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Abstract
The objective of the study is to develop a reliable and energy-efficient urban UAV navigation system capable of overcoming
GPS degradation, localization errors, dynamic obstacles, and inefficient flight trajectories by leveraging cellular network
signals and advanced deep learning strategies. This research introduces a hybrid deep learning-based navigation system
to enhance UAV reliability through cellular network signals. A multi-objective cost function is designed to optimize the
uncertainty in motion, smoothness in trajectory, distance traveled, and the avoidance of collisions. A three-dimensional
geometry-based channel propagation model (3DGCPM) is used to reduce the amount of inter-cellular interference. The
federated meta multi-agent graph deep reinforcement learning (F2MGDRL) framework enables UAVs to adapt and learn in a
decentralized and distributed manner by combining federated learning to allow for privacy-preserving decentralized training,
meta-learning for fast adaptation to the changing environment in which the UAV is located. An adaptive enzyme action
optimizer (AEAO) module provides for efficient and smooth trajectories with minimal abrupt turns. Experimental results
show a success rate of 98.7% for completed missions and a latency of 45 s, and a significant improvement in the smooth and
controlledmovement of theUAV’s trajectory. The system effectively navigates dynamic urban environmentswhileminimizing
energy consumption and abrupt maneuvers. The integration of cellular signals with a deep learning approach and adaptive
control strategies mitigates the shortcomings of conventional GPS-based navigation systems and static navigation systems to
deliver improved reliability, stability during flight, and improved operational efficiency.

Keywords UAV navigation · Adaptive smoothness control · Cellular network integration · Enzyme action optimizer ·
Multi-agent deep reinforcement learning
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1 Introduction

Wireless ad hoc networks with UAVs are vital for appli-
cations such as environmental monitoring, surveillance,
disaster management, and delivery due to their mobility and
flexibility in harsh environments. Initially designed for mil-
itary use, UAVs are now widely used in civilian sectors for
their autonomy and maneuverability [1, 2]. Accurate UAV
navigation is critical, but GPS-based systems face challenges
in urban environments due to building blockages and signal
degradation [3, 4]. Machine learning and deep reinforce-
ment learning (DRL) approaches, like RRTs combined with
CNNs, LSTMs, and attentionmechanisms, showpromise but
struggle in complex dynamic settings [5]. Techniques like
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DQNs and D3QN face limitations in adapting to continuous
motion, especially under communication uncertainties and
non-linear obstacles [6, 7].

Another significant problem in UAV navigation is to
provide smooth, energy-efficient, and safe flight paths. High-
curvature paths, sharp turns, and sudden changes in velocities
and jerks cause energy consumption, flight instabilities,
and collision risks. Although current DRL and optimiza-
tion methods are beneficial for smoothness in flight paths,
they are often limited in adapting to sudden changes in
the environment in real time. Gaps are still present in
optimizing smoothness, communication, collision avoid-
ance, and efficient paths, especially in urban environments
[8]. Centralized DRL approaches face scalability issues in
multi-UAV systems, highlighting the need for decentralized
learning. Many navigation strategies also fail to integrate
communication models, like cellular signals. The proposed
F2MGDRL+AEAO framework addresses these challenges
by employing federated learning for decentralized updates,
meta-learning for quick adaptability, and graph neural net-
works to model spatial interactions. Its multi-objective cost
functionoptimizesmotionuncertainty, smoothness, distance,
and collision risk, while AEAO ensures stable, energy-
efficient navigation with controlled jerk and curvature in
complex environments.

2 RelatedWorks

Optimal UAV navigation requires balancing coverage, con-
nectivity, energy efficiency, and travel time. However, exist-
ing methods, including heuristic, mathematical, machine
learning (ML), and metaheuristic approaches, have limita-
tions in providing robust, scalable, and efficient solutions.
Afifi and Gadallah [9] proposed a double deep Q-network
(DDQN)-based framework for real-time UAV guidance,
addressing kinematic and dynamic models. However, chal-
lenges remain in integrating multi-modal learning for coop-
erative UAV navigation and optimizing long mission energy
usage. Tonti et al. [10] utilized proximal policy optimiza-
tion with long short-term memory (PPO+LSTM) for energy
optimization and noise reduction in 2D fluid flow simu-
lations. However, 3D dynamics and obstacles at varying
heights posed challenges. Zhang et al. [11] introduced a
reinforcement learning-based cooperative navigation (RL-
CN) algorithm with dual sub-actor networks for improved
decision-making in dense scenarios, though decentralized
control for large UAV swarms remained problematic. Ren
et al. [12] developed theK-means online learning routing pro-
tocol (K-MORP) using a 3D Gauss–Markov mobility model
to optimize routing, load balancing, and clustering inUAVad
hoc networks, but advanced learning techniques were needed
for better energy and routing optimization.

