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1) Joo, Hanbyul, et al. "Panoptic studio: A massively multiview system for social motion capture." Proceedings of the IEEE international conference on computer vision. 2015.

Background

« Panoptic datasets?) (CMU Panoptic Studio)
JE({]= E=s

S oIH S5 7|8 HER Y4

-7t 2t 7+-d: 310 ZHOEE L B HEl 2 B E SSMNES Hi K|
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Background

 Task: 4D Reconstruction in Uncalibrated Dynamic Scenes

- H| S 7] (time), 0| 2 (uncalibrate) B E| 7 S0 A 4D R+

- 7| & RO EH|E
-7|E 4D 7|HH HEE
A 28 HEg-d0
- CHOF FHOf| 2k H| A A
- DUSt3R/COLMAP: H| =8k Bl A K],
74

R MT Y HAY Y SN

Reference image Ground truth DUSt3R
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Humans as a Calibration: Dynamic 3D Scene Reconstruction from
Unsynchronized and Uncalibrated Videos
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Introduction

» Contribution

AR ZEXAM FHE A2 EY 0| IjHo 2 =&
-AlZtH|S7], = H Ed HE| R MM A|ZF =ML FH0 2 =S X X o}
-SOTA d& 24, GTCEY E= AZhit FAtet =&

« Conclusion 8 2F

o
— 2oy HE =0 Q2 HE 2 At, Cam posel| Bt 27| =H 7ts

—_—

B Unsynchronized ' 1d ] @ Synchronized
(& No camera poses @) Camera poses
Ry % e ’
e \ R
: -
Spatiotemporal
alignment

Dynamic 3D scene reconstruction

<Humans as a Calibration framework>
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Method

e Framework overview
-S3MEZ LIF0 4

-Ati Hi
f {{.ﬂ 1\ I E At[ljj:]i H/ & lProcrustcs align
. . rl ¥
] d(ht, b i : . ': //f
: o B . 8 ool Iteration
Y ’ T 'ﬁ %
—{ T T 1 » i 3
ATU rj I}\ ) ; ‘f“ | ’ K-planes R' 7t At‘
. Multiresolution grids Progressive learning
Pairwise DTW Global sequence alignment|
(a) Time offset estimation (b) Camera pose estimation (c) Refinement w/ joint optimization

1 2 3
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1) Ye, V., Pavlakos, G., Malik, J., & Kanazawa, A. (2023). Decoupling human and camera motion from videos in the wild. In Proceedings of the IEEE/CVF conference on computer

Method (Part 1)

 Data extraction
- Input: Ct& 7 H|C| 2 (Uncalibrated)
- Output: 2+ frame E Human SMPL (shape, poses)
- Model: SLAHMRD 2 AtE Sl =78
» Local SMPL coordinates
- Zt 70| 2F R B A OfCF SMPL It 2f0| B & E-F (shape, poses, trans)

Vi H!
8 _ | _— _[See | _ o _|®

<Frame & SMPL =8>

PR ABtugha
' SOGANG UNIVERSITY 8
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Method (Part 1)

» Time offset estimation
- 2. 7t 2} & FPS XtO|, O 2] Cis 7 7t 2t 2t Al Zk(time) S71|2 2R
-0] =MA| M8 Hs KXo D (Reprojection 2LF)

- DTW algorism
-ZO|7FLI2AL SETFEHE & MBS AE)E EBde 2LEE
0= A0l M2 TS, RAES 5ot Y

< 3 ZF multi-view 7| 2F & AH= =l 3D pose trajectory time A| FH A
: -.'?'_-7(1|7.§.4 A Al
-7tof|et 7ol A2t H| S 7| RFE, 5 Pose?t2| A|E AT} H|SLHK| T

