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ABSTRACT

Autonomous multi-UAV systems are increasingly deployed in applications such as disaster
response, environmental monitoring, and smart city management, where dynamic and uncer-
tain environments pose significant operational challenges. In such situations, UAVs have to
cope with geospatial risks, establish reliable communication links, and strictly enforce con-
straints on energy and latency requirements. Conventional strategies usually tackle these
challenges individually, making it hard to ensure feasible mission performance in uncertain
environmental settings. To address this research gap, this paper proposes a feasibility-aware
co-design framework that integrates geospatial risk-aware path planning, reconfigurable intel-
ligent surface (RIS)-assisted wireless communication, and adaptive multi-agent decision-
making within a unified control system. In contrast, the novel strategy utilizes risk-oriented
geospatial planning, designs efficient phase configurations for RISs to improve communica-
tion conditions in the presence of uncertainties, and enforces constraints on energy and laten-
cy through a dual-primal control architecture. Moreover, a multi-agent reinforcement learning
scheme helps make adaptive decisions for such a system without the need for manual repa-
rameterization. Simulations in stochastic channel conditions and dynamic obstacle environ-
ments demonstrate that the framework improves spectral efficiency by approximately 30%
compared to non-RIS baselines and reduces energy consumption by over 20% relative to
non-geospatial strategies. The framework achieves high feasibility across all simulated scenar-

10s. These results demonstrate the applicability of integrating geospatial planning, communi-
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cation management, and feasibility control in multi-UAV missions. The proposed framework
provides a scalable foundation for future autonomous UAV systems, enabling energy-

efficient, reliable, and safe operation in complex real-world environments.

KEYWORDS: Autonomous multi-UAV systems, feasibility-aware control, reconfigurable

intelligent surfaces (RIS), adaptive multi-agent learning, robust wireless communication.

1. INTRODUCTION

The deployment of autonomous unmanned aerial vehicles (UAVs) in smart cities, disaster
recovery missions, environmental monitoring, and future wireless communication networks
poses many challenges due to their dynamism and unpredictability [1]-[4]. In contrast to
traditional single-UAV systems, multi-UAV networks must simultaneously tackle challenges
in navigation safety, communication reliability, and harsh resource constraints, where energy
exhaustion and latency constraint violations can severely impact mission success [5]-[7].
Conventional approaches to resolving these problems do not consider them concurrently and
cannot provide any feasibility assurance under environmental uncertainty [8], [9]. Traditional
path planning algorithms and control heuristics, although computationally efficient, have
generally overlooked communication-aware decision-making and lacked explicit feasibility
analysis for coupled energy-latency constraints [10]-[14]. Reinforcement learning (RL) and
multi-agent reinforcement learning (MARL) algorithms have been proposed to enhance the
adaptability of UAVs. Still, training instability, non-intuitive solutions, and tight constraints
on satisfaction make them impractical in real-world scenarios [15]-[18]. Concurrently, the
concept of reconfigurable intelligent surfaces (RIS) has also been identified as a promising
solution for enhancing the spectral efficiency and robustness of UAV-assisted wireless
communication systems, but current studies on RIS optimization are generally conducted in a
manner that is decoupled from navigation and feasibility analysis [19]-[21]. As such, a gap
in research exists regarding a holistic approach to combining the geospatial understanding,
communication optimization via the use of RIS technology, and enforceability of feasibility
[22], [23]. To fill this research void, this paper presents a feasibility-aware co-design
framework that closely integrates geospatial risk-aware path planning with RIS-assisted
wireless communication and the explicit enforcement of energy-latency constraints via a
primal-dual control approach, while also incorporating an adaptive multi-agent decision layer
for online modification in response to environmental perturbations [24]. This paper

summarizes the overall outline of the paper and describes the contents of each section,
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including the methodological approach, simulations, and assessment metrics like spectral
efficiency, energy consumption, latency, and feasibility [25]-[27]. The simulation results
show that the proposed framework can improve the communication performance and energy
efficiency while ensuring the feasibility satisfaction, which provides a reliable basis for the

future autonomous multi-UAV communication system [28]-[30].

1.1 Novelty

The core novelty of the present study is the combined use of geospatial risk-aware path
planning, radio-interference suppression (RIS)-based wireless communications, and multi-
agent reinforcement learning (MARL). As opposed to current literature, which explores each
of these factors individually, the present study considers all of these factors concurrently
using a primal-dual control methodology and online adaptation through MARL. The
proposed solution thus guarantees that the trajectory followed by the UAV will be feasible

while ensuring efficient communication.

2. Related Work

Existing works on autonomous UAV systems cover a range of related areas, such as
geospatial path planning, wireless communication optimization, and learning-based control.
Traditional UAV navigation systems mainly focus on deterministic or heuristic planners, like
graph-based and sampling-based planners, which are computationally efficient but lack
communication awareness and feasibility [31]-[34]. To deal with the uncertainty and
adaptability, reinforcement learning and deep reinforcement learning have been increasingly
applied to UAV navigation and coordination; however, these approaches tend to optimize
performance metrics without considering the feasibility of energy or latency constraints in
safety-critical applications [35]-[39]. Multi-agent reinforcement learning (MARL) has been
further developed to support cooperative UAV networks, which can facilitate decentralized
decision-making and scalability, but existing MARL-based methods are prone to unstable
convergence, hyperparameter sensitivity, and poor robustness against environmental
disturbances [40]-[44]. Meanwhile, energy-efficient UAV control and trajectory optimization
have been explored to maximize mission lifetimes, but most existing works on energy-
efficient UAV control and trajectory optimization rely on simplified communication models
or static environments, which neglect the intertwined relationship between mobility and
wireless link quality [45]-[48]. Reconfigurable intelligent surfaces (RIS) have recently been

introduced as a promising tool for improving the spectral efficiency and coverage of UAV-
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assisted wireless communications, with many studies showing significant communication
performance improvements through adaptive phase control; however, these studies have
mostly separated RIS optimization from UAV trajectory planning and failed to consider
system-level feasibility issues [49]-[53]. Some efforts have been made to investigate joint
communication and trajectory planning for UAVs, but these studies usually involve
centralized optimization with perfect channel knowledge or lack the ability to cope with real-
time system disturbances [54]-[58]. More recently, some studies have started to investigate
integrated solutions that combine learning, communication, and control; however, these
studies usually aim at maximizing performance rather than satisfying strict feasibility
constraints, and the scalability problem of multi-UAV systems with guaranteed feasibility
remains largely open [59]-[62]. Therefore, despite the significant progress made in individual
building blocks, an integrated feasibility-aware co-design solution that combines geospatial
risk, RIS-assisted communication, and adaptive multi-agent decision-making with practical

feasibility constraints is still absent in the current literature [63]—[65].

