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PROBLEM: Method Overview

Retrieval of a 3D Human Pose from a single image.
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=Proposal of an approach to efficiently explore the space of possible 3D Detector (X,d) vectors
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2D Gaussians 3D Pose .Ambiguity in orientation facing solved by proposing two S3, Jog, Frame #280 Err: 17.5 (13.0) Err: 26.3 mm Err: 72.6 mm Err: 105.3 mm Err: 89.5 mm

“Off-the-shelf” 2D Body Part Detector [1] hypotheses for forward and backward poses

= Output modified to provide
local Gaussian estimations

= Provides robust 2D detections
at the cost of location noise
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