Meng et al. [13] proposed a robust indoor UAV localiza-
tion systemusing factor graph optimization (FGO) combined
with a two-phase CNN for classification and noise esti-
mation. However, UWB signal degradation indoors led to
significant range and positioning errors. Tricomi et al. [14]
introduced the integratedmultilateralmobility framework for
smart cities, using theCVPOp-CoRN system, but faced chal-
lenges in gaining citizens’ trust and effectively implementing
smart contracts. Pasandideh et al. [15] optimized UAV
base station (UAV-BS) placement using mixed-integer non-
linear programming (MINLP), though the optimal number of
UAV-BSs for cost-effective deployment remains unresolved.
Tutsoy et al. [16] proposed minimum distance and minimum
time 3D path planning algorithms using modified particle
swarm optimization (PSO) and genetic algorithms (GA), but
lacked multi-UAV coordination and were sensitive to battery
constraints. The proposed F2MGDRL framework addresses
these limitations by offering adaptive real-time UAV naviga-
tion, and AEAO refines trajectories for dynamic smoothness
control. This integration ensures energy-efficient, collision-
free, communication-effective, and smooth UAV operations,
even in complex and dynamic environments, overcoming the
challenges seen in prior solutions.

2.1 Research Gap

The GPS-based UAV navigation is affected in an urban area
due to signal degradation, blockage, and multipath effects,
resulting in position errors and mission failure. The UAV
trajectory is obtained with abrupt and inefficient paths. The
learning models are not effective in adapting to chang-
ing scenarios. The real-world UAV operations are affected
by various uncertainties such as time-varying dynamics,
non-linearities, wind effects, and communication channel
variations. The proposed F2MGDRL framework is effective
in overcoming the challenges faced by the UAV navigation
systems. The proposed framework is based onmeta-learning,
GNN-based spatial modeling, and smoothness control using
AEAO. The channel modeling and multi-objective optimiza-
tion are effectively integrated into the proposed framework.

2.2 Contributions

• The F2MGDRL framework is developed by integrat-
ing federated learning, meta-learning, and graph neural
networks. This enables decentralized, private, and ultra-
adaptable navigation of UAVs in urban environments. The
framework efficiently handles the complex spatial interac-
tions of UAVs, obstacles, and communication links.

• The multi-objective cost function of trajectories is built
to optimize various parameters like motion uncertainty,
smoothness of trajectories, distance of trajectories, and
collision avoidance. The integration of 3DGCPM into
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Fig. 1 UAV navigation over cellular network

this framework enables effective reduction of intercell
interference as well as communication-aware navigation
reliability.

• An AEAO-based smoothness control module has been
developed to enhance the smoothness of the trajectory
bounds, achieve rapid convergence, and address non-linear
constraints. This module controls the jerk, curvature, and
acceleration of the UAVmotion, ensuring smooth and effi-
cientmotion in complex and cluttered urban environments.

The organization of this research is as follows: Sect. 2
presents the related work, while Sect. 3 presents a detailed
description of themethodology. Section 4 presents the exper-
imental analysis of the research, followed by a discussion in
Sect. 5. The conclusion of the research and future work are
presented in Sect. 6.

3 ProposedMethodology

This research presents a hybrid deep learning-based frame-
work for real-time UAV navigation, integrating F2MGDRL
for adaptive trajectory planning, 3DGCPM for intercell inter-
ference mitigation, and AEAO for adaptive smoothness con-
trol. The framework operates in three stages: first, 3DGCPM
models the communication environment by estimating the
Line-of-Sight (LoS) probability and communication relia-
bility.

Next, F2MGDRL employs federated reinforcement learn-
ing for decentralized trajectory planning. Finally, AEAO
refines the generated trajectories by minimizing jerk, cur-
vature, and acceleration variations. Figure 1 illustrates the
communication between UAVs and base stations (BS1, BS2,
BS3), with each UAV following its planned path for smooth,
stable, and collision-free navigation in urban environments.

To formally define the navigation task, the UAV state is rep-
resented as st � [xt , yt , zt , vt , at , θt , ϕt ], where xt , yt ,
zt are the UAV position coordinates, vt is the velocity, at is
the acceleration, and θt , ϕt are the pitch and yaw angles of
the UAV and the control action as ut � [�vt , �θt , �ϕt ],
representing the change in velocity and orientation at time t .
The trajectory planning minimizes the unified cost function
that considers smoothness, distance, uncertainty, and colli-
sion risk, subject to acceleration, jerk, and 3DGCPM-based
communication constraints. The optimal policyπ guarantees
real-time dynamics and feasibility that are closely consistent
with the framework’s mathematical formulation.

