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» Part-based Parameterization
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» Semi-analytical Algorithm
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* Clothing-Preserving Data Augmentation
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Experiments
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Method | Model | PVE-T-SC |
HMR (Kanazawa et al. 2018) SMPL 22.9
SPIN (Kolotouros et al. 2019) | SMPL 22.2
(Sengupta et al. 2020) SMPL 15.9
(Sengupta et al. 2021b) T SMPL 13.3
(Sengupta et al. 2021a) SMPL 13.6
HybrlK (Li et al. 2021) SMPL 22.8
LVD (Corona et al. 2022) SMPL 26.1
CLIFF (Li et al. 2022b) SMPL | 184 Method H C W HC PP
SHAPY (Choutas et al. 2022) | SMPL-X | 19.2

SPIN 59 92 78 101 29
SoY (Sarkar et al. 2023) SMPL 15.8 Sengupta et al. 2020 135 167 145 102 47
(Ma et al. 2023) SMPL 18.8 TUCH 58 80 75 57 26
(Sengupta et al. 2021a)* SMPL | 154 (S:‘i‘}%‘l;l"a etal. 2021a | 82 133 107 63 ;3
SHAPY (Choutas et al. 2022)* | SMPL 12.2 SHAPY '51 6 5 ;59 ;7 51
ShapeBoost (Ours) SMPL 114 ShapeBoost (SMPL) 66 63 58 47 25
ShapeBoost (Ours) SMPL-X | 12.0 ShapeBoost (SMPL-X) | 68 69 56 49 22
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Limitation
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Introduction
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Introduction
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Introduction
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 Human Part Segmentation
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 Human Part Segmentation
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* [ BS-based Local Deformation
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« LBS-based Local Deformation
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* Free-form Generation for Loose Clothing
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 Training
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Experiments
E-EEbl

r

SH
o

- dHSH RO| BO| I3t El ReSynth dataset 2 = test
-Fréchet Inception Distance(FID)
'+ Inception V3 S AL A AFE X QX[ F HHEE
-Mean Square Error(MSE)
- Point cloudZF2| X}O[Z} OfL| 2} normal mapZ+2| H|

Subject | All | felice-004 janett-025 christine-027 anna-001 beatrice-025
Metric | FID | MSE | | FID, MSE| FID, MSE| FID| MSE| FID| MSE| FID| MSE|

POP[39] | 5787 288 | 6643 580 5255 202 6109 264 5148 205 5782 186
SKIRT [40] | 5332 272 | 6327 570 4823 203 5584 244 5026 181 5400 160
FITE[33] | 39.02 270 | 3861 509 3581 209 4083 252 3821 197 4162 182

Ours 3775 261 | 4241 524 2795 192 3743 235 39.63 1.89 4124  1.68

T E T h T
L

= K| &

Of

Back
View

beatrice-025 anna-001 janett-025 christine-027 felice-004

R 4B CHBE D <Normal map dataset> | VDS I
26 LAB

SOGANG UNIVERSITY



Experiments
- 38 87

- {0 M EH felice-004, janett-025, christine-027

Al ﬁ‘%@ ﬁw ﬁ%ﬂ@

i ’m

s
™
.

Q ﬁn@ @im ﬁ“ﬁ

SkiRT

AEBAA

SkiRT FITE

ABTHED
SOGANG UNIVERSITY 27

VDS

-
‘}
m



AL L

I

N

[

VDS

m
e
i

28

Ll k- Pn

9
$

-3



	기본 구역
	슬라이드 1: Clothed Human Modeling
	슬라이드 2: Outline
	슬라이드 3: Background
	슬라이드 4: Background
	슬라이드 5
	슬라이드 6: Introduction
	슬라이드 7: Method
	슬라이드 8: Method
	슬라이드 9: Method
	슬라이드 10: Method
	슬라이드 11: Method
	슬라이드 12: Method
	슬라이드 13: Experiments
	슬라이드 14: Experiments
	슬라이드 15: Limitation
	슬라이드 16
	슬라이드 17: Introduction
	슬라이드 18: Introduction
	슬라이드 19: Introduction
	슬라이드 20: Method
	슬라이드 21: Method
	슬라이드 22: Method
	슬라이드 23: Method
	슬라이드 24: Method
	슬라이드 25: Method
	슬라이드 26: Experiments
	슬라이드 27: Experiments
	슬라이드 28


