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Abstract

Large-scale UAV data collection creates a tension among wide-area coverage, operational
efficiency, and delivery continuity. Data must be continuously delivered to a base-station
coordinator, but real-time replanning becomes increasingly difficult as the number of
sensors and UAVs grows. Standard vehicle-routing methods slow down once routes have
to be regenerated often, while reinforcement learning struggles with fixed-wing UAVs
that cannot hover or turn sharply. We address this with a two-layer framework. In the
lower layer, multirotor UAVs visit sensor nodes and buffer the collected payload until
it is retrieved by a fixed-wing UAV. Their routes come from clustering the nodes and
solving a capacitated vehicle routing problem within each cluster, with the cost biased
toward older data and a short cooldown against immediate revisits. In the upper layer,
fixed-wing UAVs deliver the buffered payload to the base-station coordinator, guided
by a Multi-Agent Proximal Policy Optimization (MAPPO) policy that receives a local
buffer-summary map and selected high-priority cells from a compact global summary. A
spacing reward encourages separation before agents enter close-proximity states, instead
of only penalizing collisions afterward. Component-level experiments show that the
lower-layer planner handles up to 600 active routing targets within 1.3 s on average and
that the age/cooldown objective improves freshness and revisit behavior. In integrated
simulations with 1000 nodes, 32 multirotor UAVs, and 2 fixed-wing UAVs, the learned fixed-
wing policy maintains collection performance comparable to a strong exclusive greedy
baseline while recording no collision or persistent-proximity termination events over the
reported data-generation-rate sweep. These results support the proposed framework
as a scalable coordination-layer design for dynamic sensor workloads, where adaptive
multirotor routing and motion-constrained fixed-wing retrieval are evaluated together
under a shared data-generation workload.

Keywords: Multi-UAV system; two-layer UAV network; data collection; cluster-based
vehicle routing problem; multi-agent reinforcement learning; fixed-wing UAV; cooperative
trajectory planning; UAV-assisted IoT
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1. Introduction
Unmanned Aerial Vehicles (UAVs) are now widely used in various fields [1]. Once

regarded primarily as hobbyist devices, UAVs have expanded into a wide range of practical
applications. UAVs have made information-gathering tasks, such as search and rescue, 3D
map generation, and site surveying, much more efficient. Most of these applications focus
on collecting information in static environments, where conditions do not change frequently,
and use a small number of UAVs. However, dynamic sensing environments change
continuously, making it difficult for UAVs to gather information from such environments
efficiently. In addition, to collect information over a wide area, it is crucial to deploy and
manage a sufficient number of UAVs because UAV battery capacity and flight time are
limited [2]. This limitation becomes even more critical in large-scale sensing scenarios,
where timely and continuous data collection is essential.

Employing multiple UAVs to gather information in large-scale environments may
provide an effective solution. However, several challenges must be addressed to utilize
multiple UAVs over a large area. Above all, collisions among UAVs must be avoided. If
UAVs collide with one another, they can no longer continue their mission, and additional
UAVs may need to be deployed to complete the operation. To prevent such collisions,
appropriate flight paths must be generated and assigned to individual UAVs. Most path-
planning methods are derived from the Vehicle Routing Problem (VRP), which is NP-hard
and requires excessive computation time as the number of UAVs increases. Because of
this computational complexity, UAV flight paths cannot be updated frequently in large-
scale environments. If the environment is stable and changes infrequently, this approach
may be suitable. However, when the environment changes rapidly, the planned paths
may no longer be appropriate. Moreover, when UAVs collect information in dynamic
environments and deliver it to a base-station coordinator for environmental monitoring
and analysis, the collected data must be transmitted promptly. This constraint requires
frequent path updates to maintain data freshness and improve the quality of downstream
environmental information.

To overcome these challenges, we propose a two-layer UAV coordination framework
for efficient data collection in large dynamic environments and evaluate its coordination
behavior through simulation. The system consists of two types of UAVs, multirotor UAVs
and fixed-wing UAVs, each assigned to a different layer. In the lower layer, multirotor UAVs
collect data from ground sensor nodes because of their high mobility and ability to change
their routes with relatively little penalty. In the upper layer, fixed-wing UAVs collect data
from the multirotor UAVs and relay the collected data to the base-station coordinator for
environmental analysis and information generation. Although a homogeneous UAV fleet
may simplify system design and operation, it is not well matched to the target environment
considered in this study. Because fixed-wing UAVs must continuously maintain their flight
speed to generate lift and cannot make sharp turns, they are not well suited for visiting
ground nodes and collecting data along frequently changing flight paths. The multirotor
UAVs can change their direction more easily than fixed-wing UAVs. However, their flight
time is much shorter, resulting in a smaller coverage area. Therefore, we employ both types
of UAVs together to compensate for the limitations of each platform.

A concrete setting that motivates this design is wide-area remote monitoring of a large
region, on the order of 100 km2, instrumented with many low-power ground sensors, where
persistent long-range communication infrastructure is either unavailable or operationally
undesirable, such as environmental monitoring, disaster-area assessment, and infrastruc-
ture inspection over terrain without reliable cellular or fixed-network coverage. In such
settings, the commonly considered communication and sensing architectures each face a
specific limitation. A low-power wide-area network or a multi-hop mesh requires every
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static sensor to sustain a long-range or relay link toward the coordinator, which steadily
drains the limited sensor energy budget as the monitored area and node count grow. A
direct satellite or cellular uplink from each node removes the multi-hop burden but is
constrained by infrastructure availability, per-node transmit power, and recurring cost. A
homogeneous multirotor fleet can visit individual nodes but cannot cover a wide area be-
cause of its short flight time, whereas a homogeneous fixed-wing fleet offers endurance but
cannot hover or make sharp turns and is therefore ill-suited to servicing individual ground
nodes. The proposed two-layer design is intended for precisely this regime. Proximity-
based multirotor collection removes the long-range-link requirement from the static sensors,
while a small number of fixed-wing data mules exploit their endurance to retrieve the
buffered payload over the wide area and deliver it to the coordinator. The second fixed-
wing layer is therefore not an optional addition but the component that supplies wide-area
retrieval that the energy-limited sensors and the short-endurance multirotors cannot pro-
vide on their own. The proposed architecture is not intended to replace mesh-network,
low-power wide-area, direct-uplink, or relay-network deployments in general, but to pro-
vide a coordination-layer design for scenarios where sensing, buffering, and long-range
retrieval are operationally separated.

In addition to the physical architecture of the proposed system, we also design an
internal operational scheme suitable for large dynamic environments. To accelerate path
generation for multirotor UAVs, we divide the target area into multiple subareas and
generate paths separately, thereby significantly reducing the computational time required
to solve the VRP and enabling continuous path updates in large dynamic environments.
Because multirotor UAVs continuously move among the ground sensors, predetermined
flight paths for fixed-wing UAVs cannot be derived effectively. Therefore, we devised a
reinforcement-learning-based flight decision scheme and applied it to fixed-wing UAVs.
Simulation results characterize the component-level design choices and the integrated
collection-safety trade-off of the proposed two-layer coordination design against strong
greedy baselines within the evaluated simulator. This paper targets the coordination layer
of heterogeneous UAV data collection. Packet-level communication effects and high-fidelity
autopilot dynamics are represented through coordination-level abstractions so that the
study can isolate the coupled decision problem created by moving multirotor buffers and
fixed-wing retrieval vehicles. Within this scope, the proposed framework contributes an
integrated routing-retrieval design: a warm-started, age- and cooldown-aware clustered
capacitated vehicle routing problem (CVRP) for local sensing, and a MAPPO-based fixed-
wing retrieval policy that uses coordinator-derived buffer summaries, bounded waypoint
actions, and spacing-aware coordination. The contributions of this work are as follows:

• We introduce a coordination-layer two-layer UAV framework that separates local
sensing and buffering from long-range retrieval, allowing multirotor and fixed-wing
UAVs to operate according to their platform-specific strengths.

• We develop a lower-layer replanning method that combines warm-started clustering,
per-cluster CVRP solving, and age- and cooldown-aware routing costs to adapt routes
as active sensing targets change over time.

• We design an upper-layer fixed-wing retrieval policy that turns compact coordinator-
derived buffer summaries into bounded waypoint actions under fixed-wing motion
and spacing constraints.

• We evaluate the coupled routing-retrieval behavior through component-level and
integrated simulations, showing fast lower-layer replanning and competitive fixed-
wing retrieval with no collision or persistent-proximity termination events in the
reported operating range.
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2. Background
This section describes the multi-UAV data collection problem considered in this study.
The use of multiple UAVs for data collection has been widely studied in various

application domains, including IoT-based sensor networks, environmental monitoring,
and disaster response [3–5]. This problem goes beyond simply visiting predefined locations;
rather, it involves exploring meaningful information and collecting it efficiently while
accounting for changing environmental conditions.

In dynamic sensing environments, the spatial distribution and importance of data may
vary over time. Accordingly, UAVs must determine exploration priorities and collection
order under limited flight time and resources, and a balance between exploration efficiency
and collection performance becomes essential [6].

In particular, unlike the single-UAV setting, multi-UAV environments require the
simultaneous consideration of inter-agent cooperation, role allocation, and collision avoid-
ance, which further increases problem complexity [7]. As a result, the multi-UAV data
collection problem extends beyond simple path planning to include sequential decision-
making and cooperative operation in dynamic environments. Owing to these characteris-
tics, both path-optimization-based [8–10] and learning-based [11] approaches have been
extensively studied, and each offers distinct advantages depending on the problem setting.

3. Related Work
In this section, we review existing literature on multi-UAV coordination, hierarchical

systems, and heterogeneous systems.

3.1. Optimization- and Learning-Based Approaches for Multi-UAV Coordination

Multi-UAV exploration and data collection problems have traditionally been formu-
lated as optimization problems such as the Vehicle Routing Problem (VRP), Traveling
Salesman Problem (TSP), and Multi-Agent Path Finding (MAPF) [11–13]. These approaches
enable the systematic computation of UAV trajectories to reduce total travel distance or
operation time, and they can also be effective in terms of computational efficiency when
combined with clustering or heuristic methods. In particular, when the target environment
is relatively static or can be divided into regional subproblems, such methods can provide
effective baselines.

Drone-assisted routing studies further show that vehicle-routing variants can represent
cooperation between ground vehicles, depots, and UAVs, including delivery or service
problems in which UAVs are inserted into a larger route structure [14,15]. These cited
formulations are useful for designing optimized schedules, but they assume that the
entities to be served are known at planning time or that the routing problem can be solved
as a relatively self-contained optimization instance. In large dynamic sensing scenarios,
by contrast, the amount and age of pending data, the positions of collection vehicles,
and the retrieval opportunities available to fixed-wing UAVs change continuously.