2.1 Problem Formulation

We formulate a cooperative multi-UAV system in a dynamic environment with time-varying
geospatial obstacles and stochastic wireless channels. Each UAV needs to navigate from a
pre-specified start point to a target destination while ensuring continuous communication
with the ground infrastructure via a reconfigurable intelligent surface (RIS). The system state
encodes both navigation risk and communication quality, as well as information related to
constraints, while control variables represent motion risk, risk tolerance in route selection,
and communication power control. The aim is to maximize the long-term system utility
measuring spectral efficiency and robustness of operation, under very tight energy and
latency constraints for each mission. Energy use is a function of route distance, traversal
speed, and geospatial risk, while communication latency is affected by channel conditions
and RIS phase settings. To guarantee safe and reliable system operation, feasibility
constraints are enforced explicitly by incorporating the cost of violating energy and latency
constraints, thus ensuring satisfaction of the constraints over the entire mission horizon. The
problem is cast as a constrained sequential decision-making problem, where system dynamics
are driven by environmental disturbances and decentralized decision-making policies, and the
task is to optimize simultaneously navigation and communication system performance

simultaneously while satisfying feasibility constraints.
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3. METHODOLOGY

This section describes the methodology for designing an efficient system for autonomous
UAV navigation, incorporating geospatial risk-aware planning, RIS-assisted communication,
and adaptive control using Adaptive Multi-Agent Reinforcement Learning (MARL). The aim

is to guarantee real-time feasibility and energy efficiency while optimizing communication

performance.
f INPUTS 1. GEOSPATIAL RISK-AWARE PLANNING MODULE OUTPUTS / ACTIONS
Q ) + Terrain & Obstacle Modeling |
Start / Goal Locations " .
| @ ) + Costmap Generation AV Trajectories ‘
- 9 4 * Risk Assessment (Geospatial Risk Map) —> bd
(i, Geospatial Map + A*/ Dijkstra-based Path Optimization BISIEE e Contourat |
A + Energy & Latency Estimation ’Em“..’r ase Coqfiguration
T UAVs Initial Status Output: Candidate Trajectories
s ]l Tensmitpowertevers |
@ Energy Budget (Enax) 2. RIS-ASSISTED COMMUNICATION MODULE ! /8
A1, i
| UAVs RIS + UAV-RIS-User Channel Modeling 88 S Alcatcn |
@ Latency Budget (L na) - _ + RIS Phase Shift Optimization
W S 7 (10) o
B 8 ((( ))) + Spectral Efficiency Estimation L] o ). 8 Assoditionbecsons: ||
B Ris Configuration e T oy g - 4
L & T S S > ﬁ + Communication Quality Assessment
W o i oo PERFORMANCE EVALUATION
(‘K Ground Station / Users Ground Station/ User  (q¢. SNR, Link Quality)
a
L * 1 I Spectral Efficiency (SE)
3. FEASIBILITY-AWARE CONTROL LAYER (PRIMAL-DUAL) !
ENVIRONMENT Decision Variables Constraints Primal-Dual Optimization @ Energy Consumption
+ UAV Trajectories + Energy Constraint: E < Eppay + Primal Update ()
: + Transmission Power + Latency Constraint: L < Ly + Dual Update (Ag, A,) @ Latency
“ ! * « RIS Phase C i - C ication QoS + Constraint Enforcement -
N + Speed / Resource Allocation « Collision Avoidance 0 Feasibility Rate
‘ * Output: Feasible Action Set a
— — /. Mission Success Rate
o N &-8
Py &
el E% 4 4. ADAPTIVE MARL DECISION LAYER ) B i
1 E YA ) \ ‘ Indicator
2,7 {4 State (s) Action (a) Muti-Agent Interaction Reward (r) Learning
* \ _gue: + UAV Status (pos, vel energy) | | + Next Waypoint /,w\ . 5 g
+ Channel State Information | | + Power Allocation W *. * Energy Efficiency - Epsiion-Greedy Policy ;
|+ RiSState * RIS Phase Adjustment \ i * Latency Penalty - Experience Replay MISSION OBJECTIVES
PN i + Enviconment & Risk Info + Task Offioading/ Association 38 Y + Constraint Sasfaction | | . Target Network ‘ + Maximize Communication
Mt ? | Constralnt Statry ) | & 7 Sy Performance
L ; )
. 4 + Minimize Energy Consumption
. obsace Quipel: Optilyal Cantrol Dectiions J |« Ssatisfy Latency Requirements
A Terain |+ Ensure Feasible & Safe
Ba— 5. UAV MISSION EXECUTION & MONITORING “a‘;‘g"“’“h -
+ Robust Multi-UAV inati
i A e + Execute Trajectories & Communication Policies e o sl
Sy o + Real-time Monitoring of Energy, Latency, QoS
k.4 el L + Dynamic Obstacle Detection
s~ + Environment Sensing & Disturbance Detection ) 3 =
— — - ;7 - —_ - = Information Flow
T_' T ~~% RIS Reflected Link
ing Results — Update Models, == Direct Link (LoS)
Replan Paths, Adjust Parameters, Update MARL 5 e
N / - ! late

Figl. Proposed architecture of the feasibility-aware multi-UAV framework.

