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Unify MoCap Datasets AMASS Dataset MoSh++ Soft Tissue Articulated Hands
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Context: | Eyes Japan 37 12 750 363.64
- Deep-learning of human motion requires large datasets Human Eva 39 3 )8 3 48 AMASS introduces MoSh-++-
with natural variation | e 100 cc 4939 6184 - Extends MoSh [1] to use SMPL-H [2]; body model available for research and
- Optlcgl mgrke.r—based MoCap records human motion : commercial license, with hand articulation and a body skeleton MoSh++ captures motion of the chest If hand markers are present MoSh-++ fits
with high fidelity MPI1 HDMOS 41 4 215 144.54 - Go beyond traditional MoCap and recover soft tissue dynamics with DMPLs [3] and stomach better than MoSh hand poses
Problem: | MPI MoSh 89 19 77 16.53 - Evaluate on a novel dataset: Synchronized MoCap with 4D Scan (SSM)
Sty MoOap datael uses ot marersanda | | posepior 53 3 3% s — .
ldea: P y P SFU 53 7 A4 15 23 Model Flttlng Evaluation
- F_it a body model to all I\/Io(?ap_sequences to obtain a SSM 36 3 30 1.87 MoSh++ Stage I: Optimize shape parameters and marker locations: S — » e oot Wit o et
single, common parameterization TCD Hands 85 1 62 8.05 E(M, 8.05, @H) _ )\DED(M, 8.05. @H) A o = Mosh | == Mosh
ApproaCh: TOtal Ca ture 53 5 37 41 10 1243 1 - ?[c))sarl‘i;:ment 12.43 7 T = - ?gsatl]::ment
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: - Transitions 49 1 110 15.10 - - £ 10.36 & E 10.36
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- Unified dataset with 43 hours of human motion and AMASS (:growing) i 440 13,195  2600.22 ’ ’ 2 8.29- 2 8294 ||
growing; already used to train a human pose pior [4] MoSh++ Stage Il: Optimize pose parameters (body, hands, soft-tissue g - . I
If you had an interesting MoCap dataset we can add it to AMASS. deformation): g | b | : | dl
E(9379H7¢) — )\DED(6379H7¢) 3 414- S 414- L
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Tutorial Code: https://github.com/nghorbani/a@%ass - Used only for evaluation
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