimization. Our analysis spans
different network layers and emphasizes the interdependencies and functional overlaps
that affect overall performance of MACN.

® A critical evaluation of existing Al solutions. We evaluated the strengths, limitations,
and applicability of a range of Al paradigms, including supervised learning (SL), RL,
deep learning (DL), and hybrid methods, within the context of MACN. This assessment
offers insights into the effectiveness, scalability, and operational constraints of current
approaches under diverse network conditions.

o Identification of leveraged opportunities between network tiers. We examine how
Al can facilitate effective cooperation among space-based, aerial, and ground-based
network components. The survey highlights recurring design patterns and coordination
mechanisms through which inter-tier collaboration can increase system resilience, re-
duce end to end latency, and improve overall resource utilization.

o A forward-looking roadmap for research and development. Drawing on observed
trends and identified gaps, we outline future directions to guide researchers and practi-
tioners toward more scalable, deployable, and context-aware aerial networking systems.
The roadmap emphasizes open challenges in scalability, real-time decision-making,
cross-layer optimization, and resource-aware deployment, and highlights opportunities
for standardized evaluation, realistic testbeds, and methods that balance performance
gains against computational and energy overhead.
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1.4 Organization of the paper

To situate our work within the existing literature, Table 1 presents a comparative overview
of related surveys published over the last ten years. Each surveyed paper is evaluated across
dimensions that are pertinent to MACN research, including routing protocols, computing
paradigms, handover techniques, resource management strategies, optimization methods,
and the application of Al methodologies. Most prior surveys address only a subset of these
topics, leaving gaps in integration, comparative analysis, and Al specific evaluation. Our
survey differs by providing a comprehensive review that spans all major technical domains
and includes a focused comparison of Al techniques, thereby offering readers a broader and
more coherent account of the current state of the art. The remainder of the paper is organized
as follows.

e Section II: This section provides essential background on MACN architectures and a
systematic classification of core network functions by Al technique. It introduces the
foundational concepts required to understand the integration of artificial intelligence
into hierarchical network systems, including architectural structure, layered organiza-
tion, and inter-layer communication models. Building on this background, the section
maps Al paradigms such as machine learning, deep learning, and reinforcement learning
to representative networking tasks, and it explains typical objectives, evaluation met-
rics, and practical deployment considerations for each mapping. The goal is to give the
reader both the conceptual grounding and the applied perspective needed to follow the
technical discussions that follow.

e Section III: This section reviews state of the art Al enabled routing protocols designed
to address the challenges of dynamic aerial topologies, including node mobility and in-
termittent connectivity. The discussion emphasizes adaptability, latency reduction, and
improvements in data throughput, and highlights representative algorithms and evalua-
tion methods that demonstrate these benefits.

e Section IV: This section examines distributed computing frameworks in which aerial
platforms serve as mobile processing units, enabling real time data analytics and edge
intelligence (EI). It discusses architectural designs, task scheduling mechanisms, and
the integration of Al models to support efficient and resilient workload distribution
across heterogeneous computing and communication resources.

e Section V: This section examines handover techniques in MACN, starting with a con-
cise classification into horizontal, vertical, and predictive handovers. It then provides a
comprehensive review of Al-based solutions, including RL, multi-agent reinforcement
learning (MARL), lightweight bandit methods, and hybrid as well as emerging para-
digms. The discussion addresses key design objectives, evaluation metrics, and practi-
cal implementation considerations, and it identifies open challenges for ensuring robust
and scalable handover in MACN.

e Section VI: This section analyzes resource management strategies that are specifically
tailored to the physical and operational constraints of MACN. It addresses key aspects
such as energy efficiency, spectrum allocation, and bandwidth management, and exam-
ines the application of predictive artificial intelligence models for proactive and opti-
mized resource allocation.

e Section VII: This section examines optimization techniques aimed at enhancing net-
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work performance across the layers of MACNS. It reviews both classical and Al-driven
optimization frameworks, highlighting how Al-based methods complement traditional
approaches in addressing multi-objective optimization challenges and achieving real-
time adaptability.

e Section VIII: This section synthesizes and compares the Al-enabled routing, comput-
ing, handover, resource management, and optimization methods reviewed in the preced-
ing sections. We extract and organize the core open challenges, evaluate current solu-
tions with respect to representative performance metrics, and identify methodological
and deployment gaps to guide future research directions.

e Section IX: This concluding section synthesizes the paper’s main findings and con-
tributions. It emphasizes the transformative potential of AI for MACNSs, discusses the
practical and theoretical implications of the surveyed techniques, and outlines concrete
research directions and deployment challenges.

2 Background and multi-tier aerial communication network

To fully appreciate the role of Al in MACN:, it is necessary to understand the foundational
aspects of this heterogeneously connected architecture. This section presents background
on software defined networking (SDN) in multi layered aerial networks, emphasizing struc-
tural components and operational principles. It focuses on the constituent sub-networks,
describing their communication models and routing strategies, and examines how these
diverse layers interact. Common communication challenges are identified, and the obstacles
that arise in dynamic environments are outlined. Section 2.2 provides a concise classifica-
tion of network functions in relation to Al methods, while Sects. 3 through 7 review ongoing
research trends and developments in MACNS, with particular emphasis on the integration of
Al techniques for routing, computing, handover, resource management, and optimization.

2.1 Multi-tier aerial network architecture

The multi-tier architecture of SAGIN comprises three principal segments which include
space, aerial, and ground. Each segment provides distinct capabilities that collectively
enable seamless global connectivity and support a broad spectrum of applications, ranging
from high-speed broadband access to real time Earth observation and emergency response
systems. By leveraging the complementary strengths of these layers while compensating for
their individual limitations, the hierarchical architecture establishes a robust and adaptable
communication ecosystem.

2.1.1 Space segment

The space segment of an MACN primarily comprises satellites, which are convention-
ally classified by orbital altitude into geostationary earth orbit (GEO), medium earth orbit
(MEO), and LEO. Each class exhibits distinct operational characteristics determined by its
altitude, and together these classes form hierarchical, multi-layer satellite constellations that
support diverse service requirements Chen et al. (2024). This section examines the space
segment as the foundational infrastructure of space-air-ground integrated networks, with an

@ Springer



251 Page 10 of 99 S. K. Siam et al.

emphasis on its role in providing extensive coverage and high-capacity long-range com-
munication links.

o GEO satellites: Positioned at an altitude of approximately 35,786 km, GEO satellites,
exemplified by the Inmarsat constellation, maintain a fixed position relative to earth
because their orbital period matches the planet’s rotation. This characteristic enables
extensive coverage; in theory, as few as three satellites can provide near-global com-
munication services outside the polar regions. The geostationary configuration also
simplifies link maintenance and ground station operations. However, the high altitude
yields significant propagation delays of approximately 250 to 280 ms round trip and
increased path loss, both of which can constrain data throughput and increase system
complexity. Moreover, the finite number of geostationary orbital slots, which are inter-
nationally regulated, poses a growing challenge given the rising demand for satellite
deployments (Network 2011).

o MEQO satellites: MEO satellites, exemplified by systems such as Inmarsat-P, Odyssey,
MAGSS-14, and O3b, operate at altitudes ranging from 7,000 km to 25,000 km (Net-
work 2011). They support critical services including positioning, navigation, and tim-
ing, as well as international search and rescue. By occupying an intermediate altitude
between the GEO and LEO satellites, MEO constellations offer a balance of advantages,
notably reduced latency relative to GEO and broader coverage than LEO. Furthermore,
orbital slots in the MEO band are comparatively more available owing to less stringent
allocation constraints, which makes MEO attractive for enhancing mid-layer capabili-
ties.

e LEO satellites: Recent advances in acrospace engineering and electronic systems have
markedly reduced the cost of satellite design, manufacture, and launch. Concurrently,
the increasing demand for ubiquitous Internet access and IoT services, particularly in
areas with limited terrestrial infrastructure, has driven the rapid deployment of large-
scale LEO constellations (Chen et al. 2024). Operating at altitudes of approximately
300 to 1,500 km, LEO satellites offer substantially lower propagation delays and re-
duced path loss compared with GEO and MEO platforms, making them well suited for
latency-sensitive services. At the same time, LEO architectures introduce significant
technical challenges due to high relative motion, including pronounced Doppler effects
and frequent topology changes that complicate inter-satellite and ground link design.

A notable trend in LEO systems is the shift from transparent signal forwarding to on-board
data processing, which enables more intelligent and efficient satellite operations. For exam-
ple, SpaceX’s Starlink project incorporates approximately 32,000 Linux based computing
nodes and more than 6,000 micro-controllers in orbit (Spacex 2020), demonstrating the
practical feasibility of satellite edge computing. These capabilities necessitate careful archi-
tectural consideration of heterogeneous satellite functionalities when developing integrated
communication protocols across orbital layers (Chen et al. 2024).

2.1.2 Air segment
The air segment of SAGINs constitutes a critical tier, employing aerial platforms such as

UAUVs, airships, and balloons for data acquisition, transmission, and processing. Situated
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between the space and ground segments, it enhances network flexibility, enables rapid
deployment, and extends coverage to regions lacking terrestrial infrastructure (Liu et al.
2018). These capabilities render the air segment indispensable in scenarios such as disaster
recovery and battlefield communication, where timely and reliable data exchange is of para-
mount importance (Qiu et al. 2022).

o LAP: Acrial platforms are diverse and are primarily classified according to their de-
sign and operational altitude. UAVs, or LAPs, include fixed-wing, rotary-wing, such as
quadcopters and hexacopters, and hybrid configurations (Liu et al. 2018). Fixed-wing
UAVs provide long-range capabilities owing to their speed and endurance, whereas
rotary-wing UAVs offer superior maneuverability and the ability to hover, making them
well suited for precision tasks (Zhang et al. 2020).

o HAP: HAPs, such as balloons and airships, operate at substantially higher altitudes and
can interconnect with multiple UAVs. They often function as aggregation points, charg-
ing stations, or edge and cloud computing nodes, thereby compensating for the lim-
ited energy and computational resources of LAPs (Chandrasekharan et al. 2016). This
functional diversity enables the aerial segment to support services such as broadband
delivery and to serve as aerial base stations.

The performance of aerial platforms is governed by several key factors: payload, range,
altitude, speed, and endurance (Zhang et al. 2020). The payload determines the weight
capacity available for onboard systems, such as sensors and transceivers. Range and alti-
tude influence operational coverage, with higher altitudes enabling broader service areas.
Speed affects mission responsiveness and overall efficiency, which is particularly important
for time-critical operations. Endurance, as determined by energy sources such as batteries
or solar panels, restricts the duration a platform can remain operational without recharge.

Each aerial platform comprises several core components: a body frame; a flight control
unit, which includes electronic speed controllers, inertial measurement units, and microcon-
trollers; communication modules; power systems; payloads; and onboard computers (Qiu
et al. 2022). These components enable coordinated and autonomous operations and allow
the air segment to interconnect the space and ground layers, forming a heterogeneous net-
work with overlapping coverage areas. UAVs and HAPs integrate with terrestrial commu-
nication systems and employ air-to-air links. This capability is essential in high-demand
or complex environments, where aerial platforms relay data between ground sensors and
satellites to preserve seamless connectivity (Chandrasekharan et al. 2016).

2.1.3 Ground segment

The ground segment constitutes the terrestrial layer of the MACN and forms the founda-
tional communication infrastructure. It encompasses a broad array of terrestrial systems,
including cellular networks, local area networks, and various ad hoc configurations that
support both civilian and industrial services (Conti and Giordano 2014; Aalamifar et al.
2014). Collectively, these technologies enable extensive connectivity and serve as the core
substrate for terrestrial data transmission within the integrated network architecture (Liu
et al. 2018).
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The ground segment is characterized by a progressive evolution of cellular technologies.
Beginning with first-generation 1 G systems, terrestrial networks have advanced through
2 G, 3 G, 4 G and long term evolution advanced (LTE-A) (Demestichas et al. 2013). Cur-
rent efforts concentrate on the deployment and optimization of fifth generation 5 G networks
and on the preliminary exploration of sixth generation 6 G systems (Conti and Giordano
2014; Aalamifar et al. 2014). These developments aim to satisfy increasing demands for
ultra-reliable, high-speed, and low-latency services across a wide range of applications.
Standardization is coordinated by the third generation partnership project (3GPP), which
issues technical specifications governing network architecture, radio access, and service
provisioning (Aalamifar et al. 2014; Demestichas et al. 2013; Xiao et al. 2024). Despite
these advancements, the ground network faces several limitations.

e Limited coverage and environmental constraints: One of the principal challenges is
inadequate coverage in rural and remote areas, where infrastructure deployment is either
economically infeasible or logistically constrained (Aalamifar et al. 2014; Demestichas
et al. 2013). Moreover, complex terrain and natural obstructions degrade signal penetra-
tion and undermine network stability, further exacerbating connectivity gaps in these
regions.

o Communication efficiency and service diversity: Traditional ground-based systems
face challenges in maintaining communication efficiency when supporting multiple
heterogeneous services. These systems must concurrently process diverse data types
while meeting stringent requirements for low latency and high throughput, a demand
that strains existing architectures and resource management mechanisms (Yuhui 2020).

To address these challenges, researchers have explored architectural and technological
innovations.

e Heterogeneous network fusion: One promising solution is the integration of heter-
ogeneous networks to achieve functional complementarity. For example, converging
LTE-R networks with ad hoc networks can improve coverage reliability in ground en-
vironments where conventional LTE-R infrastructure exhibits gaps (Zhang 2020). Such
heterogeneous integration enhances fault tolerance, capacity, and resilience, particularly
in dynamic or harsh environments (Sheng et al. 2021).

e Ground communication enhancements: In domain-specific applications such as high-
speed railways, dedicated systems such as GSM-R and train dispatch communication
have long been employed (Zhang 2020). With the deployment of 5 G networks, railway
private networks and bus communication systems have increasingly incorporated fea-
tures such as service oriented architecture and network slicing, enabling tailored deploy-
ments and improved support for transportation operations (Zhang 2020; Yuhui 2020).

The ground segment continues to advance through both the evolution of cellular technolo-
gies and the integration of domain-specific networks. Although it remains the principal layer
for high throughput terrestrial communication, its limitations in coverage and adaptability
underscore the necessity of seamless integration with aerial and space-based systems within
SAGIN.

@ Springer



Al-driven multi-tier aerial communication networks: a review of routing,... Page 13 0f 99 251

2.2 Multi-tier aerial communication network

In this review, Fig. 2 presents a comprehensive taxonomy that organizes the surveyed lit-
erature according to core MACN functionalities: routing protocols, computing paradigms,
handover mechanisms, resource management, and optimization techniques. The taxonomy
emphasizes Al driven solutions tailored for dynamic, multi-layered environments. For
each functionality, approaches are classified by Al technique. SL, which typically relies
on labeled data for predictive tasks such as classification or regression and is well suited to
static pattern recognition; RL, in which agents learn via interaction and reward signals, and
which is particularly appropriate for sequential decision making under uncertainty; unsuper-
vised learning (UL), which seeks to discover latent structures without labels and is less com-
mon in this domain; and hybrid methods that combine evolutionary algorithms, generative
models, or multiple Al paradigms to address complex, multi-objective problems. We briefly
justify the placement of papers within categories and subcategories and include one or two
representative examples per grouping to illustrate prevailing trends, notably the prevalence
of RL in adaptive scenarios.

2.2.1 Routing protocols

Routing protocols in MACNs handle data path selection across dynamic topologies, posi-
tions, and cross-layer adaptations, with Al enhancing resilience in SAGINSs’ heterogeneous
environments.

Routing in MACNSs presents unique challenges arising from the interplay of dynamic,
heterogeneous, and resource-constrained network components. The rapid mobility of LEO
satellites, with orbital cycles on the order of 90 to 120 min, together with the movement
of UAVs, produces frequent topology changes that necessitate real-time route recalcula-
tion (Chen et al. 2025; Zhang et al. 2025; Jiang et al. 2023). Satellites and UAVs operate
under stringent bandwidth, energy, and computational constraints, with substantial varia-
tion in platform capabilities across tiers (Chen et al. 2025; Hu et al. 2023; Guo et al. 2024).
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MACNSs support a wide spectrum of applications ranging from ultra-low-latency emergency
communications to energy-efficient [oT connectivity, requiring routing protocols to recon-
cile competing QoS requirements (Hu et al. 2023; Cui et al. 2022). Environmental factors,
particularly rain attenuation at frequencies above 20 GHz, can substantially degrade signal
quality and necessitate predictive routing strategies (Yuan et al. 2022). Mega-constellations
comprising thousands of satellites together with massive [oT deployments place stringent
demands on routing scalability, while the explosive growth of data traffic produces severe
congestion (Chen et al. 2025; Park et al. 2023; Zhang et al. 2025). The heterogeneous com-
position of MACNSs also increases protocol and coordination complexity across tiers, which
can affect reliability, robustness, and end-to-end service continuity (Li et al. 2022; Conti
et al. 2024). Finally, coordinating space, aerial, and ground layers requires interoperability
across diverse technologies, complicating protocol design and network management (Yuan
et al. 2025; Cui et al. 2022). These challenges underscore the limitations of conventional
routing protocols and motivate the development of Al-driven approaches capable of adapt-
ing to real-time fluctuations in topology, resources, and demand.

In supervised learning, approaches often use machine learning or deep learning models
trained on historical data to predict optimal routes, fitting adaptive and cross-layer routing
sub-categories due to their focus on pattern-based signal prediction. For instance, Yuan et al.
(2022) employs extended extreme machine learning to predict rain-induced signal block-
ages, enabling reliable path selection in SAGIN IoT networks by anticipating environmental
disruptions.

In reinforcement learning, methods learn routing policies through trial and error, making
them well suited to adaptive and cross-layer routing, where real-time decisions respond to
network dynamics. Examples include the study in Chen et al. (2025), which employs graph-
based DRL for routing in LEO mega-constellations under service constraints and optimizes
paths under highly dynamic conditions; and the work in Guo et al. (2024), which applies a
generative attention network augmented DRL approach to infer network states and select
routes, thereby improving efficiency in data-scarce SAGIN scenarios.

Hybrid approaches combine evolutionary and other emerging Al methods to achieve
robust, multifaceted routing, and are commonly applied in position-based or topology-
based categories to manage optimization trade-offs. For position-based routing, Hu et al.
(2023) optimize UAV trajectories and resource allocation using evolutionary algorithms in
MACN:S, treating UAVSs as edge relays for task routing. In the domain of adaptive and cross-
layer routing, Park et al. (2023) employ evolutionary methods to design random access
protocols with virtual deadlines, thereby directing Internet of Things traffic across layers
according to urgency.

2.2.2 Computing paradigms

Computing paradigms distribute processing across edge, fog, and cloud layers in MACNs
and incorporate mechanisms for task offloading, with Al used to optimize resource-con-
strained and time-sensitive computations.

Designing robust computing architectures in MACNSs requires addressing several critical
challenges arising from heterogeneous network layers and dynamic operating conditions.
Computational tasks must be distributed across edge, fog, and cloud tiers according to task
complexity, data volume, latency sensitivity, and available resources, where lightweight
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latency-critical tasks are typically executed at the edge while data-intensive operations
can be offloaded to the cloud (Li et al. 2025). Time-sensitive applications such as disaster
response and autonomous navigation require low-latency processing, necessitating intel-
ligent task offloading and proximity-based computing (Zhu et al. 2025). The high mobil-
ity of aerial platforms introduces variability in connectivity, link stability, and resource
availability, requiring real-time adaptability in workload distribution and dynamic network
management (Lan et al. 2024; Tang et al. 2022a). The system must scale to accommo-
date increasing numbers of connected devices and evolving network topologies through
distributed computing paradigms and load-balancing mechanisms (Gu et al. 2021; Li and
Chen 2023). Data exchange across tiers, particularly over wireless links, must remain reli-
able and efficient despite intermittent connectivity, heterogeneous protocols, and limited
resource budgets (Lan et al. 2024). Energy optimization is critical for battery-constrained
edge devices and aerial platforms, necessitating energy-aware scheduling and offloading
strategies (Xia et al. 2022). Finally, seamless integration across heterogeneous computing
tiers requires adherence to standardized protocols and data formats to ensure coordination
among diverse components (Li and Chen 2023). These challenges motivate the application
of Al-driven approaches capable of adaptive resource management under dynamic and het-
erogeneous conditions.

SL is particularly well suited to task offloading and scheduling problems, where models
trained on labeled data such as task complexity and device capability metrics predict opti-
mal task placement and scheduling. For example, the study in Li et al. (2022) employs DL
to hierarchically offload DL tasks across SAGIN layers, reducing latency by aligning tasks
with the computational capabilities of available devices.

RL is particularly effective in dynamic environments for edge computing and task
offloading, as it learns policies that minimize latency or energy consumption through
reward-driven interaction. For task offloading, the study in Zhu et al. (2025) employs deep
Q-network (DQN) based RL to jointly optimize computation and communication resources
in 6 G SAGIN MEC, balancing energy and delay through problem decomposition. In the
context of edge computing, the work in Li et al. (2025) applies a DQN approach to IoT task
offloading within MACNS, intelligently selecting communication links to prolong device
lifetime. These examples illustrate how RL can adaptively manage scarce resources under
changing network conditions and heterogeneous device capabilities.

Hybrid methods combine evolutionary and other emerging Al techniques to address the
complexities and uncertainties inherent in heterogeneous computing environments, and
they are frequently applied within cloud and edge subcategories. For task offloading, Tang
et al. (2022a) integrate blockchain with FRL in a hybrid framework to enable secure traf-
fic offloading in MACNS, thereby mitigating threats while preserving user privacy. In the
domain of cloud computing, Zhang et al. (2024) adopt a quantum-inspired evolutionary
optimization within Com*Net to unify cross-domain resources for large-scale Al training,
demonstrating the potential of hybrid optimizers to coordinate diverse computing assets
efficiently.
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2.2.3 Handover mechanisms

Handover mechanisms ensure seamless connectivity during link or node transitions in
MACN:Ss, with Al used to predict or adapt to mobility induced changes across vertical, hori-
zontal, and predictive handover categories.

Handovers in MACNSs present unique challenges arising from high mobility and con-
stantly changing network topologies. LEO satellites complete an orbit in approximately
90 min and traverse specific ground areas in less than 10 min, requiring handover frequen-
cies three to five times higher than conventional terrestrial cellular networks Tong et al.
(2025); Lv et al. (2022); Niu et al. (2024). Seamless transitions across heterogeneous tiers,
such as from satellites to HAPs or UAVs and further to terrestrial base stations, require har-
monized protocols that consider differing communication standards, latency profiles, and
mobility patterns, and can suffer high failure rates when handover thresholds or trajectory
prediction are inadequate (Zhang et al. 2024; Guo et al. 2022; Morshed et al. 2024). Envi-
ronmental factors pose significant challenges, particularly for optical inter-satellite links
that may experience 15 to 25 dB signal attenuation from cloud scattering and atmospheric
turbulence, while high-frequency radio channels are susceptible to Doppler shifts reach-
ing up to 100 kHz (Niu et al. 2024; Mahboob and Liu 2024). The finite onboard resources
of aerial nodes must be shared among increasing numbers of users, intensifying conten-
tion in high-density scenarios and leading to handover access failures or degraded quality
of service (Tong et al. 2025; Lv et al. 2022). Practical applications further illustrate these
challenges: disaster response scenarios require predictive handover strategies within sat-
ellite visibility windows often limited to less than 60 s per pass (Mohamed et al. 2024),
commercial aircraft undergo handovers approximately every 90 s within LEO constella-
tions (Lv et al. 2022), and remote [oT devices must incorporate delay-tolerant networking
principles to manage intermittent coverage (Han et al. 2024). These challenges motivate
the development of Al-driven handover mechanisms capable of adaptive decision-making
under dynamic and heterogeneous conditions.

RL is particularly prominent for real time decision-making in horizontal and vertical
handovers, as it learns switching policies from environmental feedback. For example,
researchers in Tong et al. (2025) apply an advantage A2C RL algorithm to optimize LEO
satellite handovers based on signal strength and link duration. In the vertical handover con-
text, authors in Tao et al. (2025) employ MAPPO augmented with generative models to
minimize jitter in SAGIN IoT deployments, adapting to integrated sensing and commu-
nication dynamics. These learning based approaches illustrate how adaptive policies can
enhance continuity and QoS under highly dynamic mobility and channel conditions.

Hybrid approaches employ evolutionary and other emerging Al techniques to support
predictive and complex handover decision making, thereby managing uncertainties such as
topology changes. For predictive handover, authors of Kim et al. (2025) propose a quantum-
MARL framework for coordinating CubeSats, HAPs, and UAVs, balancing energy con-
sumption and service requirements in MACN:Ss. In the vertical handover context, researchers
in Mohamed et al. (2024) integrate multi-armed bandit RL with evolutionary components
for UAV and LEO selection in disaster scenarios, optimizing trajectories and resource allo-
cation under uncertain conditions.
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2.2.4 Resource management

Resource management in MACN encompasses the allocation of spectrum, energy, band-
width, and scheduling resources, and Al is increasingly employed to address scarcity and
temporal dynamics.

The complexity of multi-tier systems, in which LEO, MEO, and GEO satellites, HAP
stations, UAV swarms, and terrestrial nodes interact over heterogeneous links, produces
tightly coupled trade-offs across spectrum, energy, and compute resources. Prior stud-
ies have characterized uplink and downlink performance and weather-driven switching
between FSO and RF links in hybrid MACN configurations; however, these works typically
assume simplified, static networks with single ground receivers and fixed routes (Singh
and Swaminathan 2023; Swaminathan et al. 2021; Altubaishi and Alhamawi 2019; Zhang
et al. 2009). Practical deployments require resource control that scales to many concur-
rently served ground users and responds to rapidly varying channel, traffic, and mobility
conditions. Jointly exploiting direct satellite-to-user links and HAPS-assisted relays through
dynamic adjustment of coverage footprints, relay selection, and routing promises substan-
tial performance gains but introduces challenges in cross-layer optimization, real-time deci-
sion latency, and coordination among distributed controllers. The physical placement of
high altitude platform stations is a decisive design variable because both relay capacity and
effective coverage expansion depend strongly on satellite-HAPS geometry and user demand
distribution; nevertheless, systematic strategies that jointly consider HAPS positioning,
coverage control, and Al-driven resource allocation across diverse operational scenarios
remain largely unexplored (Mashiko et al. 2025). These challenges motivate the application
of Al methods such as DRL for sequential decision problems, GNN for topology-aware rea-
soning, and FL for privacy-preserving distributed model training to enable adaptive, data-
driven resource management.

SL is well suited to predictive allocation tasks within dynamic scheduling and spectrum
management subcategories, where models are trained on historical demand and channel
state data to anticipate resource requirements. For example, Dahrouyj et al. (2023) applied
an ensemble of deep neural networks to assign users to integrated networks, thereby maxi-
mizing throughput subject to power constraints. RL, particularly DRL, predominates in
adaptive resource allocation tasks, where agents learn policies for energy and bandwidth
management from reward signals under varying network conditions. For dynamic schedul-
ing, the study in Jia et al. (2025) formulates service function chaining (SFC) scheduling in
SAGIN as a DRL problem over time-extended graphs to maximize deployment efficiency.
For energy management, the work in Zhang et al. (2024) combines DRL with graph convo-
lutional networks (GCN) to orchestrate MACN resources, minimizing energy consumption
while maximizing revenue. These examples illustrate how RL-based methods can adap-
tively optimize scarce resources in highly dynamic, multi-tier environments.

Hybrid methods combine evolutionary and other emerging Al techniques to address multi-
objective resource management problems, particularly those that involve trade-offs between
energy and bandwidth. For dynamic scheduling, the study in Li and Shang (2025) employs
evolutionary optimization to enhance multi-connectivity in MACNSs, thereby improving
coverage in remote regions. For energy management, the work in Zhi et al. (2024) proposes
a self-powered reconfigurable intelligent surface (RIS) scheme to strengthen MACN secu-
rity and sustainability by jointly optimizing amplitude and phase control.
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2.2.5 Optimization techniques

This section examines optimization techniques that maximize trajectory efficiency, cover-
age, and joint control objectives in MACNs, wherein Al addresses complex multiobjective
problems.

Al-driven optimization in MACNSs addresses several critical challenges arising from the
integration of satellites, UAVs, HAPs, and terrestrial infrastructure. Ensuring seamless con-
nectivity across diverse environments, including urban, rural, and remote regions, remains
a central objective, with civil aircraft-assisted SAGINs and UAV deployments adapting
dynamically to variations in population density (Li et al. 2022; Mohamed et al. 2023). Effi-
cient placement of network nodes is essential to balance resource utilization with cover-
age, particularly given high node density and dynamic satellite mobility (Chen et al. 2022).
Optimizing UAV trajectories is crucial for achieving both energy efficiency and spectral
efficiency in highly dynamic environments, requiring coordination of flight paths, power
control, and user association (Liu et al. 2025; Nguyen et al. 2023; Ding et al. 2021). Interfer-
ence resulting from heterogeneous devices and dynamic network topologies poses signifi-
cant obstacles to reliable communication, motivating the use of reconfigurable intelligent
surfaces and non-orthogonal multiple access schemes to dynamically manipulate electro-
magnetic wave propagation and enable frequency resource sharing (Bariah et al. 2022; Kho-
shafa et al. 2025; Zhou et al. 2023). These optimization objectives are frequently formulated
as multi-objective problems that balance competing requirements such as latency, energy
consumption, throughput, and security, highlighting the need for integrated design frame-
works that jointly address cross-layer trade-offs (Wang et al. 2023; Tu et al. 2024). These
challenges motivate the application of Al-driven optimization approaches capable of learn-
ing adaptive policies under dynamic and heterogeneous conditions.