3.1 3D Geometry-Based Channel PropagationModel
for UAV Communication

The 3DGCPM [17] reduces intercell interference by model-
ing PLoS with parameters like UAV altitude, elevation, and
azimuth angles, as well as urban structural parameters. First,
it finds the maximum blocking height of a building given
the elevation angle (θ), as well as street width, as shown in
Eq. (1):

Hbmax 1 � W × tan(θ) (1)

where Hbmax 1 represents a maximum building height block-
ing LoS, W is the street width, and θ is the elevation angle
between the UAV and UE. This estimation identifies crit-
ical urban structural limits affecting UAV communication
reliability. To determine the probability of LoS for a single
building, the model uses a closed-form expression that incor-
porates the statistical distribution of building heights in the
environment, as denoted in Eq. (2):

Ps
LoS(θ , W , B) � 1 −

√
π

2

γ

Hbmax 1
er f

(
Hbmax 1√

2γ

)
(2)

where Ps
LoS(θ , W , B) is the probability of LoS for a single

building, B indicates a building width γ is the scale parame-
ter of the Rayleigh distribution representing building height
variability, and er f is the error function. In dense urban envi-
ronments, multiple buildings obstruct the UAV-to-UE path,
requiring a generalized formulation to estimate LoS prob-
ability along the entire propagation path. Then, the model
considers the azimuth angle ϕ UAV andUE, which scales the
effective street width and building width in order to obtain
the azimuth aware LoS probability in Eq. (3).

Pri
LoS(θ , W , B, ϕ) �

n∏
i�1

PS
LoS(θ , Xri ′, w′)i (3)
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where ri denotes a region, ϕ is the azimuth angle, and Xri ′,
w′ are the effective street and building widths consider-
ing azimuth alignment. Finally, the overall 3D PLoS across
all urban regions is calculated to provide a comprehensive
measure of LoS availability in the UAV communication envi-
ronment, as represented in Eq. (4):

PLoS(θ , W , B) � WB

A

(
Pr1
LoS + Pr2

LoS

)
+
W 2

A

(
Pr3
LoS

)
(4)

where Pr1
LoS , P

r2
LoS and Pr3

LoS represent LoS probabilities in
different urban regions. This 3DGCPM framework is used
for the optimization of UAV trajectory planning and com-
munication optimization under realistic urban propagation
conditions, thus reducing intercell interference while con-
sidering the dynamic and kinematic constraints of the UAV.

3.2 Reinforcement Learning Integration

The F2MGDRL model enables UAV navigation in dynamic
environments by generating real-time, smooth, and collision-
free trajectories. It integrates FL for decentralized training,
meta-learning for fast adaptation, and graph neural networks
(GNN) to capture spatial relationships between UAVs and
obstacles. The training occurs in two stages: an offline phase
where UAVs collect data and update local policy networks,
followed by federated averaging to form a global model, and
an online phase where real-time inference is performed using
local observations processed through the GNN.

3.2.1 Federated Learning Model Training

FL [18] enables decentralized learning by allowing eachUAV
to train locally on its own navigation (N ) data while sharing
only model parameters with a central aggregator. The param-
eters from federated averaging in Eq. (5) combine to create a
global model which maintains data privacy while enhancing
security and enabling efficient collaborative learning among
UAVs without transmitting raw flight data:

N (u1, u2, ..., uV ) � 1

V

V∑
i�1

λi (ui ) (5)

where ui represents the weights of the local model trained
by UAV λi on the device i , and V denotes the total number
of participating UAVs. The collaborative learning strategy
allows UAVs to share model updates while preserving data
privacy, minimizing communication overhead, and ensuring
efficient learning, real-time responsiveness, and stable fleet
coordination every 100 rounds.

3.2.2 Meta-learning for Rapid Adaptation

Meta-learning enables rapid UAV adaptation by learning a
transferable initialization that quickly adjusts to new envi-
ronments. UsingMAML [19], task-specific gradients update
parameters as in Eq. (6), ensuring fast trajectory prediction
and efficient real-time navigation across diverse conditions:

θ̂ � Ø- α∇ØL
(
Ø

)
(6)

where θ̂ is an updated parameter, Ø is a meta-initialized
parameter, α is a learning rate for a task-specific update,
and L

(
Ø

)
represents a loss for a task under the model.

