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Abstract 

Unmanned aerial vehicles (UAVs) integrated with vehicular edge computing (VEC) in 6G-enabled 
Intelligent Transportation Systems (ITS) offer a resilient platform to enhance urban mobility, road safety, 

and public transport efficiency. Acting as agile edge nodes, UAVs enable low-latency communication, 
distributed intelligence, and adaptive coverage in dynamic and infrastructure-limited environments. 
Nevertheless, challenges such as UAV energy constraints, intermittent connectivity, and heterogeneous data 

distributions persist. This paper presents a generative adversarial network (GAN)-enhanced Multi-Agent 
Deep Reinforcement Learning (MADRL) framework for UAVassisted VEC in 6G-enabled ITS. The 
proposed framework aims to minimize UAV energy consumption and network latency while ensuring 

reliable connectivity and accurate traffic prediction. Specifically, it jointly addresses traffic prediction, UAV 
path planning, and computational offloading (TPCO), formulated as a Markov Decision Process (MDP). 
UAVs, vehicles, and edge servers operate as decentralized agents that learn collaboratively to optimize 
latency, energy consumption, and connectivity. GAN modules enrich sparse and heterogeneous datasets, 

thereby improving training robustness and convergence. The simulation results indicate that the proposed 
GAN-MADRL framework achieves about 30% better traffic-prediction accuracy, 35% higher energy 
efficiency, and 40% lower latency compared to CDL, FL, PPO, and Greedy baselines. 

Keywords: Generative Adversarial Networks, Vehicular Edge Computing, Intelligent Transportation 

Systems, UAV trajectory optimization, Traffic prediction 

 

I. Introduction 

The evolution of sixth-generation (6G) wireless networks is ushering in a new era of resilient and Tsmart 

transportation systems, driven by the convergence of artificial intelligence (AI), the Internet of Things 

(IoT), and sustainable technologies. These developments are reshaping urban mobility, road safety, and 

public transport efficiency by enabling ultra-reliable, low-latency, and high-capacity connectivity across 

densely distributed and heterogeneous mobile agents (Jha et al., 2024; Mohammadisarab et al., 2024). Core 
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6G technologies—such as terahertz (THz) communication, massive machine-type communication 

(mMTC), and ultra-reliable lowlatency communication (URLLC)—provide the foundation for time-

sensitive Intelligent Transportation Systems (ITS) services, including autonomous driving, vehicle-to-

everything (V2X) communication, and real-time traffic management (Creß et al., 2023; Han et al., 2023). 

In parallel, Vehicular Edge Computing (VEC) has emerged as a distributed paradigm that decentralizes 

computation by offloading data processing from the cloud to network edges. This paradigm enhances 

responsiveness, reduces communication latency, and enables localized, intelligent decision-making within 

smart cities (Rezaee et al., 2024). To further strengthen flexibility and resilience, Unmanned Aerial Vehicles 

(UAVs) are increasingly integrated into VEC as aerial edge nodes, providing dynamic coverage, adaptive 

computation offloading, and connectivity support in infrastructure-limited or emergency-prone areas (Hu 

et al., 2021; Yan et al., 2024). The integration of UAVs with 6G-enabled VEC forms an agile, scalable, and 

sustainable architecture that improves urban mobility management, supports emergency responses, and 

enables real-time coordination among connected vehicles (Liu et al., 2024; Wang et al., 2023). 

AI-driven analytics and IoT-enabled sensing empower UAV-assisted ITS to manage traffic, predict 

mobility, and maintain resilience against congestion or disruptions. Federated learning (FL) enables 

privacypreserving, distributed model training among UAVs and vehicles without central aggregation (Ali 

et al., 2024). When combined with GANs and attention mechanisms (Ali et al., 2025), these systems 

enhance prediction accuracy, adaptability, and robustness under dynamic, non-IID conditions. Integrated 

with 6G’s multi-hop and edgeintelligent infrastructure, they promote greener and more adaptive ITS 

operations. 

A. Challenges 

Despite remarkable advancements in AI-driven edge intelligence, existing UAV-assisted VEC approaches 

in 6G-enabled ITS still face significant challenges in scalability, communication efficiency, and learning 

stability under high mobility and heterogeneous data. The presence of non-independent and identically 

distributed (non-IID) and sparse local datasets collected by UAVs and vehicles limits model generalization 

and slows convergence in distributed learning. Furthermore, UAVs operate under strict energy and mobility 

constraints, making it difficult to balance computation offloading, communication scheduling, and 

trajectory planning in highly dynamic and resource-limited environments. In addition, frequent model 

updates and high communication overhead in traditional centralized or synchronous federated schemes 

introduce latency and bandwidth congestion, reducing real-time responsiveness and scalability. Ensuring 

robustness, privacy, and adaptability under rapidly changing traffic and environmental conditions remains 

a critical challenge. 

