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* Intro

- What is human pose estimation
- How to do 2d pose estimation
- How to do 3d pose estimation

- How to do 3d mesh estimation

» 2023 CVPR Human paper

- Implicit 3D Human Mesh Recovery using Consistency with pose and shape from Unseen-view

- PoseExaminer: Automated Testing of Out-of-distribution Robusteness in Human Pose and Shape
estimation

- A Characteristic Function-based Method for Bottom-up Human Pose Estimation
- Human Pose Estimation in Extremely Low-Light Conditions
- Scene-aware Egocentric 3D Human Pose Estimation
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Intro

« What i1s human pose estimation
- 2D pose estimation
- Image 0l EXHSH= AR 2| keypointE St task
' Keypoint (Ex) head, neck, ankle, ...)

- Top-down, bottom-up approach = XH g&
- 3D pose estimation moinage  Bone Wih VOG-t
- Image 2+0i| ZEXHSt= AtEE| world coordinateE T+5H= task .’H &
\ ¢ ;
N

- Top-down, bottom-up approach, Temporal, 2d to 3d =X{

|
5

- 3D mesh estimation
~ Image@H0fl =X} St= AF2E2| world coordinate meshE TtoH= Task

- Top-down, bottom-up, 2d to mesh, temporal, optimization & =X{

Forward Kinematics

Esf nmanon ;