A|7|-O| O'I:LL|'7'| L|' EO'|I_"/EO'I EEIO| AAE ‘I‘ 9}'\%

MWM RES SR

Laginy
3 -. ¢ ;, G. m
‘ ) / FJgy
R A THEED Panrwnse DTW Global sequence alignment
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1) &1 AFEh: https://www.youtube.com/watch?v=ERKDHZyZDwA

Method (Part 1)

* Time offset estimation

- DTW algorism
_ 2t ojElAY)|E| ZIOIE_E_O|E H = A|ZFX| /S0 XS HIYSHK| 2

AN 2 O SooF & I 2/af{H S M2 Bl =7}
-F U2 XFEE RAUSH &N, ot X[ EO| LhE F2| o2 X[ ZtE WS 7ts
)

=
| S BIE= 82, 7t &2 scoredt O] M & FAL

F

[jot

-2 HE:DTW= E &

d(hiln htg) - ”Jcanon ,t1 Jcanon , 2 ||2:' At - GLOBAL ALIGN(C: AT):

Distance H 9| 7t 2t & time offset At&
Score
7t8: 1742| 3D pose trajectory PRI . N p.
1 4 AlE£ 7
ba g L 9N e
’ [/ \ P ET(_r:l—D J\/\ 1.1S
%% \
Time
Time “ oS
<DTW algorism>
AE HSH AS S A A T} Hl2 H|
R ST TUSED BAE 2o M5ot37) T2 AFA 2 DTW H|E H| VDS
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Method (Part 2)

» Camera pose estimation
-7t 2 2= =73 (Procrustes 7| 2F &Eh
- o4 OF0|C| O

HYO|NMOZ AIE
7 ZX0 e SESHA HEot
: QEA AASE A ZE At BB 7| F 3D pose 7| EF HEt
~Procrustes 7|2t Hg A

c WF FHH 2 o PEQ 2 MEH (ae[1,N])

s+ BE i(ZHH 2t index)#a Off CHH, W7 2t] Hotes +=H

ol HEtS T et Zx0oE S YA HEEM 0l5)

Sis Sas biy ta, B = PROCRUSTES ((Jgopa ¢4 agii b):

(']giobal,it—l-/lx.tC‘E 3 t))

<Procrustes 7|2t Hgh>

q s onda
. SOGANG UNIVERSITY 11

(w/ estimated At)

l Procrustes align

i*

(b) Camera pose estimation
| VDS I
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Method (Part 2)
Bt 24

BN 4 QALEE H|

e Procrustes 7|
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AW THED
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2_
Siasaat’iatcﬁaR
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Method (Part 2)

e Procrustes 7| EF 2
-SH.-YM QAIEE H| W

Hf EH
"o d

1) https://en.wikipedia.org/wiki/Procrustes_analysis

Uniform scaling |edit]

Likewise, the scale component can be removed by scaling the object so that the root mean square distance (RMSD) from the

points to the translated origin is 1. This RMSD is a statistical measure of the object’s scale or size:

NG S )
s &

The scale becomes 1 when the point coordinates are divided by the object’s initial scale:

((z1 = 2)/5, (1 —7)/9)-
Uniform scaling

3.1 7% M| A oF K S 7|E MK LD CHE K E 9|
3-2. | 2| 2t A4k = AKX Q] B A0 AE| Ml&g(SSD)E x4z 2| 4k
6 6 6 6
4 4 44 4
° > © > ° € e t
e R e S S s [ e S S A B
“ sy Cdha  Trnslation( 8 olE) Uniform scaling Rotation | VDS
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Method (Part 3)

* 4D Reconstruction with camera refinement

Ex‘l A|7|- Q.LLA'II(AA[) _|_|- 9|-[|-”E_|. ._LIJ_.X(R T)%

-7 gl
;' K-Planes 7|2t 4D NeRF
22671 BHO| CHE
- Progressive learning
72128 S50E TR0E MUY Sy
-A|Zt M (A 2] 2HEH E
-At & LBt time2| feature =010 YEHE
-GT €= Rendered image AFO| L2 pixel loss