When the environment changes continuously, precomputed paths may need to be
updated repeatedly, which can increase computational burden and create difficulties for
real-time operation. To ease this burden, incremental and partial-replanning strategies have
been explored, including incremental graph-search methods that reuse prior computation
and evolutionary rolling-horizon schemes that re-optimize short path segments rather than
entire trajectories [16–18].
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In this context, reinforcement learning-based approaches have attracted increasing
attention because they can respond more flexibly to changing situations by learning policies
through interaction with the environment. In practice, algorithms such as PPO, MAD-
DPG, and MAPPO have been applied in various studies on multi-agent and multi-UAV
cooperation [19–23]. Nevertheless, reinforcement-learning-based approaches also require
careful design in terms of training stability, reward design, and sample efficiency. This
issue becomes even more important in systems with strong physical constraints, where
learning valid actions in a stable manner is particularly challenging [24].

3.2. Hierarchical and Heterogeneous Multi-UAV Systems

In large-scale Unmanned Aerial Vehicle (UAV) systems, hierarchical architectures
have frequently been adopted to improve communication efficiency and scalability [25,26].
For instance, previous studies have proposed structures where UAVs are assigned distinct
roles, utilizing specific agents to collect data from others and deliver it to a central coor-
dinator [27,28]. While these hierarchical and non-terrestrial-network designs are highly
effective in reducing communication burdens, they primarily focus on network control,
spectrum management, or communication objectives rather than the joint routing-and-
retrieval behavior of heterogeneous UAV platforms.

To maximize data collection efficiency, recent literature has increasingly explored
heterogeneous multi-agent systems. However, the configuration of such teams has been
predominantly limited to cooperation between UAVs and Unmanned Ground Vehicles
(UGVs) [29,30], or cooperation between UAVs with flight range constraints and ground
vehicles [31]. Even in literature focusing strictly on heterogeneous UAV-to-UAV systems,
heterogeneity typically stems from simple variations in battery capacity, computing power,
or speed, resulting only in straightforward task allocation [32,33]. Instances where UAVs
with fundamentally distinct maneuvering characteristics and aerodynamic constraints are
organically combined remain scarce.

Consequently, much of the existing UAV literature relies on homogeneous platforms,
particularly quadrotor-based systems. Although homogeneity offers advantages in de-
sign consistency and control simplicity, it limits the extent to which role allocation can
exploit platform-specific advantages. For example, homogeneous rotary-wing environ-
ments frequently suffer from chronic battery capacity limitations. Prior studies have
attempted to circumvent this constraint through ad-hoc methods, such as imposing strict
mission time limits or optimizing local trajectories [34]; however, these approaches act
as a performance bottleneck in large-scale scenarios since they do not directly overcome
the low energy capacity itself. Transitioning to a heterogeneous environment by introduc-
ing fixed-wing UAVs—which offer superior long-endurance flight and wide-area cover-
age [35,36]—provides a viable alternative to mitigate this critical energy issue.

Nevertheless, operating aerial vehicles with highly distinct dynamic characteristics
within a single operational layer introduces significant control and decision-making chal-
lenges [37]. Fixed-wing UAVs exhibit strict physical constraints, such as minimum flight
speed, limited turning radii, and the inability to hover or move backward. When these
platforms are controlled directly, particularly in reinforcement learning (RL) approaches,
the action space is heavily restricted by these dynamics, making stable exploration diffi-
cult [38]. Furthermore, issues like sparse rewards or convergence to undesirable strategies
(e.g., reward hacking) are exacerbated in complex multi-agent environments, severely
degrading overall training stability [39,40]. Operating them flatly in a single layer causes
the physical limitations of each platform to become complexly entangled.
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To alleviate these challenges, introducing a hierarchical architecture into the hetero-
geneous multi-UAV environment can be useful. As highlighted in [41], a hierarchical
approach mitigates learning difficulties, enables the effective use of the complementary
advantages inherent in heterogeneous systems, and provides a structural basis for multi-
agent coordination. The present work leverages this paradigm, positioning the hierarchy
as a coordination mechanism in which platform heterogeneity is treated as an operational
structure rather than an implementation detail. Within this structure, the upper layer
uses coordinator-derived buffer summaries and compact priority cues to select retrieval-
oriented waypoint actions, with the goal not of computing globally optimal trajectories but
of preserving high retrieval performance under fixed-wing motion and spacing constraints.
This avoids short-sighted approaches that determine immediate local paths based solely on
current buffer volumes.

The proposed framework targets a distinct routing-retrieval interface. The hierarchy
limits the multirotor layer to local sensing, buffering, and lightweight metadata exchange,
while assigning high-mobility fixed-wing data mules to payload retrieval. Our approach
combines the computational efficiency of optimization with the adaptive flexibility of learn-
ing by partitioning the overall task into a two-layer framework, which consists of clustering
and CVRP routing for multirotors in the lower layer and a MAPPO policy for fixed-wing
data retrieval in the upper layer. This positioning distinguishes our work from studies that
optimize only routing, only relay communication, or only learned motion control.

We emphasize that the individual building blocks of this framework, namely hier-
archical UAV architectures, heterogeneous teams, clustered routing, and reinforcement-
learning-based coordination, are established in the literature, and we do not claim any of
them as novel in isolation. The contribution is the coupled decision problem that arises
when these elements operate together under platform-specific motion constraints, which
prior work has largely avoided by treating only one sub-problem at a time. Three aspects
distinguish the present design. First, the routing-retrieval interface between moving multi-
rotor buffers and fixed-wing retrieval vehicles is itself the object of study, because the lower
layer produces a time-varying buffer field that directly determines the observation and
reward of the upper-layer policy, so the two layers are evaluated as a coupled system rather
than in isolation. Second, the heterogeneity addressed here is not a quantitative variation
in battery, speed, or computing power that reduces to straightforward task allocation, as in
much prior heterogeneous-UAV work, but a combination of platforms with fundamentally
different maneuvering characteristics, including the inability of fixed-wing UAVs to hover
and their minimum turning radius. The bounded waypoint-to-motion conversion and
the spacing-aware reward are designed specifically to make learned coordination feasi-
ble under these constraints. Third, the lower-layer replanning combines warm-started
clustering with a separated age- and cooldown-aware cost so that routes adapt to time-
varying demand without sacrificing short-term stability, rather than applying a generic
clustering-plus-CVRP pipeline. The component-level study in Section 6.1 shows that these
design choices are load-bearing rather than incidental. A single high-priority target is not
sufficient and leads to repeated termination events, and the spacing-aware reward needs an
appropriate separation distance to keep the fixed-wing pair clear of close-proximity states.
These results indicate that the specific coupling of these elements, rather than the mere
presence of the four building blocks, is what produces termination-free high-throughput
retrieval.

4. Proposed Approach
In this section, we present the overall structure of the proposed two-layer UAV frame-

work and describe its components.
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4.1. Overview of Two-Layer UAV Framework

We designed the proposed two-layer UAV framework to gather information from
large dynamic environments. The overview of our proposed framework is presented as
Figure 1. The framework consists of two layers: the multirotor layer and the fixed-wing
layer. The lower multirotor layer collects data from ground nodes that gather data from
the surrounding environment. The multirotor UAVs visit nearby ground nodes to collect
accumulated data. The upper fixed-wing layer delivers the data collected by the multiro-
tor UAVs to the base-station coordinator. Because the positions of the multirotor UAVs
and their buffered data continuously change, conventional path-generation algorithms,
including the traveling salesman problem (TSP) and its variants, are not suitable as a
complete upper-layer retrieval strategy for the fixed-wing UAVs. To schedule the retrieval
behavior of the fixed-wing UAVs, we employ an RL-based planner that outputs bounded
waypoint commands based on local data and compact priority information. The detailed
operational procedure and structure of each layer and component are described in the
following subsections.

Figure 1. Overview of the proposed two-layer UAV framework.

4.2. Design Goal

The proposed two-layer framework is designed with three operational objectives
in mind, which together motivate the structural choices described in the remainder of
this section.

The first objective is scalability with respect to the number of ground nodes. As the
monitored area grows and the number of nodes increases, any scheme that attempts to
maintain a continuous end-to-end connection between every node and a base-station
coordinator quickly becomes infeasible in terms of communication bandwidth and energy
consumption. The framework therefore seeks to decouple sensing from delivery, so that
adding more nodes does not directly translate into a proportional increase in network-
wide signaling.

The second objective is responsiveness in dynamic environments. Because the spa-
tial distribution of pending data changes continuously as new measurements are gener-
ated and previously collected data is removed, any precomputed plan becomes outdated
within a short time window. The framework must therefore support periodic replan-
ning at both layers, with per-cycle computation kept light enough to remain tractable in
large-scale settings.
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The third objective is the physical realizability of the planned behavior. Multirotor
and fixed-wing UAVs differ substantially in their maneuvering characteristics, and a
single control paradigm is unlikely to exploit both platforms efficiently. Accordingly,
the framework assigns each platform to the role for which it is better suited, rather than
forcing them into a homogeneous operating pattern.

These three objectives, scalability, responsiveness, and platform-aware role allocation,
jointly motivate the two-layer structure. In the lower layer, a fleet of multirotor UAVs
visits ground nodes and buffers the collected data locally, so that the node-to-UAV link
is activated only when a vehicle is in proximity. In the upper layer, a small number of
fixed-wing UAVs traverse the operational area, retrieve buffered data from the multirotor
UAVs through contact-range pickup events, and relay it to the base-station coordinator.
Separating the roles in this way reduces the burden of maintaining long-range links on
the multirotor UAVs and allows the fixed-wing UAVs to exploit their endurance for wide-
area coverage.

The framework uses a metadata-assisted data-mule abstraction. Sensed payloads
remain in multirotor buffers, while the coordinator receives lightweight status metadata,
including position, route status, buffer amount, oldest-buffer age, and pickup requests.
Fixed-wing UAVs also communicate with the coordinator through the same low-rate teleme-
try/control channel by reporting their position, heading, and timestamp. The coordinator
converts reported multirotor buffer metadata into a buffer-summary map, a fleet-state
summary, and compact retrieval cues used by the fixed-wing policy. Inter-agent state
information in the policy observation is therefore coordinator-relayed telemetry metadata,
not direct air-to-air communication or payload exchange.

In the present simulator, payload exchange is implemented as a contact-pickup event:
when a fixed-wing UAV enters the contact range of a buffered multirotor UAV, the simulator
records the pickup and updates the multirotor buffer state. When the fixed-wing UAV
reaches the central delivery region, the retrieved payload is counted as delivered at the
base-station coordinator. This implementation keeps the upper-layer retrieval field tied
to moving multirotor buffers, while packet-level transfer dynamics remain deployment-
oriented extensions of the same pickup interface.

The remainder of this section describes how each layer realizes its role. The lower-
layer procedure is presented first, with an emphasis on how the exploration and collection
tasks are distributed among multirotor UAVs and how each vehicle’s path is organized in
response to continuously changing demand. The fixed-wing layer, which takes the state of
the lower layer as its operating environment, is then described in the following section.