P rame! Model

3D Skeleton

~~~~~~
______________

Inverse Kinematics

ﬂ B THSED VDS

SOGANG UNIVERSITY 3



Intro

« How to do 2d pose estimation

- Regression, Heatmap approach

- Regression &2 & A2 SA[poseE X = 7|22 20

: &= resnet50 backbone=2 M Al HIE 2| #[5t= B2 0

HEE ZU0|A H50| BOIMA AHE SR e 7|
& I softargmax2 0|23 joint2| %= 7t

- Heatmap= 7} A2t 2 E 0|83l PHE=0] inference™

rlo
0x
or
mjo
HL
L%
A

o i 5 29] 2d poseOl| A AFR3SH= 7|4 2 regression 2 CH &=

- X 20| E0{ A M| QI conference OFCF SFLFA 7§ K| 7=

- 2HF Accept®| 7| &= =0I0|H 452 O|Z0{LH7| &5
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Intro

« How to do 3d pose estimation

- Regression, Heatmap, Temporal, 2d to 3d approach
- Regression: 2d pose@t OtEHZFX| 2 & AFE E|X| 2= 7|2 ¢
S ZEHOZE JHE AR

- Heatmap: CHE-=2| 3D pose == 0| A AHE
= 3D heatmaps= AMESIHAM 452 O

- Temporal: H|C|2 H|O|E{Of| M A28t = IO Z A|ZH 0| & 0|23l 3D jointS &0
' 3D Heatmapd ‘& HwE A= If dHH d&5= 0| E0UX|= =&

= Model 37| Aot =X|
- 2D to 3D: Temporal2| THE 2 E2t6H7| oA L2 T3 ZEo|2ta M2 7t

- 2D poseE 7611 O| & 7|82 2 3D PoseE O|Z0{Lij= & & A
I BEEQ =&

= S
=
(=1}
(=]
=

orr

v 3D human pose estimation in video with temporal convolutions and semi-supervised
training 7t S
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Intro

 How to do 3d mesh estimation

- Regression, Heatmap, Temporal, 2d to mesh, optimization
- Regression(model-based): CHE 2 AL SH= g4l
- SMPL parameterg 73 Of k| CHE L] heatmap = Ct G 2 && &
- Heatmap(model-free): 12L-Mesh Net
2 12L-Mesh Lixel heatmap 24!2 0| ¢t
- Temporal(resnet50 backbone): resnet502| latent spaceS O|- &3l 71 &t
- A ZF 284 resnet50 backbonS O| 88 A L&
- 2D to mesh: pose2mesh
' 2D poseE T 2HE 3d jointE T2t CFS meshE +5H= A Y
- Optimization (EFT, SPIN &)
- LHE-2 2 pseudo gtE AHESHZ| IsHA M &5t= EHAI0|HAM Hs 7H410] O| R ALE

b

|:|0|-
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2023 CVPR Human papaer

» Why choose this paper
- CVPR 2023 =& & 57| ZtEtSHA revieE S HEZ2F

Y =252 N2 0|R = S0|22 conceptl| 0| HOFAM 11

- Implicit 3D Human Mesh Recovery using Consistency with pose and shape from Unseen-view
;= Viewing pointE HHY A optimization=S X &Y

- PoseExaminer: Automated Testing of Out-of-distribution Robusteness in Human Pose and Shape estimation
- Z42tetE 2 0|83 22 evaluation metric2 K|t

- A Characteristic Function-based Method for Bottom-up Human Pose Estimation
' Heatmap approach2| X &2 M A[SIHA| o 4 HotE ¢

- Human Pose Estimation in Extremely Low-Light Conditions
S22 O{FR O[O XM Mo QZE XHM FEHE SHES

- Scene-aware Egocentric 3D Human Pose Estimation

'+ Egocentric dataset= Tt SA|0f| ego pose estimationE T2 &
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2023 CVPR Human papaer

 Implicit 3D Human Mesh Recovery using Consistency with pose and shape from

Unseen-view
- =X M A

7|Z2| human Mesh recovery ===
o
=

- O| & 7 5FH A optimization

Foreground
Attention

Encoder

Decony.

Geometric Guidance Branch

(used only for training)

(Feature Fields Module

Volume
Rendering
R

Canononical Viewing

Neural Feature Fields Dlrecnon (©=0)

(3 g
Camera' > v Viewing Direction ()
e ’
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2023 CVPR Human papaer

» PoseExaminer: Automated Testing of Out-of-distribution Robusteness in Human
Pose and Shape estimation