B. Motivation 
Despite advances in AI-driven edge intelligence, existing approaches remain insufficient for UAVassisted 

VEC in large-scale, dynamic 6G-enabled ITS. Centralized Deep Learning (CDL) causes excessive 

communication overhead, privacy risks, and latency due to continuous data exchange (Betalo et al., 2021), 

while Federated Learning (FL) suffers from synchronization delays and degraded accuracy under non-IID 

and mobile conditions (Shinde & Tarchi, 2023). Reinforcement Learning (RL) methods such as DQN and 

PPO offer adaptability but converge slowly and become unstable in multi-agent real-time scenarios (Betalo 

et al., 2022; Fakirah et al., 2023; Guan et al., 2023). To address these issues, this work proposes a GAN-

enhanced Multi-Agent Deep Reinforcement Learning (GAN-MADRL) framework in which UAVs 

function as collaborative edge nodes that jointly optimize traffic prediction, trajectory planning, and 

computation offloading under energy and mobility constraints. GAN-based data augmentation improves 

robustness and generalization, while decentralized coordination enhances scalability, energy efficiency, and 

communication resilience, enabling resilient and sustainable ITS for nextgeneration urban mobility. 

C. Key Contributions 
The main contributions of this work are summarized as follows: 
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We propose a novel GAN-based MADRL framework for UAV-assisted VEC in 6G-enabled ITS. This 

framework enables decentralized, privacy-preserving, and communication-efficient learning across UAVs, 

vehicles, and edge servers, supporting real-time decision-making under dynamic and resourceconstrained 

conditions.  

We formulate a joint optimization problem for Traffic prediction, Path planning, and Computational 

offloading (TPCO) by modeling the system as a Markov Decision Process (MDP) within a MADRL 

paradigm. This design allows decentralized agents (UAVs, vehicles, and edge servers) to collaboratively 

make energy-efficient and latency-aware decisions, enhancing scalability in highly dynamic ITS 

environments.  

To address data heterogeneity and sparsity, we integrate GAN modules at the edge to generate realistic 

mobility and traffic patterns. This augmentation improves local model generalization, accelerates 

convergence, and enhances prediction accuracy in non-IID environments.  

Extensive simulations demonstrate that the proposed GAN-MADRL framework significantly outperforms 

CDL, FL, PPO, and and greedy baselines. It achieves faster convergence, reduced communication 

overhead, and higher scalability under dense agent deployments and dynamic traffic patterns, validating its 

effectiveness for real-time, large-scale 6G-enabled ITS.  

Recent advancements in UAV-assisted VEC for 6G-enabled ITS have focused on optimizing task 

offloading, trajectory planning, and resource management to enhance communication efficiency and energy 

performance (Betalo et al., 2024). However, most existing DRL- and scheduling-based UAV-assisted ITS 

frameworks lack scalability, privacy preservation, and robustness under non-IID data distributions and high 

mobility. FL approaches (Zhang et al., 2023) have emerged to mitigate data sharing and privacy concerns, 

yet they largely rely on synchronous updates, which are unsuitable for dynamic and heterogeneous 

vehicular environments. Asynchronous and incremental FL variants, such as ASYFED (Li et al., 2022), 

diversity-driven (Lei et al., 2022), and K-asynchronous methods (Chen et al., 2024), have improved 

scalability and convergence but still struggle with joint task coordination and real-time adaptability. 

Meanwhile, generative approaches (Betalo, Ullah, et al., 2025) demonstrate promise for mitigating data 

sparsity at the edge but remain underexplored for multi-agent ITS optimization. Likewise, joint 

optimization studies on UAV trajectory and resource allocation (Betalo et al., 2023) often employ 

centralized or static schemes that cannot cope with the dynamic, distributed, and large-scale nature of next-

generation ITS. To bridge these gaps, our proposed GAN-based IFL framework introduces a decentralized, 

asynchronous learning paradigm enhanced with GAN-driven data augmentation to ensure robust, scalable, 

and privacypreserving coordination across UAVs, vehicles, and edge servers. By jointly optimizing traffic 

prediction, UAV trajectory planning, and computational offloading, it achieves superior adaptability, 

energy efficiency, and latency reduction compared to conventional CDL, FL, PPO, and greedy methods, 

making it well-suited for real-time 6G-enabled ITS. 