4.3. Multirotor UAVs: Data Collection

This section describes the data collection operations of the lower-layer multirotor
UAVs. In a large-scale exploration environment, the number of targets, the number of
active vehicles, and field conditions change continuously, and a systematic procedure
together with a fast decision-making structure is required to maintain mission stability.
The subsection is organized into two parts. The operational procedure is described first
from a field-operation perspective, followed by the algorithmic design of task allocation
and path planning that supports that procedure.

4.3.1. Operational Procedure

Multirotor operations proceed through a cyclic structure consisting of mission initial-
ization, zone assignment, route-based exploration execution, status monitoring, and re-
assignment or replanning. Each vehicle collects data by traversing waypoints within its
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assigned zone, and the collected data is held in the local buffer until it is retrieved by a
fixed-wing UAV of the upper layer.

During operations, mission progress and pending-data distribution are periodically
summarized for replanning. The scheduler updates zone assignments and routes when the
task distribution changes, so that exploration gaps can be reduced within the coordination-
level model. The interval between replanning events is controlled by a single configuration
parameter, so that the balance between adaptivity and route stability can be tuned according
to how rapidly the workload evolves. The experiments use this cyclic replanning model to
evaluate how lower-layer routes adapt as pending data changes over time.

4.3.2. Task Allocation and Path Planning

The lower-layer routing pipeline is organized into two sequential stages, task allo-
cation and per-vehicle path planning. Given a large number of ground nodes and a fleet
of multirotor UAVs, the first stage partitions the deployed ground nodes into per-vehicle
service regions, and the second stage routes only the pending-task demand inside each
assigned region under route-time and capacity constraints. The overall workflow is peri-
odically re-executed so that the plan remains consistent with the current distribution of
pending data.

Task Allocation via Warm-Started Clustering

LetN = {n1, n2, . . . , n|N |} denote the set of deployed ground nodes, where each node
ni has a fixed position pi ∈ R2. At replanning time t, the subset of nodes that have pending
data is

N act
t = { ni ∈ N | Ti(t) ̸= ∅ }.

Let |M| denote the number of active multirotor UAVs. The clustering stage partitions
the full deployed node set N into |M| disjoint subsets {C1, . . . , C|M|} that minimize the
intra-cluster dispersion

min
{Ck}, {µk}

|M|
∑
k=1

∑
ni∈Ck

∥pi − µk∥2
2,

where µk denotes the centroid of cluster k. Each cluster is then associated with a single
multirotor UAV. The subsequent CVRP stage ignores nodes without pending tasks, so only
Ck ∩N act

t contributes nonzero demand to vehicle k at that replanning cycle.
Because the set of nodes with pending data evolves over time as new tasks are gener-

ated and previously collected tasks are removed, assignment and routing are recomputed
at fixed replanning intervals. Running the clustering from scratch at every cycle, however,
tends to produce abrupt changes in cluster boundaries and causes multirotor UAVs to
repeatedly switch between service regions. To mitigate this, a warm-start scheme is used
in which the centroids obtained in the previous replanning cycle are reused as the initial
centers for the current cycle, and Lloyd’s algorithm is executed for a fixed number of
iterations. Only at the very first cycle, or when the number of active vehicles changes, are
the centers re-initialized from deployed nodes. This design keeps cluster identities largely
consistent across cycles while still allowing the per-vehicle routed demand to adapt to
changes in the spatial distribution of pending tasks.

Per-Vehicle Path Planning as a CVRP

For each multirotor UAV, the visiting order of the active nodes in its assigned cluster is
planned as a CVRP. For a given vehicle k, let Cact

k = Ck ∩N act
t be the active routed-demand

set and let Vk = Cact
k ∪ {0, d} denote the set of locations, where 0 is the route start used for

the current planning call and d is the operational rendezvous or turnaround point used for
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route reset, battery-related return, and coordination with the retrieval layer. The location
d belongs to the coordination-layer route abstraction and provides a reset or rendezvous
reference for the multirotor plan. Tasks generated at the same node are aggregated into a
single demand

qi = ∑
τ∈Ti

sτ , i ∈ Cact
k ,

where Ti is the set of pending tasks at node ni and sτ denotes the size of task τ in bytes. Let
Q be the per-vehicle buffer capacity,Rk the set of duplicated depot-start routes allowed for
vehicle k, and A(r)

k the candidate arc set for route r ∈ Rk. Let T(k)
max be the remaining route-

time budget at the time of planning. The following equations summarize the objective and
nonstandard constraints used in our OR-Tools routing implementation. Standard routing
feasibility constraints, including depot continuity, route connectivity, flow conservation,
and the visit-arc linking constraints that connect y(r)i to the selected arcs x(r)ij , are enforced
by the routing solver. The CVRP for vehicle k can then be written as

min ∑
r∈Rk

∑
(i,j)∈A(r)

k

cij x(r)ij (1)

s.t. ∑
i∈Cact

k

qi y(r)i ≤ Q, ∀r ∈ Rk, (2)

∑
(i,j)∈A(r)

k

tij x(r)ij ≤ T(k)
max, ∀r ∈ Rk, (3)

∑
r∈Rk

y(r)i ≤ 1, ∀i ∈ Cact
k , (4)

where x(r)ij is a binary variable indicating whether arc (i, j) is traversed during duplicated

route r, y(r)i indicates whether node i is served during route r, and tij is the travel time
on arc (i, j). Constraints (2) and (3) encode the per-route capacity and route-time limits,
while constraint (4) ensures that each node is served at most once across the entire plan.
The duplicated-route representation provides a coordination-layer abstraction for mid-plan
returns to the rendezvous point; cumulative battery recharge or replacement can be layered
onto this rendezvous interface in deployment-oriented extensions.

A distinctive feature of the proposed formulation lies in the arc cost cij, which departs
from a purely distance-based metric in two respects. First, nodes holding older data
are prioritized through an age-weighted term, because their contents contribute less to
system-level freshness the longer they are delayed. For an arc terminating at node j, let
aj = t−minτ∈Tj gτ be the age of the oldest pending task at j, where gτ is the generation
time of task τ and t is the current time. Second, a cooldown penalty is applied to suppress
short-interval revisits to recently serviced nodes, which otherwise occur frequently when
residual data is negligible. Combining these two effects, the arc cost is defined as

cij =
dij

1 + α aj
+ ρ
[
t− vj < ∆cool

]
,

where dij is the Euclidean distance between locations i and j, vj is the last visit time of node
j, ∆cool is the revisit cooldown window, and ρ and α are tuning coefficients controlling the
penalty magnitude and the age weighting, respectively. The coefficient α has inverse-time
units, while ρ is expressed in distance-equivalent cost units so that the two terms can be
added. When node j is the depot or a non-task route-start location, both the penalty and
the age term vanish. This cost structure favors nodes that are simultaneously close to the
current route and carry aged data, while discouraging routes that return to a node shortly
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after it has been visited. The distance term is divided by an age-dependent weight so that
nodes with older pending data become more attractive even when they are not the nearest
candidates. The cooldown penalty is then added separately, rather than being divided by
the same age weight, to keep recent-revisit suppression active even for aged nodes. This
separation makes the first term a freshness-aware distance weight and the second term an
independent anti-revisit mechanism.

To accommodate cases in which the total demand of a cluster exceeds the vehicle
capacity, the formulation permits multiple duplicated routes per vehicle, so that the same
multirotor UAV can return to the rendezvous point mid-plan and resume service on
subsequent nodes in the route abstraction. In addition, a disjunction with a sufficiently
large drop penalty is associated with every node, which allows the solver to skip a node
when no feasible assignment exists under the capacity and time constraints, rather than
returning an infeasible problem. The CVRP formulation keeps the capacity interface explicit,
although in the reported workload the route-time bound and active-demand distribution
are the dominant practical constraints. The resulting CVRP is solved with the OR-Tools
Routing Library [42], and the solution is converted into a sequence of waypoints that
includes service stops at nodes and turnaround or rendezvous stops.

Periodic Replanning and Continuity

The two-stage allocation-and-routing procedure is repeated every Trp seconds. At each
replanning instant, the current position of each multirotor UAV, its remaining flight time,
the up-to-date list of pending tasks, and the most recent node visit times are passed to
the planner, and the warm-started clustering and CVRP are solved in order. To avoid
abrupt direction changes when a multirotor UAV is already en route, the waypoint that
the vehicle is currently traveling toward is preserved as the first element of the new
plan, and the remaining route is recomputed starting from that waypoint. This ensures
that replanning remains compatible with the multirotor UAV’s current heading while
continuously incorporating newly generated tasks and updated cluster assignments. As the
cluster partition, the age-weighted arc cost, and the cooldown penalty are all recomputed
at every cycle, the lower-layer routes adapt to the temporal evolution of pending data
without sacrificing short-term operational stability.

Algorithm 1 summarizes the entire lower-layer planning procedure described above.
The algorithm is invoked once per replanning cycle and jointly produces, for every active
multirotor UAV, an updated waypoint sequence that reflects the current distribution of
pending data, the most recent visit history, and the remaining flight-time budget.

This coordinator-mediated exchange defines the interface between the two layers.
During the lower-layer cycle, multirotor UAVs execute their current routes and report
telemetry metadata, including their positions and buffered-data summaries, to the base-
station coordinator. The lower layer produces a time-varying buffer field through multirotor
sensing and routing, while the upper layer receives compact retrieval cues derived from
that field and selects fixed-wing waypoint actions. Fixed-wing UAVs also report their own
fleet-state telemetry back to the coordinator, which relays compact relative-state summaries
used by the policy. When a fixed-wing UAV reaches the communication-radius contact
condition of a buffered multirotor UAV, the model records a payload pickup event and
updates the buffered-data state. The integrated experiment evaluates this coupled interface
under a shared data-generation workload.
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Algorithm 1: Lower-Layer Replanning Cycle for Multirotor Routing

Input: Node set N with pending tasks {Ti}; multirotor setM; previous centroids
{µprev

k }; current time t; node visit history {vj}; replanning period Trp

Output: Route Rk = (wk,1, wk,2, . . .) for each multirotor UAV k ∈M

// Stage 1: Warm-started clustering of deployed nodes
1 N act ← { ni ∈ N | Ti ̸= ∅ }
2 if N act = ∅ then
3 assign empty routes to all vehicles and return
4 end
5 if {µprev

k } is available and |M| unchanged then

6 initialize centers {µ(0)
k } ← {µ

prev
k }

7 else
8 initialize centers from deployed nodes N
9 end

10 for ℓ = 1 to L do

11 assign each ni ∈ N to cluster arg mink ∥pi − µ
(ℓ−1)
k ∥2

12 recompute centroids {µ(ℓ)
k } from current assignments

13 end

14 {Ck} ← final cluster partition; store {µ(L)
k } for the next cycle

// Stage 2: Per-vehicle CVRP
15 foreach multirotor UAV k ∈M do
16 if k is en route to waypoint w⋆

k then
17 sk ← w⋆

k // preserve the in-flight waypoint
18 else
19 sk ← current position of k
20 end
21 Cact

k ← Ck ∩N act

22 Vk ← Cact
k ∪ { sk, depot d }

23 foreach node i ∈ Cact
k do

24 qi ← ∑τ∈Ti
sτ

25 ai ← t−minτ∈Ti gτ

26 end
27 foreach arc (i, j) ∈ Ak do
28 if j is depot or route-start location then
29 cij ← dij