- 210}

Canonical 0° (7 =90°  @=180° @ =270° | 3PDW
Method | MPJPE | | PA-MPJPE | | PVE |
2 HMMR [20] 116.5 726 | 1393
§ DSD [50] - 69.5 -
E  Amabetal. [7] - 722
2 Doerscheral. [11] - 74.7 -
a § VIBE [23] 93.5 565 | 1134
= TCMR [#] 95.0 558 | 111.3
E MPS-Net [55] 91.6 54.0 | 109.6
HMR [19] 130.0 76.7
GraphCMR [26] - 70.2 -
= SPIN [25] 96.9 592 | 1164
TE‘- T PyMAF [02] 92.8 58.9 | 110.1
A E 12L-MeshNet [39] 100.0 60.0 -
& ROMP [49] 89.3 53.5 | 105.6
£ HMR-EFT[17] - 542 .
B PARE [24] 829 523 | 997
ImpHMR (Ours) 81.8 49.8 96.4
ImpHMR (Ours) w. 3DPW 74.3 454 87.1

R 5."100-1:“&;‘5\_ |VDS |
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2023 CVPR Human papaer

 Implicit 3D Human Mesh Recovery using Consistency with pose and shape from

Unseen-view
- =X M A

- Human pose and shape estimation 2 &#-=0| 2 & H|O|§ A|LI2[20|M HF T[E &[0 QU

OF7|

- Evaluation metricO| B2t =[O YA AI{f caseE M2 Z&H

D(rr)) D ~
Agent i | ‘P controls
{
i oi i || Parameters P . -Pose
i=1 T, r‘P.'p:(o,:m 9 | Simulator - Shape
- Texture
=n - Occluder
? * | - Background '
Rewards R(?P) o e

HPS Model <@

Figure 2. PoseExaminer model pipeline. Multiple RL agents
collaborate to search for worst cases generated by a policy 7, and
find subspaces boundaries defined by ¢,,,, and ¢;,,,. The human
simulator is conditioned on parameters generated by the agents.
m images are then generated for each agent and are used to test a
given HPS method. The prediction error of the HPS model serves
as the reward signal to update the policy parameters of agents.
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Failure mode 2
/ mean MPJPE: 111.28

Failure mode 1 1
mean MPJPE: 157.88

Failure mode 3
mean MPJPE: 164.87

(a) An example of failure modes on articulated pose found by PoseExaminer

3DPW
6 o 94.11 Original Model
. Train w/ PoseExaminer
,° T % 88.66
28 £
884 i 85.23
52 e 81.81
g%, g 80.41
Se 28 77.46
2 75
SPIN HMR-EFT  PARE SPIN  HMR-EFT  PARE

(b) Training with PoseExaminer
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2023 CVPR Human papaer

 Implicit 3D Human Mesh Recovery using Consistency with pose and shape from
Unseen-view

- Evaluation g+

- P controls= £ OHH M 22 O[B|X|-§ 2HS 31 human pose and shape modelO| 852 E7I3H O™ pose,

da
- ESH 0| 2 0| 838f augmentation =292 THE 7ts8

(1)) - R 2
2 Agenti ! P controls
ey Parameters P ; - Pose
i=1 ,.9,.9,, -~ Simulator - Shape
EH_I?_HO| EEHO| A‘l'—Ol 7HA %Z—J%%_ﬁi 9)\% g el - Texture
=n * - Occluder
. . - Background !
= = = A O
- Shape, poseS TH= [ff latent spaceS Z3}et&S S 4
= E:I |-5 Hah RewardsR(?)' GEONSESERE  -------------
ey — =
HPS Model e
| Robustness (PoseExaminer) | ID dataset (3DPW) | OOD dataset (cAIST) | Extreme poses (cAIST-EXT)
|Suce. Rate| Region Size| |MPJPE,  PA-MPJPE| PVE| | MPIPE| PA-MPJPE| | MPIPE| PA-MPJPE|
SPIN [20] 95.0% 5.417 94.11 57.54 111.12 108.09 68.59 133.65 81.03
+ PE (Ours) 76.6% (-18.4) 3.964 (-1.435)| 88.66 (-5.45) 54.34 (-3.20) 103.94 (-7.18) | 98.88 (-9.21) 65.28 (-3.31) | 120.98 (-12.67) 76.82 (-4.21)
HMR-EFT [15]|84.1% 4.675 85.23 51.88 107.88 98.55 66.01 122.19 78.39
+ PE (Ours) 63.6% (-20.5) 3.429 (-1.246) | 80.41 (-4.82) 49.15 (-2.73) 101.43 (-6.45)| 88.53 (-10.02) 64.00 (-2.01) | 112.78 (-9.41) 75.15 (-3.24)
PARE [15] 75.3% 3.948 81.81 50.78 102.27 99.15 62.43 117.45 72.68