II. System Model 
We consider a 6G-enabled UAV-assisted Vehicular Edge Computing (VEC) system comprising vehicles 

((V)), UAVs ((U)), and edge servers ((E)). Vehicles collect local traffic data, UAVs act as mobile edge 

nodes for monitoring and computation, and edge servers coordinate global optimization. Within the 

proposed GANMADRL framework, these agents collaboratively perform real-time traffic prediction, 

trajectory planning, and computational offloading, as illustrated in Figure 1. 

 

A. Communication Model 
Three communication modes are considered: Ground-to-Air (G2A), Air-to-Ground (A2G), and Air-to-
Air (A2A). Their channel capacities are modeled as: 

   ! 
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𝑃𝑥 · 𝐺𝑥,𝑦 

 𝐶𝑥,𝑦(𝑡) = 𝐵 · log2 1 + 𝛾 , (1) 

𝑁0 · 𝑑𝑥,𝑦 

where 𝑃𝑥 is the transmission power of node 𝑥, 𝐺𝑥,𝑦 the channel gain, 𝑁0 noise power, 𝑑𝑥,𝑦 the distance 
between nodes, and 𝛾 the path loss exponent. A minimum capacity constraint 𝐶𝑥,𝑦(𝑡) ≥ 𝐶min ensures reliable 
federated updates and low-latency communication. 

 

Fig. 1: Proposed GAN-MADRL-Driven UAV-Assisted VEC in 6G Networks. 

B. Traffic and Trajectory Models 

Traffic state prediction is defined as 

 𝑇 (𝑡 + 1) = 𝑓 𝑇 (𝑡), utraffic(𝑡), Dlocal(𝑡), (2) 

where 𝑓 (·) is implemented via ML models enhanced by GAN-generated samples. Vehicle trajectory 

forecasting follows accounting for propulsion, communication, and control overhead. 

This system model enables cooperative GAN-MADRL optimization of traffic prediction, UAV path 

planning, and computation offloading in dynamic ITS environments. 

III. Problem Formulation 
We formulate a multi-objective optimization problem for UAV-assisted VEC in 6G-enabled ITS, aiming 
to jointly optimize TPCO. The primary objectives are to minimize UAV energy consumption and network 

x𝑖(𝑡 + 1) = 𝑔 x𝑖(𝑡), u𝑖(𝑡), R𝑖(𝑡), where 

𝑔(·) uses vehicle dynamics and road context. For UAVs, the state evolves as 

(3) 

x𝑢(𝑡 + 1) = x𝑢(𝑡) + 

Δ𝑡 · 𝑣𝑢(𝑡), with energy consumption modeled by 

(4) 

𝐸𝑢(𝑡) = ℎ x𝑢(𝑡), 𝑣𝑢(𝑡), u𝑢(𝑡), 
(5) 
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latency while ensuring accurate predictions and reliable connectivity. Let 𝑇 (𝑡 + 1) and 𝑇ˆ(𝑡 + 1) denote the 
actual and predicted traffic states, and x𝑖(𝑡 + 1) and xˆ𝑖(𝑡 + 1) the actual and predicted trajectories of vehicle 
𝑖. The energy consumed by UAV 𝑢 at time 𝑡 is given by 𝐸𝑢(𝑡). The joint optimization problem is expressed 
as: 
P1: 

min
𝑇,𝑇̂, 𝑥𝑖, 𝑥𝑢

[𝛼 ∑ ∑ 𝐸𝑢

𝑢∈𝒰
𝑡

(𝑡) + 𝛽Θ(𝑡)] (6a) 

 
subject to: 

C1:  𝐸𝑢(𝑡) ≤ 𝐸max,  ∀𝑢 ∈ 𝒰,  𝑡 (6b) 

C2:  𝑥𝑢(𝑡 + 1) = 𝑥𝑢(𝑡) + Δ𝑡 𝑣𝑢(𝑡),  ∀𝑢 ∈ 𝒰,  𝑡 (6c) 

C3:  𝐷 (𝑥𝑢 , (𝑡)𝑥𝑖(𝑡)) ≤ 𝐷max,  ∀𝑢 ∈ 𝒰,  𝑖 ∈ 𝒱,  𝑡 (6d) 

C4:  𝑥𝑖(𝑡 + 1) ∈ ℛroad,  ∀𝑖 ∈ 𝒱,  𝑡                           (6e) 

C5:  ∑ 𝐸𝑢

𝑡

(𝑡) ≤ 𝐸total,  ∀𝑢 ∈ 𝒰.                             (6f) 

