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2D Modal 2D Amodal 3D Amodal We only visualize the TSDF values when close to the surface. Red indicates the voxel is in front of

surfaces; and blue indicates the voxel is behind the surface. The resolution is 208x208x100 for the
Region Proposal Network, and 30x30x30 for the Object Recognition Network

In this paper, we focus on the task of amodal 3D object detection in
RGB-D images, which aims to produce an object’s 3D bounding
box that gives real-world dimensions at the object’s full extent,
regardless of truncation or occlusion.

t-SNE Embedding

This kind of recognition is useful for many applications, for in-
stance, in the perception-manipulation loop for robotics. But -
adding a new dimension for prediction significantly enlarges the Space size: 5.2x5.2x2.5 m° Level 1 object proposal Level 2 object proposal
search space, and makes the task much more challenging. Receptive field: 0.025° m? Receptive field: 0.4° m’ Receptive field: 1.0° m?

Taking a 3D volume from depth as input, our fully convolutional 3D network extracts 3D
proposals at two scales with different receptive fields.

In this paper, we introduce Deep Sliding Shapes, a complete 3D for-
mulation to learn object proposals and classifiers using 3D convo-
lutional neural networks (ConvNets).
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posals (red is the area with more concentration), and a few top boxes after NMS. For the recognition results, our
amodal 3D detection can estimate the full extent of 3D both vertically and horizontally.
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End to End 2D t-SNE embedding of the last layer features from the 3D ConvNet. Color encodes object category. >liding Shapes [25] Ours o= A T mm L
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detection([9] For each 3D proposal, we feed the 3D volume from depth to a 3D ConvNet, and feed the Eva I uation
2D color patch to a 2D ConvNet, to jointly learn object categories and 3D box regression.
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2D instance seg- poposal algorithm v = | e ETE T € Aligning 3D models to RGB-D images of cluttered
mentation [11] 3p <g | dxdydznobbreg 433 550 162 23.1 104 17.1 30.7 10.9 252 439 19 16 01 99 230 scenes. In CVPR, 2015.

dxdydz 52.1 60.5 19.0 30.9 2.2 154 23.1 364 19.7 32.7 569 | 19 05 03 8.1 |274 .
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. _ tsdf dis 61.2 78.6 10.3 61.1 2.7 23.8 21.1 259 12.1 456 708 03 00 01 1.7  30.2 /L g = ol RGB-D images. In CVPR, 2013.

ICP alignment [10] o | dxdydz+rgb 583 793 9.9 572 83 270 227 48 188 453 65.1 02 00 42 09 | 30.1 sofa =bed - bathtub = garbage bin - chair table [11] S. Gupta, R. Girshick, P. Arbelaez, and J. Malik.
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