+PE (Ours) |48.4% (-26.9) 2.953 (-0.995) | 77.46 (-4.35) 48.01 (-2.77) 94.86 (-7.41) |87.44 (-11.71) 59.80 (-2.63) | 109.82 (-7.63) 70.73 (-1.95)

Table 4. Fine-tuning with PoseExaminer. ‘PE’ is short for PoseExaminer. Despite being synthetic, fine-tuning on the failure modes
discovered by PoseExaminer can significantly improve the robustness and real-world performance of all methods on all benchmarks.
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2023 CVPR Human papaer

A Characteristic Function-based Method for Bottom-up Human
- =AM M7
- Heatmap Approachl| &K 2 K| A|&

’ O Body joint's Local maximum ’ Input image (i) Predicted heatmap for left ankles
GT position coordinate prediction | w.r.t. input image (i)
GT heatmap Predicted heatmap #0 -

(overall L2 loss wrt GT = 0.0144)

0 |o2s 0.5
0o n

58 o o o O o [0
CoDm o

Predicted heatmap #1 Predicted heatmap #2
(overall Li loss wrt GT = 00064) (overall L2 loss wrt GT = 0.0061)

3¢ Oomoo
0 O.) )\() or,

ool 8

é.

Predicted heatmap for right knees
w.r.t. input image (ii)

1 05 ()
[

- Ofef 1%!*1 = Ioss7f =0 E=
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2023 CVPR Human papaer

A Characteristic Function-based Method for Bottom-up Human Pose Estimation
- ol 2 et

- Of2ff =4| 1t Z'-2 Heatmap2| characteristic function2 Br&

Example 2 Example 1
¢ -

.................................................

(a) Predicted Heatmap (b) Modulated Heatmap
\/\W\/\/\/W\/\/\W\/\/V\W Figure 3: Illustration of heatmap distribution modulation.
(a) Predicted heatmap; (b) Modulated heatmap distribution.
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2023 CVPR Human papaer

A Characteristic Function-based Method for Bottom-up Human Pose Estimation

- A1t
(@) (b) () (d)
Body joint name: Right shoulders Right eyes Right elbows Left shoulders
‘ i £
Baseline - & . T
(HrHRNet- W - ras
W32) result: r=y . )
.
P . N _. ] :. R -
Ours - =
result: 1 e [
@ ° i
.
Method Venue Backbone Input size | AP Ap2U APT2 ApM Ap-
HGG [ 6] ECCV 2020 Hourglass 512 68.3 B6.7 758 -
Point-5et Anchors [ 5] ECCV 2020 HENet-W4g 640 69 8 BE.E 76.3 - -
DEER[]1] CVPR 2021 HENet-W4g 640 T2.3 BE.3 TR6 6.6 T8.6
SWAHR [27] CVPR 2021 HrHRENet-W32 512 714 2RO 778 663 T8O
SWAHR [27] CVPR 2021 HrHENet-W48 640 732 208 79.1 69.1 793
PoseTrans [ 5] ECCV 2022 HrHRENet-W32 512 71.2 88.2 712 665 T8.0
HrHRNet [0] CVPR 2020 HrHRENet-W32 512 69.9 87.1 T76.0 653 7.0
+ Ohurs HrHRENet-W32 512 TLE{TL9) B89 TE.1 67.3 T84
HrHRNet [¢] CVPR 2020 HrHRMet-W48 G} 721 8.4 T8.2 67.8 T8.3
+ Ours HrHR Net-W48 G40 T3.T(T1.6) 899 79.6 69.6 79.5
U szudka
6 SOGANG UNIVERSITY 14



2023 CVPR Human papaer

» Human Pose Estimation in Extremely Low-Light Conditions
- =X K7
- S E2 O|F2 o|0|X|0f M o] Q17 XtA| = o L7} of2i S
- Olo|H %ol ol2{g
- 0| &2 O[O X| 0 M| RtAM| =78 S annotationO| Of2{&
- O 2 Aot

-7t 2t O] &2 O|O|X| + Bf2 O|O0|X| & Bt=10 2F2 O|0| X| 0| M 2t annotation=S Rl st

mn

Well-lit image
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2023 CVPR Human papaer

» Human Pose Estimation in Extremely Low-Light Conditions

A

- ofj 2 et

- Teacher & Student Model2 A A|et

AU
SOGANG UNIVERSITY

N

-11

Glow:—+ ]Glo‘-."—,l’ Glo\v

[CLuory LCLupr
Gwei Fwei
L1 L,g Ll lsg

P’
LUPIL
Gwel
L1l lsg

LUPL

Pose
Estimation

// Stop gradient

LSBN

[ shared weights

Pose
Estimation

Training data

AP@0.5:0.95

