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Task: 3D Registration 6D Euclidean Space for Correspondences Indoor RGB-D Registration
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6D ConvNet for Inlier Detection .

Deep GIObaI RegiStration Kitchen Homel Home?2 Hotell Hotel?2 Hotel3 Study Lab
* Foreground (inlier) background (outlier) segmentation

1. Convolutional feature extraction and matching
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Sparse Tensors for High Dimensional Learning
. ' - * Generalizes to Augmented-ICL (synthetic) and Indoor LiDAR RGBD
* Extension of sparse matrices 0,000 /T Weighted Procrustes Registration (real world) datasets with finer registrations
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Fully Convolutional Geometric Features 1** order optimization |
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