I= 3030 T(1 — e Gt T80 )e( (£ 4 At), df),

L=3, i@ = I(x],t + At)]|2,

<Loss & &%, (R, TAt) XXz}~

N AT TS
' SOGANG UNIVERSITY 14

S8 NeRF St52 2 %[ M3t & 4

ol

off &F = E3 gird AFE (Hex-plane)

.' At X X
p; =/P,‘.—= R‘ Y{ 1o & "’{‘

— w-—-

K plancs R‘
Progressive learning

Multiresolution grids

(c) Refinement w/ joint optimization
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1) Xu, Z., Peng, S., Lin, H., He, G., Sun, J., Shen, Y., ... & Zhou, X. (2023). 4k4d: Real-time 4d view synthesis at 4k resolution. 2024 IEEE. In CVF Conference on Computer Vision

and Pattern Recognition (CVPR) (pp. 20029-20040).

Experiments

« Mobile-Stage dataset!
-7 AOEE BE|RE EFE 3P HM(EHH +SH F)
JE(f]= E=s
- Y5 A EHO|AM ATt 7FE (occlusion) H 4
/B7FME
2 20CH 72k, B2t 10 FHH2F ALE
-7t A[OF S X[V} RO Aot BE[R/aX & X7d d

fo= =

B~
. Sf

s
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—e
o
-

olr
oY
o[
2
A
ot

<Mobile-Stage dataset>
R ST THED 8 VDS
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1) Zhang, S., Ma, Q., Zhang, Y., Qian, Z., Kwon, T., Pollefeys, M., ... & Tang, S. (2022, October). Egobody: Human body shape and motion of interacting people from head-mounted devices. In European conference on computer vision

Experiments

« EgoBody dataset!
. ZHH M. 2010 O17F Al
-7 2 M| E
-8 H Kinect: (S22-S21-02: 40, $32-831-01, $32-S31-02: 5CH)
- 0|58 HoloLens2: 02| X-84] 7|2} 2} scene & 104

o

N R=]
1O

-H|1: 40| E& 0|7+ =X ot= HIO[H ME
' HoloLens2 @240f Z& EE|O' =X, et 2N =2 =2 Cf=
CRAHS MY m2toz ertol 512
-A|EA 20| HE| R at& I:|| E|9 Zk200= 3 &

<EgoBody dataset>

SOGANG UNIVERSITY 16
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(pp. 180-200). Cham: Springer Nature Switzerland.
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Experiments

. Io‘|E|=X-| _/I\_

K| A1} (Camera, time refinement)

O 1
74 =0 XK |7|-2 -”_T'_ |§ O:I |EI‘|
-E= =74U= NS, 018 E0= A0
A oo
-Egobody H|O|E{ M| E Q| refine = L2 +=X[2 CHFEX| %S
Rotation (°) Trans. At (frames)

Dataset Scene Init  Refine Init Refine Data Init  Refine e 2

BASEBALL | 530 0328 | 22.6cm 0.16cm | 2004 0700 0025 £ 4 4 5. o ¥

OFFICE] 388 0420 | 197cm  0.17cm | 3325 3448 0.031 § & Ve e
Panoptic OFFICE2 8.89 0.660 | 380cm 037cm | 29.65 1.300 0.029 s \h :'“ 8 \// v
Studio OFFICE3 395 0363 | 192cm  0.17cm | 32.93 0.800 0.026 E = had 2l 78

TENNIS 529 0290 | 25.8cm  0.22cm | 2833 0467 0.028 e

| Average | 546 0412 | 251 cm  0.22cm | 30.64 1.343  0.028 > | > ,
g = R .
Mobile-Stage | DANCE | 5.65 1,707 | 0.053 0002 | 2476 0455 0214 é E B = =
Q a . - o

$22-821-02 | 12.7 0.016 21.94  7.200 - &A= iy = g A 3 +4 .

