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Abstract

This study aims to prototype an automated palletizing system for unstructured logistics
environments by integrating RGB-Depth 3D vision with Al-based object recognition. The
CNN-based YOLOv11, Transformer-based Swin Transformer, and Point Cloud-based PointNet++
models were experimentally evaluated under controlled conditions using 300 labeled samples.

The results indicate that YOLOv1l achieved the highest performance (mAP50 99.5%, top
recognition 96.4%, +4.2° RPY error, 52.1 FPS), demonstrating its feasibility for real-time industrial
deployment. These findings provide foundational evidence for developing integrated vision—control
architectures applicable to collaborative robot palletizing systems

B keywords : 3D Vision ; Unstructured Object Recognition ; RGB-Depth Fusion ; Experimental Verification of Al
Technology
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