SL is commonly applied to joint optimization and coverage tasks by training predictive
models on labeled datasets to inform resource allocation and deployment decisions. As an
example within distributed supervised settings, Jing et al. (2025) employ FL for online
model training across SAGIN nodes with unreliable links, using sample selection strategies
to reduce communication overhead while maintaining model performance. RL is particu-
larly well suited to trajectory and coverage optimization in dynamic MACNs because it
learns sequential decision policies from reward signals. MARL enables cooperative policy
learning among multiple aerial nodes, facilitating coordinated path planning and resource
allocation under changing topology and channel conditions. For trajectory optimization,
Liu et al. (2025) apply a MARL framework to plan UAV paths in MIMO-enabled networks,
balancing energy consumption with operational efficiency. In the joint communication,
computing, and control domain, Cheng et al. (2025) employ MARL to develop cooperative
transmission strategies that jointly optimize routing and resource allocation across tiers.
These RL based approaches illustrate how sequential learning can adapt policies to evolving
network states, thereby improving coverage, resilience, and overall performance.

Hybrid approaches combine generative, evolutionary, and multiple Al techniques to
address complex optimization problems, and are particularly suitable for trajectory and
coverage optimization under uncertainty. For joint communication, computing, and con-
trol, Tao et al. (2025) employ diffusion based generative Al to support handover decision
making, thereby improving robustness in space air ground integrated network Internet of
Things deployments. For trajectory optimization, Zhou et al. (2023) integrate evolutionary
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optimization with non orthogonal multiple access (NOMA) for energy efficient data col-
lection in SAGIN, demonstrating reduced energy consumption while maintaining coverage
and throughput.

3 Al-driven routing in multi-tier aerial networks

MACN:Ss are central to the realization of 6 G systems by integrating LEO satellites, UAVs,
and terrestrial infrastructure to deliver seamless global connectivity. The heterogeneous,
multi-tier, and highly dynamic character of SAGINs creates complex routing challenges
that conventional protocols are ill equipped to resolve, owing to frequent topology changes,
constrained resources, and diverse service requirements. Al, with its capacity for online
adaptation and data-driven optimization, offers transformative approaches for routing under
these conditions. This section examines the principal routing challenges, surveys Al-based
routing protocols, and presents a comparative evaluation informed by recent advances in
MACN research. Our analysis focuses on how ML and optimization techniques can meet
ambitious 6 G performance objectives which includes high throughput, low latency, and
strong reliability, while accommodating mobility, energy, and spectrum constraints inherent
to multi-tier deployments.

The explosive growth of massive machine type communication devices (MTCDs) has
spurred extensive research into random access mechanisms that mitigate congestion at the
access layer and thereby affect link availability, reliability, and routing in aerial networks.
Representative access layer solutions include grant-free random access frameworks (Sri-
nath et al. 2022), time alignment control for NB IoT (Zhang et al. 2020), probabilistic user
activity models based on multivariate Bernoulli distributions (Liu et al. 2022), and analyses
of retransmission limits (Zhan et al. 2021). Additional approaches address Age of informa-
tion (Aol) through collision resolution protocols (Pan et al. 2022), exploit directional beam-
based cell zoning (Pei et al. 2021), and employ group-based random access that combines
preamble and data or uses two phase group access (Choi and Ding 2021; Wang et al. 2021).
Non orthogonal random access schemes (Khairy et al. 2021), downlink congestion control-
lers that classify preamble collisions (Jang et al. 2021), and MARL methods for preamble
selection and congestion control (Bai et al. 2021; Huang et al. 2020; Lee et al. 2022) fur-
ther broaden the design space. These mechanisms modify collision patterns, retransmission
dynamics, beam and zone allocations, and user activity characteristics, which in turn alter
link stability and latency profiles; consequently, they must be explicitly considered when
designing routing strategies for MACN.

MACNS present tightly coupled routing challenges, including high mobility, rapidly
varying topologies, intermittent links, stringent latency requirements, and limited onboard
computation and storage, all of which render classical routing protocols inadequate. This
section reviews Al driven routing methods that adapt to the spatio-temporal dynamics of
MACNSs and that can operate in concert with the access level mechanisms cited above (Sri-
nath et al. 2022; Lee et al. 2022).
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3.1 Topology-based routing

Topology-based routing methods explicitly represent the network as a time-varying graph
and employ Al to infer link quality, predict topology evolution, or directly learn routing
policies over graph structures. These techniques are particularly well suited to LEO con-
stellations and scenarios dominated by inter-satellite links, where the connectivity graph
exhibits a regular structure but changes rapidly in time (Chen et al. 2025).

Relevant routing challenges. Rapid mobility of LEO satellites and UAV movement pro-
duce frequent topology changes that necessitate near real-time route recalculation and robust
topology forecasting. Scalability is a central concern: mega-constellations and large device
populations create very large graphs that are costly to manage in real time (Chen et al. 2025;
Park et al. 2023). Resource constraints on many aerial nodes further limit the feasibility of
heavy in-node computation, motivating tier-aware solutions that exploit ground or cloud
resources for training or inference when available.

Representative Al techniques. Supervised learning techniques and Bayesian estimators
supply lightweight predictors for short-term link availability and uncertainty quantifica-
tion, which can feed classical heuristics. Deep learning on graphs, and in particular GNN,
provide a natural framework for representing evolving neighborhood structures and link
attributes; when combined with deep reinforcement learning (DRL), the resulting GNN-
DRL paradigm can proactively select routes in anticipation of topology changes rather than
reacting after failures (Chen et al. 2025). RL and multi agent RL (MARL) formulations
cast routing as a sequential decision problem, enabling agents to learn forwarding policies
that optimize long-term metrics such as throughput and delay. GAN-augmented DRL can
mitigate data scarcity by synthesizing plausible topology or state samples for training; Fig. 3
illustrates such a pipeline (Guo et al. 2024). Federated learning and distributed graph rep-
resentation learning offer privacy-preserving, scalable training alternatives by aggregating
model updates rather than raw telemetry across tiers (Chen et al. 2025).

Practical trade-offs. GNN-DRL methods scale well to large LEO constellations but
demand substantial compute and memory resources, typically requiring offloading or
ground assistance for training and inference. Lightweight predictors, including extended
ELM, provide rapid edge-suitable inference for blockage or link-quality prediction but can
be sensitive to noisy or scarce data (Yuan et al. 2022). Topology-based approaches must
also address environmental and security concerns because link availability is affected by
atmospheric events and because attacks on critical graph nodes can severely degrade end-
to-end connectivity.

Fig. 3 GAN-augmented DRL
pipeline for topology inference
and sample augmentation in
routing Guo et al. (2024)
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3.2 Position-based routing

Position-based routing leverages node locations, predicted trajectories, and motion dynam-
ics to inform forwarding decisions. This approach is especially relevant for UAV swarms,
cooperative aerial relays, and scenarios in which geographic information and mobility mod-
els are available and reliable.

Relevant routing challenges. High mobility and trajectory uncertainty in aerial platforms
produce intermittent links and variable link quality that position-aware predictors must
accommodate. Service function constraints and QoS heterogeneity require position-based
policies to balance hop count, stability, latency, and energy consumption. Resource limita-
tions of smaller UAVs impose strict processing and energy budgets, constraining the com-
plexity of on-node models and decision rules.

Representative Al techniques. Classical machine learning methods such as clustering
and density estimation reduce routing overhead by grouping nodes with similar mobility
or spatial locality. Time-series predictors based on recurrent neural networks and convo-
Iutional architectures consume sequences of location and sensor measurements to produce
short-term trajectory forecasts that inform next-hop selection. MARL enables decentralized
learning of forwarding and motion policies, where agents optimize jointly for connectivity,
energy efficiency, and latency using local observations and limited neighbor exchange (Yuan
et al. 2025). Swarm intelligence algorithms such as ant colony optimization and particle
swarm optimization provide simple, local-rule-based mechanisms that are compatible with
resource-constrained UAV implementations. Explainable Al (XAI) techniques and feder-
ated training further support transparency and privacy in civilian airspace operations.

Practical trade-offs. Position-based solutions can be lightweight and interpretable, which
is advantageous in safety-critical missions. However, their performance degrades when
positional measurements are noisy or unavailable, and they must be complemented with
topology or cross-layer information for robust operation in complex environments.

3.3 Adaptive and cross-layer routing

Adaptive and cross-layer routing exploits metrics and control signals from the physical,
MAC, network, and application layers to make routing decisions that account for both
instantaneous link conditions and long-term service requirements. This paradigm explicitly
recognizes that access layer mechanisms and traffic dynamics directly alter link availability
and must therefore be integrated into routing logic.

Relevant routing challenges. Access-layer dynamics such as grant-free random access,
time alignment control, group-based access, non-orthogonal schemes, retransmission
behavior, and preamble collisions modify collision patterns and retransmission dynamics,
which in turn affect link stability and latency profiles. Designing cross-layer routing must
therefore reconcile random access behavior, Age of Information objectives, energy budgets,
and application-specific QoS. Heterogeneous tier capabilities and integration complexity
across space, aerial, and ground domains further complicate unified cross-layer control (Sri-
nath et al. 2022; Lee et al. 2022).

Representative Al techniques. Probabilistic graphical models and Bayesian networks
integrate cross-layer indicators such as random access success probability, retransmission
statistics, and queue states to estimate end-to-end performance and guide routing decisions.
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Representation learning methods, for example autoencoders, produce compact features from
heterogeneous telemetry that feed supervised predictors or RL agents, thereby enabling
faster adaptation under noisy measurements (Guo et al. 2024). DRL is especially suited
to long-horizon trade-off optimization among latency, energy, and reliability and can natu-
rally incorporate access-layer dynamics within reward formulations. Hybrid frameworks
that combine digital twins, blockchain, and Al facilitate safe offline testing and policy opti-
mization at the expense of increased computational cost. Satellite-terrestrial fog networks
(STFN) provide a practical partitioning in which intensive learning tasks execute on more
capable edge or ground nodes while lightweight inference runs on aerial devices (Yuan et al.
2025). RL has been increasingly adopted for topology-aware and adaptive routing in UAV
networks, enabling agents to learn optimal forwarding policies based on observed mobility,
link quality, and network dynamics (Arafat and Moh 2021).

Practical trade-offs. Cross-layer Al solutions can achieve superior end-to-end perfor-
mance by explicitly coordinating access and network behaviors. Their principal limitations
are increased model complexity, elevated data requirements for reliable cross-layer estima-
tion, and the need for standardized telemetry and interfaces to enable effective information
exchange across tiers.

3.4 Comparison and evaluation

A comparative analysis of these Al-based routing protocols assesses their performance in
terms of adaptability, resource efficiency, data requirements, security, and other key metrics,
providing insights into their suitability for MACN applications. Table 3 presents a focused
comparison of representative Al routing protocols, highlighting performance metrics, prin-
cipal strengths, and practical limitations.

GNN-DRL and GAN-DRL exhibit strong adaptability in highly dynamic environments.
These methods can learn and adjust to satellite and UAV mobility patterns, rendering them
particularly effective for large-scale, time-varying topologies (Chen et al. 2025; Guo et al.
2024). In contrast, the VDI approach achieves adaptability through selective layer engage-
ment to accommodate [oT scenarios (Park et al. 2023), while ELM provides lightweight
environmental adaptability suitable for resource-constrained nodes (Yuan et al. 2022).
Quantum routing methods, although still in an early stage, offer potential for future dynamic
networks in which fundamentally different communication primitives are available (Conti
et al. 2024).

Resource efficiency represents a key differentiator among these approaches. ELM is
computationally lightweight, making it suitable for resource-constrained nodes such as
small satellites or edge IoT devices (Yuan et al. 2022). In contrast, GNN-DRL, GAN-
DRL, and STFN require substantial computational and memory resources, limiting their
direct deployment on small UAVs or CubeSats without offloading or specialized accelera-
tors (Chen et al. 2025; Guo et al. 2024; Yuan et al. 2025). The VDI approach occupies an
intermediate position by balancing complexity and effectiveness for massive [oT connectiv-
ity (Park et al. 2023).

Data dependency and training requirements further influence applicability. Methods
such as ELM and maritime deep learning rely on large, labeled datasets for tasks including
blockage prediction or maritime routing, which can be challenging in data-scarce environ-
ments (Yuan et al. 2022; Liu et al. 2022). DRL schemes mitigate some of this limitation by
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learning directly from environmental interactions rather than depending solely on precol-
lected datasets (Chen et al. 2025; Guo et al. 2024). However, approaches that explicitly
model transmission dynamics or topology evolution often require comprehensive topology
and channel datasets to achieve robust and reliable performance (Zhang et al. 2025).

Security constitutes an additional axis of comparison. ESMD-Flow enhances security
by employing dynamic protocol switching, which mitigates eavesdropping risks at the
expense of increased retransmissions and potential packet reordering (Li et al. 2022). Quan-
tum routing provides the theoretical advantage of unconditional security based on quantum
mechanical principles; however, practical deployment is constrained by current hardware
limitations (Conti et al. 2024). Most other routing protocols require supplementary security
mechanisms to satisfy the demands of high-assurance applications.

When evaluated across performance metrics, these methods exhibit distinct strengths
and trade-offs. GNN-DRL optimizes the SFC score, average network load, path delay,
capacity, and runtime, making it particularly suitable for large LEO constellations (Chen
et al. 2025). The SFC score quantifies the success rate and efficiency of service function
chain deployment, typically computed as the ratio of successfully deployed service chains
to total requested chains weighted by resource utilization and path delay (Chen et al. 2025).
Readers seeking detailed mathematical formulations should consult the original works.
ELM achieves high predictive performance, with reported accuracy, precision, recall, and
F1 scores near 91%, thereby enhancing link reliability with minimal computational over-
head (Yuan et al. 2022). VDI improves the random access success rate, Aol, and energy
efficiency in IoT connectivity scenarios (Park et al. 2023), while ESMD-Flow enhances path
reliability and throughput at the expense of additional retransmissions (Li et al. 2022). Mari-
time DL approaches balance delay, throughput, and path lifetime in seaborne networks (Liu
et al. 2022). ME-SAGIN increases the content delivery ratio but incurs additional rout-
ing computation overhead, STFN demonstrates improvements in latency, throughput, and
resource utilization, although detailed metrics remain limited (Yuan et al. 2025), and quan-
tum routing optimizes entanglement generation rates and channel loss characteristics for
long-term quantum-enabled networks (Conti et al. 2024).

In practice, GNN-DRL and GAN-DRL are most suitable for large, dynamic deployments
such as mega-constellations, whereas ELM and VDI are well suited for resource-constrained
IoT and edge scenarios. ESMD-Flow is particularly appropriate in environments where
security is critical, and maritime DL approaches address domain-specific requirements in
seaborne networks. ME-SAGIN and STFN offer practical frameworks for edge processing
and experimental evaluation of novel routing strategies, while quantum routing represents a
promising but still aspirational direction.

Looking ahead, advances that enhance distributed optimization (Chen et al. 2025; Hu
et al. 2023; Li et al. 2022), energy, and security-aware designs, and scalability will be criti-
cal (Jiang et al. 2023; Conti et al. 2024). The integration of Al with network slicing, block-
chain-based trust mechanisms, and quantum error-correction techniques has the potential to
further improve both performance and trustworthiness. Crucially, addressing computational
overhead and improving data efficiency will determine whether these methods can evolve
from promising research findings to practical, deployable solutions.

Al-based routing protocols provide transformative solutions for MACNSs in 6 G networks
by addressing dynamic topologies, resource constraints, and diverse QoS requirements.
Challenges such as computational overhead and data dependency remain; however, ongoing
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research continues to advance scalability, security, and efficiency. Continued development
in this field is essential to fully realize the potential of MACNSs. Collectively, Tables 2 and 3
reveal several important patterns across Al-based routing protocols in MACNs. Graph-
based deep reinforcement learning approaches such as GDRL-SFC (Chen et al. 2025) and
GAN-DRL (Guo et al. 2024) demonstrate strong performance in handling dynamic topolo-
gies, achieving 32% reduction in average delay and 28% reduction in packet loss respec-
tively, though they incur high computational loads and data-intensive training requirements.
Lightweight approaches such as Extended ELM (Yuan et al. 2022) offer edge-suitable
implementations with 91% accuracy for blockage prediction but exhibit sensitivity to data
noise. Scalability varies significantly, with probabilistic methods (Park et al. 2023; Guo

Table 2 Summary of routing methods in MACN

References Al model Dataset and Scalability Robustness
simulator
Chen et al. Graph DRL with GNN  Python Medium (Handles High (Robust to
(2025) massive networks but  SFC constraints
resource-heavy) and dynamic
topology)
Hu et al. (2023)  Optimization with Python Medium (Scales to Medium (En-
Dinkelbach Algorithm multi-layer SAGIN ergy/security
and Block Coordinate but assumes perfect issues in dynamic
Descent conditions) scenarios)
Yuan et al. Extended ELM N/A Low (Data-hungry, High (91% accu-
(2022) shaky with noisy data) racy for blockage
prediction)
Park et al. Bayesian Estimation N/A High (Handles mas- Medium (As-
(2023) and VDI Shifting sive [oT with probabi- sumes ac-
Algorithm listic adjustments) curate device
estimation)
Guo et al. GAN-Powered DRL N/A High (Scales to High (Beats tradi-
(2024) dynamic SAGIN with tional methods in
GAN predictions) speed/balance)
Jiang et al. DSTMR Algorithm N/A Medium (Complex for High (Guarantees
(2023) with Dijkstra real-time but reliable  deterministic
paths) delivery)
Zhang et al. Transmission Dynam-  N/A Low (Heavy theory, Medium (Handles
(2025) ics Theory light on practical congestion but
details) dynamic topolo-
gies challenging)
Liu et al. (2022) Deep Learning for N/A High (Uses local info  High (Balances
Pareto-Optimal for moving networks)  delay/throughput/
Routing lifetime)
Lietal. (2022)  Graph Theory for Mininet, Python Medium (Higher High (Mimic
Multipath Routing retransmission/out-of- Defense for
order issues) security)
Yuan et al. Not Al-Specific (AI- N/A Medium (Complexity Medium (La-
(2025) Driven Optimization) of integration) tency/throughput
focus)
Conti et al. Not AI-Specific N/A Low (Quantum memo- Medium (Coher-
(2024) ry/scalability issues)  ence time/chan-
nel loss)
Cui et al. (2022) Not Al-Specific (MILP N/A Medium (High High (Im-
for Mobility) latency/protocol proved latency/
complexity) flexibility)
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Table 3 Comparison of Al routing protocols in MACN

Protocol Al technique  Key metrics Strengths Limitations
GDRL-SFC (Chen et al. 2025) Graph DRL SFC score, avg. delay  Handles dynamic High com-
with GNN { 32%) topologies putational
load
GAN-DRL (Guo et al. 2024)  DRL with Packet loss (| 28%), Robust to partial Data-
GAN queue utilization observability intensive
training
Extended ELM (Yuan et al. ELM with Blockage prediction Lightweight, Sensitive to
2022) SMOTE (91% accuracy) edge-suitable data noise
VDI-Based RA (Park et al. Bayesian Age of Information, Scalable for Assumes
2023) Estimation energy efficiency massive [oT perfect
coordination
ESMD-Flow (Li et al. 2022) Mimic Eavesdropping suc- Endogenous Retrans-
Defense cess (4 41%), path security mission
reliability overhead

“1” indicates improvement or increase and “}” indicates reduction. Metrics are representative values
reported in the cited works

et al. 2024) effectively handling massive IoT deployments, while graph DRL and optimiza-
tion-based methods (Chen et al. 2025; Hu et al. 2023) become resource-intensive as network
size increases. Most protocols achieve high robustness against dynamic conditions, with
security-focused approaches such as ESMD-Flow (Li et al. 2022) reducing eavesdropping
success by 41% through mimic defense mechanisms; however, several methods assume
ideal operating conditions that may compromise robustness in practical deployments. The
analysis demonstrates a fundamental trade-off between model complexity and deployment
feasibility, suggesting that no single protocol universally dominates across all criteria and
that the selection of an appropriate method depends on specific deployment requirements
including network scale, computational resources, and security considerations.

A broader comparison of the surveyed routing methods suggests that the main advantage
of Al in MACN routing does not lie in replacing all classical protocols, but in improving
adaptability when network conditions vary too quickly or too irregularly for fixed rules to
remain effective. In relatively structured settings, lightweight geographic, topology-based,
or heuristic routing strategies may still offer an attractive balance between simplicity, inter-
pretability, and low overhead. However, as topology changes become more frequent, link
availability becomes less predictable, and routing decisions must jointly account for mobil-
ity, congestion, and heterogeneous service requirements, Al-based methods become more
compelling because they can learn decision policies from data or interaction rather than
relying on repeated manual redesign. This benefit, however, comes at the cost of increased
training complexity, data dependence, and computational burden, particularly for graph-
based deep learning and DRL approaches. Therefore, the practical value of Al-driven rout-
ing in MACN is strongest in highly dynamic and large-scale scenarios, whereas classical or
lightweight hybrid solutions may remain preferable in constrained deployments that priori-
tize simplicity, explainability, and low runtime cost.
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4 Al for computing and task offloading

Researchers have investigated the use of satellites and UAVs within MACNs as traffic
offloading points. For instance, the authors in Du et al. (2018) proposed an SDN-based
auction mechanism for STNs that facilitates both cooperation and competition among the
system’s beam groups. Considering energy constraints, Li et al. (2020) introduced a trans-
mission scheme that offloads base station traffic through satellite broadcast to achieve a
more energy-efficient RAN. Several studies have proposed architectures for space-Oter-
restrial integrated networks (STINs). For example, Li et al. (2017) introduces SERVICE,
an SDN framework for integrated satellite communications leveraging SDN and network
function virtualization (NFV). To enhance connectivity and improve delay and reliability,
Dai et al. (2021) proposes an intelligent gateway-placement strategy. Addressing the time-
varying behavior of STINs, Dai et al. (2020) presents a dynamic user association mecha-
nism with task classification to support load balancing and user task processing. Finally,
Chen et al. (2022) develops a LEO-based STIN framework for crowded and underserved
areas and recommends the application of federated learning in LEO satellite communica-
tions. A concise summary of the surveyed computation and task-offloading methods, along
with their simulators, scalability, and robustness considerations, is provided in Table 4.

4.1 Edge, fog, and cloud computing models

In MACNSs, multi-tier computing architectures are fundamental for enabling efficient com-
munication, computation, and coordination across diverse and geographically distributed
network segments. SAGIN integrates three hierarchical layers, space (satellites), aerial
(UAVs or HAPs), and ground (terrestrial networks), into a unified framework that provides
seamless end-to-end connectivity and computational intelligence (Wu et al. 2025; Xu et al.
2023; Xie et al. 2025; Yoo and Lee 2021).

This integrated, multi-tier architecture overcomes many limitations of traditional single-
tier or isolated computing approaches, particularly in scenarios requiring real-time respon-
siveness and adaptability to dynamic network conditions. By distributing computation
across the different layers, MACNs enable efficient task offloading, robust resource man-
agement, and scalable service delivery in environments characterized by mobility, latency
sensitivity, and heterogeneous infrastructure. Communication in MACNSs extends beyond
simple data transfer to encompass a wide range of interactions, including human-to-human
communication and machine-to-machine exchanges involving IoT devices, mobile termi-
nals, and autonomous agents. Within such a dynamic ecosystem, real-time decision-making
is critical. This includes determining optimal communication paths, prioritizing sensor data,
adapting to fluctuating bandwidth, and managing computational loads across tiers. Conse-
quently, integrating computational intelligence into network nodes is no longer optional but
a fundamental requirement.

Nodes within the SAGIN architecture frequently perform multifunctional roles. Beyond
basic data transmission, they are increasingly responsible for localized computing, routing
optimization, and intelligent decision-making. For instance, a UAV node may simultane-
ously act as a data relay, an edge server, and a sensor data filter, depending on the operational
context. To accommodate these evolving demands, multi-tier computing models comprising
edge, fog, and cloud layers have been adopted to distribute computation intelligently across
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Table 4 Summary of computation and task offloading methods in MACN

References Al model Dataset or Scalability Robustness
simulator
Zhuetal. DQN N/A Low (High DQN complexity, simpli- Medium
(2025) for Task fied mobility) (27-53% cost
Offloading reduction)
Wu et al. Graph The-  MATLAB Medium (Simplified mobility/energy)  High (Reduced
(2025) ory-Based latency)
Iterative
Optimization
(GIO)
Lietal. D3QN Python Medium (No mobility, scalability High (20-30%
(2025) for Task issues) energy
Offloading reduction)
Lietal. Hierarchi- Python Medium (Limited testbed and mobility) High (1.5X la-
(2022) cal Task tency reduction)
Offloading
Wang et al.  Queue- N/A Medium (Incomplete information/ High (33-44%
(2022) Aware Deep dimensionality) reductions in
Actor-Critic energy/delay)
Gu et al. Coded N/A Medium (Latency/fault tolerance High (18-59%
(2021) Storage-and- issues) delay reduction)
Computation
(CSO)
Zhang et al. Quantum N/A High (Quantum advantage for High (>90%
(2024) Genetic Algo- diversity) accuracy,
rithm (QGA) 54% faster
convergence)
Gong etal. Al-Driven N/A Medium (Complex topology/privacy High (Improved
(2024) S3C risks) transmission
Framework rate)
Zhang et al. Not Al- Monte Carlo Medium (Hardware/protocol mismatch) Medium (Opti-
(2024) Specific (QoS Simulations mized handover
Calculation) latency)
Tang etal. FRL with N/A Medium (High heterogeneity/privacy)  High (11%
(2022b) A2C packet drop rate)
Morshed Knapsack- NS-3 Medium (ACC scalability/simplified High (84%
etal. (2024) Modeled mobility) lower timeout
Predictive rates)
Algorithm
Pengetal. NotAl- N/A Medium (Cross-domain/mobility High (Latency/
(2025) Specific (DCIL challenges) reliability focus)
for Time-
Sensitive)
Xu et al. RL with PPO  Python Medium (Limited scope/prediction High (Improved
(2023) errors) inference
throughput)
Tang etal. Blockchain- N/A Medium (Computational overhead/mo- High (Packet
(2022a) Enabled FRL bility simplification) drop rate |37%)
Gong etal. LMAPPO N/A Medium (Complexity/assumptions) High (Improved
(2022) (Lyapunov- sum-rate)
Based
MARL)
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Table 4 (continued)
References Al model Dataset or Scalability Robustness
simulator
Xie et al. CPODQN Python Medium (Energy constraints/ High (29-49%
(2025) (Cache-Pool- scalability) delay variance
Optimized reduction)
DQN)
Xia et al. Distributed N/A Medium (Scalability/privacy-utility High (Improved
(2022) Al (MARL, tradeoff) security/decision
Federated making)
Learning)
Lietal. Dual-Net- N/A Low (Limited scalability/static High (80-90%
(2024) work DRL weights) pseudo-packet
Offloading loss reduction)
(DRLO)
Yoo and FRL with Python Medium (Simplified mobility/perfect High (3.25x
Lee (2021) PPO links) throughput gain)
Maoetal.  Block MATLAB Low (Static IoT/no trajectory) High (30%
(2020) Coordinate delay reduction)
Descent
(BCD) with
SCA
Lin et al. PSO with N/A Medium (Buoy deployment costs/ High (Re-
(2024) Simulated complexity) duced energy
Annealing consumption)
(PSP)
Fangetal. Olive Branch N/A Medium (Offline assignment/limited High (CNASA
(2022) Learning mobility) balances
(OBL) with accuracy/time)
CNASA
Lietal. Bi-Level RL  Python Medium (Extreme distribution shifts) High (95%
(2025) with Adaptive accuracy, 65%
Transfer lower time)
Learning
Li and Risk-Aware  MATLAB Medium (High computational time) High (Balanced
Chen (2023) Distribution- cost/robustness)
ally Robust
Optimization
(RADROO)
Lan et al. Proximal Python Medium (Static security levels/ High (15-30%
(2024) Policy scalability) cost reduction)
Optimization
(PPO)

the network. The edge layer provides immediate, localized processing close to the data
source. The fog layer serves as an intermediate platform for aggregating and analyzing data
from multiple edge devices. The cloud layer offers centralized resources for large-scale pro-
cessing, storage, and long-term analytics. Collectively, these layers establish a hierarchical
yet flexible framework that supports latency-sensitive services, optimizes network perfor-
mance, and enhances the overall intelligence of MACN systems. Table 5 complements this
taxonomy by consolidating task allocation and offloading approaches, including high-level
strategies such as load balancing and energy-aware offloading, alongside their principal

methods, strengths, and limitations.
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Table 5 Comparison of task allocation and offloading approaches in MACN
Approach Objective Methods Strengths Weaknesses
RL (Zhang et al. Learn adaptive MARL, single-agent Adapts to High training
2024; Tang et al.  task-allocation RL, policy-gradient, uncertainty and overhead, and
2022b; Li et al. policies that actor-critic non-stationarity, ~ Computation-
2025; Xieetal.  optimize long-term Good for real- ally intensive;
2025) metrics in dynamic time decisions and requires
environments online adaptation  environment
interaction
Heuristic Fast, rule-based Greedy, thresholding, Simple and Limited adapt-
algorithms (Mao allocation for priority queues lightweight, Low  ability, may
etal. 2020; Lin  low-latency/low- runtime cost converge to
etal. 2024; Wu  complexity needs suboptimal
et al. 2025) local solutions
Metaheuris- Solve complex, Genetic algorithms, par-  Effective for Computation-
tics (Mao et al. constrained offload- ticle swarm, ant colony, NP-hard formula- ally heavy,
2020; Lin et al. ing problems (near- simulated annealing tions, Handles parameter tun-
2024) optimal solutions) multi-objective ing required,
constraints runtime may