EeoBod $32-831-01 | 3.68 0.025 33.30  0.333 - & = & s
gotody $32-831-02 | 10.8 0.034 8333 1667 - ; ,
| Average | 9.07 - ‘ 0.025 | 21.19  3.067 - Mobile-Stage Panoptic Studio EgoBody
<Camera, time refinement 2 1}> <Cam pose, Red: GT, Blue: Estimation>
R B TUdhD VDS
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Experiments

« L O|= &% 78 A (robustness E7h)
LSO =S
-7t 2t & Frame rate 7} CHE 718 2 4™
= Z2{1: FPS=24 for five videos and FPS=30 for others
- Video degradation (H|C| 2 &2}
A H|C| Y3} Z0bye[0.35, 2.1]), B =/AM 0| = F7}
-SMPL = 0[=: 8, ©0] 7tA| 2 20| =(6=0.01~0.2)

.ZAE. 0|7} 57;}8 A8 B B E  time = L X|, uncalibrated 2HE O A =

M E F2 =75t

r

TENNIS scene Rotation (°) Trans. (cm) At (frames)
Init  Refine Init Refine | Init  Refine
L2 norm, 3,0 5382 0.656 | 26.130 0.261 | 2.100 0.030
SMPL noise, o = 0.01 | 5266 0.285 | 25.844 0.296 | 1.633  0.027
SMPL noise, o = 0.02 | 5.307 1.240 | 25.825 0.276 | 0.533 0.028
SMPL noise, 0 = 0.05 | 5310 0.357 | 25.861 0.277 | 0.833  0.029
SMPL noise, o = 0.1 | 5241 0518 | 25.383 0.257 | 2.100 0.030
SMPL noise, c = 0.2 | 5404 0934 | 26.831 0.217 | 2.367 0.024
Degraded video 6.496 - 32.374 - 1.133 -
Mixed FPS 7.933 - 38.58 - 1.200 -

o = 0.05 o=0.1 o=0.2
Default setup ‘ 5293  0.290 ‘ 25827 0.217 | 0.467 0.028 o e o AR
L.;O X0 ic Hl > <Vi ion = O[> <« O|=>
” P | =0f| [HE metric H| Video degradation O] SMPL '=0|=> [y/psg
SOGANG UNIVERSITY 18 LAB



1) Seoha Kim, Jeongmin Bae, Youngsik Yun, Hahyun Lee, Gun Bang, and Youngjung Uh. Sync-nerf: Generalizing dynamic nerfs to unsynchronized videos. In Proceedings ofthe AAAT Conference on Artificial Intelligence, pages 2777-2785, 2024. 3

Experiments

L HYH 4K A1}

- PSNR / SSIM / LPIPS H| 1t

.93 GH0| B 57022, BE St HYO| BEO

o Hl P&l

=

o=

- Oracle: k-planes 7|9t BH 2! GT cam pose & GT time XS

- Sync-NeRFD: Time refine 7}'S,

. ZE

- Cam pose/time &f Bl 8 0| A £ Oracle

+70) 2

7t 2f =M=t 271 — H

S
=]

dXles F222 E7

WE ?5H GT cam pose

old X = Al
- G5 ZHO A= PSNR &2
Dataset Scene Sync-NeRF w/ GT pose | Ours w/o prog. training Ours Oracle (GT pose & time)
> PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS
BasesaLL | 21.17 0.833 0.189 | 19.23 0.577 0412 | 2720 0919 0.072 | 26.80 0.925 0.065
OFFICE] 20.62 0.809 0.196 | 2233 0.678 0.334 | 26.65 0.855 0.125 | 27.00 0905 0.079
Panontic Studio OFFICE2 21.14 0.782 0.195 | 1839 0.511 0544 | 2443 0.820 0.155 | 26.58 0.891 0.091
P OFFICE3 2094 0.826 0.178 | 21.06 0.614 0.383 | 27.51 0.893 0.093 | 28.23 0912 0.077
TENNIS 22.09 0.851 0.168 | 17.29 0.531 0.552 | 2694 0.881 0.113 | 27.22 0916 0.080
| Average | 21.19 0.820 0.185 | 19.66 0.582 0445 | 26.55 0.874 0.112 | 27.16 0910 0.078
Mobile-Stage | DANCE | 17.26  0.410 0.284 | 13.72  0.233  0.510 | 2327 0.816 0.089 | 2298 0.806 0.093
ﬂ HAB U
SOGANG UNIVERSITY 19
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Experiments