   C6: ∑ₜ ‖T(t + 1) − T̂(t + 1)‖² ≤ εtraffic,                             (6g) 

   C7: ∑ᵢ∑ₜ ‖xᵢ(t + 1) − x̂ᵢ(t + 1)‖² ≤ εtraj,      (6h) 

   C8: ηᵤ(t) ≤ ηᵤthr,    ∀u, t.        (6i) 

In the optimization problem (P1), the constraints ensure feasibility, safety, and efficiency in UAV-assisted 

VEC for 6G-enabled ITS. 𝐶1 limits the instantaneous energy consumption of UAVs to remain within their 

maximum power budgets, ensuring sustainable operation. 𝐶2 enforces the UAV kinematic model, where 

the next position depends on velocity and time-step updates. 𝐶3 guarantees reliable connectivity by 

restricting the UAV–vehicle distance to within a maximum communication range. 𝐶4 ensures that 

predicted vehicle trajectories remain inside feasible road regions, maintaining realistic and safe mobility 

patterns. 𝐶5 bounds the cumulative energy consumption of UAVs over the operation period, preserving 

long-term mission endurance. 𝐶6 constrains the traffic prediction error between actual and predicted 

states, ensuring high forecasting accuracy. 𝐶7 similarly bounds the mean-squared error of vehicle 

trajectory predictions, maintaining reliable trajectory forecasting. Finally, 𝐶8 ensures that the 

communication and processing load on each UAV does not exceed a predefined threshold, thereby 

promoting energy-aware and stable operation during collaborative decision-making. 

IV. Proposed Method: GAN-MADRL 
To address the optimization problem in Section III, the UAV-assisted VEC system in 6G-enabled ITS is 
modeled as a MDP [24]. UAVs, vehicles, and edge servers act as decentralized agents that interact 
asynchronously with the environment, optimizing energy efficiency, latency, and trajectory accuracy. 
GAN modules at UAVs and edge nodes generate synthetic traffic and mobility data to overcome non-IID 
and sparse datasets, improving learning stability and convergence. The proposed GAN-MADRL 
framework integrates actor–critic learning with asynchronous coordination, enabling scalable, energy-
aware, and adaptive optimization. This results in stable convergence, reduced communication overhead, 
and enhanced robustness for intelligent and sustainable ITS operations in dynamic 6G environments. 

A. MDP Formulation 
The MDP is represented by the tuple (S, A, P, R, 𝛾): 

• State (𝑠𝑡 ∈ S): At time 𝑡, the system state is defined as 
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                          𝑠𝑡 = (𝑇𝑡,𝑉𝑡,𝑈𝑡,𝐶𝑡), (7) 

where 𝑇𝑡 denotes the traffic state (e.g., congestion levels, flow rates), 𝑉𝑡 captures vehicle positions and 
velocities, 𝑈𝑡 represents UAV positions and velocities, and 𝐶𝑡 includes communication metrics such as 
bandwidth, SNR, and latency. 

• Action (𝑎𝑡 ∈ A): The joint action space is 

                        𝑎𝑡 = (𝑎𝑉, 𝑎𝑈, 𝑎𝐸), (8) 

where 𝑎𝑉 includes vehicle routing or speed control, 𝑎𝑈 represents UAV trajectory and energy allocation, 
and 𝑎𝐸 denotes edge server actions such as model aggregation and resource scheduling.  

• Transition Function (P): The transition probability 𝑃(𝑠𝑡+1|𝑠𝑡, 𝑎𝑡) models the stochastic evolution 
of the system based on vehicular mobility, wireless channel dynamics, and UAV decisions. 

• Reward Function (R): The reward is designed to balance multiple objectives: 

                    𝑅(𝑠𝑡
, 𝑎𝑡) = 𝛼1𝑅traffic + 𝛼2𝑅traj + 𝛼3𝑅energy + 𝛼4𝑅latency,                (9) 

where 𝑅traffic penalizestrafficpredictionerror, 𝑅traj penalizestrajectoryforecastingerror, 𝑅energy accounts 
for UAV energy consumption, and 𝑅latency captures network delay. The coefficients 𝛼𝑗 are tunable to 
prioritize different trade-offs. 

• Discount Factor (𝛾): Ensures long-term optimization of cumulative reward, with 0 < 𝛾 

≤ 1. 