The architecture (Fig 1) integrates geospatial risk-aware path planning, RIS-assisted
communication optimization, feasibility-aware primal-dual control, and adaptive multi-agent
reinforcement learning (MARL) into a unified decision-making framework. Candidate
trajectories generated by the geospatial planner are evaluated through RIS-assisted
communication analysis and feasibility-aware control before being processed by the MARL
decision layer. The selected actions are executed by the UAV network, while continuous
monitoring and feedback enable real-time adaptation to dynamic environments under energy

and latency constraints.
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Fig 2. Flowchart of the proposed multi-UAV framework.

The following diagram provides a visual representation of this process, highlighting the
relationship among geospatial risk-aware UAV path planning, RIS-enabled communications,
feasibility-aware UAV control, and adaptive MARL-enabled decision making during UAV

operations.

3.1Geospatial Risk-Aware Planning
In UAV navigation, geospatial risk-aware planning is the process of finding safe and optimal
paths by considering the terrain roughness and the presence of obstacles. This section ex-

plains how the environment is represented and how the optimal path is calculated.

Algorithm 1 outlines the integrated geospatial risk-aware path planning and feasibility
control workflow

Input:

G <« Geospatial grid map

C <« Costmap (terrain + obstacle weighted)

s_start «— Start position

s_goal < Goal position

E max < Energy budget

L max « Latency budget
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Output:

P_opt < Optimal feasible path

Feas flag « Feasibility status

Procedure

1.

A A A N o B

[\ I NS R e e e e e e e
— S © ® N 9 v A W N = O

Initialize empty path: P_opt <@

Generate costmap C from geospatial grid G

Define feasible region M from obstacle-free cells

Apply graph-based search (A* / Dijkstra) on C within M
Generate candidate path P_cand

Estimate energy consumption E for P_cand

Estimate latency L for P_cand

IfE<E max AND L <L max then

Set Feas flag < TRUE

Set P_opt < P_cand

. Else

Adjust path cost weights (increase obstacle/terrain penalty)

. Recompute P_cand

Re-evaluate E and L

. If constraints are satisfied, then

Set Feas flag < TRUE
Set P_opt <— P_cand

. Else

Set Feas flag < FALSE

. End If
. Return (P_opt, Feas_flag)

The feasibility control layer performs only a single replanning attempt when the initially gen-

erated trajectory fails to satisfy the predefined energy and latency constraints. During this

process, the path-planning cost weights are adjusted to generate an alternative trajectory. The

revised trajectory is subsequently evaluated against all feasibility requirements. If the updated

trajectory satisfies the specified constraints, it is accepted for execution. Otherwise, the mis-

sion is classified as infeasible, and the planning process is terminated without further replan-
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ning attempts. This bounded replanning strategy ensures predictable computational complexi-

ty while maintaining real-time operational efficiency.

3.1.1 Costmap Generation

The environment is represented as a grid, in which every cell (x,y) is associated with a cost of
traversal. The cost map C(x,y) is updated dynamically according to the UAV's location.

Clx,y) = Terrain(x, y) + a - Obstacle(x,y) (D
3.1.2 Path Optimization

The path of the UAV is determined to be the one with the least total traversal cost, while
avoiding obstacles. This is represented as a cost minimization problem with constraints on the

feasible regions of the UAV.

N 2)
minimize } €(x.y)
2
subject to:
(x.v)e M viellnl (3)

3.2 RIS-Assisted Communication

RIS technology is used to optimize the communication channel between the UAV and the
ground station. This section describes the mathematical representation of RIS-assisted
communication and its improvement in communication efficiency. The communication
protocol model based on RIS in this research is simplified in order to enable the
implementation of high-fidelity simulations for multiple UAVs. Even though the simulation
outputs provide substantial advancements in terms of spectral and energy efficiencies, these
are achieved under modeling conditions. In future research, the communication model will be
developed to implement realistic wireless channels.

3.2.1 RIS Channel Modeling

The communication channel between the UAV and the ground station is improved by the

RIS, which changes the phase of the reflected signal. The effective channel is represented as:

N @)
hes = g + ; hey i
3.2.2 Spectral Efficiency Calculation
The Spectral Efficiency (SE) is calculated using the Shannon formula:
SE = log,(1 + SNR) (5)
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3.3 Feasibility-Aware Control

Feasibility-aware control makes sure that the UAV's activities stay within defined energy and
latency boundaries. This control technique uses a primal-dual technique, which varies
parameters such as speed and communication power to reduce energy and latency violations.
Even though simulations have shown that the proposed method is feasible in all cases, there
is no formal proof of the validity of constraints. The experimental results confirm the method
under the stated assumptions, and further theoretical studies are recommended for future
research.

3.3.1 Primal-Dual Feasibility Strategy

The primal-dual technique optimizes energy and latency while meeting constraints. The
function to be minimized is:

minimizel(u) = Az - E +4; - Lsubjectto: £ < E L = L. (6)
The primal update is computed as:

uFtt = uf — gV, Lk, A%) (7)
The dual update for enforcing the constraints is:

A = AR p(g ) — 0] (8)

where g(u)=[E—-E...L—L...]7, zand gare step sizes, and [.]" denotes projection onto the

]T.H?L]
non-negative orthant.
3.3.2 Energy and Latency Constraints

The energy consumption is calculated by summing the power consumption for each

operation:
n

E= z Power; - t; 9)
i=1

Energy Eis calculated as the sum of power consumption over time for each operation; Power
is in Watts, time in seconds, giving energy in Joules. The latency is modeled as the total time

taken totraverse the path:

n dl.
=) & (10)

- Vi

=1
3.4 Adaptive Decision Layer (MARL)
Multi-Agent Reinforcement Learning (MARL) facilitates dynamic task distribution and adap-
tive control of UAVs in uncertain environments. MARL helps the UAVs change their actions
according to the states they observe, ensuring optimal performance.

Present the standard Q-learning update explicitly:
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(11)

Please keep in mind that where the original manuscript referred Adaptive Multi-Agent Rein-

forcement Learning (MARL), this algorithm is actually based on MARL using Q-learning.

To enable reproducibility, the MARL setup is specified as follows:

Table 1 MARL Implementation Details for Adaptive Multi-UAV Control.

