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Abstract

As multi-modal learning becomes more prevalent in the field of deep learning, image segmentation tasks are no
longer limited to just RGB data but are increasingly incorporating additional modalities. Particularly, with
advancements in sensor technology, it has become easier to obtain depth data, leading to research efforts aimed at
leveraging the geometric information from depth data to address the vulnerability of RGB segmentation models to
lighting variations. However, existing research and datasets in RGB-D primarily focus on semantic segmentation tasks.
To overcome this limitation, we propose a powerful fusion module for RGB-D instance segmentation. Additionally,
we have constructed three new benchmark datasets for RGB-D instance segmentation and conducted comparative
experiments with various methods. These datasets support diverse applications, from indoor navigation to robotic
manipulation. The proposed approach demonstrates superior accuracy compared to existing methods across various
instance segmentation benchmark datasets.
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