B. GAN-Augmented Learning 
Each agent 𝑖 maintains a local dataset D𝑖, which is often sparse, imbalanced, and non-IID due to 

heterogeneous vehicular mobility and traffic variations. To overcome these challenges, a Generative 
Adversarial Network (GAN) is deployed at UAVs and edge nodes to synthesize realistic mobility and 
traffic samples. The generator 𝐺𝑖 learns to mimic real data distributions, while the discriminator 𝐷𝑖 

distinguishes between real and synthetic data. The adversarial objective is defined as: 

                  min𝐺𝑖 max𝐷𝑖 E𝑥∼D𝑖 [log 𝐷𝑖(𝑥)] + E𝑧∼N(0,1)[log(1 − 𝐷𝑖(𝐺𝑖(𝑧)))].      (10) 

The generator produces synthetic samples ˆ;, enriching the local dataset asaugˆ . This D𝑖 = 𝐺𝑖(𝑧 𝜙𝑖) D = D𝑖 

∪D𝑖 augmentation mitigates overfitting, accelerates convergence, and improves learning robustness under 
data𝑖 scarcity or communication delays. Moreover, the GAN-driven augmentation enhances prediction 
accuracy for rare traffic states and ensures balanced participation among agents in the distributed learning 
process. 

C. Multi-Agent DRL Optimization 
In the proposed GAN-MADRL framework, each agent learns an optimal policy 𝜋𝑖(𝑎|𝑠) to jointly optimize 
traffic prediction, UAV trajectory, and computational offloading. The value function (critic) is updated 
iteratively as: 

                 𝑄𝑖(𝑠𝑡, 𝑎𝑡) ← 𝑄𝑖(𝑠𝑡, 𝑎𝑡) + 𝛼𝑅(𝑠𝑡, 𝑎𝑡) + 𝛾 max𝑄𝑖(𝑠𝑡+1, 𝑎′) − 𝑄𝑖(𝑠𝑡, 𝑎𝑡),          (11) 

𝑎′ 

where 𝛼 is the learning rate and 𝛾 the discount factor. The reward 𝑅(𝑠𝑡, 𝑎𝑡) balances four critical 

objectives: energy efficiency, latency minimization, trajectory accuracy, and traffic prediction reliability, 

defined as 

              𝑅(𝑠𝑡
, 𝑎𝑡) = 𝛼1𝑅traffic + 𝛼2𝑅traj + 𝛼3𝑅energy + 𝛼4𝑅latency,                              (12) 

where 𝛼𝑗 are adaptive weights tuned via meta-learning for dynamic environments. Through decentralized 
actor–critic training, UAVs, vehicles, and edge servers collaboratively learn energy-efficient and low-
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latency policies. The GAN-enhanced state distribution improves value estimation, stabilizing 
convergence and reducing training oscillations. Figure 2 illustrates the overall architecture and 
cooperative learning mechanism. 

 
Fig. 2. GAN-enhanced MADRL-Framework. 

D. Training Pipeline 

The end-to-end GAN-MADRL learning procedure proceeds in iterative stages: label=d) 

1. Data Collection: UAVs and vehicles collect local data and train GANs to produce 

synthetic mobility and traffic samples. 

2. Local Update: Each agent updates actor–critic networks using augmented datasets D𝑖
aug 

to improve learning under non-IID conditions. 

3. Interaction: Agents interact with the environment, perform task offloading, and obtain 

rewards based on energy, latency, and accuracy. 

4. Coordination: Edge servers perform asynchronous aggregation of local models to ensure 

scalability and reduce communication load. 

5. Convergence: The process repeats until global policy convergence, ensuring stable 

performance and faster adaptation in dynamic ITS scenarios. 

This hybrid framework enables efficient learning even with limited data, unstable links, and 

dynamic network conditions, achieving a balance between accuracy, energy, and latency 

performance. 

E. Convergence and Complexity Analysis 

GAN augmentation ensures local data diversity, preventing overfitting and accelerating 

convergence. The asynchronous nature of MADRL eliminates synchronization bottlenecks 

common in conventional FL or RL. The communication complexity is reduced to lightweight 

policy parameter exchanges, while computational complexity scales linearly with the number of 
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agents. Overall, the framework achieves communicationefficient, computation-light, and highly 

scalable learning suitable for real-time 6G-enabled ITS. 

