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ABSTRACT

Unmanned vehicles are mobile platforms capable of autonomously performing missions across
diverse domains, including ground, maritime, and aerial environments, by leveraging artificial
intelligence without direct human intervention. This study proposes a cube-shaped modular unmanned
aerial vehicle in which each unit consists of a single propeller and four vanes and can couple with
other units in mid-air. Control policies were trained through reinforcement learning in NVIDIA Isaac
Lab, a physics-based simulation environment. Hovering and point-to-point navigation of a single
module were trained using proximal policy optimization (PPO), and the sequential mid-air coupling
of three modules was trained using multi-agent PPO (MAPPO) under centralized training with a
decentralized execution scheme. In the hovering scenario, the mean yaw rate decreased to
approximately 0.02 rad/s, indicating that the reaction torque of the single propeller was compensated
solely by vane deflection. In the navigation scenario, the module reached approximately 23 goals per
episode, and in the coupling scenario, a docking success rate of approximately 90 % was achieved.
These results demonstrate that attitude stabilization and mid-air coupling of the proposed platform
can be achieved solely through reinforcement learning, without relying on conventional controllers

such as the proportional-integral-derivative controller.
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Table 1 Platform and training conditions
Parameter Hovering Navigation Coupling
Module mass 1.47 kg
Module size 410 x 410 x 410 mm
Vane deflection range +45°
Control period 20 ms 20 ms 20 ms
Episode length 10s 30s 30s
Parallel environments 8192 4096 512
Termination: altitude <0.05m or>5.0m
Termination: tilt > 60° >175° >175°
Termination: lateral >03m >3.0m >50m
Table 2 Action space (hovering, navigation)
Component Dimension Description
Rotor scale 1 Propeller thrust control (or)
Vane angle 4 Vane tilt angle control (o ~ o)
Table 3 Observation space (hovering, navigation)
Component Dimension Description
Relative position 3 Target position in body frame
Linear velocity 3 Linear velocity in body frame
Projected gravity 3 Gravity vector in body frame
Angular velocity 3 Angular velocity in body frame
Vane position 4 Deflection angle of each vane
Vane velocity 4 Angular velocity of each vane
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