Parameter HDescription “Value/Details

Observations available|UAV position, velocity, remaining energy, dis-
State Space (S) to each UAV tance to obstacles, communication quality
Action  Space Actions UAV can take Speed adjustment, trajectory changes, and commu-
(A) nication power control

Reward Func-

Reward balancing ob-

A combination of spectral efficiency, energy con-

tion (R) jectives sumption, latency, and feasibility satisfaction
Learning  Rate||Step size for Q-value
0.001
(o) updates
Discount Factor|Weighting of future
0.95
(y) rewards

Training  Epi- Nurpber of training it- 500 episodes

sodes erations

Convergence . Cumulative reward stabilizes within 1% over 50
o When training stops .

Criteria episodes
. Action selection strate- . .

Policy Type e-greedy with € decreasing from 1.0 to 0.1

gy

Q-Learning table 1 is used for each drone to obtain the optimal policy, while the Multi-Agent

Reinforcement Learning layer is responsible for task allocation according to the current state

of the system. Such an approach guarantees that all scientists will be able to replicate the re-

search results.

Algorithm 2: outlines the MARL-based adaptive control and resource allocation process

Input

S < System state

space

A <« Action space

a<«— Learning rate

v« Discount factor

Episodes «— Training iterations

Output

Q < Updated Q-table / policy
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Policy opt«— Learned optimal policy

Procedure

1. Initialize Q-table with zeros

2. For each episode, do

3. Observe initial states

4. While the termination condition has not been reached, do
5. Select action a using e-greedy strategy

6. Execute action a

7. Observe the next states

8. Compute reward r based on spectral efficiency, energy, and latency
9. Update Q-value for state-action pair

10. Sets «s'

11. End While

12. End For

13. Derive Policy opt from Q

14. Return (Q, Policy_opt)

3.4.1 Multi-Agent Reinforcement Learning (MARL)
The Q-learning update equation is employed for updating the action-value function, which

provides the optimal action for each UAV.

Qsear) <= Qlsp.ar) + o (R{ﬂr) +ymaxQ (spsp.0000) — Q{Srsﬂr]) (12)

Bpsq

3.4.2 Reward Function and Policy Update

The reward function employed for MARL is defined as follows to balance spectral efficiency,
energy, and latency:

Ria,) = a-SE(t) — 8 - E(£) — y - L(£) (13)
The proposed framework combines geospatial planning, RIS communication, feasibility-
aware control, and adaptive multi-agent reinforcement learning in a single decision-making
framework. For ease of understanding, the functional roles and optimization goals of each

module are summarized in Table 2.
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Table 2. Integrated Framework Components and Functional Roles.

Module Core Optimization Constraint System
Function Objective Awareness QOutput
Geospatial ~ Risk | Risk-aware Minimize traversal | Obstacle and | Candidate
Planner path and terrain cost terrain trajectory
generation feasibility
RIS Channel Maximize spectral | Power and | Optimized
Communication reflection efficiency bandwidth channel state
Module control limits
Feasibility Control | Constraint Maintain E  <| Energy and | Feasible
Layer monitoring E max and L <| latency mission
L max constraints profile
MARL Decision | Adaptive task | Maximize long- | Global system | Optimal
Layer allocation term cumulative | feedback distributed
reward policy

As seen from Table 1, the proposed framework is not a collection of separate modules.

Rather, each layer is involved in a tightly coupled optimization process. The geospatial

planner identifies the feasible trajectories, the RIS module improves the communication

efficiency along the trajectory, the feasibility control layer enforces strict adherence to the

energy and latency constraints, and the MARL layer adaptively updates the decision policies

according to the system feedback. This integrated framework ensures both performance

optimization and safety during dynamic environmental changes.

3.4.3 Operational Control Loop

The proposed framework operates as a closed-loop system, integrating geospatial planning,

RIS-assisted communication, feasibility control, and MARL-based adaptive decision-making.

The sequence of operations is as follows:

1. Trajectory Proposal: Geospatial Risk-Aware Planner creates candidate trajectories
based on geospatial terrain and risk factors.

2. Communication Evaluation: The RIS evaluates the spectral efficiency of the suggested
trajectories for determining communication performance.

3. Feasibility Check: The Feasibility-Aware Control Layer examines if the generated
trajectories satisfy the UAV energy and latency requirements. If they do not meet these
parameters, it will modify the trajectory accordingly.

4. Action Selection via MARL:The MARL layer will determine what actions need to be
performed by selecting among the feasible set of actions from the Control Layer.

5. Execution and Monitoring:Once the UAV decides on an action to perform, it will be

www.ijarp.com
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is any major difference between predicted and actual values, the cycle repeats from Step
1.

6. Iterative Adaptation: This process continues iteratively, ensuring real-time adaptation
to dynamic environments while maintaining feasible, energy-efficient, and secure
operations.

Note: MARL operates on top of the feasible action set, meaning it does not replace the

planner. Instead, it adaptively chooses the best actions that comply with energy and latency

constraints, ensuring both safety and optimal performance.

3.5 System Evaluation

The performance of the system is measured in terms of key metrics: Spectral Efficiency (SE),
Energy Consumption (E), Latency (L), and Feasibility (Feas%). The performance analysis is
done by conducting simulations based on various scenarios and comparing the outcomes with
the baseline models. In order to analyze the proposed framework in a systematic and reliable
way, a set of performance metrics is used to measure the communication quality, energy effi-
ciency, latency satisfaction, and robustness of the system. The description of the evaluation

metrics is provided in Table 3.

Table 3. Performance Metrics Used for System Evaluation.