Algorithm 1 GAN-Enhanced MADRL (Sketch) 

Require: Agents A; replay buffers {B𝑖}; actor 𝜃𝑖, critic 𝜔𝑖; targets 𝜃𝑖
−

, 𝜔𝑖
−; GAN params Φ𝑖; 𝛾, 𝜏, 𝜂𝜋, 𝜂𝑄 

1: for episode 𝑡 = 1 to 𝑇 do 

2: for each agent 𝑖 ∈ A in parallel do 

3: Observe 𝑠𝑖𝑡; update GAN with real data; generate synthetic samples 

4: Take 𝑎𝑖𝑡 ∼ 𝜋𝜃𝑖 (𝑠𝑖𝑡); get 𝑟𝑡𝑖, 𝑠𝑖𝑡+1; store transition 

5: Update critic: 𝑦 = 𝑟 + 𝛾 max𝑎′ 𝑄𝜔− (𝑠′, 𝑎′); 𝜔𝑖 ← 𝜔𝑖 − 𝜂𝑄∇(𝑄𝜔𝑖 − 𝑦)2 

6: Update actor: 𝜃𝑖 ← 𝜃𝑖 + 𝜂𝜋∇𝜃𝑄𝜔𝑖 (𝑖 𝑠, 𝜋𝜃𝑖 (𝑠)) 

7: Soft targets: {𝜃𝑖−, 𝜔𝑖−} ← 𝜏{𝜃𝑖, 𝜔𝑖  

8: end for 

9: Periodic async aggregation and broadcast 

10: end for 

 
V. Results and Discussion 

A. Simulation Setup 
Simulations were performed on a workstation with an Intel Core i7 (2.4 GHz) processor and 16 GB RAM 
using Python 3.9 with TensorFlow 2.12 and PyTorch 1.13. The 6G-enabled ITS scenario covers a (500 × 
500),m urban area where multiple UAVs fly at altitudes of 100–200 m to coordinate with vehicles and 
roadside edge servers. The network consists of 50–100 moving vehicles and five RSU-based edge units 
connected through mmWave and sub-6 GHz V2X links. Each UAV has limited onboard computation and 
storage, performing traffic prediction, trajectory planning, and offloading tasks. GAN modules embedded 
at the edge generate synthetic traffic and mobility data to augment local datasets and enhance learning 
performance during federated training. 

B. Comparative Evaluation Baselines 
To demonstrate the effectiveness of the proposed GAN-based IFL framework, we evaluate it against four 
state-of-the-art baseline approaches widely used in intelligent VEC systems. The proposed GAN-IFL is 
a hybrid learning framework that integrates GANs with IFL. This architecture enables UAVs, vehicles, 
and edge servers to collaboratively learn with privacy-preserving, communication-efficient, and adaptive 
policies for traffic prediction, UAV coordination, and trajectory forecasting in real-time 6G ITS 
environments. 

• CDL (Centralized Deep Learning): Involves centralized model training where all raw data is 

transmitted to a central server for processing. It achieves high accuracy but suffers from heavy 

communication overhead, privacy leakage, and scalability issues (Nawaz et al., 2024).  

• FL (Federated Learning): Enables decentralized model training where devices collaboratively 

learn without sharing raw data, thus improving privacy. However, it faces challenges such as non-

IID data, slow convergence, and communication asynchrony (Li et al., 2024).  

• PPO (Proximal Policy Optimization): A policy-gradient reinforcement learning algorithm 

known for training stability and sample efficiency. Nonetheless, it exhibits limited scalability in 

federated and multi-agent environments due to coordination complexity (Li et al., 2025).  

• Greedy: A heuristic approach where each agent selects the immediate best action to maximize 

shortterm rewards without considering long-term effects. It is computationally simple but leads 

to suboptimal global performance and poor adaptability in dynamic ITS scenarios (Betalo et al., 

2021). 
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C. Performance Parameters 
The proposed GAN-based MADRL framework is evaluated against CDL, FL, DQN, and PPO across four 
key metrics—energy efficiency, latency, prediction accuracy, and convergence. The wireless channel 
model includes both large-scale path loss and Rayleigh fading, while UAVs and edge nodes follow 
asynchronous 

 
 (a)

 (b)

 (c) 

Fig. 3. Performance comparison of the proposed GAN-MADRL under different conditions: (a)Average reward, (b) 

Normalized return, and (c) validation accuracy. 

GAN-based IFL updates with periodic aggregation. Training spans 3500 episodes under dynamic vehicle 
densities and task variations to emulate real-time ITS conditions. 

• Average reward: Mean cumulative return per episode; higher values indicate better learning and 
policy efficiency. 

• Normalized return: Scaled cumulative reward (0–1); higher values show faster convergence and 
stronger policy performance. • Validation accuracy: Measures model performance on unseen data; 
higher accuracy reflects better generalization and robustness. • Trajectory NRMSE: Normalized 
error between predicted and actual trajectories; lower values indicate higher prediction precision. 

• Trajectory weight (𝛼2): Controls the importance of trajectory accuracy; higher 𝛼2 yields smoother 
and precise paths. 