SL (Morshed

et al. 2024; Peng
etal. 2025; Xu
et al. 2023)

UL (Morshed
et al. 2024; Peng
et al. 2025)

Load balanc-
ing (Wang et al.
2022; Gu et al.
2021)

Energy-aware
offloading (Gong
et al. 2022; Li

et al. 2024)

Mobility-aware
computing (Mor-
shed et al. 2024)

Predict resource de-
mand, channel/task
completion time to
enable proactive
offloading

Discover node
clusters and latent
structure for hierar-
chical assignment

Evenly distribute
tasks across tiers to
reduce hotspots and
latency

Minimize energy
consumption while
respecting latency
constraints (extend
UAV endurance)

Account for UAV
and satellite motion
in scheduling and
task placement

Regression, tree-based
models, neural nets for
prediction/preprocessing

Clustering, dimensional-
ity reduction, anomaly
detection

MARL, heuristics, ML-
driven prediction with
scheduler

RL, convex and noncon-
vex optimization, energy-
aware schedulers

Trajectory prediction, mo-
bility-aware optimization,
cooperative offloading

Enables proactive
allocation and
load forecasting,
Low-cost infer-
ence once trained
Useful for node
grouping and re-
ducing scheduling
overhead, Reveals
hidden patterns
Reduces latency
and improves
utilization in
multi-tier settings

Extends UAV
operation time,
Can meet strict
latency budgets
when tuned

Improves task
continuity and
reduces offload
failures in mobile
scenarios

limit real-time
use

Requires la-
beled data; not
a direct alloca-
tion solver

Indirect for
allocation;
requires down-
stream policy

Trade-off
between global
optimality and
communication
and coordina-
tion overhead

May sacrifice
throughput;
requires
energy models
and accurate
estimates
Requires
reliable trajec-
tory prediction
and tighter
coordination

4.1.1 Definitions of each tier

The multi-tier computing architecture in MACN is organized into three distinct layers,
which are edge, fog, and cloud. Each layer is optimized for specific computational roles and
is situated at different physical locations within the network. These tiers operate in coordi-
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nation to enable intelligent task distribution, efficient resource utilization, and low-latency
communication across heterogeneous network environments.

o Edge-tier: The edge tier is situated at the ground level and encompasses end-user de-
vices, sensors, actuators, and terrestrial edge servers. Devices such as smartphones, con-
nected vehicles, [oT sensors, and smart city infrastructure generate and process data at
or near the source. This tier is responsible for real-time data acquisition, initial filtering,
and preprocessing, making it essential for latency-sensitive applications such as au-
tonomous driving, industrial automation, and emergency response systems (Wang et al.
2022). To maintain time determinism in next-generation 6 G networks, particularly
those incorporating multiple TSN clusters, edge devices can collaboratively offload and
process data to mitigate congestion and minimize delays (Peng et al. 2025). By keeping
computation close to the data source, the edge tier significantly reduces the need for
long-distance communication and supports rapid, context-aware decision-making.

o Fog-tier: The fog tier functions as an intermediate computational layer, typically com-
prising aerial platforms such as UAVs and HAPs. Strategically positioned between the
edge and cloud, fog nodes provide enhanced processing capabilities while remaining
geographically closer to edge devices. This proximity enables the fog tier to support
latency-sensitive tasks, including distributed inference, local data aggregation, and
temporary data storage (Li et al. 2022). It plays a critical role in balancing workloads
between edge and cloud resources, particularly in scenarios with fluctuating connectiv-
ity or mobile nodes. By offloading intermediate processing to the fog layer, SAGIN
systems can optimize energy consumption, reduce network congestion, and enhance
service continuity.

e Cloud-tier: The cloud tier consists of satellite-based infrastructure, including LEO,
MEO, and GEO satellites. This tier provides global coverage and centralized comput-
ing resources capable of supporting large-scale, resource-intensive operations. Typical
applications include big data analytics, long-term data storage, and training of complex
ML models (Tang et al. 2022b). Although cloud-based processing introduces higher
latency due to the physical distance of satellites from ground nodes, it remains essential
for applications that prioritize computational depth over immediacy.

The definitions of edge, fog, and cloud-tiers align with current literature. Edge computing
manages real-time data at the source, including [oT sensors and terrestrial edge servers, and
is critical for latency-sensitive applications such as autonomous driving (Wang et al. 2022).
Fog computing, consisting of UAVs and HAPs, provides intermediate processing to support
latency-aware tasks (Li et al. 2022). Cloud computing, implemented via satellites across
LEO, MEO, and GEO orbits, offers global coverage for large-scale analytics (Tang et al.
2022b). These characterizations are consistent with recent SAGIN studies, confirming their
accuracy and applicability.

4.1.2 Key design considerations in a multi-tier setting
Designing a robust multi-tier computing architecture in MACN requires careful consider-

ation of several critical factors to ensure optimal performance, high reliability, scalability,
and efficient resource utilization across heterogeneous network layers. The integration of
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edge, fog, and cloud computing within SAGIN necessitates a holistic design approach that
accounts for architectural diversity and dynamic operating conditions.

o Resource allocation: Computational tasks should be distributed across the edge, fog,
and cloud tiers according to factors such as task complexity, data volume, latency sen-
sitivity, and available computational resources. Effective resource allocation enhances
task execution efficiency and prevents overloading of any specific tier. For instance,
lightweight tasks with stringent latency requirements are typically executed at the edge,
whereas data-intensive or delay-tolerant operations can be offloaded to the cloud (Li
et al. 2025).

e Latency management: Time-sensitive applications, such as disaster response, autono-
mous navigation, and real-time surveillance, require low-latency processing and are
often executed at the edge or fog tiers to minimize transmission delays. To satisfy strict
latency requirements, intelligent task offloading and proximity-based computing are es-
sential. In contrast, less urgent tasks can be deferred to the cloud, where abundant com-
putational resources can be leveraged (Zhu et al. 2025).

e Mobility and dynamics: The high mobility of aerial platforms, such as UAVs and
satellites, introduces variability in connectivity, link stability, and resource availability.
These dynamic conditions necessitate real-time adaptability in workload distribution,
routing protocols, and connectivity management to ensure continuous service delivery.
Consequently, adaptive task scheduling and dynamic network management strategies
are essential for maintaining service continuity (Lan et al. 2024; Tang et al. 2022a). As
illustrated in Fig. 4, the BFA3C offloading framework places lightweight actor modules
on UAVs and edge nodes while asynchronous aggregation occurs at fog nodes for scal-
able policy updates. The figure clarifies latency versus centralization trade-offs and the
flow of model updates from local devices to fog and cloud.

e Scalability: The system must be capable of scaling to accommodate an increasing num-
ber of connected devices, users, and services, as well as dynamically evolving network
topologies. Scalability is facilitated through distributed computing paradigms and load-
balancing mechanisms that adapt to shifting demand patterns in real time. This approach
mitigates congestion at the cloud layer and enhances responsiveness throughout the
network (Gu et al. 2021; Li and Chen 2023).

o Energy efficiency: Energy optimization is critical, particularly for battery-constrained
edge devices and aerial platforms with limited energy reserves. Strategies such as ener-

Fig.4 BFA3C offloading archi- ARE——
: : SIDe
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gy-aware scheduling, sleep mode operation, and offloading tasks to energy-rich nodes
are essential to prolong system lifetime. Moreover, efficient resource allocation and
lightweight processing models help extend operational periods while minimizing en-
ergy consumption (Xia et al. 2022).

e Interoperability: Seamless integration across heterogeneous computing tiers requires
strict adherence to standardized protocols and data formats. Interoperability is essential
for ensuring consistency, coordination, and compatibility among diverse components
operating across the ground, aerial, and space segments. Middleware solutions and in-
terface abstractions facilitate this integration by enabling uniform data handling and
communication (Li and Chen 2023).

The considerations outlined, including resource allocation, latency management, mobility,
scalability, energy efficiency, and interoperability, reflect the current challenges in MACN.
Resource allocation is critical for distributing tasks based on complexity and latency
requirements (Li et al. 2025), while mobility management addresses the dynamic behavior
of UAVs and satellites (Lan et al. 2024; Tang et al. 2022a). These challenges are supported
by recent research, ensuring the relevance and applicability of the proposed solutions.

4.1.3 Al implementation in multi-tier computing

Al plays a transformative role in enhancing multi-tier computing within MACN by enabling
intelligent optimization, automation, and adaptability across network layers. Given the
highly dynamic and heterogeneous nature of SAGIN, traditional static algorithms are
often insufficient. Al techniques provide the flexibility and learning capability necessary to
address real-time operational challenges effectively. For a concise mapping of Al paradigms
to implementation roles, including task offloading, resource management, and predictive
analytics, refer to the approach-oriented entries in Table 5.

e Task offloading: Al techniques, such as RL, enable dynamic decision-making to select
the optimal tier, edge, fog, or cloud for task execution. These models continuously learn
from the environment and adapt their offloading strategies according to evolving condi-
tions, including network load, device energy levels, and latency requirements (Li et al.
2025).

o Resource management: ML algorithms can accurately predict resource demand pat-
terns and allocate computational power across the tiers accordingly. This predictive
capability prevents resource bottlenecks, optimizes bandwidth utilization, and ensures
energy-efficient operation. Such intelligent management is particularly critical when
handling constrained edge or aerial platforms (Mao et al. 2020; Li et al. 2025; Zhu et al.
2025).

e Predictive analytics: Al leverages both real-time and historical data from edge devices
to anticipate future network states, user behavior, and potential equipment failures. By
detecting trends and anomalies at an early stage, the system can enable proactive recon-
figuration, preventive maintenance, and intelligent rerouting to ensure sustained perfor-
mance and service continuity (Morshed et al. 2024; Zhang et al. 2024; Gong et al. 2024).

e Autonomous operation: Integrating Al capabilities directly into edge and fog nodes
facilitates decentralized decision making. This localized autonomy reduces reliance on
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cloud-based control, thereby lowering latency, enhancing resilience, and improving re-
sponsiveness in highly dynamic MACN environments (Peng et al. 2025).

e Operational robustness: Al-based monitoring and anomaly-detection mechanisms can
help identify abnormal traffic conditions, unstable links, or unexpected workload behav-
ior across tiers, thereby improving service continuity and system responsiveness under
dynamic operating conditions (Lan et al. 2024; Tang et al. 2022a; Li et al. 2025).

The integration of Al into SAGIN’s multi-tier computing framework markedly enhances
adaptability, resource efficiency, and operational intelligence. Al enables the system to
manage complexity autonomously, increasing resilience and supporting the fulfillment of
mission-critical requirements in real time. The discussion of AI’s role in task offloading,
resource management, predictive analytics, autonomous operations, and operational robust-
ness is consistent with current research. RL for dynamic task offloading and ML for resource
demand prediction are particularly emphasized (Li et al. 2025; Mao et al. 2020).

4.2 Al-based task allocation and scheduling

In MACN, task allocation and scheduling are critical for optimizing resource utilization
and meeting stringent performance requirements. Al techniques, including RL, SL, and UL,
as well as heuristic and metaheuristic algorithms, play a central role in addressing these
challenges. These techniques provide a unifying framework for managing heterogeneity,
network dynamics, and the stringent performance constraints of multi-tier aerial networks.
Rather than relying on static heuristics, learned models and adaptive policies can predict
resource availability, estimate offloading gains, and make scheduling decisions that jointly
optimize latency, energy consumption, and reliability. Al-driven solutions span a spectrum
from ultra-lightweight on-device predictors to large-scale cloud-based training and policy
distillation. They are organized here according to operational tier which are edge, fog, and
cloud, and Al paradigm, including classical ML, DL, RL, evolutionary and swarm intel-
ligence, and emerging approaches. Collectively, these methods enable continuous adapta-
tion to fluctuating link quality, mobility-induced topology changes, and variable workload
characteristics, while supporting privacy, energy efficiency, and real-time performance
requirements (Li et al. 2025; Zhang et al. 2024). Table 5 provides a consolidated view of
task-allocation techniques and their operational objectives, which is referenced when dis-
cussing trade-offs at the edge, fog, and cloud tiers.

4.2.1 Edge computing in aerial networks

At the edge, where UAVs, sensors, and small terrestrial devices operate under stringent
energy and computational constraints, AI emphasizes compact and responsive models and
procedures. Lightweight supervised models and small ensemble learners are employed to
prioritize tasks, detect anomalies, and provide short-term load forecasts using modest local
telemetry, enabling rapid evaluation and incremental updates. Compact deep architectures,
including MobileNet-like networks, pruned or quantized convolutional neural networks,
and other compression techniques, perform on-device perception and feature extraction,
ensuring that only compressed representations or event triggers are transmitted upward,
thereby conserving bandwidth and reducing end-to-end latency. RL at the edge, imple-
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mented using sample-efficient QL variants or small actor-critic agents, supports localized
decision making for resource allocation and adaptive offloading under non-stationary condi-
tions. These approaches require careful reward shaping and often leverage simulator-to-real
transfer to contain training costs. Evolutionary and swarm-inspired heuristics provide addi-
tional lightweight optimization tools for rapid, decentralized task partitioning in scenarios
where centralized coordination is infeasible (Arafat and Moh 2019). Emerging paradigms
such as TinyML and federated on-device updates further reduce power consumption and
preserve data locality by enabling microcontroller class inference and collaborative model
improvement without sharing raw observations (Wang et al. 2022; Xu et al. 2023).

4.2.2 Fog computing for mid-tier processing

Fog or LAP nodes offer greater computational power and temporary storage compared with
edge devices and are therefore well suited to host more sophisticated Al capable of coordi-
nating multiple edge nodes. Classical ML ensembles and advanced predictive models are
practical at the fog layer, where aggregated telemetry enables robust load forecasting and
user association prediction to inform short-term scheduling. Temporal deep models, includ-
ing recurrent neural networks and temporal convolutional networks, provide effective time
series forecasting for link quality and demand, allowing fog nodes to provision resources
and orchestrate flows over brief horizons. MARL facilitates the development of coopera-
tive policies for caching, cooperative inference, and load balancing among multiple LAPs
or UAVs whose actions are interdependent, while population-based metaheuristics such as
particle swarm optimization and genetic algorithms offer rapid, near-optimal solutions to
constrained resource-distribution problems (Alam et al. 2025). Federated fog learning and
split inference further address privacy and bandwidth concerns by enabling model training
and inference partitioning that preserves local data while leveraging the fog layer’s greater
computational capabilities (Gu et al. 2021; Lin et al. 2024).

4.2.3 Cloud-assisted aerial networks

At the cloud tier, where satellites and remote data centers provide abundant computational
and storage resources, Al techniques are primarily applied to large-scale model training,
global optimization, and the synthesis of cross-mission knowledge. Classical ML remains
relevant for global classification and decision tasks, whereas the cloud excels at heavy-
weight DL, including large transformers and deep convolutional networks (DCN) that
aggregate heterogeneous data sources for global traffic modeling, predictive maintenance,
and the generation of training data for downstream tiers. RL executed in cloud environ-
ments, whether offline, in simulation, or in batches, produces complex policies that can
be compressed and deployed to fog and edge actors for real-time operation. Evolutionary
multi-objective optimization at the cloud evaluates trade-offs among latency, energy, cover-
age, and cost at scale, generating candidate operating points that inform local heuristics.
Serverless Al and model as a service paradigms provide elastic scaling to accommodate
training bursts and inference demand, enabling centralized policy evaluation, long-horizon
planning, and knowledge consolidation (Tang et al. 2022b; Li et al. 2025).
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4.2.4 Task allocation in a UAV network

Task allocation in a UAV network involves distributing computational tasks, including
data processing, inference, and real-time analytics, across network nodes such as UAVs,
ground stations, and satellites to optimize objectives such as latency, energy consumption,
and resource utilization. The decision to execute a task locally or offload it to another node
depends on factors including node capabilities, energy levels, communication delays, and
UAV mobility. For instance, in a disaster response scenario, a UAV may need to determine
whether to process sensor data locally or offload it to a satellite for faster analysis (Xie et al.
2025). Cross-tier task offloading and scheduling mechanisms integrate capabilities across
layers to deliver end-to-end performance. Predictive regressors and lightweight classifiers
estimate expected latency, energy cost, and accuracy trade-offs for offloading decisions,
providing interpretable signals to schedulers. Deep models and generative architectures can
learn mappings from high-dimensional system states to scheduling actions and synthesize
realistic traces for rare-event training; however, such approaches must be made practical for
real-time deployment through compression, distillation, or surrogate modeling. RL provides
a powerful framework for adaptive offloading, where policy gradient and A2C algorithms
manage continuous action spaces, such as allocation fractions and compression levels, and
optimize multi-objective rewards encompassing latency, energy, and fairness. Evolutionary
and swarm intelligence approaches generate robust heuristic schedules when exact optimi-
zation is infeasible within operational timescales, while neuro-symbolic and hybrid rule-
learning methods combine interpretable constraint handling with learned adaptability to
ensure safety and quality-of-service requirements are maintained (Zhang et al. 2024; Li
et al. 2025).

4.2.5 Reinforcement learning approaches

RL is widely employed for task allocation because of its ability to adapt to dynamic environ-
ments. An RL agent, which may be a UAV, learns optimal allocation policies by observing
the network state, including node load and energy levels, taking actions such as offloading
tasks to a specific tier, and receiving rewards that reflect objectives such as reduced delay.
For example, Li et al. (2025) employs a dueling double D3QN to optimize task offloading
in Industrial IoT, achieving reductions in energy consumption and a delay of 20 to 30%.
Similarly, Xie et al. (2025) utilizes a cache-pool-optimized DQN (CPODQN) for vehicle
networks, improving delay and fairness by 29 to 49%.

4.2.6 Supervised or unsupervised learning approaches

SL can be employed to predict resource availability or task execution times based on histori-
cal data, thereby supporting proactive allocation decisions. UL techniques, such as cluster-
ing, can group tasks or nodes according to similarity to streamline allocation processes.
Although these methods are less commonly used than RL for direct task allocation, they
complement RL by providing predictive insights. For instance, Xu et al. (2023) integrates a
predictive DNN with RL to enhance inference offloading in UAV-satellite networks.
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4.2.7 Heuristic and metaheuristic algorithms

Heuristic algorithms implement simple decision rules, such as allocating tasks to the nearest
available node, whereas metaheuristic approaches, including genetic algorithms and particle
swarm optimization (PSO), explore the solution space to identify near-optimal allocations
in complex scenarios. For example, Wu et al. (2025) proposes a graph theory based Iterative
optimization (GIO) scheme to minimize delay in maritime task offloading, while Lin et al.
(2024) integrates PSO with simulated annealing to achieve energy-efficient offloading in
maritime IoT networks.

4.2.8 Discussion of strengths and weaknesses

RL provides strong adaptability in dynamic environments and enables continuous improve-
ment of policies through interaction and experience. However, it often requires substan-
tial training data and can exhibit instability during learning (Li et al. 2025). Heuristic and
metaheuristic algorithms are appealing due to their simplicity and low computational cost,
making them suitable for rapid online decision-making; however, they are prone to becom-
ing trapped in local optima and do not guarantee globally optimal solutions (Li and Chen
2023). SL and UL methods are generally not applied directly to task allocation; instead, they
play complementary roles, such as prediction, feature extraction, and clustering, to inform
allocation policies, as their direct applicability to allocation problems is limited (Fang et al.
2022).

4.3 Load balancing and data aggregation

Load balancing, data aggregation, mobility, and energy-aware computing constitute an inte-
grated set of concerns that are effectively addressed through the multi-tier Al taxonomy.
Learning-based load-balancing schemes leverage fog-level coordination and MARL to
dynamically redistribute tasks across UAVs and HAPs, preventing hot spots, reducing end-
to-end delay, and maintaining fairness. Mobility-aware approaches incorporate trajectory
prediction and time-series forecasting, enabling offloading decisions to anticipate topology
changes rather than react, thereby ensuring smoother service continuity in highly mobile
aerial networks. Energy-aware offloading integrates battery-aware cost models with Al poli-
cies to jointly optimize UAV lifetime and mission objectives. In practice, this integration
employs edge TinyML for local energy savings, fog-assisted preprocessing to reduce com-
munication overhead, and cloud-driven policy distillation to produce lightweight onboard
controllers. FFog-level data aggregation reduces redundant transmissions and supports effi-
cient local analytics, while cloud-level analysis informs long-term scheduling strategies and
model updates that progressively enhance system performance across missions (Wu et al.
2025; Xia et al. 2022).

4.3.1 Load balancing in multi-tier UAVs
Load balancing is a critical aspect of multi-tier UAV networks to ensure that no single tier

or node becomes overloaded, which could lead to bottlenecks, increased latency, or system
failure. By distributing computational tasks and data processing across the edge, fog, and
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cloud tiers, load balancing enhances overall system performance, efficiency, and reliability.
It maximizes resource utilization and minimizes energy consumption, which is particularly
important in scenarios where UAVs operate under limited computational and energy con-
straints (Wu et al. 2025; Li et al. 2022).

4.3.2 Learning-based load balancing techniques

Learning-based approaches, particularly RL, are increasingly employed to achieve effective
load balancing in UAV networks. These techniques enable UAVs to learn optimal strategies
for task distribution based on the network state, including task loads, UAV positions, and
communication conditions. By adapting to dynamic environments, RL can reduce latency
and maximize throughput. For instance, DRL has been applied to jointly optimize UAV
trajectories, user association, and resource allocation for load balancing in multi-UAV sys-
tems (Wang et al. 2022; Gu et al. 2021).

4.3.3 Mobility-aware computing

Mobility-aware computing in UAV networks accounts for the dynamic movement of UAVs
and other mobile entities when making decisions regarding task allocation, resource man-
agement, and communication. This consideration is particularly important in mobile edge
computing systems, where UAVs act as mobile edge servers, and their positions continu-
ously change, impacting the efficiency of task execution and data transmission. Mobility-
aware algorithms leverage trajectory prediction to adjust offloading decisions proactively,
ensuring seamless service continuity (Xie et al. 2025; Xia et al. 2022).

4.3.4 Energy-aware offloading

Energy-aware offloading involves transferring computational tasks from UAVs to edge or
cloud servers in a manner that minimizes energy consumption while accounting for the lim-
ited battery capacity of UAVs. This strategy is essential for extending operational time and
ensuring mission success. Techniques including RL, optimization algorithms, and heuristic
methods are applied to achieve energy-efficient offloading while satisfying performance
objectives such as latency and task completion rates (Gong et al. 2022; Li et al. 2024).

4.3.5 Summarizing load based approaches

Table 5 provides a concise summary of load balancing and energy-aware offloading
approaches, highlighting the primary strategies, operational tiers, and key performance out-
comes based on the referenced studies and recent literature.

4.3.6 Critical observations and gaps

Current methods for load balancing and task offloading in UAV networks often assume
predictable mobility, which limits their applicability in real-world scenarios characterized

by highly uncertain trajectories and link dynamics (Morshed et al. 2024). Furthermore,
integrated approaches that simultaneously address load distribution, mobility management,
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and energy efficiency remain scarce, leaving critical trade-offs unresolved. Reliability and
deployment-oriented considerations in load balancing have also received limited attention,
particularly under highly dynamic and resource-constrained operating conditions (Lan et al.
2024). Figure 5 sketches the canonical PPO training loop used as a stable policy-gradient
baseline for resource allocation and mobility control.

Several key observations emerge from recent studies. First, Al, particularly RL, has
demonstrated significant value in optimizing load balancing and energy-aware offloading
due to its adaptability to dynamic environments. Mobility-aware strategies are essential
for maintaining reliable performance, as exemplified in (Xie et al. 2025; Xia et al. 2022),
where dynamic network conditions are explicitly incorporated. The integration of Al tech-
niques not only enhances adaptability, but also improves system efficiency and resilience.
For instance, blockchain-enhanced frameworks illustrate how distributed coordination
mechanisms can support more reliable load balancing operations in decentralized aerial
networks (Tang et al. 2022a).

Despite these advances, several research gaps persist. There is limited exploration of
real-time decision making frameworks capable of handling highly dynamic and uncertain
environments. Existing solutions often struggle to integrate multiple objectives, such as
balancing network load, minimizing energy consumption, and ensuring service continuity,
within a unified optimization framework. Furthermore, the scalability challenge of manag-
ing large UAV swarms remains underexplored, with most studies focused on small-scale
scenarios. This gap is particularly significant given the growing interest in large-scale multi-
UAV operations for disaster management, surveillance, and 6 G-enabled services (Peng
etal. 2025; Li and Chen 2023). Addressing these challenges is critical to advancing practical
and robust load balancing solutions in multi-tier aerial computing networks.

4.4 Summary of approaches

The presented taxonomy highlights the complementary strengths of different computing
tiers. Edge methods provide the lowest latency and highest responsiveness, but are limited
in model capacity and energy. Fog methods balance latency with richer models and coor-
dination capabilities, supporting cooperative schemes and short-horizon forecasting. Cloud
methods offer unparalleled computational resources for global optimization and large-scale
training, although they incur higher latency and require effective policy transfer to lower
tiers. Al paradigms naturally align with these roles, TinyML and lightweight ML are suited
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to latency, and energy-sensitive edge tasks, temporal DL and MARL address fog-level coor-
dination and prediction, and transformers, evolutionary multi-objective optimization, and
offline RL facilitate complex, global-level reasoning in the cloud. Promising research direc-
tions include multi-objective RL for joint optimization of latency, energy, and robustness;
efficient policy transfer and distillation pipelines from cloud to fog to edge; realistic mobility
models and real-world validation of learned schedulers on large UAV swarms; and improv-
ing the reliability and deployability of learning-based schedulers. Addressing these avenues
requires cross-tier co-design that jointly considers model complexity, communication cost,
and mission constraints to deliver robust, scalable, and energy-efficient task allocation and
scheduling for MACN (Peng et al. 2025; Li and Chen 2023). Tables 4 and 5 reveal distinct
trade-offs across Al-based computing and task offloading approaches in MACNSs. Rein-
forcement learning methods, including DQN (Zhu et al. 2025; Li et al. 2025), PPO (Xu et al.
2023; Yoo and Lee 2021; Lan et al. 2024), and MARL variants (Gong et al. 2022; Xia et al.
2022), demonstrate strong adaptability to dynamic environments with reported improve-
ments of 20-53% in cost and energy reduction, though they incur high training overhead
and computational complexity. Federated reinforcement learning approaches (Tang et al.
2022a, b; Yoo and Lee 2021) reduce raw-data exchange while achieving notable perfor-
mance gains, including 37% reduction in packet drop rate and 3.25x throughput improve-
ment, but face challenges related to heterogeneity and communication overhead. Heuristic
and metaheuristic methods (Mao et al. 2020; Lin et al. 2024; Wu et al. 2025) offer light-
weight alternatives suitable for low-latency requirements but may converge to suboptimal
solutions in complex scenarios. Supervised learning approaches (Morshed et al. 2024; Xu
et al. 2023) enable proactive offloading through demand prediction, achieving 84% lower
timeout rates, yet require labeled data and serve primarily as preprocessing rather than direct
allocation solvers. The majority of surveyed methods exhibit medium scalability, with sim-
plified mobility assumptions and energy constraints remaining common limitations across
approaches. Notably, quantum-inspired methods (Zhang et al. 2024) demonstrate high scal-
ability potential with greater than 90% accuracy and 54% faster convergence, suggesting
promising directions for addressing the computational complexity inherent in large-scale
MACN deployments.

The reviewed literature on multi-tier computing in UAV networks highlights the follow-
ing approaches:

4.4.1 High-level comparison

The reviewed studies collectively underscore the central role of Al, particularly RL and ML,
in optimizing computing within MACN environments. These approaches primarily aim to
reduce delay, conserve energy, and improve resource utilization across diverse application
domains, including maritime, vehicular, and [oT networks (Zhu et al. 2025; Lin et al. 2024).
Several thematic directions emerge from a closer examination.

