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Abstract
The rapid proliferation of latency-sensitive vehicular applications---autonomous driving perception, cooperative
collision avoidance, real-time traffic management, and infotainment streaming---is creating task offloading
demands that exceed the capacity of fixed roadside infrastructure in spatially heterogeneous traffic environments.
Unmanned Aerial Vehicle (UAV)-assisted mobile edge computing has been proposed to supplement roadside unit
(RSU) infrastructure with flexible, on-demand computing capacity, but the joint optimization of multi-UAV
trajectories and task offloading ratios under dynamic vehicular channel conditions remains computationally
intractable for centralized optimization approaches. This paper proposes MDP-MAPPO, a Multi-Drone Path
Planning algorithm based on Multi-Agent Proximal Policy Optimization that addresses this challenge through a
digital twin-assisted multi-agent reinforcement learning framework. The system architecture integrates three
innovations: (1) a digital twin edge server that maintains real-time virtual replicas of the vehicular network
topology, channel states, and task queues, providing the MAPPO agents with accurate state information for
coordinated decision-making; (2) a cooperative MAPPO framework where each UAV agent is trained centrally
using a shared critic that estimates system-level value while executing policies decentrally based on local
observations; and (3) a joint optimization objective that simultaneously minimizes system latency and energy
consumption through coordinated trajectory planning and offloading ratio adaptation. Simulation results
demonstrate that MDP-MAPPO achieves 112.8 ms mean task latency and 19.6 J energy consumption,
representing improvements of 43.2% and 46.8% respectively over MADDPG baselines, and 60.3% and 59.8%
over single-agent PPO. The digital twin state prediction achieves 94.1% accuracy for channel modeling and
96.8% positional accuracy, substantially outperforming no-DT baseline accuracy (78.6% and 81.3%). Scalability
analysis demonstrates consistent performance improvements as UAV count scales from 1 to 4 drones, with
diminishing returns thereafter due to inter-UAV coordination overhead.
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1. Introduction
The emergence of Connected and Autonomous Vehicles (CAVs) is transforming road transportation into a cyber-
physical system where vehicles continuously generate, consume, and exchange vast quantities of sensor data,
perception results, and control commands [1,2]. Latency requirements for safety-critical vehicular applications are
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extremely stringent: collision avoidance systems require end-to-end processing latencies below 10 ms [3];
cooperative perception for intersection management demands sub-100 ms fusion-to-action cycles [4]; and real-
time high-definition map updating for LIDAR-equipped autonomous vehicles generates 10-100 GB/hour data
streams that must be processed with low latency to maintain localization accuracy [5,6]. These requirements
cannot be satisfied by offloading to remote cloud data centers, motivating the Mobile Edge Computing (MEC)
paradigm where computational resources are deployed at the network edge---in RSUs, cellular base stations, and
mobile devices---to provide low-latency, high-bandwidth computing services to vehicles [7,8].

Fixed RSU-based edge computing infrastructure provides reliable low-latency service in urban core areas with
dense RSU deployment, but geographic deployment economics limit RSU density in suburban and highway
environments where long inter-RSU gaps create high-latency coverage holes [9,10]. UAV-assisted MEC
addresses this gap by deploying aerial edge servers that hover over high-demand zones, providing line-of-sight
channel quality and flexible positioning that fixed infrastructure cannot match [11,12]. The key challenge is that
UAV utility depends critically on trajectory: a UAV hovering far from vehicular users provides poor channel
quality and high offloading latency, while a UAV positioned optimally for one set of vehicles may be poorly
positioned for another set after traffic pattern changes [13,14].

Multi-UAV trajectory optimization is a high-dimensional, non-convex optimization problem that couples
continuous trajectory decisions (position, velocity, altitude) with discrete-continuous task offloading decisions
(which tasks to offload, to which UAV, at what ratio) under time-varying vehicular channel conditions [15,16].
Traditional optimization approaches including convex decomposition [17], successive convex approximation [18],
and Lyapunov-based online algorithms [19] can solve simplified single-UAV or single-vehicle formulations but
become computationally intractable for multi-UAV multi-vehicle systems at realistic scales. Multi-agent deep
reinforcement learning (MARL) has emerged as a scalable solution approach that learns cooperative coordination
policies through interaction with simulated environments, avoiding the computational bottleneck of explicit
model-based optimization [20,21].

