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Human pose estimation




Yohabe.com/ XboxViewTV




Why Xbox is not so popular?

Expensive
Not portable

Only indoor




Capture 3D pose and shape with RGB camera




Challenge |: appearance variability




Challenge Il: structural variability



Challenge lll: single-view ambiguity

infinite number of
possible shapes

iImage




Learning 3D geometry

Human

MoSh datasets

3D Prior



Deep learning
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Pose estimation as supervised learning
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Human can label 2D properties

DRAT!O‘ EPROPER SOCCTR € DRAT!D. t FRUOPER | ."-.-&T'. 5

919) §41-9211

MPIl Dataset (Andriluka et al., 2014)
* 25K images

* 40K poses

* 410 activities from YouTube




Manually label 3D pose and shape ??
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Collecting training data using motion capture (MoCap)




Domain difference

MoCap Images




Challenges for learning 3D pose and shape

Lack of training data
Poor generalization ability

Unstructured output



Two stage approach

Only need 2D image-pose pairs to train 2D pose detector

Use geometric methods to lift 2D pose to 3D

CVPR 2015
CVPR 2016



3D (original view) 3D (novel view)
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ICRA 2018






Reconstruction ambiguity




End-to-end approach
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Using weakly annotated data

/(left knee) > Z(right knee)
Z(right elbow) > Z(right wrist)
/(left shoulder) < Z(right shoulder)
Z(right knee) < Z(left hip)
/(left wrist) = Z(left elbow)
/(head) > Z(right ankle)
Z(right hip) = Z(left hip)
Z(right ankle) < Z(neck)

/(left wrist) < Z(left ankle)

Humans can annotate ordinal depth relations. CVPR 2018



Refinement with a reconstruction component

Reconstruction
Component

r1 Y1 <1 Sl
o2 Y2 22
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pixel ordinal
positions  depths

* Recovers a coherent 3D pose
* Simple multi-layer perceptron
* Trained only on MoCap data.



Only using MoCap data for training Using MoCap + ordinal depth
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Quantitative evaluation on Human3.6M

Direct. Discuss Eating Greet Phone

Mean distance to ground truth per joint (mm)

Photo Pose Purch. Sitting SitingD Smoke Wait WalkD Walk WalkT Avg

Tekin et al. [+7] (CVPR'16) 1024 147.2 88.8 1253 118.0 1827 1124 129.2 1389 2249 1184 138.8 1263 55.1 65.8 1250
Zhou et al. |6°] (CVPR’16) 874 1093 87.1 103.2 116.2 1433 1069 99.8 1245 1992 1074 118.1 1142 794 97.7 113.0
Duetal.[14] (ECCV'16) 85.1 1127 1049 122.1 139.1 1359 1059 166.2 1175 2269 1200 117.7 1374 99.3 106.5 126.5
Zhou et al. [00] (ECCVW'16) 01.8 1024 96.7 98.8 1134 1252 90.0 938 1322 159.0 107.0 944 126.0 79.0 99.0 107.3
Chenetal [1U](CVPR'17) 809 97.6 900 1079 107.3 139.2 93.6 136.1 133.1 240.1 106.7 106.2 1141 87.0 90.6 114.2
Tome et al. [°1] (CVPR'17) 650 735 768 864 863 110.7 689 748 1102 1739 850 858 863 714 73.1 884
Rogez et al. [+)] (CVPR'17) 76.2 80.2 758 833 0922 1057 79.0 717 1059 127.1 880 837 86.6 649 84.0 87.7
Pavlakoseral. [ ] (CVPR'17) 674 71.9 66.7 69.1 720 77.0 650 683 83.7 96.5 717 658 749 59.1 632 719
Nie et al. |60U] (ICCV'17) 90.1 88.2 857 956 1039 103.0 924 904 1179 1364 985 944 906 860 895 975
Tekin et al. [+2] (ICCV'17) 54.2 614 602 61.2 794 783 631 816 70.1 1073 693 703 743 518 743 69.7
Zhou et al. [64] (ICCV'17) 54.8 60.7 582 714 620 655 538 556 752 1116 642 66.1 514 632 553 649
Martinez et al. | 25] (ICCV'17) 518 56.2 58.1 59.0 695 784 552 581 740 946 623 59.1 651 495 524 629
Ours 48.5 544 544 520 394 653 499 529 658 TL1 56,6 529 609 447 47.8 56.2



Predicting pose & shape

Stickman figures are nice...




Integrating a statistical shape model into CNNs

(a) Training on real images (b) Training on human shape instances
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(c) End-to-end training on real images

CVPR 2018









Summary

3D human sensing is important, interesting and challenging
3D from single view is possible with learning-based methods

But deep learning cannot solve everything and we still need
geometry
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