First, edge, fog, and cloud computing paradigms are widely employed to distribute com-
putation hierarchically, thereby reducing latency and improving overall resource efficiency.
Such frameworks enable mission-critical tasks to be processed closer to the end devices
while offloading more complex workloads to higher-tier nodes, as demonstrated in Wu et al.
(2025); Li et al. (2022). Building on this foundation, Al-based task allocation has emerged
as a key strategy for dynamic resource management. RL, heuristic methods, and optimiza-
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tion models are applied to determine optimal task assignments under fluctuating network
and resource conditions (Zhang et al. 2024; Mao et al. 2020).

Load balancing is another recurring theme, emphasizing the distribution of computa-
tional workloads across UAVs and aerial tiers to prevent bottlenecks and maintain fair-
ness. These strategies are critical for sustaining performance in dense or heterogeneous
networks (Wang et al. 2022; Gu et al. 2021). Mobility-aware computing further incorporates
UAV movement and trajectory prediction into offloading and allocation decisions, ensuring
that resource management aligns with the dynamic topology of airborne platforms (Xie
et al. 2025; Xia et al. 2022). Energy-aware offloading strategies address the dual challenge
of conserving limited UAV or satellite energy while maintaining task reliability and timely
execution. Optimization frameworks in this area minimize energy expenditure without com-
promising service quality (Gong et al. 2022; Li et al. 2024).

In general, high-level comparisons indicate that Al-based approaches, particularly
RL, dominate due to their adaptability in dynamic and uncertain environments. Heuris-
tic and metaheuristic algorithms remain valuable as simpler, lightweight alternatives that
are effective in resource constrained or application specific scenarios (Li et al. 2025; Li
and Chen 2023). This contrast highlights a key trade-off between adaptability and com-
plexity. Advanced Al provides superior flexibility and robustness, while heuristic methods
are attractive for practical deployments with limited computational capacity. Collectively,
Tables 4 and 5 summarize the principal trade-offs between adaptability, computational cost,
and data dependence across tiers, serving as a reference for selecting methods appropriate
to edge, fog, or cloud deployments.

4.4.2 Common themes and divergences

Common themes across the literature include Al-driven resource management and the adop-
tion of MACN spanning space, air, and ground segments. Many studies leverage RL and
DL to optimize offloading, scheduling, and routing decisions under uncertainty, underscor-
ing the value of data-driven adaptation in complex MACN scenarios (Li et al. 2025; Mao
et al. 2020). Mobility awareness is repeatedly emphasized as a critical design requirement
for UAV and aerial operations, since trajectory dynamics and intermittent links significantly
impact offloading and scheduling performance (Xie et al. 2025; Xia et al. 2022). Energy effi-
ciency constitutes another prevalent concern, driven by UAV battery limitations and satellite
power constraints, motivating energy-aware offloading and joint energy-delay optimization
frameworks (Gong et al. 2022; Li et al. 2024).

Substantial divergences are also observed in methodological approaches and evalua-
tion priorities. Studies differ in the Al techniques employed, such as value-based meth-
ods such as DQN versus policy gradient approaches such as proximal policy optimization,
each associated with distinct trade-offs in sample efficiency, stability, and computational
cost. Some works favor classical heuristics or metaheuristics due to their low complexity
and predictability, whereas RL-based methods are valued for adaptability, but often require
greater computational resources and interaction data (Zhang et al. 2024; Mao et al. 2020).
Performance metrics also vary widely, including latency, throughput, energy consumption,
fairness, and robustness, reflecting the heterogeneity of application scenarios from disaster
response to persistent surveillance (Morshed et al. 2024; Peng et al. 2025). Concrete exam-
ples include space-air-ground edge computing frameworks that prioritize minimizing the
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overall task completion delay (Yu et al. 2021) and energy-efficient offloading and resource
allocation algorithms for satellites and ground terminals (Song et al. 2021).

A notable gap across these studies is the relative neglect of fairness in onboard terminal
offloading. While many approaches optimize aggregate delay or energy, they often overlook
equitable resource allocation for heterogeneous, delay-sensitive tasks, such as real-time
navigation, remote vehicle control, or vehicle detection, where prioritization is essential to
preserve safety and service quality (Du et al. 2023). Collectively, these commonalities and
divergences highlight promising directions for future research, including the development
of hybrid methods that balance adaptability and efficiency, the extension of performance
metrics to incorporate fairness and quality-of-service differentiation, and the design of scal-
able solutions capable of operating under realistic mobility and energy constraints.

4.4.3 Takeaways and research opportunities

Al techniques, particularly RL, have demonstrably enhanced computing efficiency in
MACNSs by enabling adaptive task allocation, load balancing, and energy-aware offloading.
Mobility-aware and energy-efficient strategies are especially critical for UAV operations,
where trajectory dynamics and limited battery life directly influence offloading and schedul-
ing decisions (Xie et al. 2025; Xia et al. 2022; Gong et al. 2022). Despite these advances,
significant challenges remain. Many existing schemes struggle to scale to large networks,
rely on idealized mobility models that reduce real-world applicability, and insufficiently
integrate deployment-oriented constraints into resource management decisions.

Several concrete research directions appear particularly promising. First, the develop-
ment of MARL frameworks that jointly optimize latency, energy, and fairness can address
the trade-offs highlighted in recent studies (Li and Chen 2023). Second, closer integra-
tion of real-time decision making with predictive analytics and mobility forecasting, using
sequence models or physics-informed predictors, can enable more effective proactive
offloading and handover strategies (Morshed et al. 2024). Third, achieving scalability for
large UAV swarms necessitates hierarchical or distributed learning architectures, poten-
tially leveraging FL or transfer learning, to reduce communication overhead and improve
generalization across heterogeneous environments (Peng et al. 2025). Finally, bridging the
simulation-to-reality gap through deployment on experimental testbeds and standardized
benchmarks, while embedding robustness and deployment-aware objectives into optimiza-
tion routines, is essential to transition Al methods from research prototypes to robust, opera-
tional solutions. Integrating these approaches with emerging 6 G and MACN capabilities,
accompanied by rigorous real-world validation, will be critical for realizing resilient and
efficient aerial computing infrastructures.

Across the surveyed studies, a clear pattern emerges that no single task offloading or
computing paradigm is universally optimal for MACN environments. Al-based approaches,
particularly RL and MARL, are most beneficial when offloading decisions are sequen-
tial, strongly coupled with mobility and channel variability, and must adapt continuously
to changing workload and resource conditions. In contrast, optimization-based and heu-
ristic methods remain attractive when low-complexity, fast, and predictable decisions are
required, especially for platforms with limited onboard energy or processing capability.
Supervised learning methods are often most useful as supporting tools for prediction and
estimation rather than as complete decision engines. These observations suggest that the
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most promising direction is not a strict choice between classical and Al-based computing
control, but rather the careful matching of method complexity to operating conditions, with
lightweight solutions favored in stable or resource-constrained settings and more adaptive
learning-based methods reserved for highly dynamic and uncertain scenarios.

5 Al-driven handover mechanisms in multi-tier aerial networks

MACNSs enable ubiquitous connectivity, facilitate human—machine interaction, and provide
foundational support for intelligent systems and societal advancement (Kato et al. 2019;
Zhang et al. 2020; Liu et al. 2019). This integration connects a vast array of hardware
devices; however, traditional networks are constrained by tight hardware-software coupling,
deployment challenges, and dependence on costly proprietary equipment. NFV decouples
hardware from software, reducing deployment costs and enabling flexible, software-defined
services (Ferras et al. 2016). Similarly, software-defined networking separates centralized
control from distributed data forwarding, providing programmability and reducing main-
tenance costs for global MACN interconnectivity (Gardikis et al. 2017; Wang et al. 2017).

Resource scheduling and transmission control are critical for improving network perfor-
mance (Du et al. 2017). Software-defined networking addresses hardware limited resource
utilization bottlenecks in SAGINs (Kak et al. 2018; Cui et al. 2016; Xu et al. 2019). In SDN-
enabled MACN:Ss, controllers consolidate functions such as routing, resource allocation, and
mobility management for satellite operations (Shi et al. 2019, 2018). By decoupling the
control and data planes, SDN optimizes resource allocation, reduces load on the forwarding
nodes, and enhances overall network performance.

The inherent complexity of SAGINs challenges traditional transmission control pro-
tocols (TCP) in traffic management and resource allocation (Shi et al. 2018). To enable
efficient data transmission, schemes emphasizing control, optimization, and load balancing
have gained prominence (Sheng et al. 2017; S. K. Siam et al. 2026). These approaches lever-
age SDN characteristics and employ game-theoretic models that account for bandwidth,
power, delay, and user demands (Pietrabissa et al. 2018).

In MACNS, controllers and switches perform core transmission functions; overload from
switch requests can result in congestion. Existing schemes often target generic or specific
traffic types and may not scale effectively for SAGIN environments. To address these limi-
tations, this work introduces a dynamic handover software-defined transmission control
(DHSTC) scheme for heterogeneous users. The DHSTC is based on queuing game theory
and incorporates user diversity and variable controller arrival rates. Key parameters include
the value of user service, modeled as a random variable to capture heterogeneity, and asso-
ciated waiting costs. The queuing model operates in observable and unobservable modes.
Given the high delay and jitter typical in MACNs, minimizing switch-controller interactions
through the unobservable mode enhances efficiency. By comparing social welfare across
both modes, the DHSTC identifies optimal strategies to improve network performance.
Handovers in multi-tier aerial networks, particularly within MACNSs, are essential for main-
taining seamless connectivity in dynamic environments where network nodes, such as LEO
satellites, HAPs, UAVs, and ground devices, are constantly in motion. The high mobility of
these nodes leads to frequent handovers, which can result in service disruptions, increased
latency, and deterioration of QoS.
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5.1 Handovers in aerial networks

Handovers in MACNSs, encompassing LEO satellites, UAVs, and HAPs, are critical for
maintaining uninterrupted connectivity in environments characterized by high mobility and
constantly changing network topologies. These networks must address rapid node move-
ments, varying coverage footprints, and fluctuating link quality, all of which necessitate
sophisticated handover mechanisms to prevent service disruptions. For instance, in LEO
satellite constellations, user terminals must frequently re-establish connections as satellites
orbit the Earth at speeds exceeding 27,000 km/h, resulting in brief visibility windows and
the need for proactive beam steering or satellite selection algorithms (Tong et al. 2025). In
SAGINSs deployed for IoT applications or emergency response operations, handover com-
plexity increases due to dual mobility dynamics, where both end users, such as autono-
mous vehicles or portable drones, and infrastructure nodes, including satellites and UAVs,
are in motion, potentially causing alignment mismatches or signal handoff failures (Tao
et al. 2025). These challenges are especially pronounced in specialized environments, such
as aeronautical corridors where commercial aircraft rely exclusively on LEO satellites for
broadband access, or in underserved regions lacking ground-based infrastructure, where
reliable handovers are essential for applications such as real-time disaster forecasting, envi-
ronmental monitoring, and bridging the digital divide in rural communities (Lv et al. 2022;
Han et al. 2024).

e Orbital dynamics: LEO satellites, including those in the Starlink mega-constellation,
complete an orbit in approximately 90 min and traverse specific ground areas in less
than 10 min, requiring handover frequencies three to five times higher than those in con-
ventional terrestrial cellular networks. This rapid traversal necessitates frequent beam
switches and inter-satellite link adjustments to maintain session continuity, with polar
orbital configurations adding complexity through overlapping coverage zones that can
induce interference or redundant handovers if not managed optimally (Tong et al. 2025;
Lv et al. 2022; Niu et al. 2024).

e Vertical handover complexity: Seamless transitions across heterogeneous tiers, such
as from satellites to HAPs or UAVs and further down to terrestrial base stations, require
harmonized protocols that consider differing communication standards, latency profiles,
and mobility patterns. Vertical integration often relies on multi-layer decision-making
frameworks to evaluate link quality metrics, including signal-to-noise ratio (SNR) and
handover latency. For example, UAVs operating in offshore environments may need
to switch from ground-based relays to satellite backhauls during extended missions,
but such transitions can result in failure rates up to 40% due to mismatched handover
thresholds or inadequate prediction of node trajectories (Zhang et al. 2024; Guo et al.
2022; Morshed et al. 2024).

o Atmospheric interference: Environmental factors pose significant challenges to hand-
over reliability, particularly for optical inter-satellite links that may experience 15 to 25
dB signal attenuation from cloud scattering, atmospheric turbulence, or aerosol absorp-
tion, potentially disrupting handover signaling. High-frequency radio channels, such as
those in the Ka-band (26-40 GHz), are susceptible to Doppler shifts reaching up to 100
kHz due to relative velocities between nodes, requiring adaptive equalization and robust
channel estimation to mitigate handover interruptions and maintain link stability (Niu
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et al. 2024; Mahboob and Liu 2024).

o Resource contention: The finite onboard resources of aerial nodes, including limited
channel capacity, typically around 200 channels per satellite, must be shared among
an increasing number of users, intensifying contention in high-density scenarios such
as european airspace corridors, where more than 500 aircraft may simultaneously seek
connectivity. This can lead to handover access failures, increased queuing delays, or
degraded quality of service, highlighting the necessity for intelligent resource orchestra-
tion algorithms that prioritize critical traffic during handoffs (Tong et al. 2025; Lv et al.
2022).

In real-world deployments, handover mechanisms in MACNs must be adapted to specific
application domains, where environmental constraints, user mobility patterns, and mission-
critical requirements shape the design of adaptive strategies. These scenarios illustrate the
practical implications of handover challenges, demonstrating how theoretical models trans-
late into operational necessities across diverse sectors, including emergency management,
aviation, and remote sensing.

e Disaster response: In emergency scenarios such as wildfires or earthquakes, UAV
swarms are deployed to collect and relay survivor locations, sensor readings, or video
feeds through LEO satellites. Given that satellite visibility windows are often limited to
less than 60 s per pass, predictive handover strategies leveraging orbital ephemeris data
and Al-based trajectory forecasting are essential to preemptively select the next serving
node and minimize data loss during transitions (Mohamed et al. 2024).

o Aeronautical communications: Commercial aircraft cruising at altitudes around 11
kilometers in densely trafficked airspace undergo handovers approximately every 90 s
within large-scale LEO constellations. Low-latency handover mechanisms are required
to maintain in-flight entertainment, cockpit communications, and telemetry links with-
out interruptions that could compromise safety or passenger experience (Lv et al. 2022).

o Remote IoT: IoT devices deployed in isolated environments, such as deserts, oceans, or
polar regions, rely on sporadic satellite overpasses for connectivity. Handover mecha-
nisms in these settings must incorporate delay-tolerant networking principles, including
store-and-forward buffering, to manage intermittent coverage and ensure reliable data
delivery for applications such as wildlife tracking, oceanographic monitoring, and re-
mote asset management (Han et al. 2024).

5.2 Al techniques for handover decision making

The inherent complexity and high dynamism of MACNS, characterized by rapid node
mobility, fluctuating channel conditions, and heterogeneous resource constraints, have
motivated the integration of advanced Al techniques to enhance handover decision making
processes. Methods such as RL, DRL, MARL, and generative Al enable these networks
to adapt dynamically to real-time environmental variations, including signal degradation,
orbital shifts, and load imbalances. By learning from interactions with the environment,
these Al approaches facilitate proactive handover strategies that reduce service disruptions,
optimize resource utilization, and improve overall network performance. For instance, in
LEO satellite constellations where handovers occur frequently due to orbital speeds exceed-
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ing 27,000 km/h, Al algorithms such as advantage A2C allow user terminals to select
optimal satellites based on metrics including signal strength, remaining service time, and
predicted visibility windows. This approach reduces the handover frequency and enhances
signal stability (Tong et al. 2025). Similarly, generative Al models, including diffusion-
based approaches, synthesize realistic network states to manage uncertainties in SAGINS,
supporting robust handover decisions for [oT devices with integrated sensing and communi-
cation capabilities (Tao et al. 2025). These advancements are particularly critical in applica-
tions such as disaster response, acronautical communications, and remote [oT deployments,
where seamless connectivity is essential for mission-critical operations. Table 6 provides a
summary of representative Al techniques for handover optimization, detailing their operat-
ing mechanisms, principal advantages and limitations, and the performance gains reported
in the literature.

The hybrid combinations discussed below build on the baseline properties listed in
Table 6, which should be consulted when evaluating computational and measurement trade-
offs for each fusion. A growing trend in handover optimization involves hybrid AI method-
ologies that combine complementary techniques to address the multifaceted challenges of
MACN:Ss. These fusions leverage the strengths of individual approaches, such as the explor-

Table 6 Comparison of Al techniques and representative metrics for handover optimization in MACN

Method Mechanism Key advantages Key limitations Representa-
tive metrics &
measurement
RL (A2C, Model handover as a Fewer handovers;  High training la-  |37% handovers
MAPPO) (Tong multi-agent MDP; agents  adapts to dual tency and compute (simulation);
etal. 2025; Tao  learn node and satellite mobility pat- needs; sensitive to  measured with
et al. 2025) selection via reward shap- terns; improved imperfect position network simula-
ing that balances signal convergence and tors and SNR
stability, handover rate predictability traces
and throughput
Quantum Multi- Quantum circuits, Faster conver- Requires mature, x50% faster
Agent RL (Q- compressed action-space  gence; scalable fault-tolerant convergence (re-
MARL) (Kim representations for joint  in simulation; quantum hard- ported in study);
et al. 2025) scheduling (CubeSats, energy-efficiency ~ ware; limited by simulation/ex-
HALE-UAVs) using QoS gains for con- current quantum perimental traces
energy rewards strained agents technology
Generative Generate synthetic 3D Robust to miss- High GPU mem-  125% Pa-
Al (Tao et al. SAGIN states (positions, ing observa- ory and training reto cover-

2025)

signal and load) to enable
robust VHO under miss-
ing or uncertain data

tions; improves
Pareto efficiency
for multi-objective
trade-offs

cost; scalability
limits in ultra-
dense settings

age; reduced
handover failures
(multi-objective
eval.)

Multi-Armed Online contextual bandits Real-time adapta-  Sensitive to con- x 15 energy-
Bandit for LEO selection and tion; large energy  text estimation er-  efficiency in
(BC-UCB, budgeted UCB for UAV  gains in disaster rors; often ignores  scenario studies;
LinUCB) (Mo- trajectory planning using  scenarios; simple  explicit handover = measured via
hamed et al. features (elevation, vis-  online updates delay modeling UAV telemetry/
2024) ible time, bandwidth) simulated traces
Graph-based Time-evolving coverage  Lower access O(n3) complexity 120% access
MADM (cover- graphs plus MADM or failures; near-zero  for large networks; failures; hando-
age graphs with CRO using ADS-B and handover blocking; centralized ver blocking
CRO) (Lvetal. channel reservation for incorporates real decision-making ~ 0 (ADS-B
2022) aeronautical handovers traffic density limits scalability trace/simulator
evaluation)
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atory capabilities of RL with the predictive power of generative models or quantum-inspired
enhancements, to achieve superior performance in dynamic environments.

The QMARL-A2C fusion (Kim et al. 2025; Tong et al. 2025) combines quantum-inspired
MARL for action-space compression with advantage A2C policy learning for adaptive sat-
ellite selection in LEO constellations. Figure 6 contrasts conventional multi-agent RL with
quantized or compressed action representations, referred to here as QMARL. The figure
highlights the primary trade-off that reducing action dimensionality can improve scalability
and convergence but may reduce action fidelity and fine-grained control. By formulating
joint CubeSat-UAV scheduling as a quantum-enhanced multi-agent Markov decision pro-
cess, this hybrid reduces handover latency by approximately 52 % while preserving high
signal stability of around 99.5%. It is particularly suited for MACN deployments requiring
global access in remote or polar regions where energy efficiency and quality of service
are critical. The main limitation lies in the gap between algorithmic potential and practical
quantum hardware; advances in fault-tolerant, high-throughput quantum processors or effi-
cient classical approximations are required for scalable deployment.

Generative RL (Tao et al. 2025) employs diffusion-based generative models to synthe-
size diverse network states for pretraining MAPPO agents tasked with vertical handovers in
IoT- integrated sensing and communication (ISAC) enabled MACNSs. Pretraining on these
synthetic trajectories accelerates convergence by approximately 63% and improves robust-
ness to dual mobility and constrained resources, thereby reducing handover jitter in dense
IoT and industrial scenarios. However, this approach increases GPU and dataset require-
ments, as wider trajectory diversity and larger synthetic datasets are necessary for general-
ization. Without model compression or distillation, the method may be limited for real-time
or on-edge deployment.

Channel-aware RL integration (CAHM) (Nuo et al. 2025) enhances RL-based handover
managers with physical channel features, including satellite-ground distance, doppler-aware
channel gain models, and historical quality-of-experience telemetry, to inform context-rich
decisions. In dynamic MACN scenarios, such as disaster relief or tactical operations, CAHM
reduces interruption ratios and end-to-end latency by explicitly incorporating propagation
and mobility effects into the state representation. Future work should focus on reducing

Fig. 6 Comparison of MARL Quantum MARL Non-Quantum MARL
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computational demands for resource-constrained platforms and extending the model to
incorporate direct UAV-satellite link options with their associated signaling constraints.

MAB-Graph fusion (Mohamed et al. 2024; Lv et al. 2022) integrates lightweight
multi-armed bandit online learners with graph-based environmental modeling to guide
UAV trajectories and satellite selection in disaster response applications. By prioritizing
energy-efficient paths and reserving channels using coordinated reservation operators, this
approach yields higher sustained data rates and fewer access failures in small-scale deploy-
ments. Scaling to larger multi-UAV fleets will require explicit modeling of handover delays,
inter-UAV coordination overhead, and contention effects. Augmenting the bandit layer with
multi-agent coordination or hierarchical control could help manage these complexities.

Collectively, these hybrid approaches illustrate a continuum of trade-offs. Quantum and
generative hybrids enhance performance and robustness at the expense of hardware and data
demands. Channel-aware RL grounds decisions in physical reality, but increases computa-
tional requirements. Bandit-graph fusions offer lightweight, online adaptability, but require
additional coordination logic for scalability. Future research should emphasize complexity
reduction through model compression and hierarchical control, realistic channel and mobil-
ity modeling, and end-to-end evaluation on emulators or testbeds to validate these promis-
ing approaches under operational constraints.

Innovative parameters, such as the channel reservation order in graph-based methods,
prioritize channel allocation based on signal quality, throughput, and reservation urgency,
achieving near zero handover blocking rates in high-traffic aeronautical scenarios (Lv et al.
2022). Complementary Al-driven strategies, including predictive decision making in UAV
communications (Morshed et al. 2024) and dynamic handover control in MACNs (Guo
et al. 2022), further demonstrate the importance of queuing models and SDN in minimiz-
ing latency and maximizing social welfare. Despite promising results, challenges such as
high computational overhead, scalability limitations, and the need for real-world validation
remain. Addressing these issues through energy-aware optimization, multi-orbit integra-
tion, and O-RAN frameworks represents a critical avenue for future research (Mahboob and
Liu 2024). Collectively, these Al-driven techniques, evidenced by metrics such as reduced
handover failure rates, enhanced energy efficiency, and improved quality of service, hold
transformative potential for handover decision-making, enabling resilient and adaptive
multi-tier aerial networks in 6 G and beyond.

5.3 Handover execution and management

Effective handover execution and management in MACNSs require sophisticated strategies
to ensure seamless transitions, minimize service disruptions, and optimize resource utiliza-
tion across heterogeneous network layers. These strategies exploit real-time data, predic-
tive analytics, and advanced network architectures to address the inherent dynamism of
MACNS. Table 7 provides implementation details for representative studies, including Al
models, simulation environments, and remarks on scalability and robustness, complement-
ing the mechanism-oriented comparisons presented in Table 6.
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Table 7 Summary of methods in handover and channel management of MACN

References Al model Simulator  Scalability Robustness

Tong et al. Advantage actor-critic N/A Medium (Computational ~ High (Improved

(2025) (A20) power struggles) convergence/signal

stability)

Kim et al. Quantum multi-agent Python Medium (Action space High (Improved

(2025) reinforcement learning complexity) QoS/energy
(QMARL) efficiency)

Nuo et al. Channel-aware Handover N/A Medium (N/A) High (Improved

(2025) management (CAHM) delivery ratio)

Zhang et al.  Not Al-specific (QoS Monte Medium (Hardware Medium (Opti-

(2024) Calculation) Carlo heterogeneity) mized handover

simulations latency)

Yao et al. Identity-based mutual N/A Low (High complexity/ High (Reduced

(2021) authentication scheme poor scalability) authentication
(IMAS) delay)

Morshed Knapsack problem for N/A Medium (Complexity of ~ High (Reduced

etal. (2024) predictive decision ACC) delay/loss rate)

Niu et al. HZAO and HTWO N/A Medium (Latency/power ~ High (37% fewer

(2024) algorithms consumption) handovers)

Tao et al. Diffusion model with Python Medium (Computational ~ High (Reduced

(2025) MAPPO overhead) handover failure)

Lvetal. MADM with channel N/A Medium (Simplified High (Reduced

(2022) reservation order (CRO) mobility) access failure)

Han et al. Adaptive data offloading MATLAB  Medium (Limited UAV High (15-30%

(2024) and seamless handover mobility) faster convergence)

Guo et al. Queuing game theory for OMNeT++ Medium (Limited scalabil- High (Reduced in-

(2022) DHSTC 5.5.1 ity/latency simplification) teraction overhead)

Mohamed Two-stage MAB (BC- N/A Medium (Handover im- High (Improved

etal. (2024) UCB and LinUCB-VA) pact ignored) data rate/energy

efficiency)

Mahboob ML/DL/RL for OAI Medium (Onboard High (Improved

and Liu optimization limitations/scalability) Doppler/handover)

(2024)

5.3.1 Vertical handover techniques

The rapidly changing topology and traffic conditions in MACNSs induce frequent vertical
handovers across heterogeneous wireless tiers, which can compromise service continuity
and QoS. The handover decision problem is inherently online, high-dimensional, and com-
plex, rendering classical rule-based or low-dimensional methods insufficiently adaptive.
Recent studies indicate that diffusion models, due to their strong adaptability to dynamic,
high-dimensional environments, are well suited to learn robust handover policies that reduce
interruptions and maintain service reliability (Tao et al. 2025). Sensing plays a critical role in
applications such as intelligent transportation, environmental monitoring, and virtual real-
ity by enabling action recognition, status acquisition, and geolocation. Traditional designs
separate radar sensing and communication, resulting in increased cost and reduced effi-
ciency (Zhang et al. 2023). By contrast, ISAC unifies the mmWave radar and communica-
tion functions, leveraging shared array antennas, RF transceivers, and DSP chains to reduce
hardware redundancy while enabling advanced features and new services (Cui et al. 2021).
In SAGINs with ISAC deployment, all three RAN tiers (GN, HN, SN) can perform concur-
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rent sensing and communication. GN and HN generally achieve higher perception accuracy
due to propagation or beam characteristics, creating opportunities for sensing-assisted com-
munications and networked sensing that enhance cross-tier coordination and improve user
experience (Zhang et al. 2024). Framed as a time-varying, resource-constrained distributed
optimization problem, FL over SAGINs requires hierarchical and asynchronous algorithms,
connectivity, and compute-aware client scheduling, and provable convergence analyses
under intermittent links. This setting provides fertile ground for Al-driven orchestration
and control techniques that jointly optimize learning performance and multi-tier network
resources (Han et al. 2024). Representative metric improvements reported by the surveyed
methods, including handover failure rate, interruption ratio, energy per handover, Pareto
coverage, and signaling overhead are summarized in Table 6, while Table 7 cross-references
these metrics with simulator and platform information.

5.3.2 Horizontal handover techniques

Conventional LEO handover methods rely on single-attribute, multi-attribute weighted,
or prediction-aware schemes, which depend on prior measurements, fixed thresholds, and
static knowledge. These methods are time-consuming to implement and prone to errors
when network information becomes outdated, often causing frequent handovers and load
imbalance (Liu 2021). Given the dynamic, unpredictable, and high-dimensional nature of
LEO handovers, DRL, implemented via an A2C framework, models the problem as a multi-
agent markov decision process (MAMDP) to provide a scalable, data-driven approach for
learning multi-factor handover policies. These policies jointly optimize access selection,
continuity, and service quality without heavy reliance on static prior knowledge (Tong et al.
2025; Liu 2021; Ferreira et al. 2019; Wu et al. 2021). Physical layer channel modeling, such
as channel capacity estimation, has been explored to support real-time handovers, but such
methods often fail under rapid network dynamics and typically ignore historical interaction
data. The channel-aware handover management (CAHM) strategy addresses these limita-
tions by evaluating satellite-to-ground channel quality using distance, channel gain, and
free-space path loss while augmenting these metrics with user-computed remaining service
time. To further optimize handovers, CAHM incorporates inter-satellite link conditions,
including signal-to-noise ratio, link duration, and buffer queue states, providing a holis-
tic view of end-to-end connectivity. Additionally, a novel service pause penalty leverages
historical quality-of-experience data to reward or penalize candidate handovers, improving
decision quality over time and reducing disruptive switches (Nuo et al. 2025). Another hori-
zontal handover strategy leverages HAPs to create a reliable network that facilitates data
transfer between satellites, UAVs, and ground users (Niu et al. 2024).

