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Unsupervised Domain Adaptation for 3D Hand Mesh Reconstruction
via Mask-mesh Consistency
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Abstract: Recent studies have explored the use of hand-object interaction videos to develop human-like skills for robots.
Estimating hand pose and reconstructing the hand mesh is crucial for transferring human motion to robot motion in hand-object
interaction videos. However, acquiring hand pose and hand mesh annotations is challenging, which often limits data collection
to virtual or controlled laboratory environments. In this study, we propose a source-free domain adaptation method based on
pseudo-labeling for hand mesh reconstruction using mask-mesh consistency. First, we construct a hand mesh reconstruction
model with two separate heads: a segmentation head and a mesh head. Additionally, we assess the consistency between
predictions from the two heads (segmentation masks and reconstructed meshes) to create reliable pseudo labels during adaptation
to the target domain. These pseudo labels are then utilized to fine-tune the model for adaptation to the target domain. After

applying our approach to the target domain, the model’s performance improves by 5%

reconstruction.

across all metrics for hand mesh

Keywords: hand mesh reconstruction, unsupervised domain adaptation, source-free domain adaptation

1. ME

HT 2Ro| A 2o B9 &4 22E T35
A8, Aol EAIE 2&shs ddolA QIzte] T2 HR
£ 831 AT} gis] JyEa QoH1). 28] Al
9] B2& EHHo g wuksley A A TFHsEH
A A 2] ZA| Ql12]o] "4 ol

o] AA| el WHog:= 2D B 3D 2AYES U4
She W21, FefvEste & 2de o] gste] xA|9)
s AT AR 4e] Jdoh 2AHES FAS=
J2l2 onA2RY 7 #He] AXE A FE= ¥
Heog mdo] JPHI F8 £57) wEaths o] ok
:LEM w4 /\}0191 TZ22 Ak ZHo] o] & AATL

A FAHEHAY & PP dBEHA e 47T
Atk W, gEeEEE & 2de o8k e F2
MANO [7]¢} 22 ZE& o] &3] <9 3D IS A4
gtk MANOE AR <=9] #2292 3D o2 nj

ol

)

5]

‘F

o mlor

R, o] HPHE ARl AHoH & A 7N

il AMQ 2715 dAFHA AFAEE F Aok 3
1‘11119} wd gielg ko] g BAE B3] 5
ke d ool EAIgth HZ AFolAdE &Y RGB
olmx|E JHulo} MANO & 2dE 7|Hto g 3D A4S
AFdshe WHEC] AJEL AT34]. B AT =T ©
Y RGB ©JF|ATHOZ <=9] 3D A& HY3] ATF3=
S OETH12).

3hd 2Ho] Al £ %ﬂé A 24 F5)
TR dloJgjAle] H4A
}6 %— EH o2 95
F&t 7helek

=
u}

O oy XN 4N o

*Corresponding Author

Manuscript received December 12, 2024; revised April 16, 2025; accepted April 17, 2025

BN BFIH )&
AL e
NES e TR
dE3: TR %

1%

ol5Rl: FF4str |&38H} W (kyoobinlee@gist.ac.kr, ORC

S8t o) e Ay (raeyo@gm.gist.ac.kr, ORC

&8 st (sangjun7@gm.gist.ac.kr, ORC
&8 st (joosoonl 111 @gist.ac.kr, ORC
&3 o) sk A (namdongwoo@gm.gist.ac.kr, ORC

0009-0000-8605-8884)
0000-0003-0577-7102)
0000-0001-6262-5303)
0000-0003-0995-3038)
0000-0003-4299-4923)

¥ This work was supported by the Technology Innovation Program(00442029, Development of Tactile Intelligence in Robotic Hands Based on
Tactile Data Learning for Manipulating Irregular Multiple Types of Objects) funded By the Ministry of Trade Industry & Energy(MOTIE, Korea).