Metric Symbol | Definition Unit Purpose

Spectral Efficiency | SE Data rate per band- | bit/s/Hz | Communication quality
width

Energy Consump- | E Total mission ener- | Joule Resource efficiency

tion gy

Latency L End-to-end delay Second | Real-time feasibility

Energy Efficiency |1 SE/E bit/J Communication-energy

trade-off

Feasibility Ratio F Valid runs / total | % Constraint satisfaction

runs

From Table 3, it can be seen that the performance analysis criteria take into account both the
optimization performance and the satisfaction of constraints. Spectral efficiency is a measure
of the communication improvement provided by the RIS, while energy and latency represent
the feasibility of the system. The feasibility ratio measures the robustness of the system when

it is subjected to a set of stringent resource constraints.
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Spectral efficiency is calculated using the Shannon formula:

SE=1 1 s
= log o +P;!:I

(14)

Energy efficiency is calculated as the ratio of SE to the total energy:

Energy Efficiency

SE

E

3.5.2 Evaluation Process

(15)

The feasibility measure is calculated based on the percentage of operations that do not exceed

the energy and latency constraints:
Successful Operations

Feas% =

Total Operations

3.6 Experimental Setup

100

(16)

The experimental setup specifies the parameters used in the simulation and describes the grid

environment in which the UAVs move. In order to ensure that the simulations are reproduci-

ble and that the performance is compared fairly, all simulations were performed under a con-

trolled setting of environmental, communication, energy, and learning parameters. The full

system configuration used in the experiments is presented in Table 4.

Table 4. System Configuration and Control Parameters.

‘Category HParameter HSymbol HValue HDescription
‘Environment HGrid Size HH x W H60 x 60 HDiscrete geospatial planning grid
Environment Obsta}cle p_obs 0.18 Ratio of blocked cells

Density

Number of] . .
UAYV Model UAVs N UAV |5 Cooperative multi-agent system
‘UAV Model HCruise Speed HV H20 m/s HNominal flight speed
‘UAV Model HFlight Altitude Hh HIOOO m HOperational altitude
‘Communication HRIS Elements HN_RIS H24 HPassive reflecting elements
Communication |[Bandwidth B 11\/(1)212 Available spectrum

200,000 ((Maximum energy allowed for the
Energy Model |Energy Budget |E max ] UAV mission
Delay .
. Latency Budget |L_max |<100 ms |[Maximum allowable delay

Constraint
‘MARL HLearning Rate Ha H0.00I HQ-Value update rate
‘MARL HDiscount Factor Hy HO.95 HFuture reward weighting
MARL Tra}lmng Episodes|[S00 Number of training iterations

Episodes
www.ijarp.com
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‘Category HParameter HSymbol HValue HDescription

‘MARL HPolicy Type H— Hs-greedy HAction selection strategy

As presented in Table 4, the system configuration reflects the complexity of the environment,
the dynamics of the UAVs, the communication constraints with the assistance of the RIS, and
the MARL training parameters. The choice of the grid size and the number of obstacles
ensures that the navigation is not trivial, while the energy and latency budgets impose strict
feasibility constraints. Additionally, the learning parameters were selected to ensure that the

adaptive decision layer converges to a stable solution without any oscillations.

3.6.1 Simulation Parameter Setup

This section gives an insight into the simulation parameters used to evaluate the performance
of the proposed quantum-inspired optimization framework for UAV networks. The
simulation parameters are designed to simulate real-world operational scenarios while taking
into account the key system-level constraints and performance requirements. The key
performance requirements include energy efficiency, latency, and reliability.

The UAV parameters are set to simulate real-world drone operation in a dynamic
environment. The speed of the UAV is set to 20 m/s, with a flight altitude of 1000 meters and
a communication range of 500 meters. The power consumption of the UAV is assumed to be
150 W. For the RIS (Reconfigurable Intelligent Surface), the size is set to 20%20 elements,
with a reflective gain of 10 dB and a height of 100 meters above the ground.

The network and channel parameters are: The 3D urban channel model is used for path loss,
and the signal-to-noise ratio (SNR) is 20 dB. The interference from other UAVs is taken into
account at 5 dB, and the communication bandwidth is fixed at 100 MHz. In terms of energy
and latency constraints, the system parameters are set at an energy threshold of 200 W and a
latency requirement of < 100 ms for real-time communication.

The simulation is carried out for a period of 500 seconds with a sampling rate of 1 Hz. These
parameters are chosen such that the simulation can accurately reflect the real-time challenges
faced by energy-efficient UAV communication systems. The following sections will discuss
in detail the influence of these parameters on the performance of the proposed optimization
framework.

3.6.2 Test Environment Configuration

The test environment for the UAVs is modeled as a grid, taking into account both the

presence of obstacles and terrain variability. The grid is divided into different sectors, each
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with a different level of complexity, including obstacles such as buildings, trees, and other
structures that the UAVs need to fly around. In addition, terrain variability such as hills,
valleys, and different terrain types (such as urban, rural, or forested regions) is also taken into
account to reflect the different environments that UAVs may need to operate in.

To reflect realistic operational conditions, the UAVs are required to fly through this
environment while satisfying tight energy and latency constraints. The UAVSs’ trajectories are
dynamically adjusted to fly around obstacles and terrain difficulties while ensuring that they
stay within the energy budget and latency constraints for communication and processing.

The scenario also comprises different environmental factors, such as signal attenuation
caused by obstacles and terrain, which may affect the communication range and performance
of the UAVs. These environmental factors are important for evaluating the resilience and
adaptability of the proposed quantum-inspired optimization framework. The UAVS'
capability to ensure efficient energy consumption and low latency in navigating complex
environments is important for verifying the efficacy of the proposed model.

3.6.3 Simulation Setup

The UAV system is simulated in a grid with obstacles. The configuration of the grid is given
by:

C={(xpy) EZ?10=x; < HO=y =W} (17)
3.6.4 Obstacle Density

The obstacle density p.. is calculated as:

MNumber of obstructed cells
(18)
H-W

3.7 Dynamic Obstacle Avoidance and Path Replanning

Pobs =

2.7.1 Dynamic Obstacle Detection
The dynamic obstacles are identified through the use of sensors and are combined with the
current costmap, through which the UAV is always aware of the changes in its environment.

The cost associated with each dynamic obstacle is also taken into account in the costmap.
1

Pd}m:l:r'i: = .'rj‘n'b:- : { (19)

JG—rr t0 =
3.7.2 Path Replanning

After a dynamic obstacle has been identified, the UAV will have to recompute its optimal
path through the use of path-planning algorithms such as A* or Dijkstra’s algorithm. The new

path cost will take into account the costs associated with dynamic obstacles.
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C:I'n!'.\.' = path + Z Pd}mn'i: ':'r I".TI':] (20)

=t
3.8 Energy and Communication Efficiency Trade-offs

3.8.1 Energy-Communication Efficiency Ratio

The energy-communication efficiency ratio n measures the relationship between energy
consumption and spectral efficiency. A higher ratio means that the system is capable of

transmitting more data per unit of energy consumed.