30 else

31 cij ←
dij

1 + α aj
+ ρ [ t− vj < ∆cool ]

32 end
33 end

34 T(k)
max ← remaining flight-time budget of k

35 solve CVRP over Vk with cost {cij}, demand {qi}, capacity Q, time bound

T(k)
max, and per-node drop disjunction

36 convert the CVRP solution into waypoint sequence Rnew
k

37 Rk ← Rnew
k

38 end
39 return {Rk}k∈M
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4.4. Fixed-Wing UAVs: Data Retrieval and Delivery

This section describes the data-retrieval operations of the upper-layer fixed-wing
UAVs. The fixed-wing layer treats the buffered data distribution produced by the lower-
layer multirotors as its retrieval field. Because the spatial pattern of buffered data shifts
continuously as multirotors move, and because fixed-wing platforms cannot hover or make
sharp turns, a different decision-making structure from the lower-layer is required, one that
reacts to a changing target field while respecting the dynamic constraints of the platform.
The subsection is organized into two parts. The operational procedure is described first
from a field-operation perspective, followed by the learning-based design of observation,
action, and reward that supports that procedure.

4.4.1. Problem Formulation

The fixed-wing layer treats the buffered data distribution of the multirotor layer as its
data-retrieval field. Because directly using the full coordinator-side buffer-summary map
would increase the observation dimension, the metadata-derived retrieval information is
compressed into a 10× 10 grid-based map. For the multirotor setM, each cell (u, v) stores
the reported buffered-data amount

D̂t(u, v) = ∑
m∈M

b̂t
m
[
pt

m ∈ cell(u, v)
]
,

where b̂t
m denotes the buffered-data amount reported by multirotor m through telemetry

metadata. The map D̂t is therefore a coordinator-side summary of where buffered payload
is located, not the payload itself. The objective of each fixed-wing UAV is to reduce
the remaining buffered data within a limited flight time while maintaining safe inter-
agent spacing.

The state of each agent i is defined as follows:

xt
i =

[
pt

i , θt
i , ωt

i
]
,

where pt
i ∈ R2 denotes position, θt

i denotes heading angle, and ωt
i denotes angular velocity.

In particular, fixed-wing UAVs have a minimum turning radius and continuous
dynamic constraints, making cooperative exploration and control more difficult than for
multirotor UAVs. Furthermore, in a multi-agent environment, agents may concentrate on
the same high-value regions, which can lead to reduced exploration efficiency and increased
collision risk. Therefore, this study formulates a reinforcement learning problem that
simultaneously considers data collection efficiency and inter-agent spacing maintenance.

4.4.2. Overall Architecture

In this study, a hierarchical design that decouples the observation structure from the
action structure is used to support efficient learning of fixed-wing waypoint decisions under
bounded forward-flight dynamics. The proposed architecture consists of four components,
and the overall training framework is illustrated in Figure 2. The observation combines
a local buffer-summary map with coordinator-provided priority targets. The decision-
making policy network is trained with MAPPO. The action output is a waypoint-shaped
command, which is interpreted by the simulator through a bounded waypoint-to-motion
conversion layer.
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Figure 2. Training framework for fixed-wing UAV learning with a waypoint-to-motion interface.

MAPPO is used as the training method for the policy network responsible for decision-
making. MAPPO effectively addresses high-dimensional problems through the powerful
representation learning of deep learning [43,44], and adopts the Actor-Critic approach
to mitigate the high-variance problem of policy-based learning and support more stable
policy optimization [45–47]. In particular, by employing a CTDE (Centralized Training,
Decentralized Execution) structure that utilizes full state information during training
while using only individual observations during execution, the persistent non-stationarity
problem of multi-agent environments is alleviated [48]. Owing to these characteristics,
the effectiveness of MAPPO in multi-agent environments has been demonstrated in prior
studies [21], and it has been widely adopted in many MARL frameworks [22,23,49,50].

The key to generating the movement of fixed-wing UAVs is the decoupling of high-
level waypoint choice from the simulator’s motion update. Reinforcement learning serves
as the high-level decision-making model that determines a relative waypoint command,
while the bounded conversion layer maps this command to the next fixed-wing motion
state. This places the contribution at the coordination-policy level: the learned policy selects
retrieval-oriented waypoint commands, while the bounded conversion layer enforces the
fixed-wing motion envelope used consistently across all evaluated methods.

The proposed observation structure has two roles: a local buffer-summary map re-
sponsible for close-range control and immediate response, and priority targets responsible
for guiding global retrieval direction. This observation structure does not use the full
buffer-summary map as direct input, but instead selectively provides only the most im-
portant information. In other words, coordinator-side retrieval information is retained
while effectively reducing the observation space. This encourages the policy to perform
decision-making at different levels without requiring an explicit hierarchical reinforcement
learning structure.

4.4.3. Action Space and Dynamics Structure
Waypoint-Based Action Definition

In conventional end-to-end reinforcement learning, agents directly output low-level
control inputs such as velocity or steering angle. However, for fixed-wing UAVs, this
approach leads to a complex action-outcome relationship due to turning radius and direc-
tional constraints, and learning becomes unstable owing to continuous dynamics. This
significantly degrades sample efficiency.

The policy is therefore defined to output a waypoint-shaped action:

at
i ∈ [−1, 1]2.

This is interpreted as the target movement direction (waypoint) relative to the cur-
rent position.

Bounded Waypoint-to-Motion Conversion

The fixed-wing layer is implemented in a modified VMAS simulator. The policy
does not directly output low-level actuator, velocity, or steering commands. Instead, it
outputs a normalized relative waypoint. The fixed-wing dynamics motion module of
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the modified VMAS converts this waypoint into a bounded forward-flight update by
maintaining positive forward speed, limiting the heading response, and disallowing hover,
reverse motion, or instantaneous point interception. Therefore, a waypoint located behind
the vehicle or inside the implied turning range only changes the desired bearing; the
realized vehicle motion remains a bounded forward-flight turn. The same conversion
settings are used for all learned-policy evaluations.

At the coordination level, the bounded conversion can be summarized by the fixed-
wing module’s motion update. Given the normalized waypoint action at

i , the simulator
first constructs a relative waypoint

wt
i = pt

i + Lwat
i ,

where Lw is the waypoint scaling length. The desired bearing is

ψt
i = atan2

(
wt

i,y − pt
i,y, wt

i,x − pt
i,x

)
.

The motion-conversion module converts the bearing error into a steering command δt
i

and clips it by the steering-command limit:

δt
i = clip

(
δcmd(ψ

t
i − θt

i ),−δmax, δmax
)
.

The simulator then applies the fixed-wing module’s motion update using the front
and rear length parameters l f and lr, the forward speed vt

i , and the simulation time step ∆t:

βt
i = atan2

(
tan(δt

i )
lr

l f + lr
, 1

)
,

θ̇t
i =

vt
i

l f + lr
cos(βt

i) tan(δt
i ),

θt+1
i = θt

i + θ̇t
i ∆t,

pt+1
i = pt

i + vt
i ∆t
[
cos(θt+1

i + βt
i), sin(θt+1

i + βt
i)
]
.

Under the reported fixed-layer configuration, l f = lr = 0.025 simulator units and
δmax = 20◦, which gives

Rmin =
l f + lr

cos(βmax) tan(δmax)
≈ 0.140 simulator units ≈ 140 m,

where βmax denotes the maximum value of βt
i under the steering-command limit δmax, and

the final conversion uses the fixed-layer scale of 1000 m per simulator unit. The reported
speed range of 20–40 m/s determines the forward displacement per step, whereas the
approximate 140 m value follows from the steering clamp and simulator length scale.
Therefore, a waypoint located behind the aircraft or closer than the implied turning radius
is not treated as a hover, reverse, or instantaneous point-interception command. It only
changes the desired bearing, and the realized motion remains bounded by the forward-
speed and steering-response limits.

The 4 m collision termination distance is a simulator-level center-to-center overlap
criterion: each fixed-wing UAV is represented by a circular collision envelope with a 2 m
radius, so two vehicles are counted as colliding when their centers are closer than 4 m. The
fixed-wing motion and event parameters used in the reported evaluation are summarized
in Table 1.
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Table 1. Fixed-wing motion and event parameters used in the reported evaluation. Simulator-distance
values are converted using the fixed-layer scale of 1000 m per simulator unit. The persistent-proximity
threshold is an evaluation termination condition and is distinct from the turning-radius value, even
though both are approximately 140 m under the selected configuration.

Parameter Value

Fixed-wing speed range 20–40 m/s
Steering-command clamp ±20◦

Fixed-wing length parameters l f = lr = 0.025 simulator units

Implied minimum turning radius approximately 140 m from l f , lr, δmax, and the
1000 m/unit scale

Pickup/contact radius 500 m
Collision termination distance 4 m
Persistent-proximity threshold and dura-
tion

140 m for 120 s

Under this fixed-wing configuration, the selected steering clamp and simulator length
scale imply a minimum turning radius of approximately 140 m. We set the persistent-
proximity threshold to the same one-turn-radius scale, not because it represents a collision
distance, but because two fixed-wing UAVs that remain within this range for 120 s have
failed to recover separation under the selected motion constraint. Therefore, the vehicle can-
not hover or instantly redirect toward an infeasible waypoint; it approaches the command
through a bounded forward-flight turn. The state transition is expressed as:

xt+1
i = fdyn(xt

i , at
i),

where fdyn denotes the simulator’s bounded waypoint-to-motion interpretation. This
abstraction supports coordination-level evaluation of fixed-wing retrieval behavior by
ensuring that all waypoint decisions are mapped through the same bounded forward-flight
dynamics. Detailed controller, wind, and actuator models can be layered onto this waypoint
interface in deployment-oriented extensions.

4.4.4. Observation Design

In this study, considering that using only global information or only local information
fails to provide sufficient learning performance, an observation structure that combines
both local and global information is adopted. However, since directly inputting the entire
global map results in excessively high dimensionality, global information is provided as a
summarized feature consisting of selected high-value targets.