This process enables strong generalization from limited data
by optimizing a meta-objective that minimizes the summed
post-update losses across sampled tasks. The meta-gradient
in Eq. (7) refines the initialization, ensuring rapid adaptation
and high performance on new tasks β:

Ø ← Ø- β∇ØL
(
Ø

)
(7)

where β is a meta-learning rate dictating the update of an
outer loop. The meta-learning module allows rapid UAV
adaptation by fine-tuning 20MBof shared parameters within
8–10 s for real-time responsiveness. GNNs [20] model UAVs
and obstacles as nodes, capturing local avoidance and global
swarm coordination, supporting robust, collision-free, and
efficient trajectory planning. The framework of F2MGDRL
is represented in Fig. 2.

The GNNmodule enables UAVs to exchange local obser-
vations every 50ms, allowing each node to aggregate features
from nearby UAVs and obstacles for spatially informed
decision-making. This ensures real-time situational aware-
ness, coordinated trajectory planning, and avoidance of
conflicts. The communication frequency is optimized to bal-
ance rapid environmental updates with low communication
overhead, supporting stable and efficient multi-UAV naviga-
tion.

3.2.3 Multi-agent Deep Reinforcement Learning
for Real-Time Navigation

The system employs multi-agent deep reinforcement learn-
ing (MADRL) [21] with a decentralized partially observable
Markov decision process (Dec-POMDP) framework for con-
trolling multiple UAVs in dynamic environments. Using
local data like directional angles and rangefinder read-
ings, the MARDPG system incorporates LSTM networks
for enhanced policy development. The UAV is modeled as
a quadrotor with basic kinematic movements, with state
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Fig. 2 Framework of F2MGDRL

updates in Eq. (8):

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

ht+1 � ht + ρt

vt+1 � vt + τt

pt+1 � pt + ht × cos(ht+1) cos(vt+1)

qt+1 � qt + ht × sin(ht+1) cos(vt+1)

st+1 � st + ht × sin(vt+1)

(8)

where ht and vt denote the horizontal and vertical angles
of UAV at time t , ρt and τt represent a steering signal for
angles at time t , and pt , qt and st describe a UAV’s position
coordinates at time t . EachUAV’s observation space includes
directional angles, rangefinder perceptions, and the relative
position to the target point. Although the implementation
applies standardMADRL, theMARDPGalgorithm serves as
an advanced variant, incorporating LSTMnetworks to utilize
historical trajectories. Its policy gradient update for agent is
expressed in Eq. (9):

∇θi B(μi ) � Eu(G)

[
∇θi μθi

(
xi , t

∣∣gi , t )∇xi , tG
μ
i

(
g1, t , ..., gN , t , x1, t , ...xN , t

∣∣x � μθi

(
g1, t , ....gN , t

))]
(9)

where θi is a parameter of agent i policy network, Eu(G) is an
expectation over minibatch samples drawn uniformly from
replay buffer, B(μi ) illustrates an expected return objec-
tive for agent i , μθi represents a policy function of agent
i , xi , t signifies an action done by agent i at time t , gi , t is
an observation history of agent, Gμ

i denotes a critic function
for agent i , g1, t , ..., gN , t indicates an observation history
of all agents, and x1, t , ...xN , t describes the actions of all
agents. The reward function is designed to ensure collision
avoidance, target approach, smooth navigation, and energy
efficiency, as mentioned in Eq. (10):

Rt � w1Rtarget + w2Rcollision + w3Rsmooth + w4Rexplore

(10)

where Rtarget denotes rewards approaching the target,
Rcollision penalizes proximity to obstacles, Rsmooth encour-
ages smoothmotion and trajectory stability, Rexplore rewards
safe exploration of the environment, and w1,w2,w3,w4 are
weighting coefficients controlling the importance of each
term. The reward function provides a dense feedback sig-
nal for the agent, accelerating convergence and guiding safe,
efficient trajectory planning in dynamic urban environments.
The actor-critic parameter updates for an agent i are given in
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Eq. (11):

θi ← θi + α · ∇θi J (θi ) (11)

where θi represents a parameter of an agent’s (i)
( i
a

)
policy

network, αQc is a learning rate, and ∇θi J (θi )∇θi J (θi ) is a
gradient of an objective function J (θi )J (θi ) with respect to
a policy parameter. The actor optimizes UAV policy actions
for maximum return, while the critic minimizes temporal-
difference errors, ensuring stable learning. Together, they
enable adaptive, collision-free, and smooth navigation in
dynamic urban environments. The critic network loss func-
tion (L(θi )) ((mathcal I (θi ))) is defined in Eq. (12):

L(θi ) � Eu(G)

[(
Gμ

i

(
g1, t , ...gN , t , x1, t , ..., xN , t

) − yi , t
)2]
(12)

where Gμ
i is a current critic value estimate, and yi , t denotes

a target critic value. The multi-objective cost function min-
imizes travel distance, smoothness deviation, collision risk,
motion uncertainty, and communication loss, with 3DGCPM
adding a communication penalty. AEAO refines smoothness,
enabling real-time, scalable, and stable UAV navigation in
highly dynamic urban environments.