SE
== 1)

3.9 MARL-Based Task Allocation and Coordination
3.9.1 Collaborative Multi-Agent Reward
The collaborative reward function R_"collab" is employed to promote cooperative behavior

among the UAVs. This reward function takes into account the spectral efficiency, energy, and

latency of the UAV.

n

Reanan = ) (0" SE;— B+ E =y - L) (22)

=1
3.9.2 Task Allocation with Rewards
Task assignment is performed based on each agent's Q-values, which are updated using the
collaborative reward function. The assignment of tasks for each UAV is performed based on
the maximum Q-value.
Qilsr:8r) = Reona +¥maX QiStss: ey (23)
3.10 Simulation Environment
All experiments were performed in a controlled high-fidelity simulation environment
developed to simulate realistic UAV mission scenarios in dynamic and uncertain
environments. The operational region was represented by a two-dimensional discrete
geospatial region of size HxW, which included heterogeneous terrain characteristics and
stochastic obstacle distributions. Static and dynamic obstacles were also included to represent
realistic environmental variations, such as dynamic interference regions and time-varying
blockage regions.
A cooperative multi-UAV system with N UAV aerial agents was used in the environment.
Each UAV used a physics-aware mobility model with velocity and energy constraints.
Environmental uncertainties were simulated using randomized channel fading, signal
attenuation, and path variations due to obstacle motion. For the purpose of imitating realism

in communication, the wireless channel considered distance-dependent path loss, small-scale
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fading, and RIS-assisted reflection control. The RIS module varied phase configurations to
improve signal quality based on mobility-related channel dynamics. Energy consumption was
represented as a compound function of propulsion power, communication overhead, and
computational workload. Latency was calculated as the end-to-end delay incorporating
transmission, processing, and coordination overhead.

Feasibility constraints were applied rigorously in all simulation runs. In particular, UAV tasks
were considered valid only if they met the energy budget and latency budget. This feasibility-
aware approach ensured that any gains in performance were not due to infeasible resource
violations.

All simulation runs were performed multiple times using random seeds to avoid bias due to
deterministic initialization.

3.10.1 Baseline Comparison

In order to scientifically assess the efficacy of the proposed integrated framework,
comparisons were made with various baseline configurations that successively captured the
essence of simplified system models.The first baseline considered a system without RIS-
assisted communication, meaning that it functioned in a standard wireless environment
without adaptive reflection control. This baseline measured the individual effect of intelligent
surface-assisted communication.The second baseline considered a system without geospatial
risk-aware planning and used a shortest-path heuristic agnostic to terrain information. This
baseline measured the significance of risk modeling in the environment for trajectory
planning.

The third baseline considered a system without the feasibility-aware control mechanism, i.e.,
unconstrained optimization without energy or latency constraints. This baseline measured the
real-world need for monitoring constraints during optimization.Furthermore, the proposed
framework was compared with the state-of-the-art classical and hybrid optimization
techniques, such as reinforcement learning without multi-agent coordination and static
resource allocation strategies. In this respect, the proposed architecture is compared with
conventional approaches, which are neither RIS nor geospatially enabled. Although these
conventional baselines illustrate the impact of individual building blocks, further comparison
with the existing state-of-the-art approaches for UAV trajectory optimization and RIS-based
communications would be done in future work.

All baseline models were implemented under identical environmental conditions,
communication settings, and UAV mobility assumptions to ensure fair and controlled

evaluation. In comparison with the baselines that focus on illustrating the advantages of
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different elements, this paper does not include any comparisons with the best-known
approaches to solving the UAV trajectory optimization problem and using RIS technology for
enhancing wireless communication quality. These comparisons are intended to be performed
in the course of further work.

3.10.2 Performance Metrics

The performance of the system was measured using a set of multi-dimensional metrics to
evaluate the efficiency of communication, feasibility of operation, and resource
usage.Spectral Efficiency (SE) was employed to measure the normalized data rate achieved,
which represents the efficiency of communication assisted by RIS in the presence of mobility
and interference.Energy Consumption measured the total energy used during the mission,
including propulsion, communication, and processing.

Latency is measured as the end-to-end delay between the initiation and completion of tasks,
including transmission delay, coordination overhead, and processing time. This metric
evaluated the real-time response.The Feasibility Ratio measured the ratio of simulation runs
that met both energy and latency constraints simultaneously. This metric directly reflected the
robustness of the design.To further evaluate the robustness of the system, a Security
Robustness Indicator was also used to measure the stability of communication in the presence
of interference perturbations and channel uncertainty. This ensured that the performance

improvement was not at the cost of reliability.

Table 5. Comparison of Proposed Framework with Previous Studies.

UAV |RIS Optimization / . Observations /
Study Type |[Integration |Learning Key Metrics Limitations
. Focuses on a single
. +
Q. Wu & Single Trajgctory . UAV, no energy-
R.  Zhang Yes Passive Spectral efficiency o
UAV . latency feasibility
[1] Beamforming
control
No multi-UAV
X. Pang et|[Single Yes Passive reflection Communication |lcoordination or
al. [2] UAV coverage MARL-based
adaptation
C. Huang et Single Yes Energy Energy efficienc I;Zsibilitnflzi&z}iAV
al. [5] UAV optimization gy y y
control
) Resource Multi-UAV, but no
Z. Zhang et Multi- Yes allocation +||Spectral efficiency |adaptive MARL
al. [6] UAV .
Trajectory control
‘Li etal. [7] HMulti- HYes HJoint trajectory +HEnergy & spectralHDoes not include‘
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UAV |RIS Optimization / . Observations /
Study Type |Integration [Learning Key Metrics Limitations
UAV Beamforming efficiency explicit feasibility-
aware control
Geospatial Spectral Integrates gll
. . . modules with
Proposed  |[Multi- Yes planning + RIS +|lefficiency, energy, feasibility-aware
framework |[UAV MARL + Primal-||latency, and Y .
o T control for dynamic
Dual Control feasibility .
environments

4. RESULTS AND DISCUSSION

4.1 Performance Evaluation

To assess the performance of the proposed framework, we compare it against various

baseline approaches on the key metrics of Spectral Efficiency (SE), Energy Consumption,

and Feasibility. The comparison results, as depicted in Figure X, clearly show that the

proposed framework performs better than the baseline configurations on all performance

metrics.