• Collision rate: Frequency of UAV or vehicle collisions; lower rates imply safer and more 
coordinated navigation. 

• Vehicle density: Number of vehicles per road segment; higher density increases traffic complexity 
and coordination demands. 

D. Convergence and Stability Analysis 

The proposed GAN-MADRL framework achieves stable and fast convergence through decentralized 

cooperative learning, GAN-based data augmentation, and adaptive reward shaping. These mechanisms 

enhance exploration, reduce variance, and prevent policy oscillations, ensuring consistent learning 

performance across dynamic 6G-enabled ITS scenarios, as illustrated in Figure 3. 

The average reward increases faster in our GAN-MADRL method because GAN-based data 

augmentation and decentralized learning enhance exploration, stability, and policy convergence 

compared to other baselines as shown in Figure 3a. 

In Figure 3b, the normalized return increases with episodes as agents progressively learn optimal policies 

through repeated exploration and reward feedback. The learning rate of 2𝑒 − 5 yields better stability and 

convergence because smaller steps prevent overshooting and oscillations, enabling smoother policy 

updates and more consistent long-term performance. 

The validation accuracy increases with episodes because the GAN-MADRL agents continuously refine 

their policies and predictions through repeated training and feedback. Over time, GAN-based data 
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augmentation enhances generalization, while multi-agent collaboration reduces overfitting—leading to 

higher and more stable validation accuracy compared to other methods as shown in Figure 3c. 

E. Trajectory Planning and Prediction Accuracy Analysis 
The proposed GAN-MADRL framework enhances trajectory planning and prediction accuracy through 
cooperative learning among UAVs, vehicles, and edge nodes, as shown in Figure 4. GAN-based data 

 
 (a) (b) (c) 

 
      (d) 

Fig. 4. Performance comparison of the proposed GAN-MADRL under different conditions: (a)Vehicle per minute 

vs. traffic weight 𝛼1, (b) Traffic RMSE vs. traffic weight 𝛼1, (c)Final position error vs. trajectory weight 𝛼2, and 

(d) Collision rate vs. vehicle density. 

Augmentation enables the model to capture realistic traffic dynamics, improving trajectory forecasting 

under varying mobility conditions. The multi-agent reinforcement learning design ensures adaptive, energy-

efficient UAV path optimization with low latency and accurate task allocation. As illustrated in Figure 5, 

simulation results confirm that the proposed framework consistently outperforms CDL, FL, PPO, and 

Greedy baselines in trajectory smoothness, prediction accuracy, and convergence stability within real-time 

6G-enabled ITS environments. 

The vehicles per minute increase with traffic weight because a higher traffic weight (𝛼1) represents denser 

traffic conditions and greater data generation rates, as shown in Figure 4a. As 𝛼1 increases, the proposed 

GAN-MADRL model efficiently allocates UAV and edge resources, maintaining smooth traffic flow 

prediction and adaptive offloading, leading to a proportional rise in vehicle throughput and better network 

utilization. 

The trajectory NRMSE decreases as traffic weight (𝛼1) increases because higher 𝛼1 provides richer traffic 

information, enabling the proposed GAN-MADRL framework to learn more accurate motion patterns. 

GAN-based data augmentation and multi-agent coordination enhance trajectory prediction accuracy, 

reducing estimation errors and ensuring smoother, more reliable UAV path planning compared to baseline 

methods, as shown in Figure 4b. 

The final position error decreases with increasing trajectory weight (𝛼2) because a higher 𝛼2 emphasizes 

precise path-following during training, as shown in Figure 4c. In the proposed GAN-MADRL framework, 
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this strengthens trajectory optimization, leading to more accurate UAV endpoint alignment and reduced 

deviation compared to CDL, FL, and PPO baselines. 

In Figure 4d, the collision rate increases with vehicle density because higher density leads to more frequent 

interactions and limited maneuvering space. However, the proposed GAN-MADRL framework 

significantly reduces collisions by enabling cooperative trajectory planning, real-time coordination, and 

adaptive decision-making among UAVs and vehicles under dense traffic conditions. 

The Traffic RMSE decreases as the Non-IID level (𝛼) increases because higher 𝛼 values indicate more 

homogeneous data distribution across agents, as shown in Figure 5a. In the proposed GAN-MADRL 

framework, this improves collaborative learning consistency and stabilizes model updates, leading to lower 

prediction errors compared to CDL, FL, and PPO baselines under heterogeneous traffic conditions. 

 

 
 (a) (b) (c) 

 
(d) 

Fig. 5. Performance comparison of the proposed GAN-MADRL under different conditions: (a) Traffic RMSE vs. 

