A R PN I EL R B

w
N
2
ri
i1
4
=
|m
14
in}
S
o
&
ofl
ilo
10
ot
rx
U
i)
>
ox
=
P
1o
w
bl
24
rie
Hel
| M
N
Vi

solee@kw.ac.kr, never4250@kw.ac.kr, jtpark@kw.ac.kr, bspark@kw.ac.kr,
*yhseo@kw.ac.kr

3D Pose Estimation from Selective View for 3D Volumetric Data

Deformation

Sol Lee Ji-Hyun Kim Jung-Tak Park Byung-Seo Park *Young-Ho Seo

Kwangwoon University

2 o

2 =M e AEA AHAAY 2D ZX= FZ(pose estimation) ZAE AHY sto] FF= &2 3D
A 72 € (skeleton)}2 TS| Wit} of2 me] 3D HO|ES 10 & ZHHo2 36 a0l =3t 5, 2D Tx 57
23 Jert 22 AHAAY AnE AdEstel 3 Atdez AY ok ojff ARgstE AlEY RS 2RshY
Y=o Rl T2 wAsH] dPF oz FE eIt 22 429 AIF /NS4S Foich £, AP A D WS 2
74 & (motion capture) AlA] ¢} ¥l w5}o] A|QFst= Lara]Zo] oJs 3D 2= F79] Ferer} FE = A2 FAAT
fi k-1: 3D model
1. }\_] % rame l mode
[ 3D pose estimation ]

Aol
glolg 9] 27t Z7tsta AAT, 2 §Fo] vF ot TR0l *
[ Body part segmentation ]

1 3 Zo] vA|(non-rigid) WS &3 o =YY 3D |

HolHE Ayets &5 wWAd Zasd 1YY 3D xx 57 [ Rigging ]
FuelEg AoHih A(rigid) W0l HE Aol 7H7o] |
¥stA] g wgtoz HajolEut o)A Weke myTh LA

_ _ [ Weight skinning ]
W3S HE oo HAo] wiste Wgtoz shto EAE E
oo BEog ru N2 the WHe HegoRN 29T 4 l
k. 3D FW cojHe RE B 9 uA Wi [ Nowsigid deformation |
3D 2A7AES 7|FO2 ol20W 4 glon], 1 FAeS |
gt 3D 2= F79] 9hAlo] I @ttt frame & 3D model

39 18| 73A HEE o] &3 3D HolH &F 04

156



2022 d st=2uts o)) o] 28t3] s1AsHE T3]

2. MR AMOIA Q) 3R A 57

Al &

ok
rlo

3 10 =do] ERUEY &JH 3D fojg o i3]
Tt oA £ (Projection) o]u]x|oA] 2D XX& 545t AnS
7|§te g 3D AAYES 4™ HolHE olgsiyrt. o, Z
Aot} oG Aol A Hol= AJ-o] A, Fof 93] 7t A]A
g AFo] ot 17 2.(a)e BE WHo| Hol: |- A9 2D
A 24 ZAdoln, 3 2.(b)e 2% kst S50 sl
1A o2 wrialo] st 2D WA ZxHo] BIts3t HQolo).
OpenPose[2]:= 712 A= g0 Oioll 35t 490 doidor
2 A =g Algstct

(a) (b)

9 2. (a) BE #-o] Bol&= AlA, (b) 4+ #A-o| 7HE A= A A
oA 9] 2D HA

OpenPose 7 Aok NHES UKoz YYsio
NHE 1 2U%E 832 2971519 AnE olgato] 3D WAL
AFITE oA 9 3D WL DA WA AN ZEE A 3D
Yol 92 AR AW B EEWAE FFOEA

FUs2 S5

(a) (b) (c) (d) (e)
2% 3. (a) A WA AA ¢ 3D BA, (b) 4 8 A, () 16 71, (d) 24
7N, (e)3270¢] 2D #E = A3 3D BFE

33 3 9 (a)e 24 FX MAREEQ 3D AAE0|L,
(b)= 8, 16, 24, 32 +71X|9] 2D #HZ AT ofo A3t 3D
2729 Aato|t}. B X MA2RE 53 3D AAES

157
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¥ 1.7 4 8 A g view 7] wE TSD(Temporal Standard
Deviation)¢} #73 H TSD

View Count / TSD
8 16 24 32
Before 16.164 12.378 10.714 9.834
After(Applying
the Method) | 2046 | 10451 | 10.358 9.721
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