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oo & &’ o g
Lee, Hyuk-Jae Yi, Hwang
Abstract

In this study, we explore a preliminary validation of a control framework for swarm robotic units designed to operate as a mobile roof

shading system that adapts to both human movement and variations in daylight. The proposed system integrates You Only Look Once

(YOLO) for real-time human detection and tracking, a calibration procedure for orientation and localization, and a reinforcement learning

controller based on Proximal Policy Optimization (PPO). The framework was evaluated within a Unity Machine Learning (ML) environment,

where we assessed its performance in terms of detection accuracy, and training efficiency. Experimental results show that the robot can

respond in a dynamic manner, continuously adjusting shading coverage according to user movement. Overall, the findings suggest that the

swarm-based approach can provide a flexible and user-centered shading solution, offering clear advantages over conventional fixed shading

devices and highlighting the potential of integrating computer vision and reinforcement learning into architectural robotics.
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