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Motivation: (2.) Object Coordinate Auto-Context: (4.) Refinement Using Uncertainty:
Object instance pose estimation The (auto-context) random forest predicts object label distributions We exploit the full object coordinate distribution P;(y|c).
and camera localization from RGBD images P;(c) and object coordinate distributions P;(y|c). We regularize
has been very successful. predictions before each auto-context layer. H* = argmaxz log P;(H 1e;|c)
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— Experimental Results
Contributions: We use fast pIX_el _dlfference feat_ures on the_ RGB image and the Single Object Pose Estimation from RGB images (dataset of [3]):
regularized predictions of the previous forest in the auto-context stack. :
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1. New state-of-the-art for 6D pose 3. Scalable RANSAC for multiple : : _ no AC noreg. |L,reg. |Lreg. noref. |L; reg.
estimation from RGB only objects (3.) Multi-Object RANSAC: EDN 27.3% 19.6% 46.0%  32.3% 50.2%  24.2%
2. Robust auto-context framework 4. Refinement using uncertaint . . . . . 59.3% 38.0% 68.6%  69.5% 73.7% 20.9%
L . . nt using y When sampling a pose hypothesis H., we decide on the fly which object c 20
for multi-dimensional 5. High flexibility . . . . - and from RGBD images:
. . it belongs to. We avoid sampling hypotheses for objects not visible. ges.
continuous data (objects / scenes, RGB / RGB-D)
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