The observation of each agent is composed as follows:

ot
i =

[
pt

i , θt
i , ωt

i , mt
i , qt

i , zt
i
]
,

• mt
i : Coordinator-relayed relative positions and distances of the other fixed-wing UAVs

• qt
i : Local buffer-summary map

• zt
i : Priority target information

Although each fixed-wing UAV observes the relative positions of the other fixed-
wing UAVs, this information is not obtained through direct air-to-air communication
among fixed-wing UAVs. Each fixed-wing UAV reports its own state to the base-station
coordinator, and the coordinator returns a compact relative-state summary as part of the
individual observation.

Before being passed to the policy, position-related quantities are normalized by the map
scale, local buffer-summary values are normalized by the cell-buffer maximum, and priority
scores are clipped and normalized using the same buffer-summary scale. The cell-buffer
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maximum was set to 250 fixed-layer data-amount units and used only for learned-policy
input normalization. This normalization is used only by the learned policy and not by the
deterministic baselines.

Local Map

The local map contains buffer-summary values for a 3× 3 region centered on the agent.
It is used for close-range environment perception and immediate movement decisions,
contributing to local control stability.

Priority Targets

Instead of directly using the full coordinator-side retrieval information, a score is
defined for each cell (u, v) as follows:

score(u, v) =
D̂t(u, v)

max
(
∥pt

i − cuv∥2, rfloor
) ,

where D̂t(u, v) denotes the reported buffered-data amount summarized in cell (u, v) at
time t, cuv denotes the center coordinate of cell (u, v), and rfloor is the contact-radius-
scale distance floor used to avoid singular or excessively large scores when an agent is
already close to a candidate. Based on this score, the top-K cells are selected as priority
targets. For each selected target, the policy receives its relative position (∆x, ∆y) and
score value. The score combines reported buffer amount and distance, enabling compact
retrieval guidance without directly using the full coordinator-side buffer-summary map.
In this study, K was set to 4 to retain only a small set of high-priority retrieval cues
while keeping the observation space compact. In the integrated evaluation, the selected
policy uses an exclusive priority cue so that the two fixed-wing agents are guided by
non-overlapping priority entries when such entries are available. This cue provides a
stronger and more reproducible collection signal for the learned waypoint policy, while the
policy still determines the continuous waypoint action from its local buffer-summary map,
priority cue, and coordinator-relayed relative fixed-wing state.

4.4.5. Reward Design

The total reward is defined as follows:

rt
i = rt

data + rt
space + rt

close + rt
time + rt

bound

The reward design balances data retrieval, inter-agent spacing, and operational con-
straints. If only the data collection reward rt

data is used, multiple agents may concentrate on
the same high-value regions, reducing coverage efficiency and increasing close-proximity
risk. To mitigate this, rt

space provides a small shaping reward that encourages agents to
maintain separation, while rt

close imposes a stronger close-range penalty on risk-zone entry.
This proactive spacing mechanism is particularly important for fixed-wing UAVs because
their turning-radius constraints make separation difficult once agents enter a densely
packed state. The remaining terms, rt

time and rt
bound, discourage passive behavior and

inefficient movement outside the valid data-retrieval area.

Data Collection Reward

A reward proportional to the collected data amount ct
i is provided. Here, λ1 is a fixed

hyperparameter that controls the relative scale of the data collection reward:

rt
data =

ct
i

λ1
.
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Spacing Reward

For the inter-agent distance dt
ij = ∥pt

i − pt
j∥, a reward is given when the distance

increases within a certain range. Here, ds is a distance threshold hyperparameter used for
the spacing reward, and λ2 is a fixed hyperparameter that controls the relative scale of
this term:

rt
space = λ2 ·

(
∑
j ̸=i

[dt
ij ≤ ds] · (dt

ij − dt−1
ij )

)
.

This term is used as an auxiliary shaping signal that encourages separation recovery
inside the spacing threshold. Its effect is evaluated empirically through the termination
and proximity metrics reported in the standalone and integrated experiments. Note that
the indicator is evaluated on the current distance dt

ij. An entry step into the threshold
therefore yields a negative term that includes the distance decrease from the previous
outside position, whereas the exit step earns nothing because the indicator is zero once
dt

ij > ds. Any in-and-out cycle across the boundary thus telescopes to a strictly negative
net contribution, so repeated boundary crossing cannot be exploited for positive reward.
Consistent with this property, the spacing term accumulated by each agent over an episode
was negative in all 30 integrated evaluation episodes of the proposed policy, with a mean
accumulated value of −0.293 per episode.

Close-Range Penalty

A penalty is applied when the inter-agent distance falls below a threshold. Here, dc

is a distance threshold hyperparameter used for the close-range penalty, and λ3 is a fixed
hyperparameter that controls the relative scale of this term:

rt
close = −λ3 ·

(
∑
j ̸=i

[dt
ij ≤ dc] · (dc − dt

ij)

)
.

Time and Boundary Penalties

The time penalty and boundary penalty are defined as follows. Here, β1 and β2 are co-
efficients that control the fixed magnitude of the time and boundary penalties, respectively:

rt
time = −β1, rt

bound = −[boundary] · β2.

The reward-related hyperparameters were determined relative to the scale of the data
collection reward, which was treated as the primary learning objective. The collected data
amount per step is clipped at 5, and the data reward is normalized by λ1 = 50. There-
fore, the maximum instantaneous data reward is approximately 5/50 = 0.1. The reward
scale is chosen so that data collection remains the primary objective, while spacing and
close-range terms provide local coordination shaping. Hard safety outcomes are assessed
separately through collision and persistent-proximity termination criteria during evalu-
ation. The spacing reward and the time and boundary penalties were assigned smaller
magnitudes, because they were intended to provide auxiliary shaping signals without
overwhelming the main objective. The main observation and reward hyperparameters are
listed in Table 2.
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Table 2. Main hyperparameters used in the proposed observation and reward design. Reward-
distance thresholds are expressed in simulator units and are used as shaping thresholds, not as
evaluation termination distances.

Item Value

Observation design
Local map size (qt

i ) 3× 3
Number of priority targets (K) 4
Buffer-summary map grid size 10× 10
Priority-score distance floor (rfloor) Contact radius, 500 m

Cell-buffer maximum for input normalization 250 fixed-layer
data-amount units

Reward design
Data collection normalization coefficient (λ1) 50.0
Spacing reward threshold (ds) 2.0 simulator units
Spacing reward coefficient (λ2) 0.1
Close-range penalty threshold (dc) 0.5 simulator units
Close-range penalty coefficient (λ3) 0.1
Time penalty coefficient (β1) 0.01
Boundary penalty coefficient (β2) 0.01

4.4.6. Training Structure

The policy is trained with MAPPO under a parameter-sharing actor, a centralized
critic, and per-agent individual rewards. Each component of this configuration addresses a
specific difficulty of the fixed-wing setting. The centralized critic accesses the joint state of
all agents during training and provides value estimates that are consistent across agents,
which reduces the non-stationarity that otherwise arises when each agent treats the others
as part of a shifting environment. Parameter sharing across the actor allows the agents
to draw on a common pool of experience, which is helpful because the continuous fixed-
wing dynamics make per-agent exploration expensive. Individual rewards, rather than
a single team reward, preserve the credit signal for each agent’s own spacing behavior
and data retrieval, so that the spacing-based coordination reward introduced earlier is
not diluted by the actions of others. At execution time, the critic is dropped and each
fixed-wing UAV acts using its own observation vector. The execution is decentralized at
the policy level: fixed-wing UAVs do not negotiate actions with one another and do not
exchange payload data or state messages directly. However, each observation may include
compact coordinator-relayed metadata, such as retrieval cues and relative fixed-wing state
information, derived from the base-station telemetry/control channel.

The proposed RL policy reported in the evaluation was trained with collision-only
termination. In evaluation, however, all standalone and integrated runs checked two
terminal conditions: collision termination and persistent-proximity termination. Persistent-
proximity termination is triggered when fixed-wing UAVs remain inside the predefined
risk range longer than the allowed recovery duration, indicating that the pair failed to
separate after entering a hazardous close-approach state.

The reported RL evaluations use a fixed checkpoint selected from MAPPO training
with training seed 0. All learned fixed-wing RL policies were trained under the same maxi-
mum checkpoint-search budget of 300 MAPPO iterations. With 120,000 frames per iteration,
this corresponds to a common search budget of 36 million simulator frames under the train-
ing implementation. During training, checkpoints were monitored using the training-time
mean episode reward. The Proposed RL policy used in the reported evaluation was se-
lected at iteration 99, which achieved the highest training-time mean episode reward within
the 300-iteration budget. This checkpoint corresponds to 11.88 million simulator frames.

https://doi.org/10.3390/app16136688

https://doi.org/10.3390/app16136688


Appl. Sci. 2026, 16, 6688 20 of 34

Subsequent checkpoints remained part of the same search budget but did not exceed the
selected checkpoint under the checkpoint-selection criterion. The iteration-99 checkpoint
was used as the Proposed RL policy in the standalone and integrated evaluations and as
the Proposed setting in the component evaluation; the other learned component variants
followed the same checkpoint-selection rule under the same 300-iteration budget. The
MAPPO training and checkpoint-selection settings are summarized in Table 3.

Table 3. MAPPO training and checkpoint-selection settings for learned fixed-wing RL policies.

Item Value

Frames per iteration 120,000
Maximum checkpoint-search iterations 300
Maximum checkpoint-search frames 36,000,000
Rollout length 4000 steps
Scenario-length rollouts per iteration 30
Maximum scenario-length rollouts 9000
Epochs per iteration 3
Mini-batch size 12,000
Learning rate 1× 10−3

Discount factor (γ) 0.995
GAE parameter (λ) 0.97
Training seed 0

Checkpoint-selection criterion Highest training-time mean episode reward
within the 300-iteration budget

Selected checkpoint for Proposed RL Iteration 99
Frames to selected Proposed RL
checkpoint

11,880,000

Scenario-length rollouts to selected
Proposed RL checkpoint

2970

5. Component-Level Experimental Analysis
This section characterizes the two components that enable the proposed coordination

framework. The lower-layer experiment evaluates whether clustered replanning can sup-
port repeated route updates as the active target set grows. The upper-layer standalone exper-
iment isolates fixed-wing retrieval behavior before coupling it with the lower-layer routing
process. All component-level and integrated evaluations reported in Sections 5 and 6 were
conducted on an Ubuntu 22.04 workstation with an Intel Core i9-14900K CPU, 128 GB RAM,
and an NVIDIA RTX 4090 GPU, using Python 3.10.19 in a conda environment with PyTorch
2.9.1+cu128, TorchRL 0.10.1, VMAS 1.5.2, and OR-Tools 9.14.6206. All reported computation
times and wall-clock measurements refer to this environment.

