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INTRODUCTION HUMAN PARTS SEGMENTATION AND DEPTH: TRAINING RESULTS: Human3.6M [ionescu et al. 1ccv 2011]
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SURREAL DATASET: Synthetic hUmans foR REAL tasks QUALITATIVE: MPIlI Human Pose [andriluka et al. cvpr 2014)
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DESIGN CHOICES CONCLUSIONS

Clothing variation Amount of data MoCap variation

4

» It is possible to learn from

» Segmentation (0 R | v Hmar o o o

 — synthetic images of people.

Head Torso Legs,, mean mean g2 | | ! oomu [sHaem _ _

Training data OU 10U 10U 10U Acc. N — | e e » CNNs trained on synthetic
[Oliveira 2016] - - = 04.10 81./8 number of clothings Tested on real-H3.6M people can generallze
Real h8.44 2492 30.15 28.77 38.02 )
Synth 73.20 65.55 39.41 40.10 51.88 5 / I — j—
Synth+Rea| 72.88 80.76 65.41 59.58 78.14 E30/>/‘ Eso | Code & Data available!

Synth+Real4-up 85.0987.91 77.00 68.84 83.37

number flthg tg ft ing s mpl

http://www.di.ens.fr/willow/research/surreal gul .varol@inria.fr