The digital twin integration addresses a fundamental limitation of model-free MARL in vehicular environments:
the highly non-stationary channel conditions caused by vehicle mobility create state distributions during RL
training that differ substantially from deployment conditions, causing policy degradation in high-mobility
scenarios [22,23]. By maintaining a high-fidelity virtual replica of the vehicular network that enables accurate
state prediction and simulated trajectory rollout, the digital twin bridges the training-deployment gap and enables
more effective policy optimization [24].
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Figure 1. MDP-MAPPO system architecture: multi-drone path planning agents with MAPPO centralized training coordinate
through the digital twin edge server layer to serve vehicular users.

2. SystemModel and Problem Formulation
2.1 Network Model
Consider a vehicular edge computing network containing N_U UAVs, N_V mobile vehicle user equipment
(VUEs), and a set of RSUs connected to a ground base station. The network operates over a 1 km x 1 km service
area where VUEs move according to a modified SUMO traffic mobility model with vehicle speeds uniformly
distributed in [30, 120] km/h and arrival rates following a Poisson process with mean lambda vehicles per km2
per minute. Each UAV u_i maintains altitude h_i in [h_min, h_max] = [50, 150] meters, horizontal velocity
constrained by v_max = 30 m/s, and carries an edge server with computing capacity f_i computation cycles per
second. Each VUE v_j generates computing tasks characterized by task size d_j bits, required CPU cycles c_j, and
deadline T_j seconds. The air-to-ground channel model uses a probabilistic LOS/NLOS model where LOS
probability P_LOS depends on elevation angle theta and urban environment parameters (alpha=11.95, beta=0.136
for urban environments per ITU-R M.2135).

2.2 Problem Formulation
The MDP-MAPPO optimization problem jointly minimizes system-wide task latency and UAV energy
consumption. System latency for vehicle j consists of uplink transmission latency (dependent on channel capacity
and task size), queuing latency (dependent on UAV server load), and computation latency (dependent on task
CPU requirements and allocated computing resources). UAV energy consumption includes propulsion energy
(dependent on velocity and acceleration profile) and communication energy (dependent on transmit power). The
joint optimization over UAV trajectories P_i(t), task offloading decisions a_ij(t), and computation resource
allocation r_ij(t) subject to UAV kinematic constraints, computing capacity constraints, and quality-of-service
deadline constraints constitutes a mixed-integer nonlinear programming problem. The MARL formulation models
this as a decentralized partially observable Markov decision process (Dec-POMDP) where each UAV is an agent.
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3. MDP-MAPPO Algorithm
3.1 Digital Twin Edge Server
The DT edge server maintains real-time virtual replicas of four dynamic network components. The vehicle
mobility module runs SUMO traffic simulation at 10x real-time speed to predict future vehicle positions and task
arrival patterns within the 300-second planning horizon. The channel state module computes LOS probabilities,
path losses, and achievable data rates for all UAV-vehicle pairs using the ITU-R propagation model with real-time
position updates. The task queue module tracks per-UAV computing queue lengths and expected service times.
The global state aggregator fuses these components into a 128-dimensional global state vector that serves as the
MAPPO centralized critic input, providing richer situational awareness than local observation alone. DT state
accuracy is validated by comparing DT predictions against actual network measurements, achieving 94.1%
channel model R2 and 96.8% positional accuracy at 10-second prediction horizons.

3.2 MAPPO Policy Architecture
Each UAV agent executes an actor network that maps local observations (own position, velocity, computing load;
positions and task loads of nearby vehicles; channel quality indicators for served vehicles) to a continuous action
distribution over trajectory adjustments (delta_x, delta_y, delta_h) and task offloading ratios. The actor network
architecture comprises three fully-connected layers (256 units each, tanh activation) with a Gaussian action head
(mean and log-standard deviation outputs). The shared centralized critic network processes the DT global state
vector and outputs a single value estimate used for advantage computation during MAPPO policy gradient
updates. The PPO-clip objective (clip parameter epsilon = 0.2) prevents destabilizing policy updates that are
particularly harmful in multi-agent settings where non-stationarity from simultaneously updating agents creates
unstable learning dynamics.

Figure 2. Performance comparison: (a) system latency and energy consumption across five RL-based methods; (b) cumulative
reward convergence showing MDP-MAPPO achieves the highest stable reward within 1200 training episodes.

4. Experimental Evaluation
4.1 Simulation Setup
The simulation environment is built on the Simulation of Urban Mobility (SUMO) vehicular traffic simulator
integrated with a custom Python-based aerial network simulator. The default scenario deploys 3 UAVs serving a
vehicular network with 40-100 vehicles in a 1 km x 1 km urban grid. UAV edge servers each provide 10 GHz
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computing capacity; vehicle tasks require 0.5-5 Mb data and 500 MHz-5 GHz CPU cycles with 500 ms deadlines.
Baseline algorithms include single-agent PPO (single UAV controller with system-wide observation), DDPG
(continuous action space reinforcement learning), MADDPG (multi-agent DDPG without centralized critic), and
TD3-MARL (twin-delayed multi-agent RL). All algorithms are trained for 2,000 episodes with episode length 300
simulation steps (1 step = 1 second). MDP-MAPPO uses batch size 4096, learning rate 3e-4 for actor and 1e-3 for
critic.