5.3.3 Predictive handover techniques

QMARL scheduling and predictive, graph-based handover designs together illustrate a pow-
erful, data-driven approach to managing the extreme dynamics and constraints of MACN.
The proposed QMARL scheduler compresses action dimensions via quantum-inspired mea-
surement (PVM) and learns QNN-based policies to reduce the effective action space to
logarithmic scale, enabling coordinated access scheduling among multiple ground stations
while jointly optimizing residual energy and service performance; validated on a realistic
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testbed using CubeSat TLEs, HALE-UAV aerodynamic data, and photovoltaic charging
models, the scheduler sustains performance at very large action sizes (|A| = 2™) where
conventional MARL degrades (Kim et al. 2025). Complementary handover solutions use
GNNs combined with high-temporal-resolution traffic maps, GBH prediction models, and
CRO-augmented MADM to produce data-driven, predictive handover decisions that inte-
grate naturally with learning-based predictors or optimization engines for improved QoS
in aeronautical LEO SatCom (Sharma et al. 2018; Lv et al. 2022). These techniques are
critical because satellite orbital motion, solar vector changes, radiation damage, and atmo-
spheric gusts create highly uncertain scheduling and handover conditions, and swarm mis-
sions impose divergent traffic requirements, from ultra-reliable, low-latency CNPC flows
(tens of milliseconds) to high-bandwidth payload streams, that must be served across three
complementary link types (U2S, U2U, and U2G) with both vertical and horizontal handover
protocols (Zeng et al. 2019; Zhu et al. 2019; Mozaffari et al. 2019).

Cross-layer solutions further enhance end-to-end continuity by integrating learning, con-
trol, and data management across tiers. FL continuity techniques enable seamless transfer of
model parameters during satellite handovers (Han et al. 2024), while adaptive data offload-
ing distributes non-sensitive data to UAVs for local preprocessing and model watermark-
ing preserves model integrity during multi-satellite transfers. UAV-satellite joint control
formulations, such as air control center optimization, coordinate scheduling and control
objectives across platforms (Lin et al. 2024). Despite these advances, challenges remain.
Authentication and control-plane mechanisms can introduce significant delays; for instance,
IMAS reports up to a 300% increase in authentication latency during polar handovers, com-
plicating the integration of quantum key distribution in real-time settings (Yao et al. 2021).
Additionally, mobility prediction remains brittle in complex environments, with kalman fil-
ter predictors reporting approximately 35% RMS error in urban-canyon UAV-satellite links,
highlighting the need for robust trajectory-aware forecasting and lightweight, fault-tolerant
implementations for quantum-inspired schemes (Mohamed et al. 2024; Kim et al. 2025).

5.3.4 Software-defined control and predictive resource orchestration

Software-defined control and predictive orchestration techniques collectively provide a
flexible control plane and proactive resource allocation strategy that are particularly suit-
able for the high-latency and heterogeneous links of MACN. The DHSTC protocol (Guo
et al. 2022) illustrates a software-defined approach by dynamically alternating controller
queues between two operating modes. In the observable mode, high-priority traffic (such as
emergency UAV command-and-control) benefits from active congestion feedback and fine-
grained scheduling. In the unobservable mode, best-effort flows (such as bulk sensor telem-
etry) are admitted probabilistically, thereby reducing control-plane signaling. By adapting
its mode based on traffic composition and link conditions, DHSTC achieves approximately
40% lower interaction overhead, which is particularly significant for satellite environments
where round-trip controller delays are non-negligible.

Complementary to software-defined control, predictive resource orchestration schemes
proactively reserve and schedule radio and optical resources to mitigate access failures and
enhance link reliability. The channel reservation order (CRO) mechanism (Lv et al. 2022)
prioritizes aircraft handovers according to link quality and system load. For example, when
satellite elevation exceeds 30° and SNR is greater than 15dB, CRO pre-allocates chan-
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nels and reserves preemption capacity for emergency flights. Under heavy system loads
(utilization exceeding 80%), it employs a knapsack-based allocation strategy to maximize
aggregate throughput. This predictive allocation reduces aeronautical access failures by
approximately 22% compared with FIFO baselines. In the optical domain, HAP-assisted
FSO relaying (Niu et al. 2024) enhances the stability of free-space optical links through
networked high-altitude platforms. The HZAO algorithm minimizes zenith angles to reduce
atmospheric loss, while the HTWO scheduler classifies HAPs as idle or congested in order
to extend satellite visibility windows and improve link continuity.

Tables 7 and 6 illustrate the diversity of Al-driven handover mechanisms in MACNs
and their associated trade-offs. Reinforcement learning approaches, including A2C (Tong
et al. 2025) and MAPPO (Tao et al. 2025), effectively model handover as multi-agent Mar-
kov decision processes, achieving 37% reduction in handover frequency and improved sig-
nal stability, though they require substantial training latency and computational resources.
Quantum multi-agent reinforcement learning (Kim et al. 2025) demonstrates promising
scalability with 50% faster convergence and enhanced energy efficiency, but remains con-
strained by the maturity of fault-tolerant quantum hardware. Generative Al methods (Tao
et al. 2025) enable robust vertical handover under missing or uncertain data by synthesizing
3D SAGIN states, achieving 25% improvement in Pareto coverage, yet incur high GPU
memory and training costs that limit deployment in ultra-dense settings. Multi-armed bandit
approaches (Mohamed et al. 2024) offer real-time adaptation with significant energy effi-
ciency gains, particularly in disaster scenarios, but are sensitive to context estimation errors
and often neglect explicit handover delay modeling. Graph-based multi-attribute decision
making methods (Lv et al. 2022) achieve near-zero handover blocking and 20% reduction
in access failures by leveraging time-evolving coverage graphs, though their cubic compu-
tational complexity limits scalability for large networks. The majority of surveyed methods
exhibit medium scalability with high robustness, indicating that while current approaches
effectively handle moderate network sizes, addressing computational overhead and simpli-
fied mobility assumptions remains essential for practical deployment in large-scale MACN
environments. Taken together, SDN mechanisms such as DHSTC provide low-overhead,
policy-driven control, while CRO and HAP-enabled optical relaying contribute predictive,
link-aware resource management necessary for resilient MACN operation. The primary
trade-offs lie in control-plane complexity and the requirement for accurate link and state
estimation. Specifically, SDN controllers must limit excessive signaling on high-latency
links, and predictive schemes depend on sufficiently reliable telemetry (including eleva-
tion, SNR, and system load) to support effective pre-allocation. Future research directions
include hybrid controllers that adapt DHSTC mode transitions using CRO-style predictions
and the extension of HAP scheduling strategies to jointly consider both RF and optical link
multiplexing.

5.4 Performance metrics for handover evaluation
Evaluating the performance of handover mechanisms in MACN requires a comprehensive
set of metrics that collectively capture reliability, efficiency, and user satisfaction. These

metrics are essential for addressing the diverse requirements of MACNSs, which range from
minimizing service disruptions to optimizing resource utilization.
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The performance evaluation of handover schemes in MACN typically relies on a suite of
complementary metrics that together reflect reliability, effectiveness, and operational effi-
ciency. The handover failure rate and interruption probability quantify the likelihood of
unsuccessful switches or service disruptions and are therefore central to reliability assess-
ments. For instance, HAP networking (HAPN) reports an approximately 80% reduction
in interruption probability compared with RF-based MACNs by exploiting stable FSO
links (Niu et al. 2024), while the GBH framework explicitly seeks to minimize access-
failure probability for aeronautical traffic (Lv et al. 2022). The average number of handovers
is another important indicator, as fewer handovers reduce signaling overhead and lower the
risk of transient outages. A2C-based schedulers extend satellite dwell time, thereby reduc-
ing handover counts and improving link stability in LEO constellations (Tong et al. 2025).

Latency and delivery delay remain critical for time-sensitive applications such as autono-
mous systems and disaster response. Channel-aware and SDN schemes, including CAHM
and DHSTC, mitigate end-to-end delay by incorporating context-aware decision making
and reducing control-plane signaling (Nuo et al. 2025; Guo et al. 2022). FL architectures
further reduce training latency by approximately 15-30% through adaptive offloading (Han
et al. 2024). Throughput and data rate are key metrics for data-intensive payloads such as
remote sensing and video streaming. HAPN’s FSO deployment achieves a reported 38.25%
throughput gain, while UAV trajectory-aware schemes enhance payload link rates through
joint planning (Niu et al. 2024; Morshed et al. 2024; Mohamed et al. 2024).

Signal stability and QoS, measured through indicators such as SNR and QoE, ensure
persistent connectivity. Frameworks such as GBH prioritize SNR for aeronautical flows,
QMARL explicitly optimizes QoS in CubeSat-HALE networks, and CAHM incorporates
QoE penalties to better align handover decisions with user satisfaction (Kim et al. 2025;
Lv et al. 2022; Nuo et al. 2025). For Al-driven methods, convergence speed and training
reward provide valuable indicators of learning efficiency and adaptability. Approaches such
as DGHD and QMARL demonstrate faster convergence and higher training rewards rela-
tive to baseline RL methods, thereby enabling quicker adaptation to nonstationary network
conditions (Kim et al. 2025; Tao et al. 2025).

Energy efficiency is particularly important for UAVs and small satellites with limited
power budgets. Joint trajectory optimization and MAB-based strategies report up to fifteen-
fold improvements in energy utilization, while QMARL frameworks explicitly trade off
energy consumption against service quality in scheduling decisions (Mohamed et al. 2024;
Kim et al. 2025). Finally, system-level metrics such as social welfare and interaction over-
head provide a holistic view of performance in SDN-based control. For example, DHSTC
improves social-welfare metrics while simultaneously reducing controller interaction over-
head in heterogeneous SAGINs (Guo et al. 2022).

It is important to emphasize that these metrics interact in nontrivial ways. Reducing
the frequency of handovers may inadvertently increase latency or lower throughput, while
aggressive throughput maximization can significantly raise energy consumption. As a
result, evaluations should report multi-metric trade-offs under realistic mobility and traffic
models. Moreover, validation on emulators or testbeds is recommended to capture cross-
layer effects and control-plane delays that are often overlooked in simulation-only studies.
Taken together, Tables 6 and 7 provide a compact reference for selecting handover strate-
gies. Specifically, Table 6 characterizes mechanisms and performance gains across metrics,

@ Springer



Al-driven multi-tier aerial communication networks: a review of routing,... Page 53 0f 99 251

while Table 7 records implementation and validation details necessary for reproducibility
and deployment assessment.

5.4.1 Trade-off analyses

CAHM (Nuo et al. 2025) illustrates a latency reliability trade off in harsh environments
such as disaster zones: the scheme deliberately accepts small latency increases on the order
of milliseconds to secure very high delivery ratios of approximately 99.9%. The delivery
ratio represents the proportion of data packets successfully delivered to their intended des-
tination relative to the total packets transmitted, serving as a fundamental measure of com-
munication reliability under handover conditions (Nuo et al. 2025). Detailed mathematical
definitions and measurement methodologies are provided in the cited references. Energy
throughput trade offs are apparent in BC UCB based schemes for UAV trajectory and access
planning (Mohamed et al. 2024), which report substantial energy savings on the order of
~ 89% reduction in UAV energy consumption compared with greedy baselines while pre-
serving a large fraction of peak throughput (roughly 80% of greedy data rates). These results
underscore a practical compromise between endurance and instantaneous capacity. At the
opposite extreme of the design space, MARL solutions handle dynamics and cooperation
in dense non terrestrial networks effectively (Kim et al. 2025; Han et al. 2024), but conven-
tional approaches suffer from severe convergence and scalability limitations as the number of
agents and the dimensionality of actions increase. QMARL mitigates this problem by com-
pressing action dimensionality, achieving logarithmic scaling thorough projection valued
measures, at the cost of reduced classical implementability and maturity while improving
convergence in very high dimensional action spaces (Kim et al. 2025). DRL and genera-
tive hybrids, including A2C, MAPPO, and diffusion model based methods, yield adaptive
and high performance handover policies (Tong et al. 2025; Tao et al. 2025); however, they
impose greater training and inference demands and often rely on centralized or cloud based
training, which can limit real time on board deployment unless accompanied by model com-
pression or edge offloading. Finally, system level design choices exhibit throughput robust-
ness cost trade offs: high altitude platform networking with free space optical relays attains
large simulated gains in throughput and interruption reduction but increases deployment
cost and sensitivity to weather (Niu et al. 2024), whereas CRO augmented multi attribute
decision making for aeronautical traffic improves aggregate throughput and reduces access
failures at the expense of additional computation on aircraft or edge nodes (Lv et al. 2022).

5.4.2 Validation gaps

Across the surveyed works there is substantial heterogeneity in validation platforms and
a persistent scarcity of hardware validation. Many studies perform algorithmic evaluation
in Python or MATLAB (Kim et al. 2025; Tao et al. 2025; Han et al. 2024), OMNeT++
is employed in at least one investigation (Guo et al. 2022), Monte carlo experimentation
appears in others (Zhang et al. 2024), and OAI based emulation or hardware like testbeds
are relatively rare but notable in survey level contributions (Mahboob and Liu 2024). True
hardware or emulation based end to end demonstrations remain exceptional rather than
typical, although some works incorporate real world datasets such as ADS B flight snap-
shots (Lv et al. 2022) or TLE traces and HALE UAV aerodynamic logs to increase real-
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ism (Kim et al. 2025). Reporting practices further limit reproducibility: roughly half of the
papers do not consistently report their simulation platforms, and many omit complete simu-
lator configurations, parameter sets, and computational cost metrics including training time,
inference time, memory, and energy, despite the centrality of these metrics for assessing on
board feasibility in non terrestrial network contexts (Tong et al. 2025; Tao et al. 2025; Kim
et al. 2025). Moreover, several contributions rely on idealized channel, mobility, or energy
models, while only a minority evaluate algorithms under high fidelity traces or realistic
flight dynamics (Kim et al. 2025; Lv et al. 2022), which raises questions about the extent to
which reported gains will transfer to operational environments.

To strengthen validation practices we recommend adopting shared benchmark scenarios
and datasets, for example ADS B snapshots, TLE traces, and HALE aerodynamic logs;
increasing the use of hardware in the loop and real emulation studies; mandating compre-
hensive reporting of simulator, platform, and configuration details; and requiring publica-
tion of computational and energy cost metrics. Encouraging open source releases would
further enable independent replication and fair comparison. As Table 7 demonstrates, simu-
lator platforms and reporting practices vary widely across studies, which complicates direct
comparison and underscores the need for standardized benchmarks and openly available
datasets.

Taken together, the handover literature indicates that the value of Al depends strongly on
the degree of mobility uncertainty, cross-tier heterogeneity, and the extent to which hando-
ver decisions require prediction rather than simple thresholding. In comparatively regular
settings, conventional handover mechanisms based on signal strength, hysteresis margins,
dwell time, or lightweight predictive rules may still achieve acceptable performance with
lower complexity and clearer operational behavior. Al-based methods become more useful
when handover decisions must simultaneously account for multiple time-varying factors
such as node mobility, channel fluctuations, traffic load, and service continuity across het-
erogeneous tiers. Under such conditions, RL, MARL, and hybrid predictive approaches can
reduce unnecessary handovers and improve robustness, but they also introduce higher com-
putational cost, training overhead, and implementation complexity. This trade-off suggests
that future handover design in MACN should focus not only on improving Al performance,
but also on clarifying when simpler model-based approaches remain sufficient and when the
added complexity of learning-based control is operationally justified.

6 Al-enabled resource management

The integration of Al into MACN is transforming resource management from static, rule
based control to adaptive, data driven decision making. The complexity of multi tier sys-
tems, in which LEO, MEO, and GEO satellites, HAP stations, UAV swarms, and terrestrial
nodes interact over heterogeneous links, produces tightly coupled trade offs across spec-
trum, energy, and compute resources. Consequently, Al methods such as DRL for sequen-
tial decision problems, GNN for topology aware reasoning, and FL for distributed model
training with reduced raw-data exchange have emerged as powerful enablers for optimiz-
ing allocation policies that jointly satisfy quality of service and user quality of experience
metrics. This section surveys recent Al driven solutions organized into four focal areas: (i)
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spectrum and bandwidth allocation, (ii) energy and battery aware management, (iii) QoS or
QoE aware resource allocation, and (iv) learning based adaptive resource policies (Fig. 7).

Prior studies have characterized uplink and downlink performance and weather driven
switching between FSO and RF links in hybrid MACN configurations composed of LEO
satellites, HAP, and ground stations; however, these works typically assume a simplified,
static network with a single ground receiver and fixed routes (Singh and Swaminathan
2023; Swaminathan et al. 2021; Altubaishi and Alhamawi 2019; Zhang et al. 2009). Practi-
cal deployments will require Al enabled resource control that scales to many concurrently
served ground users and that responds to rapidly varying channel, traffic, and mobility con-
ditions. In particular, jointly exploiting direct satellite to user links and HAPS assisted relays
through dynamic adjustment of coverage footprints, relay selection, and routing promises
substantial performance gains but also introduces new challenges in cross layer optimiza-
tion, real time decision latency, and coordination among distributed controllers. The physi-
cal placement of high altitude platform stations is a decisive design variable because both
relay capacity and effective coverage expansion depend strongly on satellite HAPS geom-
etry and on the spatial distribution of user demand; nevertheless, systematic strategies that
jointly consider HAPS positioning, coverage control, and Al driven resource allocation
across diverse operational scenarios remain largely unexplored (Mashiko et al. 2025).

In the remainder of this section we highlight Al approaches that address these challenges,
including MARL for coordinated coverage and handover control, GNN based models for
rapid inference on network graphs, and FL schemes that enable collaborative model training
across nodes with constrained backhaul. We also identify open problems such as the design
of safe and explainable policies, transfer learning across operational environments, and the
joint optimization of communication, computation offloading, and energy management in
large scale, dynamic MACN. Table 8 summarizes representative Al and non Al methods
for resource management in MACN together with their evaluation platforms, remarks on
scalability, and observations on robustness; the table is intended as a concise mapping from
algorithmic families to practical deployment trade offs.

6.1 Spectrum and bandwidth allocation

Spectrum scarcity and the heterogeneity of MACN, including LEO satellites, HAPS, UAV,
and terrestrial systems, make real time, cross tier spectrum and bandwidth management
indispensable. A SDN control plane that provides a global network view can enable flex-
ible orchestration and network slicing, yet the extreme dynamism, scale, and heterogeneous

Fig.7 Joint perception, com-
munication, computing, and
actuation framework illustrating
cross-layer coupling (Meng et al.
2024)
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Table 8 Summary of methods for resource management in MACN
References Al model Simulator Scalability Robustness
Li and Shang Not Al-Specific N/A Medium (Latency and High (Improved SINR
(2025) (Stochastic coordination complexity)  and coverage)
Geometry)
Mashiko et al. ~ Not Al-Specific N/A Medium (Lack of High (Improved spec-
(2025) (FSO or RF coordination) tral efficiency)
Models)
Jia et al. (2025) DRL for SFC Python Medium (Complexity and ~ High (Improved SFC
Scheduling scalability) deployment)
Tianhao and Self-Attention N/A Medium (Rapid changes High (Reduced energy
Zhiyong (2024)  Based DRL and computational and delay)
overhead)
Meng et al. Not Al-Specific N/A N/A Medium
(2024) (SCol Metric)
Dahrouyj et al. Ensembling Deep ~ Python Medium (Dynamic chal- High (Improved
(2023) Neural Networks lenges and interference) sum-rate)
(EDNN)
Wuetal. (2021) SDN with Al STK, Medium (Signaling High (Improved
Algorithms Didi overhead and dynamic throughput)
Chuxing  resources)
Dataset
Zhi et al. (2024) Not AI-Specific N/A Medium (Optimization High (Improved
(Graph Theory) complexity) secrecy rate)
Jiaet al. (2024) DRL for Resource  Python Medium (Radiation vulner- High (Reduced system
Allocation ability and unreliable links) cost)
Ding et al. Endogenous Al N/A Medium (Al overhead and  High (Improved user
(2024) with RASAR deployment complexity) serviceability)
He et al. (2022) Reliable transport ~ Real Medium (Caching and High (>66% delay
system (RTS) SGIN control packet overhead) reduction)
Proto-
type,
Virtual
SGIN
Wu et al. (2024) PPO for load Mininet, Medium (Al interpretabil- ~ High (40-50% lower
balancing BMV2 P4 ity and telemetry overhead) queue imbalance)
Switches,
Python
Lins et al. SI/EI with DNN OAL Medium (Standards rigid- High (Reduced latency
(2021) Partitioning free5GC, ity and UAV limits) and jitter)
Docker/
Kuber-
netes,
Matlab,
Mininet
Peng et al. MAPPO with N/A Medium High (Improved hit
(2024) LSTM ratio and delivery
delay)
Lietal. (2021)  MILP with tabu N/A Medium (Link capacity or ~ High (Improved profit
search (TS) latency constraints) and acceptance ratio)
Zhang et al. FL with Q-Learning N/A Medium (Complexity and  High (12.9-—33.1%
(2022) resource load) revenue improvement)
Cao et al. (2021) Improved Two_ N/A Medium (Multi-level con-  High (Improved HV
Arch2 Algorithm trol and scalability) for multi-objective)
Zhang et al. GCN with DRL Python Medium (Static topology ~ High (Improved
(2024) and limited attributes) revenue-cost ratio)
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Table 8 (continued)

References Al model Simulator Scalability Robustness
Lietal. (2022) SN-LSTM for ROS-GA- Medium (Simulation-only) High (0.26 km error

Navigation ZEBO, reduction)

uuv
Simulator

Ivanov et al. GNN for Graph- N/A Medium (Complexity and  High (3-46 kb/s/J EE)
(2022) Based RA assumptions)
Ozturk et al. Multi-Attention N/A Medium (Interference and  High (Reduced power
(2025) for Latency-Aware Al privacy) consumption)

Switching
Alam and Song GNN with DDPG ~ BRITE, Medium High (Improved VNR
(2024) ns-3 acceptance and QoS)
Wang et al. Lagrange dual N/A Medium (Perfect informa- High (Improved
(2018) decomposition with tion and heavy computing) throughput)

CCP
Jiang et al. Multi-sided N/A Medium (N/A) High (Improved admis-
(2023) ascending-price sion ratio)

auction
Zhou et al. CDMADDPG N/A Medium (Simplified as- High (Balanced
(2023) sumptions and complexity) throughput)
Cai et al. (2024) MAPPO N/A Medium (Complexity and  High (Reduced system

security limits) cost)

Sun et al. (2024) Auction with DRL  N/A Medium High (Improved system

profit or load balance)
Hassan et al. MINLP with BD/  Python Medium (Simplified sce-  High (Improved EE/

(2022) DA/ADMM narios or fixed network) SE)

Zhang et al. DRL for multi- N/A Medium (Offline testing High (Improved

(2021) domain VNE and simplified mobility) revenue and acceptance
rate)

QoS requirements of MACNs demand Al augmented decision engines for fast, adaptive
allocation and sharing decisions (Di et al. 2019; Cheng et al. 2020; Zhang et al. 2017).
In practice, an effective spectrum controller must reconcile competing objectives such as
spectral efficiency, latency, reliability, fairness, and energy consumption under stringent
constraints including limited onboard power, long satellite propagation delays, and rapidly
evolving aerial topologies (Wang et al. 2020; Zhuang et al. 2019; Zhang et al. 2020). Table 8
lists representative spectrum allocation and graph based studies, for example EDNN and
GNN entries, and summarizes the platforms and scalability assumptions that underlie their
reported gains.

SL and imitation learning methods often serve as a first step in converting historical or
simulated traces into fast, low complexity decision rules for user scheduling and initial
allocation. For example, EDNN can learn high quality mapping policies that assign users to
satellites, HAPS, UAVs, or ground base stations to maximize aggregate throughput subject
to power or association constraints; these learned schedulers are particularly effective in
environments with predictable traffic patterns or where labeled data from simulations or
logs are available (Dahrouj et al. 2023). Lightweight sequence models, such as compact
long short term memory (LSTM) networks, can be deployed on resource constrained edge
platforms to reduce signaling and offloading demands. By performing localized inference,
these models lower the bandwidth and energy required for centralized coordination and
thereby alter the effective spectrum demand profile (Li et al. 2022).
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Graph based Al methods offer a topology aware paradigm for spectrum allocation and
interference management in MACN. Representing heterogeneous elements and their inter-
ference relationships as graphs or hypergraphs enables the use of GNN to capture spatial
and relational structure, generalize across varying network sizes, and produce fast inference
when mobility changes link connectivity. Frameworks such as GRIST employ hypergraph
formulations and GNN to jointly reason about inter subnetwork interactions, including cel-
lular, device to device, satellite, and aerial relays, and to generate interference aware chan-
nel assignments and reuse patterns that adapt to evolving topology and traffic mixes (Ivanov
et al. 2022). Graph based approaches further support transferability. Policies trained on one
constellation or regional topology can be fine tuned or transferred to another constellation
with similar graph statistics, which reduces the need for expensive retraining.

For sequential, long horizon control problems in which actions have delayed or cumula-
tive effects, DRL and multi agent variants are particularly well suited. RL agents can jointly
optimize band allocation, power control, UAV hovering altitude, and handover thresholds
to maximize long term capacity while suppressing cross tier interference and satisfying
latency and reliability constraints (Wang et al. 2018). In multi agent formulations, individual
aerial platforms or SDN sub controllers learn coordinated policies via centralized training
with decentralized execution or via communication aware MARL, thus supporting large
scale coordination without excessive signaling overhead. Hybrid architectures that combine
RL for high level policy decisions with low complexity learned heuristics or supervised
models for rapid local actions provide a pragmatic balance between optimality and run time
responsiveness.

Data heterogeneity, administrative separation, and limited backhaul motivate distributed
learning paradigms, most notably FL. FL enables geographically distributed SDN control-
lers, satellite gateways, and aerial nodes to jointly refine models for demand forecasting,
interference prediction, or price dynamics without requiring centralized raw-data collec-
tion across domains. Model compression, quantization, and knowledge distillation are often
necessary to make FL feasible over constrained links such as satellite uplinks or underwater
acoustic channels, and these edge-oriented design choices directly affect spectrum utiliza-
tion and control-plane overhead.

Economic and market based mechanisms complement data driven Al by embedding fair-
ness and incentive compatibility into allocation. Auction based designs, for example multi
sided ascending price auctions for network slicing, provide provable efficiency and fairness
guarantees while enabling heterogeneous providers, including satellite operators and radio
access network operators, to coordinate bandwidth sharing and latency sensitive slice ten-
ancy across domains (Jiang et al. 2023). These mechanisms can be augmented with learn-
ing modules that predict demand, estimate willingness to pay, or adapt reserve prices, thus
increasing spectral utilization while mitigating strategic behavior.

Domain specific constraints illustrated by maritime and other specialized scenarios must
inform algorithm design. Maritime and low gain user settings shift demand toward aerial
relaying links and impose strict energy and antenna gain constraints that affect schedul-
ing and spectrum sharing policies (Hassan et al. 2022; Li et al. 2020; Zhou et al. 2017).
UAV relays serving low earth users through air to satellite and air to ground links change
interference footprints and require dynamic, energy aware, and delay sensitive reallocation
strategies (Sun et al. 2018; Motlagh et al. 2016). Likewise, deployments that mix radio and
underwater acoustic modalities must treat channel capacities, latencies, and energy costs as
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modality specific resources, which motivates cross domain schedulers that jointly optimize
when to communicate, when to compute locally, and when to defer or compress data.

From a systems perspective, hierarchical SDN architectures that combine local fast loop
controllers for low latency, safety critical actions with higher level global orchestrators for
strategic slice reconfiguration are a promising approach to couple Al models operating at
different granularities. In these architectures, lightweight edge inference handles rapid link
level adaptations while periodic global updates, possibly informed by FL or offline RL
retraining, adjust slicing and spectrum reservations to reflect evolving traffic patterns. Criti-
cal performance metrics for evaluation should therefore include not only throughput and
spectral efficiency but also control plane overhead, decision latency, fairness across users
and slices, energy per bit for battery operated nodes, and robustness to topology shifts and
adversarial conditions.

In the context of bandwidth management within Al enabled resource allocation frame-
works for MACN, (Shang et al. 2021) propose an EI driven SAGIN architecture that
leverages DRL to optimize communication resources, including bandwidth, together with
computing and storage capabilities. By integrating software defined networking and NFV
with microservices (Bao et al. 2019), this architecture enables the decomposition of delay
sensitive services, for example Internet of Vehicles (IoV), augmented reality (AR), or virtual
reality (VR), into independent microservices for distributed processing across satellites, aer-
ial nodes, and ground stations. This approach addresses bandwidth constraints in resource
limited environments by dynamically allocating spectrum under time varying channel con-
ditions and satellite dynamics. The RASAR and DRCAM style architectures and their com-
parative platforms and limitations are summarized in Table 8, which readers may consult to
compare bandwidth management trade offs and reported performance.

