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3D Human Pose Estimation
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3D Human Pose Estimation
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3D Human Pose Estimation

* Background
- Multi Person HPE Methods

1) Top-Down Approach (&7: Performance, TH8: Slow, Global Information &)

Input image

Cropped humans 3D root-relative pose 3D multi-person poses

2) Bottom-Up Approach (& %&: Fast, Tt: Low Performance,)
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3D Human Pose Estimation

* Background
- Evaluation Metrics

1) MPJPE (Mean Per Joint Position Error)

N
1
MPJPE = — i — JF
IPE =5 3115 = S

2) 3DPCK (3D Percentage of Correct Keypoints)

> Threshold: 150mm, —L O|S}™ Correct
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Abstract

- Monocular View, Single Camera , Multi Person , Top-Down

- Contribution : Pinhole Camera & 2| & 0| &%t 2 © £ Depth Estimation 8= =Y

+ 3DPCK.s First Report

- Overview of Model

DetectNet, RootNet, PoseNet 3EHAH| 2| Phase 2 7
1) DetectNet : Human Bounding Box(Object Detection)
2)  RootNet : Absolute Depth
3) PoseNet : 3D Relative KeyPoints
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
RootNet

e Model
3D absolute human root(R) | | (\ \ 4

- Pipeline
PoseNet > v h ~ /] / ]v

)}r\ \ 3D multi-person pose (P*) /

3D root-relative pose (P'*')
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DetectNet

>

) Input image Cropped humans

= DetectNet
- Human Bounding BoxZ& DetectS}= Phase
- 0| =20fd Mask R-CNN 2 A&
- Mask R-CNN (DetectNet Framework)
' High Object Detection Performance

'+ 01 7|44 Human or not Human 2t £HEFSEO] Bounding Box Estimation
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
« Model o
» RootNet Pelvis Bone

- Estimate Camera-Centered coordinates of the human Root R = (xg, Y, ZR)
- Input: Human Bounding Box, Image
- Output: Root of Each human

- Depth =74 0f| PinHole Camera Projection & 2| 0]&

- PinHole Camera ModelOf| A Focal LengthS A& A RS =7 (xg, YR, Zg)

Ex) 160x90 pixel
O|OfX| X

Ex) B 1980x1080 pixel
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
* Model
. R o OtN et Ex) 2000“m x 2000mm
- Pinhole Camera Model e lyreal Ex) 640 x 360 (pix x pix)
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;= d : 7SF2{ = depth (mm) Ex)-1000 pix
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d = flz,'r—eal — fpf”l lx,real -« lm,real

1
z,sensorPzx z,img

. BHAF :
< lx,sensor' ly,sensor- S OE(PIX) l
Tr,sensor

't Dy s Py pix THPIE mm EFR| 2 HHYZ= factor (pix/mm)
5: . , @y focal length(mm)

s AR, (2000mmE fix), f (focal length) |, lepnsor 2F & H d(root depth)E =HE = US
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
* Model

= RootNet
- Pinhole Camera Model

yr 2 ME

1) Al.Ec_ll-gl 37' ol_| lreal % 2000mm X 2000mm _I_jg 9 (a) Different area, same distance (b) Same area, different distance

-
2) Bounding Box 37|2} Focal Length?t2 2 29t DepthE Y = U277 - 18 (@), (b)
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
* Model

= RootNet
- Pinhole Camera Model

:': Loss Function

Lroot — ||R — R*”l

oo RFA
5,0 oo

1) y @2 InputimageOf| 2t 2| F: M2 CHE 702} L2 Th2| O] B (Focal length)§ 2= DatasetS =
FlexibleStH St&7ts

2) L2 7tH|2tE B 2 Dataset TestA|Of| = 7+ 2F LH 5 Parameter2t & ™ Inference 7t
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Model

- PoseNet
- Integral Human Pose Regression (ECCV 2018)

- 3D Pose Pjrel = (X}, ¥j, erel)g Z=Z(Single Person)

- Contribution: J oint Point& & A|7| = CHE & A 9l Heatmap Representation 1t Joint
C |

St A7
Regression 2 X A 21 22| CtHE S s Al
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Model

- PoseNet
- Integral Human Pose Regression (ECCV 2018)

;= Heatmap= TtE+= 24| : Stacked Hourglass Model 2 AHE

v Stacked Hourglass Networks for Human Pose Estimation(ECCV 2016)
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Model

- PoseNet
- Integral Human Pose Regression (ECCV 2018)

;= Heatmap= TtE+= 24| : Stacked Hourglass Model 2 AHE

v Stacked Hourglass Networks for Human Pose Estimation(ECCV 2016)
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Model

- PoseNet
- Integral Human Pose Regression (ECCV 2018)

;= Heatmap= TtE+= 24| : Stacked Hourglass Model 2 AHE

v Stacked Hourglass Networks for Human Pose Estimation(ECCV 2016)
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)

* Model
- PoseNet
- Integral Human Pose Regression (ECCV 2018)
' Heatmap RepresentationZt A& I o EX| &

v'Non-Diffrentiable

Jip = argmngk(p).