- 9N AT

Sync-NeRF w/ g.t. poses Ours w/o prog. training Oracle (g.t. poses & time)

BASEBALL

<Panoptic studio 3

wudkan
OGANG UNIVERSITY 20




A

EasyRet3D: Uncalibrated Multi-view Multi-Human 3D
Reconstruction and Tracking

AW THED
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Background
- 7|E ZHE

- Human 3D Reconstruction 40| 7t 2f = (LH, 2| & Tf2t0|E) S = 0| 2t =5HA|
o|E

- A HIB

-StLte| RS ALESH, SMPL FEA| 718 E 8% =8 =71
. Al AbSEO

-ZE|wS & ALESH, 7t Fo Zdot, Chs R0 Tt 7ZHEXN ME| 7ts

<Multi-view, Multi-person data>

PRy d k- VDS

SOGANG UNIVERSITY 22 LAB




Introduction

» Contribution

Efs 7tH 2t EFEl S0 o2 AF— S| 3D Z=2E FF
=2[3D Z= FE S 0| &, M2t ItEt0[HE A2 2 7

mOﬁAﬂ@E&@ﬂmﬂﬂgmmﬂ%gﬂmJQQQwMQHLaggi

 Conclusion 2 2F

— & 7tH2r 278 |0, s 7 &

O Al SOTA M= &4

Uncalibrated Videos

/

Human Tracking & Reconstruction

%

)

N7
&0

<EasyRet3D>

ABTNE-D
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Method

e Framework overview
SFILEZ LI+ 2

_____________________________

Off-the-Shelf HPS Estimation View 1
View N
@ & %!
(] \ ‘Y
. ‘ & )3'
@ [ = ‘ f

Adaptive 3D Human

Uncalibrated Multi-View Video Single-View Initialization Stitching

Multi-View 2D Keypoint
Reproduction Loss

Shape, Pose, Motion Prior

Iterative Global
Optimization

A

Global Human
Motion Reconstruction

1 2
R 447 CH 8k

SOGANG UNIVERSITY 24
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1) Goel, S., Pavlakos, G., Rajasegaran, J., Kanazawa, A., & Malik, J. (2023). Humans in 4d: Reconstructing and tracking humans with transformers. In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 14783-14794).
2) Rajasegaran, J., Pavlakos, G., Kanazawa, A., & Malik, J. (2022). Tracking people by predicting 3d appearance, location and pose. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 2740-2749).

Method (Part 1)

» Data extraction

- Input: Ct& 7 H|C| 2 (Uncalibrated)

- Output: 2+ frame E Human SMPL (shape, poses)
- Model: HMR2.0V 7|5t PHALPS? 23 AtE
» Local SMPL coordinates
- 24 7t 2f 2 E A OFCF SMPL LF2H0|E{ & 2|7 (shape, poses, trans)

_____________________________

‘ @
o Y; "/ 1
W

1 ]
E Off-the-Shelf HPS Estimation E

@ &
w
17}
AS : |
:"f) | Automatic Camera Calibration |
p Bl 32 Gooascocoosssosscscosusnasua)
Uncalibrated Multi-View Video Single-View Initialization

g AT TS N | VDS I

SOGANG UNIVERSITY



1) Rajasegaran, J., Pavlakos, G., Kanazawa, A., & Malik, J. (2022). Tracking people by predicting 3d appearance, location and pose. In Proceedings of the IEEE/CVF conferei n computer vision and pattern recognition (pp. 2740-2749).