3.3 Adaptive Smoothness Control

The F2MGDRL framework incorporates an adaptive control
module to regulate UAV trajectory smoothness using real-
time feedback. The AEAO [22] refines the policy outputs
from F2MGDRL, adjusting trajectory points to minimize
jerk, curvature, and accelerationvariations.Amulti-objective
fitness function evaluates candidate trajectories, selecting the
optimal path that ensures smooth, stable, and energy-efficient
navigation, with an initialization population detailed in Eq.
(13):

A(0)
i � lb + (ub − lb)�vi (13)

where A(0)
i represents an initial position of i th search agents,

lb and ub indicates a lower and upper bound, and vi denotes
a random vector. The adaptive factor (A ft ) for iteration t is
calculated in Eq. (14):

A ft �
√

t

Max iter
(14)

The adaptive factor progressively increases while remain-
ing controlled, allowing the adaptation rate to respond to
system states and enhance path smoothness. The fitness func-
tion from Eq. (15) evaluates each candidate trajectory by

measuring three elements, which are smoothness and dis-
tance, and collision avoidance, and these three elements
support the global optimization goal that the critic loss in
Eq. (12) establishes:

F(A) � Minimize(loss(w1 × D(X ) + w2 × C(X ) + w3 × S(X )))
(15)

where D(X ) represents the travel distance, C(X ) describes
the collision avoidance cost, S(X ) indicates the smoothness
cost, and w1,w2,w3 are the weights. The fitness function
integrates travel distance, collision avoidance, and smooth-
ness S(X ), guiding UAVs to select the shortest, safest, and
smoothest paths. Incorporating UAV motion constraints in
AEAO ensures minimized abrupt turns, enhancing energy
efficiency, flight stability, and overall navigation perfor-
mance. These constraints include a maximum jerk limit j
(t) ≤ jmax, maximum acceleration limit a(t) ≤ amax, and a
curvature bound defined in Eq. (16):

k(t) � x ′(t)y′′(t) − y′(t)x ′′(t)(
x ′(t)2 + y′(t)2

)3/2 , k(t) ≤ kmax (16)

where x ′(t),y′(t) are the UAV’s velocity components, y′′
(t),x ′′(t) are the UAV’s acceleration components, k(t) mea-
sures how sharply the path bends, and kmax is the maximum
allowable curvature. A higher curvature value is associated
with a sharp or abrupt turn. At each iteration t , the objective
function values of both candidate positions are evaluated.
The better position between these two candidates is selected
as the updated candidate position, as defined in Eq. (17):

A(t)
i , update �

⎧⎨
⎩

A(t)
i , 1, i f F

(
A(t)
i , 1 < F

(
A(t)
i , 2

))

A(t)
i , 2, otherwise

(17)

where A(t)
i , update represents an improved candidate position

and F(.) indicates an objective function. In AEAO, substrate
positions are constrained within bounds to ensure feasible
solutions. Iterativeminimization of curvature and jerk refines
F2MGDRL paths, producing smooth, energy-efficient, and
collision-free UAV trajectories suitable for complex urban
environments. The framework defines clear state repre-
sentations, reward functions, optimization constraints, and
communication parameters, with the RL policy network con-
trolling velocity and direction while AEAO enforces jerk,
acceleration, and curvature limits.

123



International Journal of Aeronautical and Space Sciences

Table 1 Experimental parameter settings

Parameters Values

UAV maximum jerk 10 m/s3

UAV maximum acceleration 5 m/s2

Data size per UAV 2000

Central frequency 5 GHz

No. of source: destination UAVs 10–100 UAVs

Rounds of FL training 100

UAV average speed 15 m/s

Propagation model 3DGCPM

Optimizer Adaptive enzyme action optimizer

Cellular communication range 1500 m

Communication frequency Updates every 100 rounds

Model size per UAV 20 MB

Computational requirements per UAV 10 s per training round

Static obstacles 10, 20, 30, 40 (mapped to complexity levels 1–4)

Dynamic obstacles 5, 10, 15, 20 (mapped to complexity levels 1–4)

Obstacle shapes Cuboid (5–20 m), cylindrical (radius 2–8 m)

UAV initial distribution Uniform random across 2 km × 2 km grid

UAV goal distribution Opposite-quadrant destination assignment

Environment complexity levels Level 1 (low obstacles, low NLOS), Level 2 (moderate obstacles, moderate NLOS), Level 3 (high
obstacles, high NLOS)

