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QUAL'TAT'VE MPIl Human Pose [Andriluka et al. CVPR 2014}

SURREAL DATASET: Synthetic hUmans foR REAL tasks

* Align depth map
to zero at pelvis joint
* (Quantize depth into

» Graphics pipeline for synthetic humans generation Quantize depth Info
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> SMPL bOdy models pOSGd Wlth CMU MOCap and rendered on static background. . Cross.-e.ntrc.)py Ioss.for

> 1K clothings, 4K body shapes, 70K background images, random light and camera. classifying Input pixes

> Ground truth segmentation, depth, optical flow, surface normals, 2D /3D pose. _
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> Random samples from the GM frames in the SURREAL dataset RESULTS: Freiburg Sitting People [oiveira et ai. icra 2016)

DESIGN CHOICES CONCLUSIONS

Clothing variation Amount of data MoCap variation
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» It is possible to learn from
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