A central contribution is the DRL based resource allocation and computation offload-
ing algorithm for microservices, DRCAM, which minimizes a weighted sum of latency
and energy consumption while explicitly accounting for bandwidth constraints. Building on
prior DRL and RL works for storage and bandwidth optimization in MACNs (Wang et al.
2021; Zhang et al. 2022), DRCAM incorporates knowledge graphs for context aware deci-
sion making and demonstrates pervasive bandwidth efficiency for massive service requests
in full coverage 6 G scenarios (Li et al. 2023). Simulations indicate lower system cost
relative to cloud centric paradigms (Xie et al. 2021) and improved performance for user
constrained environments (Hassan et al. 2020). Notable challenges include inefficiencies
arising from centralized optimization and high development overhead; possible remedies
include deeper Al integration for real time sensing and orchestration (Xu et al. 2023; Lin
et al. 2023; Yang et al. 2022). Overall, this EI strategy complements existing Al techniques
by extending bandwidth management across space, air, and ground tiers to promote ubiqui-
tous access and quality of experience guarantees in remote or harsh environments (Jia et al.
2024).

Authors in Ding et al. (2024) introduce the RASAR architecture for autonomous resource
management in MACNs, embedding endogenous Al in a closed loop hierarchy of three lev-
els and optimizing bandwidth through federated learning at the access level and RL at the
service level. By slicing the network to separate delay tolerant and delay sensitive users,
RASAR improves slice reconstruction latency, burst service response time, user serviceabil-
ity, and resource efficiency in simulated LEO or MEO setups with busy traffic, outperform-
ing benchmarks such as CDA and NCS. The framework nevertheless faces Al overhead and
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deployment complexity, and future work should address joint data and service management
as well as optimal Al placement. Related efforts target reliable transport and caching to indi-
rectly improve bandwidth efficiency. For example, a distributed caching design with hop
by hop acknowledgments demonstrated substantial end to end delay reduction and lower
resource consumption in a prototype involving the Qilu 1 satellite and virtual simulations,
although caching overhead motivates further on orbit evaluation (He et al. 2022). Other
works advocate full dimensional programmability for self driving 6 G networks, employing
RL methods such as proximal policy optimization for load balancing and in band telemetry
to monitor bandwidth states; Mininet and P4 switch emulations report marked reductions
in queue imbalance compared with equal cost multipath, while highlighting the need for
explainable Al and enhanced edge intelligence to address interpretability and hardware con-
straints (Wu et al. 2024).

Additional AT enabled strategies include MAPPO with LSTM for collaborative content
caching, which clusters satellites to improve hit ratio and reduce delivery delay in dynamic
networks though real world scalability remains an open issue (Peng et al. 2024), and intent
based orchestration that combines GNN with DDPG based RL to satisfy low latency and
high bandwidth virtual network requests in BRITE and ns-3 simulations (Alam and Song
2024). Economic mechanisms also contribute to bandwidth allocation: a multi sided ascend-
ing price auction allocates bandwidth across satellite, RAN, and WAN domains to maxi-
mize gain from trade while preserving truthfulness and budget balance, with performance
assessed by admission ratio and served bandwidth per user and with natural extensions to
include delay and energy considerations (Jiang et al. 2023). Modeling resource orchestra-
tion as a virtual network embedding problem, other studies use DRL to optimize bandwidth
and node embedding for intelligent transportation scenarios, achieving higher long term
revenue and acceptance rates in Python simulations, though the lack of real world testing
constrains external validity (Zhang et al. 2021).

Collectively, these Al enabled strategies advance autonomy and efficiency in MACN’s
bandwidth management, yet recurrent drawbacks such as computational overhead and lim-
ited real world validation persist. Addressing these limitations will require hybrid Al and
hardware solutions, refined strategies for Al placement and model compression, and exten-
sive field trials to realize the promise of 6 G deployments.

6.2 Energy and battery-aware management

Energy efficiency is a fundamental challenge in MACN because aerial and space nodes
such as UAV, HAPS, and satellites are intrinsically resource constrained. Unlike terres-
trial base stations that can rely on stable power supplies, these nodes operate on limited
batteries or solar based energy harvesting, which imposes strict limits on communication
duration, computation, and coverage. Consequently, Al driven strategies have been widely
adopted to manage energy consumption intelligently while preserving sustainable operation
and acceptable performance. Table 8 highlights representative energy aware contributions,
for example SN LSTM navigation, GCN plus DRL hybrid methods, and UAV hovering and
power optimization, and records their simulation platforms and notes on robustness to facil-
itate cross comparison. Energy-aware routing and coordination are critical in long-duration
UAYV missions, where bio-inspired optimization techniques, such as grey wolf optimiza-
tion, have been applied to jointly optimize localization accuracy, clustering efficiency, and
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network lifetime (Arafat and Moh 2021). Recent bio-inspired algorithms continue to dem-
onstrate strong performance in clustering and routing for flying ad hoc networks, offering
a favorable balance between adaptability and computational efficiency under high-mobility
conditions (Agrawal and Arafat 2024).

At the radio and MAC layers, a prominent direction is the use of learning to design adap-
tive transmission policies that balance power efficiency and throughput. Static power control
schemes are generally ill suited to highly dynamic SAGIN, where link conditions fluctuate
with user mobility, atmospheric effects, and orbital motion. Machine learning models can
predict channel states and optimize transmit power accordingly, thereby extending device
lifetime without sacrificing reliability. For example, energy efficient coexistence strategies
for satellite terrestrial systems dynamically adapt transmit power to avoid interference while
conserving energy (Ruan et al. 2022). Similarly, combining advanced multiple access tech-
niques, such as NOMA and rate splitting, with Al driven clustering and beamforming has
been shown to improve spectral efficiency while imposing only modest additional energy
overhead (Lin et al. 2019; Yin and Clerckx 2022).

At the network and service management level, Al has been applied to resource virtu-
alization frameworks to enable flexible and energy efficient allocation of heterogeneous
resources. Traditional terrestrial infrastructures often cannot meet the energy demands of
emerging applications such as smart cities, autonomous transportation, and large scale [oT
deployments. To address this gap, MACN research has combined service function chain-
ing and network function virtualization with Al based orchestration to reconfigure services
on demand while minimizing energy consumption (Zhang et al. 2022; Ozturk et al. 2025).
DRL, particularly when integrated with GNN for virtual network embedding, has dem-
onstrated promise: by learning to map virtual network requests onto the physical satellite
UAV ground infrastructure, DRL based algorithms such as GD-EA-VNE can minimize total
energy consumption while maximizing revenue to cost ratios, thus balancing operational
and economic objectives (Zhang et al. 2024).

Task offloading is another crucial area for energy management. Mobile and IoT devices
in SAGIN scenarios often lack sufficient battery capacity for intensive local computation.
Al enabled self attention mechanisms and related models have been used to decide dynami-
cally whether to process tasks locally or offload them to edge servers hosted on LEO satel-
lites. These models consider task urgency, available bandwidth, and channel quality, and
thereby minimize both user side energy consumption and satellite processing cost while also
reducing latency (Tianhao and Zhiyong 2024).

The integration of ocean networks into MACN further broadens the scope of energy
aware Al solutions. Autonomous underwater gliders operate under extremely tight energy
budgets and have traditionally depended on expensive sensors and active propulsion. Light-
weight predictive models such as SN LSTM have recently been introduced to support
energy efficient navigation by leveraging buoyancy control and trajectory prediction; as a
result, these gliders can perform large area environmental monitoring with minimal energy
expenditure (Li et al. 2022). This example illustrates how Al can enable sustainable opera-
tion across aerial, space, and maritime domains.

Finally, UAV specific constraints motivate tailored energy aware strategies. UAVs are
frequently deployed to augment terrestrial coverage, relay traffic, and maintain connectivity,
yet they face unique challenges including dynamic topologies, frequent hovering adjust-
ments, and limited onboard batteries. Al based joint optimization frameworks that select
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UAV hovering altitude and transmission power simultaneously can extend UAV endurance,
preserve communication reliability, and mitigate cross tier interference while also reducing
collision risk (Wang et al. 2017, 2018). Collectively, these energy aware Al techniques are
essential for enabling long lived, efficient multi domain SAGIN deployments.

6.3 QoS and QoE-aware resource allocation

QoS and QoE are fundamental to user satisfaction in MACN, particularly for latency sen-
sitive and mission critical applications such as intelligent transportation systems, disaster
response, and large scale IoT services. These applications impose diverse and stringent
requirements, including ultra-low latency, high throughput, robust reliability, and service
continuity across heterogeneous tiers. Al based resource allocation has therefore emerged
as a key enabler for optimizing network performance. By leveraging ML and optimization
techniques, SAGIN infrastructures can dynamically allocate resources, adapt to fluctuating
demand patterns, and ensure that application specific requirements are met across hetero-
geneous domains. Table 8 aggregates representative entries for SFC and NFV, MAPPO, FL
based embedding, and auction plus RL schemes; this table enables readers to cross check
QoS and QoE claims against simulator settings and reported scalability caveats.

A prominent application is the IoV, where dynamic mobility and safety critical services
demand strict delay and reliability guarantees. Al enabled, cost aware service function chain-
ing frameworks exploit SDN and NFV to schedule and map service chains in MACN while
balancing provider cost and diverse QoS constraints. These frameworks can, for example,
prioritize ultra low latency for vehicular safety messages while allocating high bandwidth
for infotainment streams in highly mobile environments (Li et al. 2021).

FL has been applied to SFC embedding in MACN as a distributed approach that supports
collaborative learning of resource allocation policies while reducing centralized raw-data
exchange. Unlike centralized solutions that require raw data exchange, FL allows space,
aerial, and terrestrial segments to train models locally and share only model updates. This
approach improves success rates for SFC deployment while reducing communication
overhead and helping to ensure that QoS requirements are respected across administrative
domains (Zhang et al. 2022).

In vehicular networking scenarios, edge cloud collaborative scheduling is critical for
meeting application specific performance targets. Al driven algorithms can optimize task
offloading between edge nodes, such as UAVs and roadside units, and cloud resources
within SAGIN. By jointly minimizing service delay and energy consumption while maxi-
mizing resource utilization, these mechanisms enable diverse vehicular services ranging
from real time navigation to high definition video streaming to meet their QoS targets (Cao
et al. 2021).

Network slicing provides a systematic mechanism to enforce QoS aware allocation in
heterogeneous environments. Multi objective optimization techniques, including central-
ized and distributed multi agent deep deterministic policy gradient (CDMADDPG) algo-
rithms, have been proposed to orchestrate RAN slices tailored to distinct service profiles.
For example, individual slices can be configured to prioritize throughput for urban stream-
ing, to guarantee ultra low latency for vehicular control, or to maximize coverage for rural
monitoring. By balancing these often conflicting objectives, Al based orchestration enables
simultaneous satisfaction of diverse user demands (Zhou et al. 2023).
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Ensuring equitable access to scarce resources is vital in large scale multi tier systems.
Auction based mechanisms augmented with RL have been employed to achieve proportion-
ally fair scheduling that prevents resource starvation while satisfying strict QoS constraints.
These hybrid economic and learning frameworks improve fairness across competing users
and device classes and can adapt to changing demand and network conditions (Sun et al.
2024).

Finally, intent based networking frameworks that combine GNN with RL methods such
as DDPG offer higher level automation in QoS management. These systems interpret high
level service intents, for instance a request for low latency video calling, and translate them
into concrete resource allocation strategies. By dynamically orchestrating resources across
the space, air, and ground layers of SAGIN, intent based approaches enable virtual network
requests to meet their latency, bandwidth, and reliability requirements even under highly
dynamic conditions (Alam and Song 2024).

6.4 Learning-based adaptive resource policies

In the context of dynamic resource policies for Al enabled resource management in MACN,
several works have emphasized hybrid FSO and RF links as a means to improve downlink
spectral efficiency for emerging 6 G systems (Kaleem et al. 2024; Mao et al. 2023; Qi et al.
2022). These multi layered systems combine LEO satellites and high altitude platform sta-
tions to offer direct to cell connectivity that can fill coverage gaps in remote or disaster
affected areas. They must also contend with propagation challenges, most notably weather
dependent signal degradation on FSO channels, so recent studies examine mixed FSO and
RF operation and weather aware link switching to maintain performance under adverse
atmospheric conditions (Kodheli et al. 2020; Singh and Swaminathan 2023; Swaminathan
et al. 2021). Table 8 collects several architectural proposals, for example edge intelligence,
RASAR, MAPPO clusters, and DRL based virtual network embedding, and their imple-
mentation notes; the table is useful when evaluating orchestration trade offs such as place-
ment, telemetry overhead, and multi objective performance.

Although much prior analysis has focused on static MACN topologies and uplink or
downlink characterization, practical deployments require adaptive mechanisms that respond
to distributed and time varying ground traffic. In particular, optimal resource allocation must
consider HAPS positioning and adaptable coverage boundaries to trade off direct satel-
lite transmissions against HAPS relayed links as traffic loads and propagation conditions
evolve (Kawamoto et al. 2024). Notable contributions propose integrated control method-
ologies that continuously adjust HAPS placement and satellite or HAPS coverage regions
according to measured traffic distributions and channel conditions, thereby maximizing
end to end spectral efficiency through a careful balance of transmission capacity and dis-
tance (Kaleem et al. 2024; Mao et al. 2023; Qi et al. 2022). (Mashiko et al. 2025) further
illustrate the potential of Al driven adaptation, showing how learning agents can enable near
real time optimization across changing multi tier aerial topologies.

ML techniques have been applied across several resource management functions in
MACN. Edge driven neural networks, for example, have been proposed for user scheduling
and can maximize sum rate throughput while satisfying power and backhaul constraints;
these schemes can efficiently assign users among geostationary satellites, HAPS with FSO
links, and multi antenna ground base stations, yielding reduced computational complex-
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ity and improved performance across regions with heterogeneous user densities (Dahrouj
et al. 2023). In mission critical operations such as search, diagnostic, and rescue, hybrid
Al frameworks combine system intelligence for orchestration and EI for task partition-
ing, for example offloading object detection deep neural networks to suitable edge nodes
that can adapt to damaged or degraded infrastructure by optimizing latency, throughput,
and resource consumption on UAVs that operate as temporary base stations or user equip-
ment (Lins et al. 2021).

RL families have shown particular promise for collaborative and distributed optimiza-
tion. MAPPO augmented with memory modules such as LSTMs supports collaborative
caching and content placement across clustered satellites in large scale integrated systems
by adapting to content popularity and network conditions to reduce delivery latency (Peng
et al. 2024). Distributed task scheduling formulations that employ MAPPO balance secu-
rity utility, system cost, and energy consumption while offloading heterogeneous workloads
across satellites, UAVs, and ground devices, thereby supporting differentiated task handling
in heterogeneous and resource-constrained environments (Cai et al. 2024). Auction style
mechanisms coupled with DRL have also been used to enforce proportional fairness in task
allocation, dynamically adapting to fluctuating arrival rates to achieve load balancing and to
optimize system level profit metrics (Sun et al. 2024).

Beyond individual algorithms, several architectural and orchestration paradigms aim to
make Al based resource management practical and scalable in MACN. EI architectures inte-
grate Al capabilities across satellites, UAVs, and ground nodes, often through microservices
and knowledge graphs, so that DRL agents can dynamically allocate resources and offload
computation to resource constrained users in challenging environments such as remote
regions or disaster zones (Jia et al. 2024). The RASAR framework embeds endogenous Al
loops for perception, training, and optimization across hierarchical resource, access, and
service levels to autonomously manage network slices according to real time demand pro-
files spanning delay tolerant to delay sensitive services (Ding et al. 2024). For multi domain
orchestration, DRL based virtual network embedding enables adaptive placement of virtual
network requests onto heterogeneous satellite, aerial, and ground infrastructures, allow-
ing applications such as intelligent transportation systems to maintain service continuity
despite topology changes (Zhang et al. 2021). Complementary concepts such as full dimen-
sional programmability and real time telemetry support self driving network functions, for
example PPO based load balancing across satellite, aerial, and ground paths, which react to
dynamic traffic and link conditions (Wu et al. 2024). Joint modeling of routing, demand, and
NFV placement with DRL applied to dynamic service function chaining permits continuous
adaptation of function placement and chaining to topology shifts and demand fluctuations,
thereby improving the rate of successful SFC deployments across the multi tier ecosys-
tem (Jia et al. 2025). Figure 8 shows the DRL-MSSNL training pipeline, including how
states are constructed, rewards are shaped, and training and evaluation phases are separated.
Refer to the figure when discussing experimental setup, sensitive hyperparameters, and the
algorithm’s dependence on reward design.

Taken together, these learning based strategies spanning DRL, GNN, FL, and ensemble
methods provide the adaptability needed to manage rapidly changing topologies, variable
traffic demands, and heterogeneous resource availability in MACN. At the same time, practi-
cal challenges persist, including computational overhead, scalability to continental or global
scales, deployment constraints, and the integration of advanced beamforming and multi
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layer connectivity into unified control loops. Addressing these limitations will be essential
to realize real time, robust, and efficient resource policies for 6 G era MACN. Entries in
Table 8 provides a comprehensive overview of Al-driven resource management methods
in MACNS, revealing consistent patterns across diverse approaches. Deep reinforcement
learning methods dominate the landscape, with DRL-based service function chaining (Jia
etal. 2025, 2024), self-attention DRL (Tianhao and Zhiyong 2024), and graph convolutional
network combined with DRL (Zhang et al. 2024) demonstrating improved deployment
efficiency, reduced energy consumption, and enhanced revenue-cost ratios. Multi-agent
approaches, including MAPPO with LSTM (Peng et al. 2024) and MAPPO for privacy-
aware allocation (Cai et al. 2024), effectively address coordination challenges in distributed
settings, achieving improved hit ratios and reduced system costs. Graph neural network
methods (Ivanov et al. 2022; Alam and Song 2024) enable topology-aware resource alloca-
tion with energy efficiency gains of 3-46 kb/s/J and improved virtual network request accep-
tance. Federated learning combined with Q-learning (Zhang et al. 2022) addresses privacy
concerns while achieving 12.9-33.1% revenue improvement, and PPO-based load balanc-
ing (Wu et al. 2024) reduces queue imbalance by 40-50%. Notably, all surveyed methods
exhibit medium scalability, with common limitations including coordination complexity,
computational overhead, simplified mobility assumptions, and static topology constraints.
The consistently high robustness ratings across approaches indicate that current AI meth-
ods effectively optimize resource allocation under dynamic conditions, though addressing
scalability limitations and bridging the gap between simulation environments and practical
deployments remains a critical research priority.

The resource-management studies reviewed in this section show that Al is particularly
valuable when allocation decisions must be repeatedly updated under coupled variations
in traffic demand, topology, interference, and resource availability across multiple tiers.
In such environments, DRL, GNN-based reasoning, and distributed learning methods can
offer stronger adaptability than static allocation rules or offline optimization alone. At the
same time, many resource-management problems in MACN still retain structure that can be
effectively exploited by classical optimization, decomposition, matching, or queue-aware
control methods, especially when the system model is sufficiently accurate and operational
transparency is important. The key issue is therefore not whether Al should replace classical
resource management, but how to choose among classical, Al-based, and hybrid strategies
according to the degree of uncertainty, scale of coordination, and resource budget of the
deployment. This perspective is important because some reported performance gains from
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Al methods may be offset in practice by increased signaling, training cost, and energy con-
sumption if the underlying control problem is not sufficiently dynamic to justify that added
complexity.

7 Al-driven optimization techniques

MACN are expected to provide ultra wide coverage and long distance connectivity (Fang
et al. 2021), yet standalone satellites remain vulnerable to line of sight disruptions, shad-
owing, and link instability. Relay based cooperative transmission using UAV has therefore
been proposed to strengthen satellite to terrestrial links by increasing the probability of line
of sight and providing three dimensional connectivity (Sharma et al. 2019; Lee et al. 2022;
Guo and Zhao 2022; Ding et al. 2021; Pan et al. 2020). Under quality of service and resource
constraints, transmission mode selection, that is direct satellite to user equipment versus
UAV relay, together with joint power and spectrum allocation must be decided adaptively
as satellite and UAV mobility and traffic conditions evolve. Solution approaches cluster into
two principal families which are classical optimization and RL based methods (Tian et al.
2021; Jia et al. 2021; Shi et al. 2022). Because centralized RL requires global information
and scales poorly, multi agent alternatives have received considerable attention (Ding et al.
2021; Oubbati et al. 2023; Messaoudi et al. 2024). Representative algorithms include MAD-
DPG and its variants for trajectory planning, power control, and access management (Ding
et al. 2021; Oubbati et al. 2023; Messaoudi et al. 2024), and multi agent advantage A2C
schemes with action dimensionality reduction for association and trajectory design (Lee
et al. 2022).

Sixth generation systems will require MACNS to deliver global coverage and to accom-
modate growing traffic volumes from applications such as remote sensing, environmental
monitoring, industrial automation, and smart cities (Lv et al. 2021; Zhou et al. 2023; Drif
et al. 2021; Chen et al. 2021a, b). The rapid growth in satellite deployments driven by large
constellations has produced extremely dense networks with numerous interconnections; flat
control plane architectures struggle to scale under these conditions because of synchroni-
zation inefficiencies. Consequently, hierarchical, domain based control plane designs are
necessary to achieve scalable, resilient management.

The integration of Al has fundamentally changed the design and operation of MACN.
This section surveys Al driven optimization techniques with emphasis on problem formu-
lation, optimization methods, joint design strategies, and performance evaluation metrics,
synthesizing recent advances from the literature. Table 9 summarizes representative optimi-
zation and Al driven methods for MACN together with implementation platforms, observa-
tions about scalability, and robustness notes; the table serves as a concise reference for the
methods discussed in this section.

7.1 Trajectory optimization methods
Trajectory optimization is central to Al driven control of aerial tiers in MACN because the
motion of UAV, HAP, and LEO satellites directly shapes channel quality, user coverage,

energy consumption, and handover dynamics. Recent work reconceives trajectory planning
as a tightly coupled cross layer decision task. Mobility decisions must be co optimized with
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Table 9 Summary of methods of optimization techniques in MACN

References Al model Simulator Scalability Robustness

Jing etal.  Self-Attention with MATLAB Medium (Limited High (94% accu-

(2025) Meta-Gradient mobility and energy racy, 22% latency
simplicity) reduction)

Liu and GNN with Meta-Learning N/A Medium (Computa- High (Improved

Yang (2025) tional overhead and  F1-score)
dynamic topology)

Cheng et al. Hybrid Actor-Critic (H-AC)  Python Medium (Compu-  High (Improved

(2025) with QMIX tational complex- transmitted data)
ity or centralized
bottleneck)

Liu et al. MARL for Trajectory N/A Medium (Simplified High (Improved

(2025) propagation or no EE or SE)
mobility)

Yang etal.  Al-oriented two-phase N/A Low (High com- High (>85%

(2023) authentication (ATMAS) plexity and latency) accuracy)

Nuo etal.  Channel-Aware Handover N/A Medium (Frequent ~ High (Improved

(2025) Management (CAHM) topology changes)  delivery ratio)

Lietal. Not Al-Specific N/A Medium (Uneven High (Improved

(2022) distribution or dy-  coverage ratios)
namic complexity)

Yuanetal. DRL (DDPG/TD3) Python Medium (CSI acqui- High (Improved

(2024) sition and platform  anti-jamming)
instability)

Zhouetal. SCA for NOMA-WPT MATLAB Medium (High com- High (Improved

(2023) plexity and perfect — network lifetime)
CSI assumption)

Zhang et al. CNN for traffic balancing N/A Medium (Computa- High (2% through-

(2020) tion overhead and put, 50% lower
mobility) loss)

Bariah Not Al-Specific N/A Medium (Satellite High (Improved

etal. (2022) RIS and cross-layer ~ SE or EE)
coordination)

Khoshafa ~ Not Al-Specific N/A Low (Polarization Medium (Improved

et al. (2025) errors and platform  SOP and ASR)
instability)

Gaoetal.  Semantic Intelligence with ~ N/A Medium (PHY, High (Improved

(2024) LLMs MAC protocols, energy, task
semantic routing) efficiency)

Trinh et al. Not Al-Specific N/A Medium (Platform  High (Improved

(2025) instability) SKR, fidelity)

Zengetal. ACO with EAFLM N/A Medium (Stable High (48-53%

(2023) network and gradi-  energy reduction)
ent overhead)

Eietal. Gurobi with DDPG N/A Medium High (10-51% ser-

(2024) (Complexity) vice improvement)

Lietal. Diffusion Model with Lyapu- N/A Medium (Static sat- High (Reduced

(2024) nov Optimization ellites and computa- energy and queue
tional complexity)  lengths)

Shi et al. Hierarchical MADRL N/A Medium (Training ~ High (Improved

(2020) (PMADDPG) instability) throughput)

Jing etal.  JULRA (Joint UAV location N/A Medium (Fixed High (48-53%

(2023) and resource allocation) height and computa- energy reduction)

tional complexity)
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Table 9 (continued)

References Al model Simulator Scalability Robustness

Tao et al. Diffusion Model with Python Medium (Computa- High (Reduced jit-

(2025) DGHD/MAPPO tional overhead) ter, load difference)

Chenetal. Genetic Algorithm (GA) MATLAB Medium (Compu- High (Reduced

(2022) with K-Means tational complexity, delay, and load
static load) imbalance)

Chenetal. LLM with D3PG/WOA Python Medium (Data High (Improved

(2024) privacy and LLM reward and voltage
reliability) stability)

Wang et al. TD3PG for Joint N/A Medium (Simplified High (Improved

(2023) Optimization assumptions and EE and carbon
scalability) reduction)

Mohamed  Combinatorial Bandit (CB-  Monte Carlo Medium (Simpli- High (Improved

et al. (2023) FBC) with GA Simulations fied mobility and no rate and energy/
multi-hop) fairness)

Xu et al. MOEA/D-MFAR N/A Medium (Parameter High (Improved

(2025) sensitivity and static HV and ASDR)
devices)

Jia et al. Matching Game for SFC Python Medium (Scalabil-  High (Reduced

(2025) Recovery ity and simplified time and resource
failures) utilization)

Dang and  Alternating Optimization MATLAB Medium (Perfect High (50% energy

Shin (2024) for FL LoS and synchroni- reduction)
zation challenges)

Wang et al. PPO for Node Selection N/A Medium (RL over-  High (Reduced

(2024) head and decision time and energy
lag) costs)

Tu et al. MADDPG for Load Python Medium (Limited High (Improved

(2024) Balancing scope and simplified throughput and
mobility) delay)

Nguyen TD3 for trajectory precoding Python Medium (Limited High (8-15% sum-

etal. (2023) scalability and sim-  rate gain)
plified mobility)

Kakati GAI-Enhanced DRL Python Medium (Security ~ High (Im-

etal. (2025) (Gen-DRL) risks and computa-  proved SEE or
tional load) convergence)

Ding etal. Hierarchical DRL for trajec- N/A Medium (or- High (Improved

(2021) tory access thogonal bands or throughput and
complexity) POA)

transmit power, access scheduling, beamforming, and higher layer objectives such as FL
aggregation or wireless power transfer. Energy aware MARL methods exemplify this inte-
grated perspective by jointly optimizing UAV trajectories together with velocity, accelera-
tion, and propulsion power to trade off spectral efficiency and propulsion cost; shared critic
MARL variants reduce training complexity while embedding realistic kinematics and pro-
pulsion models. Hierarchical DRL decompositions that separate long horizon global trajec-
tory planning from short term local trajectory and resource allocation have likewise shown
strong practical value in highly mobile settings, increasing cumulative throughput and sta-
bilizing learning by reducing per agent decision complexity. Table 9 lists prominent trajec-
tory optimization contributions, for example MARL, twin delayed DDPG, and hierarchical
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MARL, and records their reported gains and platform assumptions; consult the MARL and
TD3 entries for representative performance and scalability remarks.

Advanced single agent DRL controllers have also matured. Controllers based on twin
delayed DDPG that jointly optimize three dimensional flight paths, precoding matrices,
and rate splitting parameters for flying base stations demonstrate that explicit altitude con-
trol yields measurable sum rate improvements compared with two dimensional schemes,
thereby highlighting the value of genuine three dimensional mobility control for radio per-
formance (Nguyen et al. 2023). MARL designs that confront hybrid action spaces, combin-
ing continuous controls for trajectory and power with discrete controls for access selection,
employ probabilistic mappings such as probabilistic MADDPG to reconcile mixed deci-
sions; these approaches improve long term fair throughput and system level fairness metrics
but increase sampling and coordination complexity (Ding et al. 2021). Beyond communica-
tions objectives, trajectory variables are increasingly co optimized with application layer
tasks. For example, UAV placement and motion can shorten upload distances for federated
learning, reduce user device energy, or enable simultaneous data collection and wireless
power transfer for energy constrained Internet of Things devices. These joint problems typi-
cally require iterative decomposition or unified optimization across the physical, medium
access, and application layers (Dang and Shin 2024; Zhou et al. 2023). Diffusion-enabled
digital twin synchronization (Li et al. 2024; Zhang et al. 2025) applies generative models for
AIGC services in MACNSs, optimizing energy consumption and queue management through
Lyapunov-constrained diffusion processes.