Non-IID level 𝛼 b) Traffic RMSE vs. Traffic weight 𝛼1 c) Traffic RMSE vs. sensors, and d) Trajectory NRMSE vs. 

prediction horizon. 

In Figure 5b, the Traffic RMSE decreases with increasing traffic weight ((𝛼1)) because higher (𝛼1) 

emphasizes traffic-related features during learning. In the proposed GAN-MADRL framework, this 

prioritization enhances traffic pattern recognition and prediction accuracy, resulting in lower RMSE 

compared to CDL, FL, and PPO baselines. 

The Traffic RMSE decreases as the number of sensors increases because more sensors provide richer and 

more diverse traffic data. In the proposed GAN-MADRL framework, this enhanced data availability 

improves learning accuracy and environmental awareness, leading to more precise traffic prediction and 

lower RMSE than CDL, FL, and PPO baselines as shown in Figure 5c. 

The trajectory NRMSE increases with a longer prediction horizon because predicting farther into the 

future introduces greater uncertainty and accumulated errors as shown in Figure 5d. However, the 

proposed GAN-MADRL framework maintains lower NRMSE than baseline methods by leveraging 

GAN-based data augmentation and multi-agent coordination, which enhance long-term trajectory 

prediction stability and accuracy. 

F. UAV Energy-Efficiency Analysis 
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The proposed GAN-MADRL framework enhances UAV energy efficiency by jointly optimizing 

trajectory planning, computational offloading, and traffic prediction. Through decentralized learning and 

GAN-based data augmentation, UAVs develop energy-aware policies that reduce flight distance, idle 

time, and redundant communication. The adaptive reward design balances energy usage and performance, 

enabling sustained UAV operation under dynamic 6G ITS environments, as illustrated in Figure 6. 

The average energy consumption decreases as computational offloading increases because more tasks are 

transferred from UAVs to nearby edge servers, reducing onboard processing load and flight energy usage 

as shown in Figure 6a. In the proposed GAN-MADRL framework, adaptive offloading and energy-aware 

learning enable optimal task distribution, achieving lower energy consumption compared to CDL, FL, 

PPO, and Greedy methods. 

In Figure 6b, the end-to-end latency decreases with increasing computational offloading because more 

processing tasks are executed at powerful edge servers instead of resource-limited UAVs. In the proposed 

GAN-MADRL framework, intelligent offloading and cooperative scheduling minimize transmission 

delay and processing time, achieving lower latency than CDL, FL, PPO, and Greedy baselines. 

 
 (a) (b) (c) 

 
(d) 

Fig. 6. Performance comparison of the proposed GAN-MADRL under different conditions: (a) Average energy 

consumption vs. Computational offloading b) End-to end latency. Computational offloading c) Average energy 

consumption vs. number of agents, and d)Energy efficiency vs. offloading capacity. 

The average energy consumption decreases as the number of agents increases because cooperative task 

sharing and distributed learning reduce the workload per UAV. In the proposed GAN-MADRL 

framework, multi-agent coordination enables balanced energy usage and efficient resource allocation, 

leading to lower overall energy consumption compared to CDL, FL, PPO, and Greedy approaches as 

shown in Figure 6c. 

The energy efficiency increases with higher offloading capacity because more computation is transferred 

to edge servers, reducing UAV processing and transmission energy as shown in Figure 6d. In the proposed 

GANMADRL framework, adaptive offloading and cooperative learning maximize energy utilization, 

achieving superior efficiency compared to CDL, FL, PPO, and Greedy baselines. 

VI. Conclusion 

This paper proposed a GAN-MADRL framework for UAV-assisted VEC in 6G-enabled ITS. The 

framework jointly optimizes TPCO through a multi-agent MDP. By integrating GAN-based data 
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augmentation and asynchronous, decentralized learning, the proposed approach enhances model 

generalization, convergence stability, and scalability under non-IID and dynamic traffic 

conditions. Extensive simulations demonstrate that the GAN-MADRL framework significantly 

outperforms CDL, FL, PPO, and Greedy baselines in terms of energy efficiency, latency reduction, 

trajectory accuracy, and traffic-prediction performance. In future work, we aim to extend this 

framework toward privacy-preserving and trust-aware collaborative intelligence by incorporating 

blockchain-based secure aggregation and edge-intelligent digital twins. Furthermore, expanding 

to UAV-swarm coordination with proactive mobility prediction will further improve adaptability, 

real-time decision-making, and resilience in large-scale 6G-enabled ITS environments. 
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