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Abstract Beyond 5G/6G, technology is driving the development of digital twins. In recent years, the amount
of information that can be used to perceive the environment has increased due to the development of sensors and
learning technologies. However, unimodal object recognition is limited because sensing is subject to various uncer-
tainties, for example, RGB cameras are affected by the lighting conditions and camera performance. In this paper,
we propose the multimodal object recognition method by expanding our previous work to handle multiple sensors.
We developed a new location modality recognition method that combines PointNet and BAM for object recognition
using point clouds. For Evaluation, we also developed a new dataset for a situation where humans and robots work
together in a warehouse. Validation on our dataset shows that multimodal integration with location information
improves the precision of object recognition.
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