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1. Overview

Goal: Predict 3D huamn joint locations in the
camera coordinate from a single image.
Challenge: In-the-wild images are extremely
complex and do not have corresponding 3D
ocround truth.

Contribution:

e We propose a novel orthographic projec-
tion and linear regression to constrain the
3D and 2D poses.

A network is proposed which is adaptive
to various in-the-wild images without re-
training the 3D pose.

Our network achieves state-of-the-art per-
formance on the Humand3.6m dataset and
generalizes well to in-the-wild datasets.

2. Limitation

The perspective projection from 3D to 2D poses
may cause problems. To minimize the error be-
tween 2D projections and 2D ground truth, the
value of depth (i.e., z axis) will deviate to find
the optimal solution. This may lead to overfit-
ting. Therefore, an orthographic projection is
employed in this work to solve this issue.

6. Qualitative Results
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Figure 3. Qualitative results generated by our method
on MPII [3] and LSP [4] datasets.

(. Conclusions

In this paper, we proposed an orthographic pro-
jection linear regression module to construct a

relation between the 3D human pose, 2D human
pose projection and 2D image appearance.
periments on several datasets validated the ef-
fectiveness and generalization ability of the pro-
posed method qualitatively and quantitatively.
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3. Orthographic Projection Linear Regression
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Figure 2. The overview of the proposed framework.

H. Experiments

Table 1. Experimental results

Figure 1. The general idea of matching 3D with 2D poses by the orthographic projection linear regression method.

on MPI-INF-3DHP dataset [1].

D Datasets B.Ild Metric Methods Extra information PCK AUC
Mehta et al. (3DV’17) 64.7 31.7

»  MPI-INF-3DHP [1] Zhou et al. (ICCV’17) Post-processing 682 325

: Yang et al. (CVPR’18) 69.0 32.0

Percentage of Correct Keypoints (PCK). Habibie et al. (CVPR’19) Extra training set 70.4 36.0

Aera under the Curve (AUC) Want et al. (CVPR’19) Extra training set 81.8 54.8

* The larger; the better: Ci et al. (ICCV’19) 2D Pose 74.0 34.7

Ours (w/o LopLR) 23.9 8.9

* Human3.6m [2] Ours (full) 66.8 31.9
Protocol #1: Mean Per Joint Pq31t10n Error (MPJPE) Methods (Using rigid transformation) Extra information PCK AUC

Protocol #2: MPJPE after a rigid transformation (PA MPJPE). Habibic ef al. (CVPR’19) Extra traiming set 279 454
* The smaller, the better: Ours 84.4 46.9
Table 2. Experimental results on Human3.6m dataset [2].
Protocol #1 Dir. Dis. Eat Gre. Phon.  Pose Pur. Sit SitD.  Smo.  Phot. Wait  Walk  WalkD.  WalkP. Avg
Zhou et al. (CVPR’16) 874 1093 87.1 103.2 116.2 1433 106.9 99.8 1245 199.2 1074 118.1 114.2 19.4 97.7 113.0
Chen et al. (CVPR’17) 899 976 90.0 1079 1073 936 136.1 133.1 240.1 106.7 1392 106.2 87.0 114.1 90.6 114.2
Pavlakos et al. (CVPR’17) 674 719 66.7 69.1 72.0 77.0 65.0 68.3 83.7 96.5 71.7 65.8 74.9 59.1 63.2 71.9
Mehta et al. (3DV’17) 575 686 596 673 78.1 56.9 69.1 98.0 117.5 69.5 82.4 68.0 55.3 76.5 614 72.9
Zhou et al. (ICCV’17) 548 607 582 714 62.0 65.5 53.8 55.6 75.2 111.6  64.1 66.0 514 63.2 553 64.9
Sun et al. (ICCV’17) 528 548 542 543 61.8 67.2 53.1 53.6 71.7 86.7 61.5 534 61.6 47.1 534 59.1
Luo et al. (BMVC’18) 535 609 563 59.1 64.3 74.4 554 63.4 74.8 98.0 61.1 58.2 70.6 49.1 55.7 63.7
Yang et al. (CVPR’18) 5.5 589 504 570 62.1 65.4 49.8 52.7 69.2 85.2 57.4 58.4 43.6 60.1 47.7 58.6
Zhao et al. (CVPR’19) 473 60.7 514 605 61.1 499 47.3 68.1 86.2 55.0 67.8 61.0 42.1 60.6 45.3 57.6
Ours 46.0 553 506 535 57.5 46.3 49 4 71.7 87.9 56.6 68.4 53.5 41.4 57.9 46.6 56.2
Protocol #2 Dir.  Dis. Eat Gre. Phon. Pose Pur Sit SitD.  Smo. Phot. Wait Walk WalkD. WalkP. Avg
Moreno-Noguer (CVPR’17) 66.1 61.7 845 73.7 65.2 672 609 673 1035 74.6 926 696 715 78.0 73.2 74.0
Sun et al. (ICCV’17) 42,1 443 450 454 515 530 432 413 59.3 73.3 51.0 440  48.0 38.3 44 8 48.3
Luo et al. (BMVC’18) 40.8 446 42.1 45.1 48.3 546 412 429 555 69.9 46.7 425 48.0 36.0 41.4 46.6
Yang et al. (CVPR’18) 269 309 363 399 43.9 474 288 294 369 58.4 41.5 30.5 295 42.5 32.2 37.7
Zhou et al. (TPAMI'18) 479 488 527 550 568 65.5 49.0 455 60.8 81.1 53.7 51.6 548 50.4 55.9 55.3
Ours 358 410 423 420 434 36.3 36.7 55.1 66.5 32.9 43.9
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