NLOS conditions Low, moderate, high

Wind speed 0–10 m/s

Obstacle location type Random/fix locations

Transmission power 10 dBm

4 Experimental Outcome Analysis

The experimental analysis evaluates key metrics such as
trajectory smoothness, collision avoidance, and communi-
cation reliability based on the proposed cost function. The
F2MGDRL framework demonstrates improved optimiza-
tion performance in real-time conditions. Simulations were
implemented in Python 3.11 using Anaconda and Spyder
on an Intel Core i7-6700 CPU with 16 GB RAM. The
experiments were conducted in a 2 km × 2 km grid environ-
ment with UAV swarm sizes ranging from 10 to 100 agents,
navigating between assigned points under varying obstacle
densities and environmental conditions. Training involved
100 federated learning rounds with periodic model synchro-
nization. Table 1 outlines the parameter settings.

The results show that the proposed framework outper-
forms existing methods consistently, with federated learning
and deep reinforcement learning running offline on edge
servers, while UAVs perform online inference. The system
achieves an average decision-making time of 15–20 s, ensur-
ing alignment with standard control-loop limits and UAV
platform capabilities.

4.1 Performance Evaluation

The assessment tested the system across multiple trials and
ablation studies, demonstrating consistent performance and
resilience against dynamic obstacles, NLOS conditions, and
multi-UAV interference, ensuring reliable real-world opera-
tion.

Navigation results analysis
The navigation results analysis evaluates the performance

of the proposed approach by comparing trajectory accuracy,
reliability, and overall effectiveness with existing methods in
dynamic environments.

Figure 3a demonstrates the superiority of F2MGDRL-
AEAO, achieving the lowest MSE from 0.10 at 20 UAVs to
only 0.25 at 90 UAVs, while competing methods rise sharply
to 1.10–1.55. The results in Fig. 3b show that the system
produces its shortest trajectory lengths, which are 97 m, 74
m, and 70 m, thus proving that it creates smoother and more
efficient paths.

Table 2 shows the performance of various methods across
different environmental complexity levels. Level 1 has fewer
static and dynamic obstacles with lower NLOS interference,
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(a) (b)

Fig. 3 Performance comparison: a MSE, b trajectory length

(a) (b)

Fig. 4 Navigation performance comparison: a average path length,
b average velocity consistency

while Levels 2–4 progressively increase the complexity. As
the environment becomesmore challenging, the F2MGDRL-
AEAO method consistently outperforms others in mission
success rate, collision rate, and path length. In contrast, the
other methods experience significant performance degrada-
tion as the complexity level increases.

Figure 4 depicts the navigation performance comparison.
In Fig. 4a, for average path length, DDQN [9] reports 95 m,
PPO+LSTM [10] reports 85 m, RL-CN [11] reports 70 m,
andK-MORP [12] reports 60m,whereas F2MGDRL-AEAO
reports the shortest path length at 40 m. For average velocity
consistency (%), in Fig 4b, DDQN reports 90%, PPO+LSTM
reports 92%, RL-CN reports 95%, and K-MORP reports
97%, whereas F2MGDRL-AEAO reports the highest veloc-
ity at 99%, demonstrating superior velocity stability during
navigation.

Adaptive smoothness analysis
This section presents the evaluation andperformance anal-

ysis of the proposed adaptive smoothness control approach.
This approach is quite effective in generating stable, smooth,
and feasible UAV trajectories.

Table 3 presents a comparison of UAV trajectory smooth-
ness and adaptive control metrics across different optimiza-
tion algorithms. The crested porcupine optimizer (CPO),
artificial protozoa optimizer (APO), pied kingfisher opti-
mizer (PKO), and the proposed AEAO are evaluated. The
AEAO achieves the lowest mean jerk and path deviation,
along with the shortest trajectory length, demonstrating
smoother, more stable paths and higher reliability, highlight-
ing its superior performance for UAV navigation tasks.

Table 4 compares centralized MADDQN, central-
ized MADRL, and the proposed F2MGDRL-AEAO. The
F2MGDRL-AEAOoutperforms both baselines with a 98.7%
mission success rate, lower collisions, smoother and shorter
trajectories, and faster convergence, achieving 90% success
in 110 episodes versus 180–220 for centralized methods,
demonstrating the advantages of federatedmeta-learning and
GNN cooperation for real-time UAV trajectory planning.

Table 5 displays that the increasing environment complex-
ity significantly lowers the performance of the centralized
methods; at Level 4, Centralized-MADDQNdrops to 80.3%,
while F2MGDRL-AEAO maintains a 93.4% success rate
with lower collision levels, which testifies to stronger robust-
ness, scalability, and adaptability compared to centralized
approaches.