Method (Part 1)

« &Y 2= A (Cross-View Matching)
QM. CFE 70 Ete] ZH 2o =X = sMPL 72| OfAl0] 1S
- Of S 2

- Human feature ==
-Human cropped image > PHALPSD - 3D appearance embedding features
- Feature 7t 2 2{AHE

-Zt point Zt2[ L2 HE| & &S X280t SR FHAHYSY &

W

3 View 1 o o o ® 4 ® . ®
® o ® .. L 4 ®
e © : e o © *
View N : ®e [ ) °® .. » .
e e ° *
®
\ e %, e,
I _ <Feature {t A E &>
% thdka <Multi-view SMPL 7 O A 2> VDS

SOGANG UNIVERSITY 26 LAB



1) https://en.wikipedia.org/wiki/Random_sample_consensus

Method (Part 2)

e Camera initialization

« =& 3D Human pose& ArE3H, 72} Tr2t0[H (R, T)2| =7[4lE F8

Hf EH
"o d

-Input: Local 3D Poses (multi-view), 2D keypoints (multi-view)
- 1. Multi-view 2D keypoint & 7}& M E2| =7} &2 3D Pose 11 & (Global 2 718
-2. Cross-View Matching 22 &Y =2 3D pose = 7| =22 {7
-3. Sl view?| 3D pose & 7| =2 Z, LIHX| view 2| 2D keypoint ZF2| PnP Of &
o 7h|2f etk A 0| 5 HIE 2 RANSAC) 7|8t pnP2 HHEXM O = A4t
-7t 7t et 27 A Z8E0 RIeH, 2R 42 R D2t0HE S&F
> 7|4k 4= O = Bt =Ko} tHA O M T2t 0|H & =7 =7

Py HE(EF) Al A olH 3D ERIE (of: ¥ 913
Ry fE sl A shvetv A s 514 P8

PCU 2 R%} PW,Z + ch & = 1; ceny Z T Qe o)A Fhdlet v 3EA 20| o] % #E (translation)
Po,..+ 7k e ZEAloA o] sl 3D ERIE ° £]7]

Al
o z:  ZF3D EJIE(: WH QE2), F Z7)

OH

<Global to Local ZtH A =t

R AT THSED VDS

SOGANG UNIVERSITY 27 LAB



Method (Part 2)

» Adaptive 3D Human Stitching Module
-804 58 ROIM 7HE, =8 Bt g 22 £ SMPL 0| = A 1j
-412|4d U= Global SMPL ?* 2
HFEH. 7+ Local SMPL 7l_rg| *|E|E 7|t||- 7|-§'c'>'|-
-2t view &, 2D keypoint 2| M 2| E 7[Hte 2 FH0| =l SMPL Q| Lf2t0|HE 7IN &
-0f: frame 12| SMPL & > Ct==2| 72 0] EXSt= frame 2: SMPL & 758

4

<View 7J°I SMPL Lt2t0|E{ XtO| EXf>

R AT THSED VDS

SOGANG UNIVERSITY 28
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Method (Part 3)
« X[ M3t tHA
= [terative Global Optimization Module
-S3HAE 78
Tt B YR 2ESHE 2K 3} ALO)
;': Stage 1: 2D Reprojection loss TH AF&
;= Stage 2: Priors =7} (Human shape, pose)
s+ Stage 3: Motion/Environment X|2f =7}
- Stage 1.
-Loss: Ly,p

- Reprojection error: Global SMPL 2| 2D Keypoint A & & 2 X}
- Z[ M3 O 7H0| 2 TH2r0] B, SMPL (pose)

J-(-1'5ta,'lg;f:l = Lypp.
Vi N T

Lop=> Y Y Cp(Ip(*R»J+T)— ;).

