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» We addressed the problem of grasp pose prediction RGB | e
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images to predict the grasp pose of different objects Depth NI » 4. Theta
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Problem Statement

* Given an input RGB-D image, we learn a deep-
learning model that predicts grasp pose of an object
In terms of four parameters: (1) width, (2) x-location,
(3) y-location, and (4) angle

Results

» We conducted experiments on the Cornell Dataset?. It contains 800 images of

- Unlike the work of [1], we train our model in a Multi- several different graspable objects on tabletop indoor scenes
Task Learning (MTL) framework where new tasks |
were incorporated besides grasp pose prediction * The model was developed in PyTorch framework
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- Two additional prediction tasks are (a) shape
statistics prediction and (b) segmentation prediction Future Work

* Seven shape statistics: 1) area, i) perimeter, ii) . Conduct experiments with more shape statistics in order to determine what modality

extent, solidity, iv) solidity, v) eccentricity, vi) feret- works best for optimal grasp detection
diameter, and vii) orientation from the ground-truth
segmentation mask of each object - Conduct experiments with different CNN backbones (ResNet, VGG, ConvNeXt6)

» Incorporate new loss function that learns weight factors of different tasks in our MTL
framework#4
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feret_diameter max 114.8564
orientation 1.4626
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