Figure 2 presents the performance comparison and training convergence. MDP-MAPPO achieves 112.8 ms mean
latency and 19.6 J energy consumption, outperforming the nearest baseline (TD3-MARL: 168.2 ms, 29.4 J) by
32.9% and 33.3% respectively. The reward convergence confirms faster stable convergence for MDP-MAPPO
(convergence by episode ~800 vs. ~1200 for MADDPG), attributable to the DT global state enabling the
centralized critic to assign accurate credit to each agent action relative to the system-level reward signal.

Figure 3 illustrates the optimized UAV trajectory and dynamic offloading ratios. The MDP-MAPPO trajectories
show coordinated spatial coverage where UAVs distribute across the service area to maximize coverage of high-
traffic corridors (road intersections and highway segments), avoiding redundant co-coverage that would waste
UAV capacity. The offloading ratio dynamics reflect adaptive load balancing: when a UAV approaches a dense
vehicle cluster, its offloading ratio increases to absorb the higher task arrival rate, while distant UAVs reduce their
offloading ratios to preserve energy.

Figure 3. System operation: (a) MDP-MAPPO optimized UAV trajectories over the vehicular network; (b) dynamic task
offloading ratio per UAV showing coordinated adaptive load distribution.

4.2 Scalability and Sensitivity Analysis
Figure 4 presents the scalability analysis and altitude sensitivity. Latency decreases substantially from 284 ms (1
UAV) to 112 ms (3 UAVs), with diminishing returns thereafter (98 ms at 4 UAVs, 94 ms at 5 UAVs). The
diminishing returns reflect increasing inter-UAV coordination overhead that partially offsets the capacity benefit
of additional UAVs: the MAPPO centralized critic input dimension grows quadratically with UAV count,
increasing training complexity and policy update variance. Energy consumption decreases from 1 to 3 UAVs
(each UAV can hover with less aggressive trajectory pursuit) but begins increasing at 5-6 UAVs due to increased
propulsion energy from more complex coverage patterns. The altitude sensitivity analysis reveals a clear inverse
relationship between UAV altitude and task latency: higher-altitude UAVs cover larger ground areas and achieve
better channel quality (reduced shadow fading), enabling more efficient task collection and offloading.
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Figure 4. Scalability analysis: (a) latency and energy vs. number of UAVs showing optimal performance at 3-4 UAVs; (b) task
latency vs. vehicle density at three UAV altitude configurations.

Figure 5 presents the digital twin prediction accuracy and vehicle speed robustness. The DT achieves substantially
higher prediction accuracy than no-DT baselines across all five accuracy metrics, with the largest advantage in
channel prediction (94.1% vs. 78.6%) and the smallest in task arrival prediction (97.2% vs. 85.4%). The channel
prediction advantage reflects the DT LOS probability model that captures the geometric relationship between
UAV position and vehicle position that rule-free no-DT approaches cannot exploit. The speed robustness analysis
confirms that MDP-MAPPO maintains the largest relative advantage over baselines at higher vehicle speeds (150
km/h), where accurate trajectory prediction enabled by the DT becomes most valuable.

Figure 5. Digital twin effectiveness: (a) prediction accuracy across five DT model components vs. no-DT baseline; (b) task
latency vs. vehicle speed confirming MDP-MAPPO advantage is largest at high vehicle mobility.

5. Conclusion
This paper proposed MDP-MAPPO, a digital twin-assisted multi-agent reinforcement learning framework for
joint multi-UAV trajectory optimization and task offloading in vehicular edge computing networks. The key
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contributions are the DT edge server architecture that provides accurate network state prediction to MAPPO
agents, and the centralized training with decentralized execution framework that enables cooperative multi-UAV
coordination without runtime communication overhead. Experimental results demonstrate 43.2% latency
reduction and 46.8% energy reduction over MADDPG baselines, with scalability confirmed for 2-4 UAV
deployments. Future work will extend the DT model to incorporate 5G NR channel characteristics and investigate
transfer learning approaches that enable MDP-MAPPO policies trained in simulation to adapt rapidly to
deployment environments with different vehicle density and road topology profiles.
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