Most studies ground algorithms in realistic channel and propulsion models, for example
rician or rayleigh fading, aerodynamic power consumption, and UAV motion dynamics, and
evaluate solutions through simulation toolchains such as MATLAB or Python (Liu et al.
2025; Shi et al. 2020; Nguyen et al. 2023). Common performance metrics include energy
efficiency measured in bits per joule or bits per second per hertz, trajectory efficiency cap-
turing trade offs between hovering and transit, convergence and training stability of learning
agents, and fairness indices in multiuser settings (Dang and Shin 2024; Ding et al. 2021;
Zhou et al. 2023; Kakati et al. 2025). Effective solution strategies blend model based opti-
mizers, for example successive convex approximation and iterative decomposition, with
learning based controllers that adapt to stochastic traffic and mobility. Hybrid approaches
that incorporate predictive or generative models, for instance GAN augmented DRL, aim to
anticipate temporal channel and threat dynamics and to produce more proactive trajectory
policies that balance reliability and energy objectives (Kakati et al. 2025).

Despite these advances, significant gaps remain before trajectory optimization techniques
can be reliably deployed on operational aerial platforms. Recurring limitations include the
heavy computational cost of iterative solvers and MARL training, simplifying assumptions
such as perfect channel state information, fixed altitudes, or single UAV scenarios, incom-
plete modeling of battery and solar dynamics and complex aerodynamics, and a paucity of
hardware level validation or field trials to confirm simulated gains (Liu et al. 2025; Zhou
et al. 2023; Shi et al. 2020). To bridge the sim to real divide, future work should target full
three dimensional, multi UAV and heterogeneous UAV coordination with satellite or HAPS
handover; robust, distributionally aware methods that tolerate imperfect channel state infor-
mation and adversarial actors; energy aware designs that integrate propulsion, battery, and
on board compute limits; and hardware efficient MARL implementations capable of on edge
inference and real time control (Liu et al. 2025; Zhou et al. 2023; Shi et al. 2020). Experi-
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mental testbeds and cross validation with real channel, propulsion, and interference mea-
surements will be essential to validate theoretical gains and to refine trajectory policies for
safe, efficient, and scalable aerial mobility control in future multi tier aerial communication
networks (Nguyen et al. 2023; Ding et al. 2021; Dang and Shin 2024; Kakati et al. 2025).

7.2 Coverage and connectivity maximization

Maximizing coverage and connectivity in MACNSs requires effectively matching multi-
tier resources to heterogeneous user needs while maintaining fairness, low latency, and
robustness under severe mobility and topology dynamics. Recent studies adopt holistic
approaches that jointly optimize user association, aerial placement or trajectories, power or
bandwidth allocation, and slice-aware load balancing to expand service areas and enhance
per-user performance. For example, joint formulations of user association, aerial unit trajec-
tory, and power allocation solved through mixed-integer optimization for association and
DRL (such as DDPG) for trajectory or power control demonstrate significant improvements
in aggregate data service compared with naive baselines (Ei et al. 2024). In emergency or
post-disaster scenarios, where terrestrial infrastructure is damaged, hybrid online learning
and evolutionary schemes, such as combinatorial bandits for fair drone placement combined
with genetic algorithms for power or bandwidth tuning enable rapid UAV deployment with
improved fairness and rate performance despite uncertain user distributions (Mohamed et al.
2023). Representative studies on coverage optimization, reconfigurable intelligent surfaces
(RIS), and learning-based routing, including CNN, and GA-based approaches, are summa-
rized in Table 9, which facilitates comparison of reported throughput, coverage gains, and
simulation platforms.

On the orchestration side, MARL has been applied to implement priority-aware load
balancing between terrestrial and non-terrestrial layers. These schemes dynamically offload
low-priority slices to UAV or LEO layers, preserving terrestrial capacity for latency or
throughput-sensitive services. Such approaches improve slice-level throughput, delay, and
coverage tradeoffs, but also reveal scalability and interference-management challenges that
require further exploration (Tu et al. 2024). Complementary Al-driven routing studies illus-
trate how traffic can be redistributed across satellite tiers. For instance, CNN-based routing
strategies designed to alleviate satellite congestion have been shown to double throughput
and reduce packet loss in case studies, highlighting the value of learned policies for cross-
tier traffic steering (Zhang et al. 2020). Handover and connection continuity also remain
central to effective coverage. Channel-aware handover management that leverages link his-
tory, including parameters such as distance, SNR, link duration, and queue states, reduces
interruptions and improves delivery ratios in LEO-dominated scenarios, demonstrating the
advantages of data-driven handover policies over traditional instantaneous threshold-based
methods (Nuo et al. 2025).

At the physical layer, innovations continue to expand coverage possibilities. The integra-
tion of RIS across aerial and ground platforms enables programmable propagation envi-
ronments that can restore line-of-sight links, extend coverage to shadowed regions, and
enhance both energy and spectral efficiency, which is particularly beneficial in dense urban
or emergency deployments (Bariah et al. 2022). At the frontier of research, optical RIS con-
cepts aim to extend FSO and even quantum links across space-air-ground segments. These
approaches offer enormous capacity gains but introduce new challenges in alignment, tur-
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bulence mitigation, and hardware manufacturing, all of which require joint solutions com-
bining Al-enabled control with precision mechanics (Trinh et al. 2025). Another pragmatic
axis is the use of civil aircraft as high-capacity moving platforms within space-air-ground
integrated networks. By leveraging scheduled aircraft flights, these proposals can reduce
the number of dedicated satellites required for coverage in densely populated air corridors,
though issues such as uneven aircraft traffic patterns and the management of dynamic cover-
age footprints remain unresolved (Li et al. 2022).

Across these contributions, evaluations are predominantly simulation-driven, typically
implemented with MATLAB, Python, or monte carlo-based frameworks (Nuo et al. 2025;
Zhang et al. 2020). Reported performance metrics include system throughput, delivery or
interruption ratios, per-slice latency, coverage ratios, fairness indices, energy consump-
tion, and bandwidth utilization (Bariah et al. 2022; Trinh et al. 2025). Nevertheless, sev-
eral limitations persist. Many approaches assume centralized control, simplify interference
and mobility models, or incur high computational overhead that limits real-time feasibility.
Furthermore, real-world validation remains scarce. Advancing toward operational coverage
guarantees requires future research to focus on decentralized and scalable learning algo-
rithms, cross-layer designs that explicitly account for interference and imperfect channel
state information, hybrid RF or FSO and RIS-enabled multi-modal links (Ei et al. 2024;
Mohamed et al. 2023), slice-aware and multi-operator coordination, and experimental vali-
dation through field trials or testbeds. Pursuing these directions holds significant potential
to make coverage maximization in real-world MACN deployments (Tu et al. 2024; Bariah
et al. 2022).

7.3 Joint communication-computation optimization

UAVs are increasingly deployed as mobile EI platforms, enabling sensing, local model
training, and real-time inference. These capabilities position UAVs as critical enablers
of distributed learning at the network edge (Liu et al. 2019; Yang et al. 2022; Hou et al.
2023; Dong et al. 2021). Their inherent advantages, including three-dimensional mobility,
wide-area coverage, and on-board sensing, are constrained by stringent resource limita-
tions. These include restricted computational capacity, limited energy budgets, intermittent
participation, and highly distributed non-independent and identically distributed (non-i.i.d.)
datasets, which collectively challenge conventional centralized training approaches (Pham
et al. 2022). FL aligns naturally with this environment by facilitating collaborative model
training across clients without requiring the exchange of raw data (Hosseinalipour et al.
2021). Its air-ground integrated variant (AGIFL) enables UAVs to upload local updates
for global aggregation at base stations (Lim et al. 2020; Cui et al. 2023; Qu et al. 2021).
Table 9 provides examples of metaheuristic, multi-objective, and model predictive control
(MPC)-style approaches, including genetic algorithms (GA), ACO, multi-objective evolu-
tionary algorithms (MOEA), and diffusion hybrids, along with the associated performance
and complexity trade-offs observed in simulation or prototype evaluations. Joint routing
and energy replenishment strategies have been explored for logistics and delivery-oriented
drone networks, where routing decisions are tightly coupled with charging scheduling and
path optimization to extend mission endurance (Arafat and Moh 2022).

For practical UAV-based FL deployment, joint optimization of communication and com-
putation resources is essential. Much of the existing literature assumes static, pre-collected
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datasets, which fail to reflect the dynamic conditions of real UAV operations where data
arrivals, client participation, and channel states evolve continuously. Consequently, online
FL is required to adapt to these changes and sustain model relevance (Jing et al. 2023; Wang
et al. 2022). Online learning, however, introduces additional overhead. The continuous
incorporation of new samples increases local computation requirements, and some sample
selection strategies necessitate pre-training to assess sample utility, further exacerbating on-
device burdens (Wu et al. 2024). At the same time, unreliable air-ground links characterized
by path loss and small-scale fading increase packet error rates during uplink transmissions,
leading to parameter corruption and reduced global model accuracy. These interdependent
factors, including computation load, imperfect communication, energy limitations, and vari-
able client participation which necessitate joint communication-computation optimization.
Such optimization involves intelligent scheduling and selection of data samples, efficient
allocation of radio and computational resources, and error-resilient aggregation methods to
sustain learning performance under UAV constraints in AGIFL systems.

EI is pivotal for enabling sixth-generation service requirements through the collection,
processing, and analysis of vast amounts of edge-generated data (Liu et al. 2020; Shi et al.
2020; Zhou et al. 2019). FL complements this paradigm by supporting collaborative train-
ing without raw data sharing, thereby enhancing privacy compliance (such as adherence
to GDPR) while reducing communication traffic and energy costs through distributed on-
device training and parameter aggregation (Letaief et al. 2021). Terrestrial FL, however, is
limited in remote or emergency contexts where infrastructure is sparse or damaged. In such
scenarios, UAVs equipped with edge servers can serve as mobile aggregators and flexible
parameter servers, enabling AGIFL systems that benefit from rapid reconfiguration and reli-
able line-of-sight links (Qu et al. 2021; Liu et al. 2020; Jing et al. 2021).

Joint communication-computation optimization addresses the interdependence between
wireless resource management and on-device processing in MACN. UAVs and other aerial
platforms not only act as data relays but also function as edge servers or FL clients. This
dual role requires co-design of communication reliability, client scheduling, and resource
allocation alongside local training schedules, model compression, and compute or energy
budgets. Such designs aim to optimize both learning and application performance under
stringent latency and battery constraints. Recent studies address two critical needs, selective
and online processing of streaming data on resource-limited UAVs to avoid unnecessary
computation, and robust client scheduling and aggregation mechanisms that accommodate
unreliable links and heterogeneous devices. For example, AGIOFL-PE integrates online
sample selection with communication-aware client scheduling to maximize model accuracy
under packet errors, achieving 94% accuracy at 0% packet error rate (PER) and maintain-
ing 78% accuracy at 40% PER, while outperforming FedAvg in terms of convergence and
latency (Jing et al. 2025). Similarly, leader-follower and compression-aware frameworks,
such as EAFLM, reduce FL round latency by jointly optimizing transmit power, CPU fre-
quency, and compressed update transmission, resulting in significant communication time
savings for latency-sensitive tasks (Zeng et al. 2023). Prototype AGIFL systems that jointly
optimize UAV placement and resource allocation have demonstrated substantial energy sav-
ings, reducing ground-device energy consumption by approximately 48% to 54% in con-
trolled trials while meeting accuracy requirements (Jing et al. 2023).

From an algorithmic standpoint, existing literature combines model-based optimization
and data-driven learning approaches. Centralized and semi-centralized solvers are widely
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used to address mixed-integer or nonconvex problems in scheduling and placement, often
employing tools such as SCA, or iterative decomposition. In parallel, DRL, MARL, and
lightweight RL variants (such as PPO, TD3, and A2C methods) enable online policy adapta-
tion under stochastic traffic and mobility (Ei et al. 2024; Cheng et al. 2025). Asynchronous
and decentralized FL approaches, such as DEFEND, mitigate heterogeneity and straggler
effects by employing peer-to-peer and meta-learning strategies. These approaches allevi-
ate the need for strict synchronization and centralized timing, while preserving privacy
and maintaining robust detection capabilities (Liu and Yang 2025). Generative and predic-
tive Al elements have also been incorporated into control loops. For instance, diffusion or
GAN-augmented controllers combined with meta-gradients enable advanced sample selec-
tion, PER-aware aggregation, and proactive scheduling for handovers or upload opportu-
nities (Tao et al. 2025). Figure 9 depicts the DMAPPO architecture used for coordinated
multi-agent trajectory and power control, where decentralized actors exchange limited sum-
mary statistics and a hierarchical or centralized critic stabilizes learning. The figure clarifies
the communication pattern and the role of summary statistics in enabling scalable coordi-
nation. Multi-objective controllers have further been designed to simultaneously address
latency, energy, and carbon emission goals when making decisions about offloading, UAV
trajectories, and power allocation policies (Wang et al. 2023).

Evaluations typically consider both learning and communication performance metrics.
These include global model accuracy, convergence speed, per-round latency, communica-
tion overhead, energy consumption, robustness to PER and stragglers, and fairness across
clients. Joint communication-computation designs consistently outperform decoupled base-
lines. For instance, AGIOFL-PE demonstrates minimal accuracy degradation under high
packet error rates (Jing et al. 2025); EAFLM achieves significant latency reductions while
maintaining high accuracy (Zeng et al. 2023); and UAV-optimized AGIFL deployments
substantially reduce ground-device energy consumption (Jing et al. 2023). Schemes that
explicitly optimize for sustainability, such as those accounting for latency, energy, and
carbon emissions, highlight the importance of integrating energy harvesting and wireless
power transfer models to enable extended missions (Wang et al. 2023).

Fig. 9 DMAPPO architecture
for coordinated multi-agent
trajectory and resource optimiza-
tion (Tao et al. 2025)
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Despite these promising results, several open challenges limit real-world deployment.
Many existing works rely on simplified channel or energy models, assume homogeneous
clients, or depend on centralized orchestration that does not scale efficiently. Sample qual-
ity estimation methods often introduce additional pre-training burdens, and PER handling
typically relies on simplistic exclusion policies rather than advanced error-resilient aggre-
gation strategies (Jing et al. 2025; Liu and Yang 2025). Future research should focus on
decentralized and asynchronous FL to manage heterogeneity and intermittent connectivity,
lightweight sample-selection and model-compression techniques such as split learning and
neural network quantization, PER-aware aggregation and coding schemes, and comprehen-
sive cross-layer energy models that capture propulsion and battery dynamics. Furthermore,
field testbeds are essential to bridge the gap between simulation and deployment. Integrat-
ing these advances with NFV, SFC resilience, priority-aware slice balancing, and predictive
handover or placement controllers will be critical for realizing reliable and efficient joint
communication-computation in MACN systems (Jia et al. 2025; Tu et al. 2024; Wang et al.
2024).

7.4 Problem formulation and objectives

Al-driven optimization in MACNSs addresses several critical challenges, including cover-
age, deployment, trajectory planning, and interference mitigation. These objectives are
particularly relevant to SAGINs, which combine satellites, UAVs, HAPs, and terrestrial
infrastructure.

e Coverage: Ensuring seamless connectivity across diverse environments, including ur-
ban, rural, and remote regions, remains a central objective. The civil aircraft-assisted
SAGIN (CAA-SAGIN) leverages civil aircraft as aerial base stations to extend cover-
age in areas such as Beijing and Tibet, adapting dynamically to variations in popula-
tion density (Li et al. 2022). Similarly, UAVs and LEO satellites are deployed in post-
disaster environments to provide equitable coverage based on user density (Mohamed
et al. 2023).

o Deployment: Efficient placement of network nodes, such as UAVs and satellites, is es-
sential to balance resource utilization with coverage. A hierarchical domain-based strat-
egy that integrates k-means clustering with GA has been applied to optimize controller
placement in SDN-enabled MACNS, addressing the challenges of high node density and
dynamic satellite mobility (Chen et al. 2022). Likewise, the combinatorial bandit algo-
rithm in Mohamed et al. (2023) supports fair UAV deployment across disaster clusters
to maximize service equity.

e Trajectory planning: Optimizing UAV trajectories is crucial for achieving both en-
ergy efficiency and spectral efficiency in highly dynamic environments. MARL frame-
works, such as those described in Liu et al. (2025) and Nguyen et al. (2023), optimize
UAV flight paths in cell-free massive MIMO and rate-splitting multiple access (RSMA)
systems, respectively, to maximize throughput in remote areas. The AG-PMADDPG
framework in Ding et al. (2021) further integrates UAV trajectory optimization with
user access control to enhance fairness in throughput over a two-square-kilometer de-
ployment region. Figure 10 presents the MADDPG framework applied to joint trajec-
tory, power, and association control, highlighting mixed action spaces that include con-
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tinuous mobility commands and discrete association choices.

o Interference mitigation: Interference resulting from heterogeneous devices and dy-
namic network topologies poses significant obstacles to reliable communication. RIS
have been employed to mitigate interference by dynamically manipulating electromag-
netic wave propagation, as demonstrated in Bariah et al. (2022); Khoshafa et al. (2025).
In addition, NOMA schemes, such as those presented in Zhou et al. (2023), enhance
spectral efficiency by enabling multiple devices to share frequency resources, thereby
reducing interference during large-scale IoT data collection.

Overall, these optimization objectives are frequently formulated as multi-objective prob-
lems that balance competing requirements such as latency, energy consumption, throughput,
and robustness (Wang et al. 2023; Tu et al. 2024). This highlights the need for integrated
design frameworks that jointly address cross-layer trade-offs to ensure scalable and efficient
MACN operation.

7.5 Optimization methods

Al-driven optimization in MACNSs leverages a diverse set of approaches, including meta-
heuristics, multi-objective solvers, and MPC-style predictors, to address the combinatorial
complexity and time-varying nature of multi-tier networks. Metaheuristic methods, such
as ACO and GAs, are widely adopted because they consistently deliver high-quality near-
optimal solutions for nonconvex and discrete problems in controller placement, resource
assignment, and scheduling. For instance, ACO has been integrated into an efficient asyn-
chronous FL mechanism (EAFLM) to jointly optimize communication compression and
energy allocation in UAV swarms (Zeng et al. 2023), while GAs have been applied for hier-
archical controller placement and LEO resource optimization (Chen et al. 2022; Mohamed
et al. 2023). The principal strength of metaheuristics lies in their robustness and generality,
although they can be computationally intensive and exhibit slow convergence in very large-
scale deployments.

Fig. 10 MADDPG framework:
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Multi-objective optimization frameworks explicitly capture and manage trade-offs
among conflicting goals, including throughput, latency, energy consumption, fairness, and
carbon footprint, making them well suited for MACN scenarios with heterogeneous QoS
requirements. Algorithms such as the diffusion model DGHD address joint objectives that
include handover jitter, load balancing, and robustness in IoT-enabled SAGINs (Tao et al.
2025), while other formulations target intra-category fairness in addition to capacity and
bandwidth allocation (Xu et al. 2025). These frameworks reveal Pareto frontiers that assist
operators in selecting operating points that align with mission priorities. However, they
require careful preference elicitation or scalarization to produce single actionable policies.

Although classical MPC is not always explicitly referenced in the surveyed literature,
MPC principles. Namely, predicting near-term network states and optimizing control
actions over a receding horizon, underpin several predictive Al methods. GNNs and related
forecasting models are increasingly employed to anticipate anomalies or state evolution,
thereby enabling proactive orchestration that parallels MPC behavior (Liu and Yang 2025).
In practice, these predictive components are often integrated with RL and DL. RL pro-
vides sequential decision making under uncertainty, while DL, including learned surrogates,
offers efficient state estimation and feature extraction. Such hybrid approaches combine the
online adaptability of RL with the predictive foresight of MPC and the search efficiency of
metaheuristics.

The associated trade-offs are evident. Metaheuristics deliver breadth and reliability but
often incur significant computational cost. Multi-objective solvers enable principled man-
agement of competing objectives but complicate policy selection. MPC-style predictors
enhance responsiveness but introduce prediction overhead and the risk of model mismatch.
A promising direction is therefore the design of hybrid and hardware-aware frameworks,
including metaheuristic guided RL, learned MPC surrogates, and model compression
techniques, combined with rigorous multi-metric benchmarking under realistic mobility,
energy, and channel models to ensure practical deployability on resource-constrained aerial
platforms.

7.6 Al-based joint optimization strategies

Joint optimization strategies based on Al integrate multiple objectives and network lay-
ers to achieve holistic performance improvements in MACN environments. DRL is widely
employed for coupled problems such as three-dimensional trajectory planning, resource
allocation, and access control. For instance, the TD3-RFBS framework applies Twin-
Delayed DDPG (TD3) to jointly optimize UAV trajectories, precoding matrices, and rate
allocation in RSMA-enhanced downlink links (Nguyen et al. 2023), while other DRL for-
mulations adjust RIS parameters to strengthen air-to-ground IoT links against jamming and
eavesdropping (Yuan et al. 2024). The end-to-end and model-free nature of DRL makes it
particularly effective for complex, continuous control tasks. However, it also introduces
challenges related to sample efficiency and the computational cost of on-board inference.
MARL extends joint optimization into cooperative and distributed scenarios where
UAUVs, satellites, and ground stations must coordinate their actions. Architectures such as
the multi-agent cooperation transmission strategy (MCTS) employ hybrid A2C schemes
with centralized critics in the style of QMIX to optimize transmission and resource schedul-
ing across agents (Cheng et al. 2025). Similarly, AG-PMADDPG demonstrates how coor-
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dinated trajectory planning can balance throughput and fairness across users (Ding et al.
2021). While MARL effectively captures inter-agent coupling and enables decentralized
execution, it continues to face challenges related to credit assignment, scalability, and com-
munication overhead.

Generative Al techniques are increasingly incorporated to enhance robustness and sam-
ple efficiency in decision making policies. Diffusion-based generative models, for example,
have been used to augment MAPPO by generating diverse and realistic network-state tra-
jectories for pretraining. This improves convergence and reduces jitter in vertical handover
tasks, as demonstrated by the DGHD framework (Tao et al. 2025). Similarly, GAN-aug-
mented DRL can anticipate channel states or adversarial conditions, thereby optimizing
secrecy and energy efficiency by enriching training distributions for policies operating
under non-stationary channel dynamics (Kakati et al. 2025). These hybrid methods reduce
dependence on limited real-world traces but add model complexity and increase data-gen-
eration costs.

LLMs are emerging as semantic reasoning and task-planning engines within networking
stacks. Architectures such as MAIN employ LLMs for high-level task planning, seman-
tic-aware routing, and multimodal data fusion, which are particularly useful in domains
such as intelligent transportation, disaster response, and semantic routing (Gao et al. 2024).
Other works integrate LLMs with conventional control algorithms, such as D3PG combined
with Whale Optimization, to interpret human-driven preferences, including the intentions
of EV drivers, and translate them into optimization objectives for power dispatch or ser-
vice orchestration (Chen et al. 2024). LLMs provide strong generalization for symbolic and
semantic tasks, but incorporating them into latency-sensitive control loops requires careful
modularization, formal verification, and lightweight distillation.

In practice, the most effective strategies hybridize these techniques. DRL provides contin-
uous control, MARL facilitates coordination, generative models improve training efficiency,
and LLMs enable semantic orchestration, collectively supporting cross-layer optimization
of routing, spectrum, mobility, and service objectives (Zhang et al. 2020). The key trade-
offs involve balancing computational and data requirements, ensuring interpretability and
safety of learned policies, and managing the complexity of evaluating multi-objective per-
formance under realistic mobility and channel conditions. Future research should focus
on scalable and hardware-aware hybrid methods, sample-efficient pretraining techniques
such as generative augmentation or model-based RL, and rigorous sim-to-real validation to
ensure the practical deployment of Al-driven optimization in resource-constrained MACN
environments.

7.7 Performance evaluation metrics

Evaluating the performance of Al-driven optimization techniques in MACNSs requires a
comprehensive set of metrics that capture the diverse objectives and constraints of multi-tier
networks. The key metrics include the following.

e Latency: Reducing latency is essential for time-sensitive applications such as real-time
monitoring and autonomous vehicles. For example, Zeng et al. (2023) examines latency
reduction in UAV swarms using EAFLM, while Chen et al. (2022) measures network
delay in SDN-enabled MACNs. Latency metrics often consider end-to-end delay and
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handover jitter (Tao et al. 2025).

e Energy efficiency: Energy consumption remains a central concern, particularly for
battery-limited devices such as UAVs and IoT sensors. In Dang and Shin (2024), UAV
trajectories and UE transmit power are optimized to improve energy efficiency in FL,
while Wang et al. (2023) incorporates renewable energy sharing and wireless power
transfer to mitigate carbon emissions.

o Throughput: Ensuring high throughput is vital for maintaining data rates required by
end users. The AG-PMADDPG framework in Ding et al. (2021) evaluates long-term
fair throughput, whereas Tu et al. (2024) assesses throughput across network slices to
support high-throughput services such as video streaming.

e Coverage and fairness: Coverage metrics evaluate the capability of networks to serve
diverse regions and heterogeneous user groups. For instance, Li et al. (2022) inves-
tigates coverage across the chinese mainland, while Mohamed et al. (2023) employs
fairness measures to ensure equitable drone deployment in disaster-affected areas. Intra-
category fairness is further emphasized in Xu et al. (2025) for IoT devices.

e Security: Security related metrics, including secrecy energy efficiency, are critical for
safeguarding communications. In Khoshafa et al. (2025), RIS is evaluated for its capa-
bility to degrade eavesdropper channels, and Yang et al. (2023) examines the effective-
ness of Al-based continuous authentication in MACNS.

o Resource utilization: The efficient use of bandwidth, power, and computational re-
sources is evaluated in Ei et al. (2024) for data service maximization and in Shi et al.
(2020) for drone-cell resource allocation. The metrics include spectrum efficiency and
resource allocation fairness. Efficient use of bandwidth, power, and computational re-
sources is another key performance dimension. In Ei et al. (2024), data service maximi-
zation is analyzed, while Shi et al. (2020) evaluates drone-cell resource allocation. Met-
rics in this category include spectrum efficiency and fairness in resource distribution.

These performance metrics, including latency, energy efficiency, throughput, and security,
are commonly evaluated through a combination of computer-based simulations and practi-
cal field experiments to validate theoretical models under realistic conditions. For instance,
in the study by Jing et al. (2023), a UAV-based FL system was empirically tested on a foot-
ball pitch, providing insight into real-world deployment challenges such as signal interfer-
ence and mobility constraints in outdoor environments. Similarly, Jia et al. (2025) employed
simulations over a two-square-kilometer area to evaluate service recovery mechanisms in
MACN:Ss, underscoring the importance of rapid fail-over strategies in maintaining network
resilience during disruptions, including satellite outages or aerial node failures.

In the context of Al-driven optimization for aerial networks, there is a growing trend
toward hybrid methodologies that integrate complementary techniques to address the mul-
tifaceted challenges of dynamic, resource-constrained environments. Examples include
the combination of DRL with metaheuristic algorithms, as explored in Mohamed et al.
(2023) for LEO satellite systems, where DRL manages adaptive decision making while
metaheuristics enhance global search efficiency for optimal resource allocation. Another
approach merges FL with energy control strategies, as demonstrated in Dang and Shin
(2024), enabling distributed learning across aerial nodes while minimizing power consump-
tion through intelligent scheduling and power-aware model updates. These hybrid strategies
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leverage the strengths of individual methods to provide more robust solutions for trajectory
planning, spectrum management, and load balancing in heterogeneous aerial ecosystems.

Generative Al is increasingly recognized as a pivotal tool for predictive optimization
in highly volatile settings, where traditional reactive methods are insufficient. By generat-
ing synthetic data or scenarios, generative Al facilitates proactive adjustments to network
parameters, such as anticipating traffic surges or environmental changes in real time. This
is exemplified in Wang et al. (2023), which applies generative Al for joint optimization
of communication and computation in aerial networks, and in Kakati et al. (2025), which
envisions its role in enabling autonomous, self-optimizing systems that adapt to emerging
threats and evolving operational demands.

Future research must prioritize scalability in ultra-dense MACNs, where large networks
of interconnected nodes, including satellites, UAVs, and ground stations, risk overwhelm-
ing algorithms and creating processing bottlenecks. A critical gap remains in real-world
validation, as simulations often neglect factors such as weather, regulatory constraints, and
hardware imperfections. Addressing this gap requires standardized benchmarks and large-
scale testbeds. Synergistic Al integration-using DRL for single-agent learning, MARL for
cooperative node coordination, generative Al for predictive optimization, and LLMs for
high-level orchestration-can deliver measurable gains in latency, energy efficiency, through-
put, and security, as evidenced in the cited studies. Collectively, these advances support
the development of resilient, efficient, and secure MACN that are essential for 6 G and
beyond. The entries in Table 9 serve as a practical guide for selecting appropriate optimiza-
tion techniques, pairing algorithmic families with deployment considerations and reported
robustness, thereby assisting in the identification of methods suitable for specific MACN
scenarios.

