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SSCNet is 3D convolutional network. Taking a single depth map as input, the network predicts occupancy and object
labels for each voxel in the view. The parameters are shown as (# lters, kernel size, stride, dilation).
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In our experiment we tested di erent surface encodings. The
projective TSDF (b) Is computed with respect to the camera

Prior Work and is therefore view-dependent. The accurate TSDF (c) has
_ _ less view dependency but exhibits strong gradients in empty
Surface Semantic labeling space along the occlusion boundary. In contrast, the ipped
| TSDF (d) has the strongest gradient near the surface.
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(a) Object centric networks scale objects into the same 3D voxel grid thus discarding physical size information. In (b)-(d), Experl ments
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