5.1. Multirotor Route Generation Efficiency

To evaluate the efficiency of the clustering-based route generation method in large-
scale node environments, we analyzed its computation time from two perspectives. First,
we compared the computation time of the clustering-based route generation method with
that of the TSP-based route generation method. Second, we measured how the computation
time of the clustering-based method changes as the number of targets increases. The ex-
periment was conducted by varying the number of targets from 50 to 600 in increments of
50, and the average computation time was obtained by repeating each condition 20 times.
In addition, to reflect the increase in problem scale more realistically, the number of UAVs
was also increased proportionally by assigning one UAV for every 30 targets. Through this
setup, we aimed to quantitatively examine both the relative computational advantage of
clustering-based partitioning and its scalability as the number of nodes increases.
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As shown in Figure 3a, the clustering-based route generation method consistently
required less computation time than the TSP-based route-generation proxy across the
tested target ranges. This latency test uses a TSP-style routing proxy to isolate the effect of
clustering on route-generation time; the full lower-layer planner uses the CVRP formulation
summarized in Algorithm 1. This indicates that partitioning the active targets before route
generation can effectively reduce the computational burden, compared with directly solving
a route over the entire active target set.

Figure 3b shows that the computation time of the clustering-based route generation
method increased in a relatively gradual and near-linear manner as the number of targets
increased. Even under the 600-target condition, route generation was completed within
approximately 1.3 s on average. The latency experiment in Figure 3 evaluates the compu-
tational benefit of decomposing the lower-layer route-generation problem. Because fast
computation alone is not sufficient if collection quality deteriorates, Figure 4 and Table 4 sep-
arately evaluate the effect of the proposed age- and cooldown-aware objective on collection,
freshness, redundant revisits, and collection efficiency.

(a) (b)

Figure 3. Computation time analysis of the clustering-based route generation method. (a) Comparison
of computation time between clustering-based route generation and TSP-based route generation.
(b) Computation time of the clustering-based route generation method as the number of targets
increases.

Figure 4. Lower-layer routing objective effects under lower-layer objective evaluation with a fixed
greedy retrieval placeholder. Error bars denote standard deviation over 10 seeds. (a) Collected data
for the four routing objectives across the three task-generation rates. (b) Mean pending age for the
four routing objectives across the three task-generation rates.
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Table 4. Additional lower-layer routing objective diagnostics that complement Figure 4. Values are
mean ± standard deviation over 10 seeds with a 4800 s horizon and a greedy fixed-wing placeholder.
In the cooldown-aware and proposed objectives, the cooldown term is implemented as a soft routing-
cost penalty. Stale ratio and redundant revisits are reported as percentages, and collection/distance
as bytes per meter.

Rate
(Hz) Objective Stale Ratio Redundant Revisits

Collection/
Distance
(Bytes/m)

0.01 Distance only 34.0± 0.9 64.1± 1.3 1129.0± 15.0
0.01 Age-aware 12.8± 1.1 36.5± 2.3 1358.7± 6.2
0.01 Cooldown-aware 13.0± 1.0 20.0± 1.8 1343.9± 8.6
0.01 Proposed 12.5± 0.8 18.3± 2.5 1347.3± 6.8

0.0125 Distance only 35.3± 1.3 65.8± 2.1 1372.9± 47.1
0.0125 Age-aware 12.6± 0.9 36.9± 2.1 1698.5± 7.1
0.0125 Cooldown-aware 13.1± 1.0 20.6± 1.8 1676.3± 11.9
0.0125 Proposed 12.4± 0.9 20.1± 2.2 1681.0± 11.7

0.015 Distance only 36.6± 0.6 68.0± 1.0 1585.3± 21.1
0.015 Age-aware 12.6± 0.8 37.2± 2.3 2032.1± 13.3
0.015 Cooldown-aware 13.1± 0.9 20.7± 1.8 2007.8± 13.9
0.015 Proposed 12.1± 0.8 20.8± 2.4 2013.8± 12.7

This evaluation keeps the upper fixed-wing layer as a greedy retrieval placeholder
and compares four routing objectives in the multirotor layer: distance-only routing, an age-
aware objective, a cooldown-aware objective, and the proposed objective, which combines
age-weighted distance with a separate cooldown penalty. Each sensor node generates data
items according to the per-node process in Table 5; the rates 0.01, 0.0125, and 0.015 Hz cor-
respond to approximately 2.39, 2.98, and 3.58 GB of generated data over the 4800 s scenario,
respectively. Figure 4 reports the primary throughput and mean-freshness outcomes, while
Table 4 keeps the additional diagnostics that complement Figure 4.

Table 5. Lower-layer implementation parameters used in the reported integrated evaluation. The data-
item generation rate λ is varied in the overall experiment; the remaining values are fixed unless
otherwise noted.

Parameter Value

Clustering input All deployed ground nodes N

Routed demand input Nodes with nonempty pending-task sets N act
t inside

each cluster
Lloyd iterations L 10
Replanning period Trp 60 s

Data-item generation process Per-node Poisson process, implemented by a per-step
Bernoulli draw with probability 1− exp(−λ∆t)

Data-item size sτ 50,000 bytes
Multirotor speed 10 m/s
Per-multirotor buffer/routing capacity Q 5,000,000,000 bytes

Route-time bound T(k)
max

2400 s minus current flight time, with a 60 s mini-
mum planning guard

Node service time 5 s
Age coefficient α 0.005 s−1

Cooldown penalty ρ 1000 m-equivalent cost units
Cooldown window ∆cool 900 s
OR-Tools first solution strategy PATH_CHEAPEST_ARC
OR-Tools per-call time limit 3000 ms
Per-node drop penalty 100,000
Contact radius for payload pickup 500 m

Figure 4 shows the main effect of adding temporal terms to the lower-layer route cost.
Distance-only routing leaves noticeably lower collected data and much older pending tasks,
whereas the age-aware, cooldown-aware and proposed objectives maintain high collection
while sharply reducing mean pending age. Table 4 adds complementary diagnostics for
stale tasks, repeated short-interval visits, and collection efficiency. The proposed objective
gives the lowest stale ratio at all three rates and reduces redundant revisits to a level com-
parable to the cooldown-aware objective while keeping collection per distance close to the
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single-term temporal objectives. These results indicate that age weighting and cooldown
penalization play complementary roles: the former prioritizes old pending data, while
the latter suppresses repeated short-interval visits. Together with the route-generation
latency result, the lower-layer analysis suggests that clustering-based decomposition sup-
ports efficient periodic replanning, while the age-weighted and cooldown-aware routing
costs improve freshness, reduce redundant revisits, and preserve or improve collection
efficiency relative to distance-only routing. The proposed objective is therefore used as a
balanced lower-layer routing rule before the fixed-wing retrieval policy is evaluated in the
integrated system.

5.2. Standalone Fixed-Wing Retrieval Comparison

Before the integrated two-layer evaluation, we isolate the fixed-wing retrieval problem
and compare the learned waypoint policy with two scale-matched greedy strategies. This
standalone evaluation tests whether the learned policy can use the same compact retrieval
information to achieve competitive pickup behavior while avoiding termination events
before lower-layer coupling is introduced. Greedy Exclusive is treated as a strong collection
baseline, while Greedy Independent provides a contrast for non-exclusive target selection.
The Proposed RL row follows the MAPPO training and checkpoint-selection protocol
defined in Table 3.

Table 6 shows that the proposed RL policy and the scale-matched Greedy Exclusive
baseline have comparable collection outcomes and both complete the standalone evalu-
ation without termination events. Greedy Independent collects less data and terminates
frequently, illustrating why non-exclusive target selection is a poor contrast case for this
setting. This standalone fixed-wing retrieval result establishes the upper-layer comparison
frame used in the integrated system-level evaluation.

Table 6. Standalone fixed-wing retrieval evaluation for the upper fixed-wing layer. Values are
mean ± standard deviation over 10 evaluation seeds unless otherwise stated. Collection ratio is
the evaluator-reported collected-data ratio for the standalone episode. Termination events count
evaluation seeds that ended by collision termination or persistent-proximity termination.

Strategy
Collection Ratio

(Collected/
Available)

Collected Amount Remaining Data Termination Events

Proposed RL 1.0000± 0.0000 6378.2± 217.9 0.0035± 0.0111 0
Greedy Exclusive 0.9994± 0.0010 6255.0± 535.0 4.1± 6.5 0
Greedy Independent 0.9239± 0.0683 5911.3± 440.5 494.3± 443.6 8

6. Overall Experimental Results
We evaluated the integrated two-layer system by fixing the lower-layer multirotor

operation and varying only the upper-layer fixed-wing data-retrieval strategy. This experi-
ment examines whether the selected fixed-wing policy remains effective when combined
with the lower-layer routing system. The lower-layer objective ablation in the previous sec-
tion provides component-level evidence for the multirotor routing rule, while the integrated
experiment measures the resulting two-layer delivery behavior.

For a fair comparison, all upper-layer methods were evaluated in the same VMAS-
based environment [51], using the same fixed-wing motion settings, the same bounded
waypoint-to-motion conversion, and the same lower-layer multirotor operation. Thus,
the comparison focuses on the high-level waypoint or target selection strategy of the
fixed-wing UAVs, rather than differences in vehicle dynamics, motion-conversion imple-
mentation, or lower-layer routing behavior.

The primary integrated comparison includes four upper-layer retrieval strategies:
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• Proposed RL: The selected learned waypoint policy uses the local-priority observation
and the exclusive priority cue, while the policy determines continuous waypoint
actions through the bounded waypoint-to-motion conversion layer.

• Greedy Exclusive: Priority-target selections are made exclusive across agents where
possible, providing a strong collection-oriented deterministic baseline.

• Receding Horizon: A joint finite-horizon optimization baseline evaluates candidate
fixed-wing retrieval sequences using predicted collection, travel cost, duplicate-target
and repeated-cell penalties, and spacing-related safety terms for collision avoidance
and for discouraging prolonged close-range residence under the persistent-proximity
criterion. It uses a three-step planning horizon, a five-step replanning interval,
top-8 candidate retrieval targets per agent, and a beam width of 4; only the first
waypoint command from the selected sequence is executed before the next replan-
ning update.

• Ergodic Search: A coverage-density optimization baseline generates conservative re-
trieval behavior by encouraging trajectory visitation to match the coordinator-derived
buffered-data density while accounting for motion smoothness and separation costs.
The density is derived from the coordinator-provided buffered-data map and mov-
ing multirotor buffer context. The evaluated controller uses a trajectory horizon of
125 steps with three optimization iterations per update, and the resulting command
is passed through the same fixed-wing waypoint-to-motion conversion used by the
other strategies.