Overall, the surveyed optimization literature suggests that the distinction between clas-
sical and Al-driven optimization in MACN should be viewed as complementary rather than
adversarial. Classical optimization remains highly effective when the problem can be mod-
eled with sufficient accuracy, the dimensionality is manageable, and performance guarantees
or interpretability are required. By contrast, Al-driven optimization becomes particularly
attractive when trajectory planning, association, communication, and computing decisions
interact over time in ways that are difficult to capture through static formulations alone. In
these cases, learning-based methods can provide adaptive policies that respond to nonsta-
tionary environments and partial observability, although often at the cost of higher train-
ing complexity, weaker interpretability, and greater dependence on simulation assumptions.
This comparison reinforces a broader conclusion of the survey: the most practical direction
for MACN optimization is likely to involve hybrid frameworks in which model-based opti-
mization provides structure and reliability, while learning-based components supply adapt-
ability in those parts of the problem where uncertainty and dynamics are most pronounced.

8 Comparison, open issues, and future research directions
This section synthesizes the comparative strengths, limitations, and trade-offs across key
research categories, including routing, computing, handover, resource management, and

optimization. It further provides an integrated discussion of open challenges and presents a
prioritized research agenda. The section also consolidates information on datasets, simula-
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tors, and benchmarks, and concludes with practical methodological recommendations for
future work.

8.1 Comparative analysis of Al focusing in routing, computing, handover, resource
management, and optimization techniques

Table 10 presents a concise cross-category comparison that summarizes the principal
strengths, core limitations, and recurring trade-offs, such as centralized versus distributed
and online versus offline approaches. The table is intended to provide a clear reference for
understanding how different methodologies perform under varying constraints and to high-
light the contexts in which each approach is most suitable.

Many of the limitations summarized in Table 10 arise from similar underlying causes.
For example, routing and optimization methods frequently exhibit high computational and
energy demands and often rely on idealized channel or traffic assumptions, which con-
strain their applicability in real-world scenarios (Chen et al. 2025; Hu et al. 2023; Jing et al.
2025). Computing and resource management approaches demonstrate measurable energy
and latency improvements in controlled environments (Gu et al. 2021; Wu et al. 2021); how-
ever, scalability and heterogeneity, including edge constraints and simplified task models,
remain significant barriers to deployment (Zhu et al. 2025; Wu et al. 2025; Jia et al. 2024).
Handover solutions can experimentally reduce interruption rates (Niu et al. 2024), yet many
rely on overly simplistic mobility traces, which obscure the latency and signaling overheads
encountered in realistic UAV or vehicular settings (Lv et al. 2022; Guo et al. 2022).

The trade-offs column captures recurrent design tensions that merit further attention.
Centralized frameworks, such as spatio-temporal controllers, typically enable stronger

Table 10 Cross-category summary: strengths, limitations and key trade-offs

Category Strengths Limitations Key trade-offs
Routing Improved robustness and High computational/resource  Centralized: better co-
QoS using Al-based rout-  demand; many works assume  ordination but potential
ing. Guo et al. (2024) ideal conditions. Chen et al. bottleneck. Distrib-
(2025); Hu et al. (2023) uted: privacy/resilience
benefits but possible
instability
Computing Energy/latency gains from  Scalability and energy limits  Centralized: high opti-
coded/distributed and on edge platforms; simplified  mality, single point of
hybrid methods. Gu et al. task models. Zhu et al. (2025); failure. Distributed: bet-
(2021); Zhang et al. (2024) Wau et al. (2025) ter privacy, higher com-
munication overhead
Handover Reduced interruptions with  Oversimplified mobility Centralized: consistent
Al and quantum-inspired models; latency and decision  decisions, poor scale.
methods. Niu et al. (2024); complexity concerns. Lv et al. Distributed: responsive,
Kim et al. (2025) (2022); Guo et al. (2022) may increase signalling
Resource Fairer, more efficient al- Heterogeneity of multi-tier Centralized: near-opti-
Management location via ML and auction hardware complicates deploy- mal but fragile. Distrib-
schemes. Wu et al. (2021);  ment. Jia et al. (2024); Liand uted/DRL: scalable but
Jiang et al. (2023) Shang (2025) convergence-sensitive
Optimization Hybrid Al yields strong High computational cost; Centralized solvers:

convergence and perfor-
mance gains. Cheng et al.
(2025); Kakati et al. (2025)

many approaches struggle
with dynamic topologies.
Jing et al. (2025); Trinh et al.
(2025)

global optima, latency.
Distributed/metaheuris-
tic: scalable, often
heuristic
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global coordination and, in some cases, achieve superior objective values; however, they
introduce single points of failure and scalability limitations (Jiang et al. 2023). In contrast,
distributed approaches, including FL or local learning and decision agents, enhance privacy,
resilience, and scalability but incur additional communication overhead, potential conver-
gence instability, and more complex robustness requirements (Yuan et al. 2022; Zeng et al.
2023). Similarly, online methods excel at responding to dynamic conditions, such as mobil-
ity or sudden load fluctuations, while imposing run-time computation and signaling costs.
Offline methods, in contrast, reduce run-time overhead but require large, representative
datasets and often generalize poorly to rapidly evolving topologies. Collectively, these con-
straints motivate hybrid architectures that combine hierarchical control, split or federated
learning, and model-compression with edge inference to achieve a balanced operational
point between performance, cost, and robustness.

8.2 Open issues & future research directions

Based on the comparative analysis, several technical and practical challenges remain in
MACN design and deployment; however, not all of them require Al-based solutions. In a
number of cases, classical optimization, heuristic, or model-based methods remain effective
under structured and well-characterized conditions, whereas Al becomes more useful when
mobility, intermittency, cross-tier coupling, or partial observability make static or manually
tuned solutions less effective. The discussion below therefore focuses on challenges that
remain open specifically from the perspective of method selection, deployment feasibility,
and operation under realistic MACN conditions. Below, we organize the principal open
issues and future research directions according to the five core functional areas covered in
this survey.

o Routing: GNN-DRL and GAN-DRL methods achieve strong adaptability in dynam-
ic topologies but impose substantial computational and memory demands that limit
deployment on resource-constrained aerial platforms without offloading or accelera-
tion (Chen et al. 2025; Hu et al. 2023). Lightweight approaches such as Extended ELM
offer edge-suitable inference but remain sensitive to noisy or scarce data (Yuan et al.
2022). Most routing protocols assume ideal conditions and lack supplementary security
mechanisms (Hu et al. 2023; Li et al. 2022). Cross-layer routing that integrates access-
layer dynamics into forwarding logic remains underexplored (Srinath et al. 2022; Pan
et al. 2022). Future work should target model compression and distillation for on-device
routing inference, hybrid frameworks combining digital twins with online RL for safe
adaptation, integration of blockchain-based trust and network slicing into routing deci-
sions. Validation under realistic mobility, interference, and environmental models using
hardware testbeds. At the same time, in comparatively stable or resource-constrained
routing scenarios, lightweight topology-based and heuristic methods may remain more
practical than data-intensive learning-based solutions.

o Computing and Task Offloading: RL-based offloading methods report 20-53% im-
provements in cost and energy but incur high training overhead that constrains edge
deployment (Zhu et al. 2025; Li et al. 2025). Many schemes assume predictable mo-
bility and simplified task models (Alam et al. 2024; Xie et al. 2025), and integrated
approaches that jointly address load distribution, mobility management, and energy ef-
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ficiency within a unified framework remain scarce (Li and Chen 2023). Scalability for
large UAV swarms and fairness in heterogeneous offloading are often overlooked (Xia
et al. 2022), as are security considerations in distributed task scheduling (Lan et al.
2024; Tang et al. 2022a). Future directions include MARL frameworks that jointly op-
timize latency, energy, and fairness across tiers, closer integration of predictive analyt-
ics with real-time offloading decisions (Alam et al. 2024 ), hierarchical or federated
learning architectures for swarm scalability (Peng et al. 2025), and testbed deployment
with standardized benchmarks that capture realistic device and mobility constraints.
For smaller or more predictable systems, optimization-based scheduling and heuristic
offloading strategies may already provide adequate performance with lower implemen-
tation complexity.

e Handover Management: DRL approaches such as A2C and MAPPO effectively model
handover as multi-agent decision processes but require substantial training latency and
compute that limit on-board deployment (Tong et al. 2025; Tao et al. 2025). Many so-
lutions rely on oversimplified mobility traces, and vertical handover failure rates can
reach 40% due to mismatched thresholds or inadequate trajectory prediction (Zhang
et al. 2024; Mohamed et al. 2024). Authentication mechanisms can introduce up to
300% latency increase during polar handovers (Yao et al. 2021), and hardware valida-
tion remains rare, with roughly half of surveyed papers omitting simulation platform
details (Kim et al. 2025). Future work should combine trajectory predictors with low-
latency RL controllers for anticipatory handovers, develop hybrid SDN controllers
that integrate predictive channel reservation (Guo et al. 2022; Lv et al. 2022), extend
HAP-assisted scheduling to joint RF and optical multiplexing (Niu et al. 2024), and
adopt shared benchmark scenarios such as ADS-B snapshots and TLE traces alongside
mandatory computational cost reporting. Similarly, conventional threshold-based, hys-
teresis-based, and predictive handover mechanisms remain competitive when mobility
patterns are sufficiently regular and the decision space is limited.

o Resource Management: All surveyed methods exhibit medium scalability, with coor-
dination complexity, static topology assumptions, and heterogeneous multi-tier hard-
ware posing persistent deployment barriers (Jia et al. 2024; Li and Shang 2025). Strate-
gies that jointly consider HAPS positioning, coverage control, and Al-driven allocation
across diverse scenarios remain largely unexplored (Mashiko et al. 2025), and security-
aware scheduling that accounts for path vulnerabilities and encryption strength is nas-
cent (Zhi et al. 2024; Cai et al. 2024). Future directions include explainable allocation
policies with attention-aware heads and uncertainty estimation (Wu et al. 2024), transfer
learning across constellations to reduce retraining cost (Ivanov et al. 2022), joint opti-
mization of HAPS positioning with spectrum and relay selection (Mashiko et al. 2025),
and hierarchical SDN architectures combining local fast-loop controllers with global
orchestrators informed by FL or offline RL. In many structured allocation settings, clas-
sical decomposition, matching, or queue-aware control methods continue to offer strong
performance with clearer interpretability and lower runtime overhead.

o Optimization Techniques: Trajectory optimization faces heavy computational cost
from iterative solvers and MARL training, compounded by assumptions of perfect chan-
nel state information and single-UAV scenarios (Liu et al. 2025; Nguyen et al. 2023).
Joint communication-computation optimization for UAV-based FL often relies on static
datasets that fail to capture dynamic operational conditions (Zeng et al. 2023; Jing et al.
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Table 11 Common tools, Tool type Common Frequency Recommendation
datasets and benchmarks used in examples
MACN research - - - -
Simulators Python (ML High (Py- Combine discrete-
scripts), MAT- thon: ~  event and emula-
LAB, NS-3, 40-50%) tion stacks (e.g.,
OMNeT++, NS-3 + Mininet)
Mininet, STK, and publish config-
ROS/Gazebo urations to enable
reproducibility
Datasets ADS-B, Medium  Encourage use of
Didi mobil- domain-relevant
ity, MNIST/ traces (ADS-B, ve-
EuroSAT for FL, hicular/IOT traces)
synthetic channel and standardized
datasets synthetic scenario
generators
Benchmarks FedAvg/DQN/ High Propose a shared
DPG/MAPPO benchmark suite
baselines; met- (fixed mobility pro-
rics: throughput/ files, channel mod-
latency/EE/SE els, and baseline

implementations) to
measure scalability
and robustness

2025), and LLM integration into latency-sensitive control loops introduces unresolved
challenges in verification and distillation (Gao et al. 2024; Chen et al. 2024). Future
work should pursue full 3D multi-UAV coordination with satellite handover under im-
perfect CSI, energy-aware designs integrating propulsion and battery dynamics with
hardware-efficient MARL for on-edge inference, decentralized and asynchronous FL
with lightweight model compression (Liu and Yang 2025), and synergistic Al integra-
tion combining DRL, MARL, generative Al, and LLMs, validated through field testbeds
to bridge the simulation-to-reality gap.More generally, classical optimization remains
an effective baseline whenever the problem structure is sufficiently known and real-time
adaptation demands do not justify the added complexity of learning-based control.

Across all five areas, recurring cross-cutting challenges include the need for lightweight
distributed intelligence, interpretable and certifiable Al policies, standardized cross-tier
interoperability, and security-by-design for distributed learning. Progress will require com-
munity-driven benchmarks, real-world trace collection, and interdisciplinary efforts inte-
grating wireless systems, ML robustness, and secure distributed protocols.

8.3 Datasets, simulators, and benchmarking: state and recommendations

Simulations remain the predominant methodology for evaluating Al-driven MACNs due
to the inherent complexity and scale of MACNSs, whereas real-world testbeds are compara-
tively rare. Table 11 provides a summary of commonly used tools and their frequency of
application. The following discussion offers recommendations to enhance reproducibility
and comparability across studies, emphasizing the adoption of standardized datasets, con-
sistent traffic and mobility models, and shared evaluation protocols to facilitate meaningful
cross-study benchmarking.

@ Springer



251 Page 84 of 99 S. K. Siam et al.

To enhance reproducibility and comparability in MACN research, it is recommended that
authors publish complete scenario scripts, random seeds, and full configuration files for sim-
ulators to enable exact replication of results. Wherever feasible, simulation outcomes should
be validated on small-scale hardware prototypes, such as Raspberry Pi, SDR platforms, or
UAV testbeds, to bridge the sim-to-real gap (He et al. 2022). Additionally, establishing a
standardized minimal benchmark set, including representative mobility traces, channel and
blockage scenarios, and baseline algorithms would allow consistent and meaningful assess-
ment of performance improvements across different studies.

8.4 Prioritized research agenda and actionable directions

Addressing open challenges in Al-driven MACNSs requires a coordinated research agenda
that integrates algorithmic innovation, system engineering, and rigorous evaluation. A pri-
mary priority is the development of lightweight, distributed intelligence. Practical deploy-
ments demand neural and decision models that conform to the constrained compute,
memory, and energy budgets of UAVs, edge gateways, and satellite payloads. Research
should therefore combine model-compression tool chains, including structured pruning,
post-training and quantization-aware techniques, and knowledge distillation, with runtime
optimizations such as operator fusion, condensed architectures, and efficient inference exe-
cution. These methods should be complemented by architectural strategies, including split
learning and FL schemes that transmit only essential gradients or compact representations
to central servers, or by hierarchical orchestration where intensive training is performed off-
network while compact policies execute at the edge. Experimental evaluations must quan-
tify not only accuracy or reward but also inference latency, model size, energy per inference,
and end-to-end signaling overhead to expose practical trade-offs (Zeng et al. 2023).

Equally important is explainable and certifiable decision making for safety-critical
functions, including handover, resource orchestration, and emergency response. Research
should move beyond post-hoc saliency analysis to integrate interpretable modules and
uncertainty estimates directly into policies. Examples include attention-aware policy heads,
SHAP or LIME style attribution on state features, epistemic and aleatoric uncertainty in
value estimates, and policy certificates that provide verifiable bounds on decision conse-
quences. Complementary investigations should focus on human-in-the-loop interfaces and
lightweight verification mechanisms that allow operators to inspect, constrain, or override
automated control under conditions of high ambiguity or risk. Evaluations should include
user studies, where feasible, and stress tests that assess how interpretability and uncertainty
signals mitigate catastrophic actions (Wu et al. 2024; Mohamed et al. 2023).

Practical operation also hinges on interoperability-focused control planes and proto-
col standardization. MACN face challenges when each domain, including LEO satellites,
UAVs, maritime platforms, and terrestrial infrastructure, exposes distinct state abstractions
and handover semantics. Research should therefore define minimal cross-tier primitives
for state transfer, capability advertisement, and graceful handover, alongside O-RAN style
control abstractions that decouple policy logic from vendor hardware. This work is both
conceptual, involving API and information model definition, and experimental, implement-
ing adapters and measuring state transfer latency, synchronization error, and recovery under
link disruptions. Standards-oriented prototypes that publish interface definitions and sam-
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ple reference implementations will facilitate broader adoption (Jia et al. 2024; Zhang et al.
2024).

Security- and privacy-aware communication is an important consideration in MACNS,
especially for distributed learning and cross-tier data exchange. Relevant mechanisms
include robust aggregation, Byzantine-resilient federated updates, anomaly detection under
sparse observations, and privacy-aware designs that account for utility trade-offs under
differential privacy or secure multi-party computation. Lightweight ledger-based support
for provenance and auditability may also be useful, provided that its computational and
communication overheads are compatible with constrained UAV and satellite platforms.
Robustness should be evaluated under representative channel conditions, including poison-
ing, model inversion, and spoofed telemetry scenarios, to assess practical resilience (Zhi
et al. 2024; Tang et al. 2022a).

Mobility represents one of the most challenging dimensions, making predictive, mobil-
ity-aware control a high-impact area. Combining sequence and trajectory predictors, such
as RNNs, Transformers, and Kalman or particle filters, with low-latency RL controllers
enables anticipatory handovers, pre-positioned resources, and smooth multi-agent coordina-
tion. Emphasis should be placed on lightweight predictors capable of on-device execution,
feature engineering that captures topology and channel dynamics, and integration of predic-
tion uncertainty into decision policies to support risk-aware actions. Benchmarking should
incorporate realistic mobility traces, including urban UAV corridors, maritime routes, and
vehicular flows, while evaluating metrics such as prediction horizon benefits, false-positive
reservation costs, and handover reductions under varying traffic conditions (Tao et al. 2025;
Nguyen et al. 2023).

Finally, exploration of RIS and emerging primitives, including quantum computing and
ledger technologies, should be pursued pragmatically. Research on joint beamforming and
orchestration should co-optimize RIS phase profiles, satellite link scheduling, and terrestrial
resource allocation under latency and energy constraints. Semantic communications may
enable compact control channels for constrained links (Bariah et al. 2022; Meng et al. 2024;
Gao et al. 2024). Quantum-enhanced optimization, such as QMARL prototypes, and ledger-
assisted trust schemes present promising directions, but initial studies should employ hybrid
simulations and small-scale prototypes to assess resource costs, error-correction and syn-
chronization requirements, and transaction overhead in energy-limited nodes. Each experi-
mental campaign should include a thorough cost-benefit analysis, quantifying performance
gains relative to hardware, energy, and complexity overheads, to guide the community on
the practical value of these emerging primitives (Kim et al. 2025; Tang et al. 2022a; Conti
et al. 2024).

8.5 Evaluation metrics and recommended baselines

To ensure fair and comprehensive evaluation of future proposals, we recommend report-
ing standardized QoS metrics, including latency, throughput, packet loss, and handover
failure rate, alongside resource metrics such as energy per bit, computational overhead in
FLOPs, memory footprint, and signaling load. Learning performance should be quantified
in terms of convergence time, sample efficiency, and robustness under non-i.i.d. data dis-
tributions and adversarial nodes. Reproducibility artifacts, including random seeds, dataset
links or generator code, simulator versions, and baseline implementations, should also be
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provided. Baselines should encompass simple heuristic methods, such as greedy or random
approaches, classical optimization techniques, including MILP or GA where applicable,
and widely used RL and federated learning baselines, such as DQN, DDPG, TD3, FedAvg,
or MAPPO. Bridging the gap from promising algorithms to deployed, trustworthy MACNs
requires a coordinated research agenda that simultaneously addresses lightweight distrib-
uted intelligence, interpretable decision-making, standardized cross-tier interoperability,
and security-by-design. Progress will be accelerated by community-driven benchmarks,
the collection of real-world traces, testbed evaluations, and interdisciplinary efforts that
integrate expertise in wireless systems, ML robustness, and secure distributed protocols.
The directions outlined here prioritize deployability and resilience while maintaining the
performance gains demonstrated by recent Al-driven approaches.

8.6 Practical deployment, testing, and evaluation

Bridging the gap from simulation to operational MACN requires a compact, reproducible
evaluation pipeline that explicitly accounts for real-world impairments, staged validation,
and deployment safety; practical experiments should therefore combine representative
simulation (using the tools and traces summarized in Table 11) with hardware-in-the-loop
emulation and progressively larger field trials, and should report both networking metrics
and system-level costs as in Table 10. A critical yet underexplored dimension of deployment
readiness concerns the placement of training and inference workloads across space, air, and
ground tiers; heavyweight model training typically must reside at ground stations or cloud
infrastructure due to computational and thermal constraints, while inference on aerial plat-
forms demands compressed models, quantized weights, and hardware accelerators that fit
within the power envelopes of UAVs and small satellites, which range from tens to hundreds
of watts depending on platform class (Xu et al. 2023; Zeng et al. 2023).

Model update frequency presents additional challenges under intermittent connectivity,
as LEO satellites may experience contact windows of only minutes per orbit and UAV
swarms operating beyond line-of-sight rely on sporadic relay opportunities, necessitating
asynchronous update protocols, staleness-tolerant aggregation, and local adaptation mecha-
nisms that can function effectively between synchronization events (Jing et al. 2025; Han
et al. 2024; Liu and Yang 2025). Communication overhead in FL and MARL further con-
strains deployment, because gradient exchange, policy synchronization, and coordination
signaling compete with mission data for limited uplink and crosslink capacity; techniques
such as gradient compression, sparsification, and hierarchical aggregation reduce this bur-
den but introduce accuracy and convergence trade-offs that must be quantified under real-
istic link budgets (Tang et al. 2022a, b; Zeng et al. 2023). Energy and compute budgets for
on-board Al inference impose hard constraints that are frequently overlooked in simulation
studies, yet operational UAVs must balance inference workloads against propulsion, sens-
ing, and communication demands, while satellite payloads face strict power and thermal
dissipation limits that preclude continuous operation of large neural networks without duty
cycling or adaptive model switching (Li et al. 2025; Gong et al. 2022; Li et al. 2024).

Although hardware validation remains scarce, several surveyed works provide prelimi-
nary real-world evidence. For example, a reliable transport system was validated using the
Qilu-1 satellite prototype demonstrating substantial delay reductions compared to simula-
tion estimates (He et al. 2022), a UAV-based federated learning framework was empirically
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tested in outdoor field trials on a football pitch revealing practical challenges such as signal
interference and mobility constraints (Jing et al. 2023), and Al-driven UAV communication
systems were evaluated using open-source 5 G platforms including OAI and free5SGC (Lins
et al. 2021). These studies highlight the simulation-to-reality gap and underscore the need
for expanded testbed development. Experiments must inject realistic faults and stressors
beyond idealized channels, for example long propagation delays and intermittent outages
on space links, burst and correlated packet loss on aerial links, GNSS drift and position-
ing errors for mobile platforms, telemetry noise and timestamp jitter, node overload under
CPU or memory pressure, and a fraction of adversarial or malfunctioning nodes to evaluate
robustness and security; reliance on simplified simulation setups has been noted as a recur-
rent limitation in the literature. Reproducibility artifacts should be published with every
study and include simulator versions and configuration files, random seeds, mobility traces
and channel parameters, baseline implementations and hyperparameters, and any hardware
recipes for emulation, because standardized scenario definitions enable meaningful cross-
paper comparison and benchmark development.

Validation should follow a staged rollout from parameter sweeps and stress tests in
simulation, to hardware-in-the-loop experiments that measure inference latency, energy
per inference, and thermal behavior on representative processors, to controlled field tri-
als and finally canary or shadow production deployments with continuous monitoring,
rollback criteria, and human-in-the-loop overrides; such staged practice exposes gaps in
model compression, observability, and failover mechanisms that are often under-addressed.
Security and privacy evaluations must be integral rather than add-on, encompassing poi-
soning and inversion attacks, robust aggregation and differential privacy trade-offs, and
lightweight provenance mechanisms whose overheads are measured under realistic resource
constraints, because distributed ML in multi-tier settings introduces novel threat surfaces.
Finally, reported results should include not only throughput and latency but also handover
failure rate, energy and FLOP footprints, signaling overhead, convergence and sample effi-
ciency, and robustness to non-i.i.d. data so that practitioners can perform practical cost-ben-
efit analyses before adoption; this operational emphasis complements the comparative and
system-readiness gaps identified earlier in this survey (see Sect. 8.1 and Tables 10 and 11)
and directly addresses the proper guidance on deployment, testing, and evaluation.

8.7 Emerging Al paradigms in MACN

While the preceding analysis has concentrated on classical supervised learning, deep rein-
forcement learning, and multi-agent frameworks, the broader Al research landscape is
undergoing a methodological shift toward Transformer-based architectures, generative and
diffusion models, and large language models that function as planners or solution synthe-
sizers rather than purely reactive decision policies. Within the surveyed MACN literature,
early applications of these paradigms have begun to appear. Self-attention mechanisms
have been integrated into resource management frameworks for dynamic allocation in sat-
ellite-terrestrial networks (Tianhao and Zhiyong 2024), and multi-attention architectures
have been employed for latency-aware cross-tier switching decisions (Ozturk et al. 2025).
Diffusion-based generative models have been applied to vertical handover optimization,
where the DGHD framework (Tao et al. 2025) synthesizes diverse network-state trajectories
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for pretraining MAPPO agents, accelerating convergence and improving robustness under
dual-mobility conditions.

GAN-augmented DRL (Guo et al. 2024) addresses data scarcity in routing by generat-
ing synthetic network states, while generative Al-enhanced DRL (Kakati et al. 2025) com-
bines generative models with reinforcement learning for proactive secrecy optimization.
At the semantic reasoning level, LLM-based architectures have been proposed for high-
level task planning and intent interpretation in space-air-ground integrated networks (Gao
et al. 2024), and for translating human-driven preferences into optimization objectives in
vehicular scenarios (Chen et al. 2024). Graph neural networks, discussed throughout this
survey, increasingly serve as relational encoders within these emerging pipelines, providing
topology-aware representations that can be combined with Transformer decoders or diffu-
sion-based generators (Zhu et al. 2025; Zhang et al. 2024; Ivanov et al. 2022), and Alam and
Song (2024). Despite these advances, significant limitations constrain practical deployment:
the quadratic complexity of self-attention and the iterative sampling requirements of diffu-
sion models conflict with the energy and latency constraints of aerial platforms; LLM infer-
ence latency is incompatible with real-time control loops; training data requirements exceed
what is currently available in standardized MACN benchmarks; and the interpretability and
verifiability of generative decisions remain inadequate for safety-critical applications. Con-
sequently, current applications primarily position these emerging paradigms in offline plan-
ning, training data augmentation, or advisory roles rather than closed-loop control.

Future research should prioritize efficient Transformer variants with linear attention
mechanisms, constraint-aware diffusion sampling for direct solution synthesis, hierarchical
architectures that combine LLM-based reasoning with lightweight local controllers, and
hybrid GNN-Transformer encoders that leverage complementary inductive biases. Address-
ing these directions will be essential to transition MACN optimization beyond the RL-
centric methodological perspective that currently dominates the field and to capitalize on
the representational and generative capabilities that foundation model architectures increas-
ingly offer for complex, high-dimensional network problems.

9 Conclusion

This survey reviewed and organized the rapidly expanding literature on Al applications in
MACN:Ss, with a focus on routing, computing, handover, resource management, and optimi-
zation. The surveyed Al methods range from lightweight predictors such as ELM, which are
suitable for edge platforms, to large-scale approaches including GNN driven DRL and GAN
augmented DRL for mega constellations; these methods deliver measurable improvements
in adaptability, throughput, and latency under dynamic topologies. RL and MARL tech-
niques dominate adaptive decision problems such as handover and trajectory planning, while
FL and hybrid schemes are emerging to reconcile performance with privacy and scalabil-
ity. Our comparative analysis exposes persistent barriers to real-world deployment, notably
the computational and energy demands that constrain on-node implementation, the reliance
on idealized simulation assumptions, the scarcity of real-world datasets and testbeds, and
the practical challenges of deploying distributed learning pipelines in resource-constrained
environments. Addressing these challenges will require advances in model compression and
hierarchical or distributed control, incorporation of XAl and adversarial robustness, and the
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establishment of community benchmarks alongside reproducible evaluation practices. We
therefore propose that research in MACN can be prioritized by using (1) lightweight, com-
munication efficient distributed learning such as FL with compression and transfer learning
across tiers, (2) interpretable and certifiable Al policies for safety critical handover and
resource control, (3) realistic mobility and propagation modeling and large scale testbeds
to bridge the simulation to reality gap, and (4) standardized metrics and open datasets to
enable fair comparison and reproducibility. Progress on these fronts will be essential for
transitioning Al driven MACNs from promising prototypes to resilient, secure, and deploy-
able components of 6 G and beyond.
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