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3D Pose Estimation of ngld Objects

BBS: A Scalable, Accurate, Robust to Partial Occlusion Method for Predicting the 3D Poses
of Challenging Objects without Using Depth. Mahdi Rad and Vincent Lepetit. ICCV 2017.




3D Pose Estimation from Correspondences

S Camera center

Predicting 2D locations from an image is an
easier regression task;

I We do not need a representation of the 3D
rotation;

I We do not need to balance the rotation and
the translation.

We can compurte the 3D pose from these 2D
locations.



3D Pose Retrleval for Object Categorles
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3D Pose Estimation and 3D Model Retrieval for Objects in the Wild. Alexander
Grabner, Peter M. Roth, and Vincent Lepetit. CVPR 2018.




3D Pose Retrieval for Object Categories
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3D Pose Retrieval for Object Categories

"#$%!&%$'()*"'& |—> 3D pose ?




3D Pose Retrieval for Object Categories
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3D Model Retrieval for Object Categories

Location Fleld Descriptors: Single Image 3D Model Retrieval in the Wild.
Alexander Grabner, Peter M. Roth, and Vincent Lepetit. 3DV 2019.
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3D Model Retrieval for Object Categories

ShapeNet [Chang et al, 2015]
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Location Fields

Image LF (X)

LF (Y)

LF (Z)
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Learnmg the Descrlptors

Location Field
CNN
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3D Model Retrieval

Ground truth 3D model and our top 10 retrieved 3D models

EL L L EL.
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Retrieved 3d
poses and
models
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More Results on Pix3D [Sun et al, 2018]
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3D Pose Refinement for Object Categories [soon]




H-O3D: Hand+Object
Dataset
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Annotations Iin 3D are Hard

It is possible to use only
synthetic images for training,

but we should still evaluate on
real images.




HO-3D|++]: Hand+ODbject Dataset
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HO-3D|++]: Hand+ODbject Dataset
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HO-3D|++]: Hand+ODbject Dataset

65 sequences, 10 persons, 10 objects, about 850000 frames in total
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Automated Annotations

MANO model [Romero et al, 2017]

object 3D model from YCB
[Cali et al, 2015]

optimization
over the
sequence
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Constraints

+ RGBD likelihood: Joint segmentation and depth constraints, enforced using
differential rendering;

joint depth
prediction

joint segmentation prediction

+ Physical constraints (avoids non -possible hand poses, avoids
interpenetration between hand and object);

+ Temporal constraints: smooth motions over the sequence.
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Primary RGB-D cam,
used for annotation

Secondary (sideview)
RGB-D camera,
used for validation only
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Grabner

Thanks for listening!

Questions?