The proposed RL policy, Greedy Exclusive, and Receding Horizon methods use prior-
ity targets computed from reported buffer amount and distance. Greedy Exclusive serves as
a high-throughput target-selection baseline that directly converts exclusive priority targets
into waypoint commands. It does not explicitly optimize spacing or persistent-proximity
recovery at the high-level decision layer, although it uses the same bounded fixed-wing
motion module and evaluator as the other methods. The proposed RL policy addresses a
different coordination role: it receives the same type of compact priority cue, together with
local buffer information and coordinator-relayed relative fixed-wing states, and converts
them into bounded waypoint actions under spacing-aware motion constraints. Receding
Horizon provides a conventional optimization-based benchmark for the same retrieval
interface, whereas the Ergodic Search controller represents a more conservative coverage-
density optimization style. The comparison therefore evaluates whether learned fixed-wing
maneuvering can preserve collection performance while maintaining favorable termination
behavior under the same lower-layer workload. The primary performance comparison
is not based on runtime alone; nevertheless, we also report wall-clock evaluation time as
a supplementary check of whether the upper-layer decision strategies fit within the 1 s
simulation-step interval. All strategies are evaluated under the same lower-layer operation,
same modified VMAS fixed-wing motion update, and same bounded waypoint-to-motion
conversion. The baselines differ only in the high-level retrieval decision used to generate
the next waypoint command. The non-exclusive Greedy Independent variant was also eval-
uated as a diagnostic control, but all 30 episodes terminated early; it is therefore excluded
from the primary comparison rather than treated as a balanced collection baseline.

Each primary strategy was evaluated over 10 evaluation seeds for each reported data-
generation rate, producing 120 primary integrated episodes in total. The reported rates are
0.01, 0.0125, and 0.015 Hz, which cover the selected policy’s training-rate neighborhood.
The evaluation length was set to 4800 steps, where one step corresponds to one second.
Unless otherwise noted, collected amount in the integrated evaluation is reported in fixed-
layer data-amount units after data-unit conversion; under the reported data-unit setting,
one fixed-layer data-amount unit corresponds to 250,000 bytes, or five generated 50,000-byte
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data items. This duration is twice the maximum route time of the lower-layer multirotor
operation, which is set to 2400 s. Therefore, the experiment observes not only the behavior
within a single lower-layer route cycle, but also the accumulated effect of the upper-layer
fixed-wing data-retrieval strategy over two lower-layer operation cycles. As described
in the observation design, the cell-buffer maximum is used as an input-normalization
constant for the learned policy. Greedy Exclusive and the optimization baselines compute
their target ordering or objective terms from the current coordinator-provided retrieval
state, and do not use this value as a learned-model normalization parameter. Therefore,
all compared methods share the same lower-layer data generation, routing state, vehicle
dynamics, and evaluation episodes. The integrated scenarios use 1000 nodes, 32 multirotor
UAVs, and 2 fixed-wing UAVs in a 10,000 × 10,000 m area. The 32-multirotor and 2-fixed-
wing setting is used as a controlled retrieval-bottleneck configuration: the lower layer
generates a spatially distributed moving-buffer field, while the upper layer has limited
retrieval capacity. This setting is intended to stress the fixed-wing retrieval strategy rather
than to exhaustively characterize fleet-ratio scaling.

6.1. Component Evaluation of Proposed RL

To examine whether the selected Proposed RL setting depends on a single design
factor, we further evaluated component-level Proposed RL variants in the integrated two-
layer scenario. For each component study, we retrained the corresponding Proposed RL
variant while changing only one design factor from the selected Proposed RL configuration.
Each trained variant was then evaluated in the same integrated two-layer UAV scenario
for ten evaluation seeds, 0–9, at λ = 0.0125 Hz over a 4800-step horizon, using the same
collision and persistent-proximity termination criteria. In the following tables, termination
events are integer counts over the ten seeds, steps within 140 m are totals over the ten
seeds, minimum observed distance denotes the minimum fixed-wing center-to-center
distance observed over all ten evaluation seeds, and “(Proposed)” marks the selected
Proposed RL setting. These component tables are intended as diagnostic sensitivity checks
for the selected policy configuration; the primary rate-specific comparison with standard
deviations is reported in Table 7. All learned RL variants in the component evaluation
followed the same checkpoint-selection protocol. Each variant was trained with training
seed 0 under the common maximum budget of 300 MAPPO iterations, and the checkpoint
with the highest training-time mean episode reward within that budget was selected.
The selected checkpoint of each variant was then evaluated under the same integrated
evaluator and evaluation seeds. This protocol gives each learned variant the same training
budget and compares selected-checkpoint performance under a common selection rule.
The selected iteration may differ across variants; the common 300-iteration budget was
used to give each variant the same checkpoint-search opportunity before evaluation.

Table 8 shows that the local-only observation avoided termination, but its collected
amount and minimum-distance margin remained below those of the selected cue configu-
ration. Adding the exclusive priority cue to the local observation increased collection while
maintaining termination-free behavior. This comparison indicates that compact priority
guidance with exclusive assignment is more suitable for the integrated workload than
the local buffer-summary map alone, without treating the local-only variant as a failed
safety case.
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Table 7. Rate-specific primary integrated evaluation summary. Each strategy-rate pair aggregates
10 evaluation seeds; the four primary strategies over three data-generation rates therefore give
120 primary integrated evaluation episodes in total. Collected amount and mean minimum distance
are reported as mean ± standard deviation over 10 seeds. Steps within 140 m are totals over
the 10 seeds for each strategy-rate pair. Termination events are integer counts over the 10 seeds,
without denominator notation. All methods use the same environment, lower-layer routing, data-unit
configuration, fixed-wing motion module, motion settings, and evaluator, and differ only in the
fixed-wing waypoint decision strategy.

λ
(Hz) Strategy Collected

Amount
Termination

Events
Steps Within

140 m
Mean Minimum

Distance (m)

0.01 Proposed RL 3825.6± 71.5 0 161 60.9± 43.5
0.01 Greedy Exclusive 3812.3± 55.0 0 125 109.0± 83.0
0.01 Receding Horizon 3201.1± 364.9 0 111 108.2± 67.4
0.01 Ergodic Search 2848.9± 138.6 0 6 455.5± 298.4

0.0125 Proposed RL 4650.1± 126.5 0 294 85.1± 64.9
0.0125 Greedy Exclusive 4401.1± 902.9 1 195 70.6± 61.3
0.0125 Receding Horizon 3814.8± 380.0 0 124 98.7± 72.8
0.0125 Ergodic Search 3246.0± 351.9 0 11 572.4± 303.6

0.015 Proposed RL 5445.7± 167.0 0 208 55.2± 39.0
0.015 Greedy Exclusive 5501.7± 161.9 0 132 78.4± 57.5
0.015 Receding Horizon 4502.5± 238.6 0 95 116.5± 109.1
0.015 Ergodic Search 3585.3± 346.8 0 0 621.2± 253.4

Table 8. Evaluation of the priority-aware assignment cue in Proposed RL variants.

Priority Cue Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

Local-only observation 3302.7 0 202 6.3
Local + exclusive priority cue
(Proposed)

4650.1 0 294 29.8

Table 9 indicates that the smallest priority set was unstable in the integrated scenario,
with seven termination events and a much lower mean collected amount. In contrast,
K = 2, K = 4, K = 6, and K = 8 all remained termination-free and collected more than
4500 on average. The selected K = 4 setting had the highest mean collected amount in this
group, whereas K = 6 had fewer steps within 140 m and a larger minimum-distance tail.
Thus, the result supports a moderate priority-cell range rather than a claim that only K = 4
can operate.

Table 9. Evaluation of the priority-cell parameter in Proposed RL variants.

Priority-Cell K Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

1 1506.8 7 825 3.0
2 4507.3 0 194 12.0

4 (Proposed) 4650.1 0 294 29.8
6 4604.8 0 163 34.3
8 4603.4 0 193 18.7

Table 10 separates the training signal from the evaluation rule. Although the no-
termination-signal variant also completed all ten evaluation seeds without termination,
it collected less than the selected collision-signal setting. The proximity-signal variant
had the highest mean collected amount and fewer steps within 140 m, but its minimum
distance dropped to 4.8 m. The collision-plus-proximity variant produced two termination
events, showing that adding all safety-related termination signals during training does not
monotonically improve the integrated outcome.
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Table 10. Evaluation of the training termination signal in Proposed RL variants. All rows were
evaluated with the same collision and persistent-proximity termination criteria.

Termination Signal Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

No termination signal 4566.4 0 209 14.1
Collision signal (Proposed) 4650.1 0 294 29.8
Proximity signal 4688.6 0 125 4.8
Collision + proximity signals 4461.1 2 239 3.6

As shown in Table 11, all spacing-reward-scale variants were termination-free, but the
selected scale had the highest mean collected amount and the largest minimum distance in
this group. Turning off the spacing reward or using a lower scale reduced collection, while
the higher scale also reduced collection and increased the accumulated residence within
140 m. The spacing reward therefore acts as a trade-off factor between collection pressure
and close-range residence, rather than as an isolated guarantee of safety.

Table 11. Evaluation of the spacing reward scale in Proposed RL variants.

Spacing Reward
Scale

Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

0.0 4475.3 0 156 6.0
0.05 4475.4 0 216 18.3

0.1 (Proposed) 4650.1 0 294 29.8
0.2 4540.2 0 350 10.8

Table 12 shows that the selected spacing reward distance achieved the highest collec-
tion and avoided termination in this component group. The smaller and larger distances
both produced collision termination events and more aggressive minimum-distance tails.
This result suggests that spacing-distance tuning alone is not sufficient to ensure integrated
safety behavior.

Table 12. Evaluation of the spacing reward distance in Proposed RL variants.

Spacing Reward
Distance

Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

1.0 4340.4 1 200 2.6
2.0 (Proposed) 4650.1 0 294 29.8

4.0 3732.7 2 248 2.4

Table 13 shows a milder trade-off. All tested penalty-scale variants completed the ten
integrated episodes without termination. The off and low-scale settings produced similar
collection values but lower minimum-distance tails than the selected setting. The high-scale
setting improved the minimum-distance tail relative to those two settings, but its collected
amount was lower than that of the selected setting.

Table 13. Evaluation of the too-close penalty scale in Proposed RL variants.

Too-Close Penalty
Scale

Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

0.0 4611.3 0 151 10.7
0.05 4614.3 0 170 7.0

0.1 (Proposed) 4650.1 0 294 29.8
0.2 4572.0 0 148 24.5
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Table 14 indicates that the selected too-close distance had the highest mean collected
amount while remaining termination-free. The 0.75 setting also avoided termination,
but with lower collection and a smaller minimum-distance tail. The 1.0 setting had the
fewest steps within 140 m, but also reduced collection. The 0.25 setting produced one
persistent-proximity termination, so lowering the threshold should not be interpreted as a
uniformly safer choice.

Table 14. Evaluation of the too-close distance in Proposed RL variants.

Too-Close
Distance

Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

0.25 4377.3 1 237 31.8
0.5 (Proposed) 4650.1 0 294 29.8

0.75 4485.0 0 153 9.2
1.0 4334.7 0 74 8.8

Table 15 shows that the selected data collection normalization coefficient had the
highest collection and completed all ten episodes without termination. Increasing the
coefficient to 100.0 remained termination-free but reduced both collection and the minimum-
distance tail, while the 25.0 coefficient produced one collision termination and the smallest
minimum-distance value. This component therefore affects the collection-safety trade-off
rather than providing a monotonic improvement through larger or smaller data-reward
normalization factors.