» Maximum Likelihood 4] : End-to-End Learning =7}5
v'Quantization Error
> High Resolution(256 x 256) = Low Resolution(64 x 64)
;= Joint Regression( CNN + FCN )2F Arge Mo A
v'Low Performance
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single
RBG Image (ICCV 2019)
e Model

- PoseNet
- Integral Human Pose Regression (ECCV 2018)

s SF K= B A (Soft-Argmax)
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Model

- PoseNet
- Integral Human Pose Regression (ECCV 2018)

s 2 A= 4] (Soft-Argmax)
2. Expectation £ Joint ZtEE T

Jk:/ p - Hi(p)
pE?

1)  Maximum Likelihood 4| = Expectation &: End-To-End & 7S &

2)  Continuous®} Joint Coord %f : Quantization Error S| 2

%5 ™ 2 2 RootNet output{depth(mm)} + PoseNet Output{3d KeyPoints Pjrel} = pgbs =&
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single
RBG Image (ICCV 2019)
e Performance

DetectNet RootNet AP*® AP;2°t | AUC,e; 3DPCKgps
R-50 k 43.8 5.2 39.2 9.6
R-50 Ours 43.8 28.5 39.8 31.5
X-101-32 Ours 45.0 31.0 39.8 31.5
GT Ours 100.0 314 39.8 31.6
GT GT 100.0  100.0 39.8 80.2

Table 2: Overall performance comparison for different De-
tectNet and RootNet settings on the MuPoTS-3D dataset.

>(1)-2): 28 &y F5F - Performance Up
>(2)-(3): Backbone R50 / X-101-> Not Big Gap

>(3)-(4): GT Bbox / Mask RCNN Bbox—> Not Big Gap
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single

RBG Image (ICCV 2019)
e Performance

Settings MRPE MPIJPE Time
Joint learning 138.2 116.7 0.132
Disjointed learning (Ours) 120.0 57.3 0.141

Table 1: MRPE, MPJPE, and seconds per frame compari-
son between joint and disjointed learning on Human3.6M
dataset.

> Disjointed Learning = Performance Much Up
> However, Processing time H| =

» PoseNet-RootNet 2tE 40| 17| [ &
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3DMPPE' Camera Distance-aware Top-down Approch for 3D Multi-person Pose Estimation from a Single
RBG Image (ICCV 2019)

e Performance
- 3DPCK (Multi-Persons) : SOTA

MuPoTS-3D
3DPCK 1

Year | Method All people | Matched people

2019 [129] 70.6 74.0
Top down | 2019 [191] 81.8 825

2020 | [166] 69.1 722

2018 | [107] 65.0 698

2019 [198] 70.4 -
Bottom up | 2450 | [192] 720 -

2020 [187] 73.5 80.5

- MPIPE (Single-Person) : Without GT¥ [ff SOTA

Methods Dir. Dis. Eat Gre. Phon. Pose Pur.  Sit SitD. Smo. Phot. Wait Walk WalkD. WalkP. Avg
With groundtruth information in inference time

Chen [5] 89.9 976 90.0 1079 1073 93.6 136.1 133.1 240.1 1067 139.2 1062 87.0 1141  90.6 1142
Tome [46] 650 735 768 864 863 689 748 1102 1739 850 1107 858 714 863 731 884
Moreno [32] 69.5 802 782 87.0 1008 760 69.7 1047 1139 897 1027 985 792 824 712 873
Zhou [53] 687 748 678 764 763 840 702 880 1138 780 984 90.1 626 751 73.6  79.9
Jahangiri [17] 744 667 679 752 773 706 645 956 1273 796 79.1 734 674 718 728 776
Mehta [28] 575 686 59.6 673 781 569 69.1 98.0 1175 695 824 680 553 765 614 729
Martinez [26] 518 562 581 59.0 695 552 581 740 946 623 784 591 495 651 524 629
Fang [7] 50.1 543 570 571 666 534 557 728 886 603 733 577 475 627 50.6 604
Sun [43] 528 548 542 543 618 531 536 717 867 615 672 534 471 616 634  59.1
Sun [44] 475 477 495 502 514 438 464 589 657 494 558 478 389 49.0 438  49.6
Ours (PoseNet) 505 557 501 517 539 468 500 619 680 525 559 499 418 @ 56.1 469 533
Without groundtruth information in inference time

Rogez [40] 762 802 758 833 922 799 717 1059 127.1 880 1057 837 649  86.6 84.0 877
Mehta [29] 582 673 612 657 758 622 646 820 930 688 845 651 576 720 63.6  69.9
Rogez [41]* 559 600 645 563 674 718 551 553 848 907 679 575 478 633 546 635
Ours (Full) 515 56.8 512 522 552 477 509 633 699 542 574 504 425 575 4777 544
Table 4: MPJPE comparison with state-of-the-art methods on the Human3.6M dataset using Protocol 2. * used extra synthetic
data for training.
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