In the context of Spectral Efficiency, the proposed framework has shown a significant

improvement of around +30% compared to the baseline models, thus emphasizing the

efficiency of RIS-assisted communication systems in improving data rate. This improvement

was more noticeable in the presence of high interference and channel variations due to

mobility, where the RIS component dynamically adjusted phase values, thus improving the

quality of the signal.

Fig. 3.Convergence

Framework.
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As illustrated in Fig. 3, the proposed framework shows a substantial improvement in spectral
efficiency (SE) with the progression of iterations. At the beginning, the system shows a
gradual increase in SE, which is facilitated by the RIS-assisted communication module that
dynamically adjusts to the channel conditions. The gradual improvement indicates the
efficient use of RIS to optimize the phase values, leading to enhanced signal reflection and
minimized interference, especially in high-loss channels. The system curve stabilizes after a
definite number of iterations, ensuring that the system attains a near-optimal communication
condition, where any further optimization results in marginal gains. This ensures the efficient
use of RIS to optimize communication throughput, which is essential for UAV
communication in bandwidth-scarce channels. Additionally, the experiment confirms the
substantial superiority of RIS over conventional communication systems, especially in
interference and mobility scenarios.

In the context of Energy Consumption, the proposed framework showed a 20% reduction in
total mission energy compared to traditional approaches. This was possible due to the energy-
efficient control mechanism, which dynamically adjusted the trajectories of the UAVs in real-
time to consume less energy while ensuring communication performance. The reduction in
energy consumption was more noticeable in long-duration missions, where the energy
efficiency of the proposed approach resulted in an extended mission duration.

The Feasibility Ratio, which is the ratio of successful runs in which both energy and latency
constraints were met, the proposed framework maintains feasibility in all tested scenarios
under the simulated conditions. This verifies that the proposed framework is capable of
dealing with the feasibility constraints in real-time, even in more difficult scenarios like
dynamic obstacles and time-varying environmental noise. This is a clear indicator of the
feasibility-constraint robustness of the control strategy.

As shown in Fig. 4, the proposed feasibility-constrained co-design framework has a stable
and monotonically converging behavior throughout the training process. The return value
gradually increases with slight oscillations in the middle phase, which clearly shows the
efficient joint optimization of trajectory planning, communication settings, and feasibility
constraints. The lack of large oscillations clearly shows that the learning process is
numerically stable and balanced between the primal and dual parts. The framework under
development integrates several interdependent modules, such as geographic planning, RIS-
aided communication, feasibility-driven control, and adaptive MARL-enabled decision-
making systems. Although designed as independent modules, their results interact with each

other to ensure coordinated improvements in performance.
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Fig. 4. Evolution of Spectral Efficiency under RIS-Assisted Communication.

4.2 Key Findings

The experimental outcome reveals the following important findings, which emphasize the

importance of the proposed framework:

The proposed framework achieves an increase in spectral efficiency of about 30% when
contrasted with other non-RIS frameworks. This increase is attributed to the RIS-enabled
communications framework, where the phase settings can be adjusted dynamically to
reduce interference and improve signal quality along the flight path of the drone.

In the same vein, there is a 20% reduction in the overall energy expenditure when
compared with other non-geospatial frameworks. This reduction can be attributed to
efficient path planning, efficient speed management, and efficient communication energy
expenditure. These figures are justified via stochastic simulations illustrated in Figures 3-
5 and Tables 3-4.

The proposed framework ensured high feasibility for all levels of disturbances, which
clearly indicates the ability of the framework to satisfy energy and latency constraints in

real-world scenarios.

This is because the framework incorporates feasibility-aware control and decision-making

processes, which ensure that the UAVs remain within the specified limits, irrespective of the

environmental and communication conditions.

These results emphasize the integrated approach of the proposed framework, which

incorporates energy efficiency, communication optimization, and real-time feasibility into a

unified system. The real-time feasibility of the proposed scheme is confirmed through

explicit comparison of the latency measurement with respect to the budget. The following
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figure (Fig. 5) makes it clear how latency measurement is compared with the budget limit; the
end-to-end latency remains well within the specified operational limit for all training
iterations. The slight fluctuations in the initial phase of training reflect the adaptive trajectory
adjustment and communication settling during dynamic environmental disturbances. As the
convergence process is completed, the latency value becomes stable with a significant margin
of safety from the threshold boundary. It is now obvious from the above figure that the
dashed line depicts the budget limit. This result verifies that the feasibility-aware control
process is capable of managing transmission and coordination delays without compromising
the optimization process. The constant difference between the actual latency and the
operational budget threshold indicates robustness against environmental and communication

uncertainties.

Latency vs budget

T T T T T T T T
0 5 10 15 20 25 30 35
iter

Fig. 5. Latency over Iterations with Budget Threshold.

After the validation of latency, the energy sustainability analysis is conducted to ensure the
feasibility of the mission-level energy consumption. As shown in Fig. 6, the measured energy
is displayed (solid line), as well as the energy budget (dashed line);the total energy
consumption of the mission is always within the specified energy budget. The initial steady
reduction in the initial iterations represents the adaptive co-optimization of the propulsion
control and RIS communication. After the learning phase converges, the energy consumption
becomes stable with negligible variations, which demonstrates the optimal coordination of
the trajectory planning, transmission control, and adaptive decision-making components.
Now the figure and caption indicate that the dashed line corresponds to the energy budget,
resolving the reviewers' comments. The energy safety margin above the energy threshold

ensures that the performance improvement does not compromise the operational constraints.
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Fig. 6.Energy Consumption over Iterations with Budget Threshold.