Table 6 summarizes the averaged results over multiple
independent runs with fixed random seeds to ensure statisti-
cal reliability across all communication channel conditions.
The proposedF2MGDRL-AEAOyields higher success rates,
lowerMSE, and smoother trajectories with smaller variances
compared to DDQN [9] and RL-CN [11], thus manifesting
stability, generalizing better to dynamic 3D environments,
and turning out more reliable in decision-making under
uncertainty.
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Table 3 UAV smoothness metrics analysis

Algorithms Mean jerk
(m/s3)

Jerk Std
Dev
(m/s3)

Mean path
deviation
(m)

Path
deviation
Std Dev
(m)

Mean
smoothness
index

Smoothness
Std Dev

Trajectory
length (m)

Max
curvature
(%)

Computation
time (s)

CPO [23] 1.42 0.06 0.68 0.04 0.72 0.02 85.3 0.72 102.4

APO [24] 1.36 0.05 0.64 0.03 0.75 0.02 87.5 0.75 35.6

PKO [25] 1.29 0.04 0.61 0.03 0.77 0.01 86.2 0.70 29.4

AEAO
(pro-
posed)

1.12 0.03 0.53 0.02 0.83 0.01 83.9 0.66 24.2

Table 4 Fair performance
comparison under identical
training budget and conditions

Metric Centralized-MADDQN Centralized-MADRL F2MGDRL-AEAO
(proposed)

Mission success rate (%) 87.3 89.4 98.7

Collision rate (%) 18.6 14.8 4.6

Avg. path length (m) 61.5 58.2 43.1

Average trajectory error
(m)

1.62 1.41 0.92

Smoothness index 0.68 0.71 0.86

Processing time (s) 54.3 51.2 45

Real-time
responsiveness (ms)

50.7 49.3 43.1

Convergence episodes
(90% success)

220 180 110

Table 7 presents a comparison of the performances of
DDQN [11], RL-CN [13], and F2MGDRL-AEAO under
realistic cellular network environments. It is observed that the
communication delays for F2MGDRL-AEAO are the low-
est, along with minimal packet loss and handover cases. This
indicates the robustness of the F2MGDRL-AEAO approach
for providing stable UAV navigation through the cellular net-
work.

Table 8 demonstrates the scalability of the F2MGDRL-
AEAO framework across varying UAV swarm sizes.
The method maintains high mission success rates (above
97.2%) even with 100 UAVs, ensuring reliable coor-
dination and collision avoidance. Path lengths increase
marginally (41.7–46.0m), while trajectory error remains low
(0.83–1.00 m) and the smoothness index stays above 0.84.
Although the collision rate rises slightly (3.6–5.2%), these
results highlight the framework’s efficient, scalable, and safe
multi-UAV navigation.

Table 9 presents a computational complexity analysis of
the proposed F2MGDRL-AEAO method compared to exist-
ing approaches. The F2MGDRL-AEAO method achieves
a computation time of 24.5 s, which is lower than DDQN
(35.4 s) and PPO+LSTM (38.2 s). It utilizes 38.5 GFLOPs

and 2.9 million parameters, while optimizing energy con-
sumption at 10.2 J and requiring 45 MB of memory. These
trade-offs enhance scalability and adaptability, making the
method well suited for decentralized UAV navigation in
dynamic environments.

4.2 Ablation Study

In the present research, an ablation study is conducted to
evaluate the contribution of each of the major components in
the proposed F2MGDRL framework by deleting or replacing
each of the major modules in turn.

As shown in Table 10, each component in the proposed
F2MGDRLframework, namelyFLmeta-learning,GNN, and
AEAO, improves performance significantly. Removing any
module increases trajectory error, reduces smoothness, and
lowers mission success. The complete F2MGDRL achieves
a 98.7% mission success rate, and 0.92 m trajectory error,
reflecting improved computational efficiency and real-time
responsiveness.
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Table 5 Environment complexity comparison between centralized and federated approaches

Env level Method Success rate (%) Collision rate (%) Avg. path length (m) MSE Smoothness index

Level 1 MADDQN 92.4 11.3 56.8 0.87 0.69

MADRL 94.1 9.2 52.4 0.74 0.73

F2MGDRL-AEAO 98.5 3.1 38.7 0.52 0.85

Level 2 MADDQN 89.5 14.7 63.3 1.02 0.67

MADRL 90.3 12.5 60.8 0.89 0.70

F2MGDRL-AEAO 97.3 5.4 44.5 0.61 0.83

Level 3 MADDQN 85.7 17.6 71.9 1.30 0.65

MADRL 87.8 15.8 68.4 1.12 0.69

F2MGDRL-AEAO 95.2 7.1 50.1 0.78 0.81

Level 4 MADDQN 80.3 20.1 79.2 1.62 0.61

MADRL 82.5 18.3 76.1 1.45 0.67

F2MGDRL-AEAO 93.4 9.5 58.7 1.02 0.79

Table 6 Statistical results across
multiple runs Method Success rate (mean ± SD) MSE (mean ± SD) Trajectory smoothness