v=1 i=1 t=1
g AW hda <Reprojection error Loss>

SOGANG UNIVERSITY 29
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Method (Part 3)
NESel G|
= [terative Global Optimization Module

- Stage 2.
~Priors 37} (Human shape B , pose ©)

smooth

-Loss: AppLpp + }‘BLB + A olo t Agnoom L
= Smoothing Loss

- Temporal consistency &2t (& 7t =4t Hal AKX

£stagtﬁ = AppLypp+ AE-C.B + Ao Lo + Asmooth Lsmooth -

N
L= I8, L= 4 Vposer @
i=1

=1 t=1

<Reprojection error + Human prior Loss>

ﬂ 41 TH8E D

SOGANG UNIVERSITY 30
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Method (Part 3)
RSl gu |
= [terative Global Optimization Module
- Stage 3.
~Motion priors, 2t K| 2f loss F=7F

—Loss: AppLlypp +2gLg A glg + Agnoom L + MnotionLmotion T Menvle

smooth ‘motion—motion env-—env

= Motion Loss

-NeMF 7|8t =2 R EE

- 7| & latent & FXZO0| A & X E motion O] LI X| L= A<t
» Environment (env) Loss

-2O| X|HO| BO{H = 8%, H 2 E| £ (Skating HX|)

ﬁstagﬂ = AJ2D£J2d+/\.ﬁ ﬁ,ﬁ‘ +/\(-) *C(—) +)\m0ti0n£motion+Acmf£env-

<Final Loss>

ﬂ AW THEE D

SOGANG UNIVERSITY 31
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1) Belagiannis, V., Amin, S., Andriluka, M., Schiele, B., Navab, N., & Ilic, S. (2014). 3D pictorial structures for multiple human pose estimation. In Proceedings of the IEEE conference on coi

Experiments

e Shelf dataset!
-O|O|E &3
-7t 2t T+ 5CY
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e Human3.6MD
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-&7|2- B E 400 7t 2 AR
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- YA X A1y
= Metric: MOTA, IDF1, ID Switch
-MOTA: EfX| I - QEHD AKX E EF BtEot T e
-IDF1: €2 AtEHE T K| scenelf| CHSH, S Lo IDE & FHIM=X
-1D Switch: €2 GT 222 FXdt= =&, FH7|2| ID/t HHE 3l
-PA-MPJPE: 27| Q& N2{5tX| %42 YEN(EXD) T
- Train Free: Test data O CHSH, =7} fine-tuning = 2 2
- Calib Free: =M 2 OI2I0|HE 28 HR7I gla

o
id|
0x
0
o
H1

Calib. Train. ID Calib. T PA-MPIPE

Dataset Method Type oo pree MOTAT IDFIT (o | Shelf Typei Fz;ée : Frféz :A clor 11 Actor2 1 Actor3 1 Avg. 7 |
Snipper [50]  Mono X X 934 855 - VoxelTrack [15] Muli! X ' x | 986 94.9 97.7  97.07 -
Panoptic VoxelTrack [48] Multi X X 98.4 98.6 0 Wuetal. [38]  Multi;, X | X | 993 96.5 97.3  97.70 -
TEMPO [7] Multi X X 08.4 93.6 _ VoxelPose [37] Multi: X : X : 99.2 95.1 97.8 97.37 -
. VTP [5] Muli, X | X | 995 962 976 97.77 -
o _____Ous___Mui_ v v/ 989 988 0  (ppeanpy Muli' X ' v | 996 932 975 9677 476
Shelf Yangetal [+2] Muli X X 946 - - Huangetal. [13] Muli, ¢ | v | 998 965 976 9797 459
VoxelTrack [48] Multi X X 944 972 0 TEMPO[7]  Muli' X ' X | 990 = 963 982 980 43.1
Ours Multi 4 972 990 0 Ours Multi, v | ¢  99.8 97.2 979  98.30 41.7

<Panoptic, shelf dataset & 7| 21> <Human3.6M dataset & 7} 21>
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