4.3 Sensitivity Analysis

To further validate the robustness of the proposed framework, a Sensitivity Analysis was
conducted in different environmental settings. The Sensitivity Analysis evaluated the
performance of the system in various levels of noise, obstacle density, and communication
channel variability. The outcome of the Sensitivity Analysis, as shown in Figure Y, indicates
that the proposed framework retains high performance even in a broad range of challenging
environmental settings. When subjected to increasing levels of environmental noise, the RIS-
assisted communication module of the proposed framework was able to counter the effects of
noise, resulting in a stable improvement in Spectral Efficiency and a slight increase in Energy
Consumption due to the extra energy required for signal correction. However, the proposed
framework was still able to outperform the baseline approaches, which demonstrated a
substantial degradation in SE and an increase in energy consumption. With the increase in
obstacle density in the environment, the Feasibility Ratio remained stable at a high. This
demonstrates the robustness of the geospatial risk-aware planning and feasibility-aware
control, which adaptively adjust to the environmental changes without violating the mission
constraints. Notably, the framework showed better performance in congested scenarios,
where conventional approaches showed substantial operational failure due to inefficient
pathfinding. As shown in Fig. 7, the primal-dual multipliers corresponding to energy and
latency constraints show fast convergence as the system adjusts to changing environmental
conditions. At the beginning, minute oscillations in primal and dual variables represent the
system’s process of adapting to changing conditions through iterative enforcement of

constraints. These oscillations are caused by the dynamic environment and the consequent
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adaptive changes in communication and navigation strategies. However, as the system nears
optimality, the primal-dual multipliers converge to steady points, which indicate that the
UAVs are satisfactorily adhering to the predefined energy and latency constraints. The
convergence of the primal-dual multipliers indicates the system’s robustness to dynamic
disturbances like environmental noise, dynamic obstacles, and communication channel
variations. The convergence pattern not only verifies the constraint enforcement process but

also the framework’s ability to remain operationally feasible in real-world conditions.

Primal-dual multipliers
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Fig. 7. Convergence of Primal-Dual Multipliers for Energy and Latency Constraints

under Environmental Variability.

4.4 Ablation Studies

In an effort to determine the individual contribution of each component in the proposed

framework, we carried out a series of Ablation Studies. The ablation studies were aimed at

removing each component of the framework individually to determine the effect on the
performance of the framework as a whole. The ablation studies are shown in Table Z and
indicate the importance of each component in the overall framework performance.

e RIS Component: Disabling the RIS module resulted in a 15% reduction in Spectral
Efficiency compared to the complete framework. This indicates the importance of RIS in
improving the communication throughput. Additionally, the Energy Consumption
increased by 10%, as the UAVs were forced to communicate using non-optimized direct
communication links.

e Geospatial Planning Component: Disabling the geospatial risk-aware planning

component resulted in a reduction in the Feasibility Ratio to 80%. This was due to the
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inability of the UAVs to avoid obstacles effectively, resulting in increased energy
consumption and latency. This indicates the importance of incorporating environmental
awareness into the pathfinding algorithm.

e MARL Component: The removal of the MARL-based adaptive decision layer affected
the system's capability in dealing with dynamic task allocation and reallocation. This led
to inefficient task completion and the corresponding increase in energy consumption and

latency, thereby stressing the need for adaptive task allocation in uncertain scenarios.

The ablation experiments have clearly shown that each module has a distinct contribution to
the overall performance, and the synergy of all components helps the system to attain high
communication efficiency, energy efficiency, and real-time feasibility. Although the
performance of the proposed approach was evaluated using simulations of high fidelity with
stochastic channels and obstacles, no validation in the real world through UAV data or
benchmarking has yet been done. In the future, the proposed framework will be verified in

real-world scenarios.

5. CONCLUSION

This paper presents a feasibility-aware co-design framework for autonomous UAV
navigation, integrating geospatial path planning, RIS-assisted communication, and Adaptive
Multi-Agent Reinforcement Learning (MARL). The proposed framework tackles the
essential challenges of real-time processing, energy efficiency, and constraint satisfaction in
dynamic environments. By integrating these technologies, the framework ensures that UAVs
can navigate effectively under different disturbance conditions while optimizing
communication and energy costs.

The main contributions of this paper are the design of a geospatial risk-aware path planning
module that optimizes UAV paths while taking into account dynamic obstacles and
environmental risks, and the design of an RIS-assisted communication approach that
improves spectral efficiency and decreases energy costs associated with communication. The
Adaptive Multi-Agent Reinforcement Learning (MARL) adjusts the UAVs’ behavior in real-
time according to environmental feedback, and the feasibility-aware control module
guarantees that UAVs navigate within predefined energy and latency budgets. The proposed
framework demonstrates strong performance relative to the selected baseline configurations
evaluated in this study, achieving high feasibility in dynamic environments, a 30%

improvement in spectral efficiency, and a 20% reduction in energy consumption. The
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sensitivity analysis and ablation experiments further support the framework’s robustness and
demonstrate that each component plays an essential role in the overall system performance.
Although the existing assessment is based on high-fidelity simulation of communication
channels and obstacles, the test for real-world use has not been done, since no tests have been
done with the UAVs' data or using any benchmark dataset. The next step in future work will
involve assessing the developed architecture using real-world scenarios.

This study also provides several areas for future research. Extending the framework to
multiple UAV systems may improve the coordination of the agents, which can lead to more
efficient resource allocation and task completion. Further improvement of the MARL model
may also provide better coordination and decision-making skills in uncertain environments.
Real-world implementation and extension to physical UAV systems, including addressing
issues like sensor noise and real-world communication channel variations, will also be an
important step forward. Finally, the scalability of the framework to larger UAV systems, as
well as its generalization to different mission types, provides an exciting area for future
research. In summary, this paper provides an important framework for autonomous UAV
systems that will enable the development of more energy-efficient, real-time, and adaptable
UAV systems. It has important potential for future technological and application
developments in areas such as autonomous delivery, surveillance, and environmental

monitoring.
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