(mean ± SD)

DDQN [9] 0.82 ± 0.04 0.137 ± 0.012 0.214 ± 0.018

RL-CN [11] 0.87 ± 0.03 0.119 ± 0.009 0.196 ± 0.015

F2MGDRL-AEAO
(proposed)

0.94 ± 0.02 0.091 ± 0.007 0.142 ± 0.010

Table 7 Communication
performance comparison under
cellular network conditions

Method Avg. communication
delay (ms)

Packet loss rate (%) Handover events per
mission

DDQN [9] 120 3.5 8

RL-CN [11] 105 2.8 6

F2MGDRL-AEAO
(proposed)

95 1.5 4

5 Discussion

The proposed F2MGDRL-AEAO framework consistently
outperforms in navigation accuracy, communication effi-
ciency, smoothness, and robustness across various UAV
densities and environmental complexities. Figure 3 shows

high throughput and low delay, while Fig. 4 confirms mini-
malMSE and reduced trajectory length. Table 2 shows strong
generalization with higher success rates and lower collision
levels under NLOS conditions. The adaptive smoothness
mechanism in Table 3 yields the lowest jerk, and Table 4
highlights improvedmission successwith rapid convergence.

Table 8 Performance evaluation
of the proposed framework under
varying UAV sizes

UAV
count

Mission
success
rate (%)

Avg path
length (m)

Avg
mission
time (s)

Trajectory
error (m)

Smoothness
index

Collision
rate (%)

10 98.5 41.7 31.6 0.83 0.89 3.6

25 98.2 42.6 33.9 0.87 0.88 4.0

50 97.9 43.8 36.4 0.92 0.87 4.4

75 97.6 44.9 38.8 0.96 0.85 4.8

100 97.2 46.0 41.2 1.00 0.84 5.2
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Table 9 Computational complexity analysis with existing methods

Method Flops (G) Parameters (M) Computation time (sec) Energy consumption (J) Memory usage (MB)

DDQN [9] 42.6 3.2 35.4 12.5 35

PPO + LSTM [10] 39.1 4.0 38.2 14.3 38

RL-CN [11] 41.3 3.8 33.1 13.7 41

K-MORP [12] 44.8 4.2 31.7 15.2 43

F2MGDRL-AEAO
(proposed)

38.5 2.9 24.5 10.2 45

Table 10 Ablation study analysis
on F2MGDRL components Method Mission success rate

(%)
Average trajectory
error (m)

Smoothness
index

Real-time
responsiveness
(s)

Baseline
MADRL

85.4 1.43 0.68 45

W/O FL 90.1 1.25 0.73 48.9

W/O Meta 92.5 1.18 0.76 47.2

W/O GNN 91.4 1.22 0.71 46.8

W/O AEAO 93.2 1.15 0.79 47.5

Proposed
F2MGDRL

98.7 0.92 0.86 43.1

Even in high-complexity settings (Table 5), it outperforms
centralized methods. Stability is verified in Table 6 through
low variance, and Table 7 confirms efficient communication.
The framework shows scalability, adaptive learning, and real-
time capability with a 45 s processing time, proving resilient
to environmental and communication uncertainties. How-
ever, initial model training is computationally demanding,
and real-time navigation remains sensitive to extreme envi-
ronmental uncertainties.

6 Conclusion

In this research, a hybrid deep learning-based real-time nav-
igation framework was developed to enhance UAV perfor-
mance in dynamic urban environments. The proposed system
integrates a multi-objective cost function with FF2MGDRL
and AEAO for smooth and reliable trajectory planning.
Cellular network signals are leveraged to overcome GPS
limitations, while 3DGCPM effectively mitigates intercell
interference. The framework enables decentralized training
across UAVs, ensuring data privacy, rapid adaptability, and
robust coordination under varying environmental conditions.
Performance evaluation confirms strong results, including a
98.7% mission success rate, 45 s processing time, 99.95%
reliability, low trajectory error, and high smoothness with

excellent real-time responsiveness. These outcomes demon-
strate superior stability, reduced control chatter, and con-
sistent navigation efficiency even in challenging scenarios.
Futureworkwill focus on real-world large-scale deployment,
enabling heterogeneous multi-UAV cooperation, and incor-
porating energy-aware learning strategies. Additionally, the
integration of emerging 6Gcommunication technologieswill
be explored to enhance connectivity, reduce latency, and sup-
port intelligent air traffic management, further improving the
safety and efficiency of autonomous UAV operations.
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