Table 15. Evaluation of the data collection normalization coefficient (λ1) in Proposed RL variants.

Data Collection
Normalization
Coefficient (λ1)

Mean Collected
Data Terminations

Steps Within
140 m

Minimum
Observed

Distance (m)

25.0 4237.3 1 121 1.2
50.0 (Proposed) 4650.1 0 294 29.8

100.0 4496.6 0 229 11.3

Overall, the component study shows that the selected Proposed RL configuration
is not a single-factor artifact. The exclusive priority cue improved collection relative to
the local-only observation while preserving termination-free behavior, and moderate-to-
large priority-cell settings remained termination-free. The termination, spacing, too-close,
and data-reward normalization factors affected collection, termination behavior, close-
range residence, and minimum-distance tails in different ways. Some variants reduced
near-distance residence but also reduced collection or produced more aggressive minimum-
distance tails. The selected Proposed RL setting was therefore retained because it preserved
high collection in the integrated scenario while avoiding collision and persistent-proximity
termination events under the common evaluator.

6.2. Experimental Results

Figure 5 and Table 7 summarize the primary integrated comparison across the data-
generation-rate sweep, and Table 16 reports the corresponding evaluation-side wall-clock
time. The Proposed RL entries follow the selected-checkpoint protocol defined in Table 3.
Panel (a) shows that Proposed RL has the highest model-family mean collected amount,
4640.5, followed by Greedy Exclusive at 4571.7, Receding Horizon at 3839.5, and Ergodic
Search at 3226.7. At the reference workload of 0.0125 Hz, the Proposed RL policy collected
4650.1, compared with 4401.1 for Greedy Exclusive, 3814.8 for Receding Horizon, and 3246.0
for Ergodic Search. At the lower rate of 0.01 Hz, the proposed policy and Greedy Exclusive
remained nearly tied in collection, while Receding Horizon collected less than those two
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collection-oriented strategies but completed all 10 episodes without termination. At the
higher rate of 0.015 Hz, all primary strategies increased their collected amount, and Greedy
Exclusive produced the highest single-rate mean, 5501.7, with the proposed policy close
behind at 5445.7.

Table 16. Supplementary wall-clock evaluation time for the primary integrated strategies. Each
row aggregates the same 30 integrated evaluation episodes used for the model-family comparison,
consisting of 10 seeds at each of the three data-generation rates. Mean step time divides the mean
evaluation time by the 4800-step horizon and represents evaluation-side wall-clock time, including
environment stepping, lower-layer operation, and runner/logging overhead, rather than pure policy-
inference latency.

Strategy
Integrated
Episodes

Mean Evaluation
Time (s)

Mean Step
Time (s/Step)

Proposed RL 30 372.1 0.0775
Greedy Exclusive 30 334.8 0.0698
Receding Horizon 30 335.9 0.0700
Ergodic Search 30 8281.8 1.7254

Figure 5. Primary integrated two-layer evaluation summary. Panel (a) is a bar chart comparing
the model-family mean collected amount over 30 integrated evaluation episodes for each upper-
layer strategy; the 30 episodes consist of 10 evaluation seeds at each of the three data-generation
rates, 0.01, 0.0125, and 0.015 Hz. Panel (b) summarizes safety outcomes aggregated over the three
rates: bars show the total number of steps in which the two fixed-wing UAVs were within 140 m,
and the line shows termination-event counts. Termination events include collision termination and
persistent-proximity termination reported by the integrated evaluator.

The safety outcomes clarify the collection-safety trade-off across the same rate sweep.
These results should not be interpreted as showing that the proposed policy minimizes
all close-proximity exposure. In fact, Proposed RL records more steps within the 140 m
recovery-zone metric than the more conservative optimization baselines. This indicates
that the learned policy can enter recoverable close-approach states while pursuing high-
value pickups. However, none of these close-approach periods escalated into collision or
persistent-proximity termination under the common evaluator and evaluated scenarios.
Greedy Exclusive achieves strong collection through direct priority following, but produced
one termination event at the reference workload. Receding Horizon provides a finite-
horizon optimization baseline with explicit collection and safety terms; however, under the
selected candidate set, horizon, and replanning interval, it behaves more conservatively
and leaves more residual buffered data than the learned policy. Ergodic Search represents a
conservative coverage-density optimization style that preserves separation, but its objective
is less aligned with the immediate retrieval pressure of moving multirotor buffers under
rapidly accumulating data. Because the reported values are averaged over 10 seeds per
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condition, the comparison is interpreted as an operating-regime characterization rather
than as a claim of statistical dominance on every metric. Therefore, the key outcome of
Proposed RL is high-throughput, termination-free retrieval under the evaluated fixed-wing
motion and safety evaluator, rather than uniformly greater inter-agent separation.

The runtime results in Table 16 show that Proposed RL required 0.0775 s per step
on average, which is well below the 1 s simulation-step interval and close to the Greedy
Exclusive and Receding Horizon baselines. Thus, the proposed policy preserves the practi-
cal runtime profile of lightweight waypoint-selection strategies in the common evaluator,
while Ergodic Search is substantially more expensive because it performs coverage-density
optimization during evaluation. Within the short-runtime group, Proposed RL achieved
the highest 30-episode mean collected amount and completed the reported rate sweep
without collision or persistent-proximity termination, whereas Greedy Exclusive produced
one termination event and Receding Horizon collected less data. These results indicate
that Proposed RL provides a favorable integrated collection-termination trade-off without
making the primary comparison a runtime-only claim.

Figure 6 complements the endpoint statistics by showing the remaining-buffer trajec-
tory over the full integrated horizon. Because the 4800-step evaluation covers two 2400-s
lower-layer operation cycles, the curves show both the accumulation of newly buffered
data and the ability of each fixed-wing strategy to clear that buffer over repeated cycles.
Proposed RL and Greedy Exclusive keep the remaining-buffer envelope substantially be-
low Receding Horizon and Ergodic Search, which is consistent with their higher collected
amounts in Figure 5 and Table 7. The proposed policy should therefore be interpreted as
maintaining high retrieval throughput while avoiding collision and persistent-proximity
termination events, rather than as dominating Greedy Exclusive at every time step. Re-
ceding Horizon and Ergodic Search leave larger residual buffered data, reflecting the
throughput cost of their more conservative or optimization-driven retrieval behavior under
the same lower-layer workload.

Figure 6. Remaining buffered data over the 4800-step integrated evaluation horizon for Proposed RL,
Greedy Exclusive, Receding Horizon, and Ergodic Search. Lines show the mean remaining buffered
data across the available rollout samples at each time step, and shaded bands show ±1 standard
deviation. Each strategy starts from 30 planned integrated evaluation episodes, consisting of 10 eval-
uation seeds at each of the three data-generation rates, 0.01, 0.0125, and 0.015 Hz; after the terminated
Greedy Exclusive rollout, its later time steps are averaged over the remaining 29 samples. The horizon
covers two 2400-s lower-layer operation cycles, so the plot visualizes how each fixed-wing retrieval
strategy clears or leaves buffered data over repeated lower-layer route cycles. In particular, the sharp
decrease near the 2400-step boundary occurs when the lower-layer multirotor routes reach their
maximum route-time limit and the simulator applies the route-cycle reset/return-to-rendezvous
update. All strategies use the same lower-layer operation, fixed-wing dynamics, waypoint-to-motion
conversion, and evaluator; they differ only in the fixed-wing waypoint decision strategy.

https://doi.org/10.3390/app16136688

https://doi.org/10.3390/app16136688


Appl. Sci. 2026, 16, 6688 31 of 34

7. Conclusions
In this paper, we proposed a two-layer UAV coordination framework for fast and

efficient data collection in large-scale dynamic environments. Our proposed framework
assigns each platform to the role for which it is best suited. In the lower layer, multirotor
UAVs perform proximity-based local sensing and buffer the collected payload, while in the
upper layer, a small number of fixed-wing UAVs retrieve the buffered payload over a wide
area and deliver it to the base-station coordinator. The two layers are coupled through a
metadata-assisted data-mule interface, in which the coordinator converts reported multi-
rotor buffer metadata into compact summaries and retrieval cues used by the fixed-wing
policy. This separation targets operating regimes in which maintaining continuous long-
range connectivity from every sensor node is not the intended operating mode, and in
which sensing, buffering, and long-range retrieval are operationally separated.

For the lower layer, the proposed replanning method combines warm-started clus-
tering with a per-cluster capacitated vehicle routing problem whose cost integrates an
age-weighted distance term and a separate cooldown penalty. The component-level analy-
sis shows that clustering-based decomposition keeps route generation tractable as the active
target set grows, completing route generation for up to 600 targets within approximately
1.3 s on average, well within the replanning interval used in the integrated evaluation.
The objective study further shows that age weighting and cooldown penalization play
complementary roles, improving data freshness and reducing redundant short-interval
revisits relative to distance-only routing while preserving collection efficiency.

For the upper layer, the learned fixed-wing retrieval policy converts a local buffer-
summary map and compact priority cues into bounded waypoint actions under fixed-wing
motion and spacing constraints. Across the reported data-generation-rate sweep, the policy
attains the highest model-family mean collected amount among the evaluated strategies
and clears the buffered-data envelope comparably to a strong exclusive greedy baseline,
while recording no collision or persistent-proximity termination events under the common
evaluator. The policy also preserves a practical per-step runtime well below the simulation-
step interval, which indicates that the learned coordination does not come at the cost of
evaluation-time feasibility.

Taken together, these results indicate that the contribution of the framework lies
not in the individual use of hierarchical structure, heterogeneous platforms, clustered
routing, or reinforcement learning, each of which is established in the literature, but in their
integration into a single coupled routing-retrieval design under platform-specific motion
constraints. The component-level study supports this view, because naive configurations
of the same architecture fail to preserve safety or collection performance. The framework is
therefore positioned as a platform-aware coordination-layer design that addresses the joint
behavior of moving multirotor buffers and motion-constrained fixed-wing retrieval, rather
than optimizing routing, relay communication, or learned motion control in isolation.

Several limitations remain and motivate future work. The present study evaluates
the framework at the coordination level, representing packet-level communication effects
and high-fidelity autopilot dynamics through coordination-level abstractions. Building on
the contact-pickup and metadata-exchange interface defined in this paper, deployment-
oriented extensions can incorporate finite-rate payload transfer, telemetry delay, packet
loss, link failure, synchronization delay, and localization uncertainty, as well as broader
fleet-ratio and environmental conditions, while preserving the routing-retrieval structure
studied here. Validating the framework under these more detailed communication and
sensing conditions is a natural next step toward bridging the coordination-layer design
and full deployment.
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