Param. (M)

Latency (sec)

LL WL Enhanced-LLL LL-N LL-H LL-E LL-A WL
Baseline-low v 326 25.1 13.8 246 1.6 27.37 1.07
Baseline-well v 235 15 1.1 11.5 68.8 27.37 1.07
Baseline-all v v 33.8 254 143 254 579 27.37 1.07
LLFlow + Baseline-all v v 352 20.1 8.3 22,1  65.1 66.23 3.34
LIME + Baseline-all v v 383 256 125 266 63.0 27.37 1.65
DANN v v 349 249 133 254 586 27.37 1.07
AdvEnt v v 35.6 23.5 8.8 238 624 27.37 1.07
Ours v v 423 34.0 18.6 32.7 685 27.53 1.07
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2023 CVPR Human papaer

 Scene-aware Egocentric 3D Human Pose Estimation
- =X A7
- O 22| human pose estimation2| &% egocentricO| Al ZIZ4SHX| @f 0 AHEE O OO X|Of| Af Tk
Zleyet
2 O el ZXM|E 2 XR, VR, AR Z€2 7| 7|0 M pose estimationO| X &S| &[7] O @Ch= FHO

ol
PINY=1

- EESF X|F77HK| 2| egocentric dataset= depthOfl CHeF HE 7} @1 7| E 0 H=5t pose =70
O{ECta iggt

s Dataset2 2 depthOf| Lot M2 & 25t DatasetS 1&g

g A TH Sk | VDS |
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2023 CVPR Human papaer

« Scene-aware Egocentric 3D Human Pose Estimation
- Sl 2ot
- Depth S E Z E&dt= Dataset= PHE1F S A0 sceneO|CH 2 depth estimation model2 2SO
L

- 3D posel| CHEFE Ol (X E &2 += U=

: Sec. 3.2 Scene Depth Estimator Method MPJPE PA_MPJPE

Sec. 3.1 Training Dataset

: ' Our test dataset
Q . 5 Mo?Cap? [20] 2003 1212
el s E " zR-egopose [32] 241.3 133.9
e | (o] revns  EgoPW [33] 189.6 105.3
E LTS ‘ Ours 118.5 92.75

g - SN Method PA-MPJPE BA-MPJPE
—a Wang ef al.’s dataset [36]

Mo?Cap? [39] 102.3 74.46

\\ Ol T T\ xR-egopose [37] 112.0 87.20
Proptt P Pt | V2V Nt soumy mn =i T EgoPW [35] 81.71 64.87
)= L Ours 76.50 61.92

y B SN Mo~ Cap” test dataset [39]

Mo?*Cap” [29] 91.16 70.75
xR-egopose [32] 86.85 66.54

Egocentric Images

Depth w/o Human Body Scene Voxcl

Figure 2. Overview of our method. We first render synthetic training dataset EgoGTA and in-the-wild training dataset EgoPW-Scene. Both

datasets contain egocentric depth maps for subsequent training process (Sec. 3.1). Next, we train an egocentric scene depth estimator that EgOPW [_: ‘_\] 83 . l? 64 3 3
predicts a depth map without the human body and a depth inpainting network (Sec. 3.2). Finally, we combine the 2D body pose features
and scene depth map into a common voxel space. The 3D body pose heatmaps are regressed from the voxel space with a V2V network and OuI'S 79.65 62.82

the final pose prediction is obtained with soft-argmax (Sec. 3.3).
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2023 CVPR Human papaer

e Conclusion
Z 20| S0 A Ctot 2| K| 7| & PE ==0| Z7tet
- 0] &9l =2 2D, 3D, MeshE CHEE 9
L OlLHE 450 SUABOZ 1YY BHHIIS S5 GI7E Dake)

- 28 7t 80| &2 B+ SOF[LH & 4]
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- Egocentric pose estimation
= Applel| viZ| 7|7t M2 A0 SA|0 siE =0F &7 7ts-d0] =22 VR7Z|Z|0| S0 & 70| 2}
2 =0| C{E -2 EgocentricO| 7| |20 5 &3] 12{sli= Ttot £0F
-2 022 0| M 2| pose estimation 7HA

= OO M5 2X[H| 7|7t 21t S A0 DatasetO] 250 & VRS CHEeh 2HE 0| A 11215} OS5t 7|
=0 Aot E2 =OF

vorX|ZE 7| ES| R d5= i AlZIBEA Tl OF ot 7| =0 0242 task/t 2

AL
= 1

-1

o
[=]

9

- Complex pose dataset!
-Z2 S9N 27t 22 022 E= [0[H A0| 7|7 A|HWZ O|F S target2 2 S = TS!

AN O

== 3D Human Pose Estimation via Intuitive Physics [2023 CVPR accept]
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