¥ 7] =S 202495

Copyright® ICROS 2025

ICROS-KROS AT IHE 35 Sheths] oA

Zebo] WIEFUL.


https://crossmark.crossref.org/dialog/?doi=10.5302/J.ICROS.2025.24.8008&domain=https://jicrs.icros.org/&uri_scheme=http:&cm_version=v1.5

554 Raeyoung Kang, Sangjun Noh, Joosoon Lee, Dongwoo Nam, and Kyoobin Lee

g 9 dolEAle tiRE ZANA, b5 7t 84
VR AH|9} 22 E53% A AR A& ¢ ok oEbA
3709 dolEle HAR 7P Aot APA HoR
AgEo] Jom[5,6,8], A LY A FFH Bl
A Aol AskE = ok

B A= old3t AE FHE] Hsll, SEEA &
ErRle] GRME & FAS ERHoE AT
UAE AR =HR] HE 7IHES ARK AlRKeE U
AR TRl YR PR Fe o[RS ARE
o g =HQl dAld digk & 34 AT e Y
A71E Aotk 71E9 HIXE EH] H-SIHE(13, 14
I FARBH HEe| 7} 2y glolE Y B ok
3t FA daE B S 7o & Utk A
H2 EMA (Exponential Moving Average) [9] Zd-& &-83}
o 7P 2P(pseudo-label)S AAsHE =9l 2g 7
2, 299 2p¢} 3D =Y 71| RS Hlws) 4T 7t
2 S o]83] 2dE fine-tuningSh= WS ARSSICH
ol 33y fIs A4 79 HlolElQl DexYCB [6]
= i%ﬂ ‘:'té_-— FreiHand [5] HI°|HE H7lst9g. 1 2
I £ 4 ATFE A% AEAUC, MPIPE, MPVPE)oA]
°F 5% "JA A5 S st

2 =79 AL vt Zrh 23¢A s AjE &
T4 22 72 9 =l A8 7HE A8 dista
3olME AR A 1 AHE AAEGTE v eRE

HollAs AE 8 % A7 B Aedth

pil

—_ Y5

_oBL

A

¢

il E-N

4

N

IL 28

1. 24 He

2 A7+ &9 3D FF AFAE 49 olF EEHA
22 THle HLalr] g A= =l 48 ZAE
OEnh 9] 3D @4 ATAshs 24 RGB °IVIAE
A ol 9] 3D F/Hhand mesh)E EH o= ZA|o|th
dukr o2 7|E AT34]9} Zo] LEE o|FAE dY
o} MANO [7] Ed9| grHE dSste 2oz
"ok olm] g omRE &9 94 E FF/7 v
HAota 7P, 9 ou A= - RS
&3 2ol E‘i%ﬁ]ﬁ] 2o gt HIXE ZHQl
A= 574 dlo]E(source-dataset) ol Al E5E mdlo]
o AMEEA ¥ ThE =1y Hlo]E(target-dataset) ol 4]
5 A5 At flo] & F4sHA she EAlolth. £3] HA|
= Z=HQl -2 target-dataset®] P glo] o]H]X] HolH
TS 83t EH A& it

2 A7e A4 A sagE 2Ee Thekst
9] E‘UOIH o H-ZAI7]7] $3ll, source-datasetOZ= AT
174 dlo]ElQ] DexYCB [6]E AH8-31%13, target-dataset O =
= r)roktr} 3748 Z3F3) FreiHand [5] HlolEHE ARSI
). 7} Aol FreiHand Hlo]E19] 2 g¢lo] ‘-”]U]X]“}&
o83t HIAE HEg FYAeH, AL AT AT
Hlwste] 7lsteict.
2. Hand Mesh Reconstruction 22 T4

& AFAH BEL onAFe 2D J|ZIEE &8st

1o J?.i fo o rﬁ
o ofo i e oL

o o
> o

ﬂ

kg2l 3D i ATAS FY5H= Simple Baseline [3]
TEE Jow TASYT. EES 24x04 Apo]Zo
RGB ©|njx|E dutol MANO [7] & =g 7787
vettices®] 3D FHEE ZFHEIEF HASIATE HA =g
Z= 1919 AT 2] Fast-ViT backbones 525l
olr|®] EA& FE3 F, Segmentation Head®} Mesh Head
Z B9t} Segmentation Head= <& ¥Y9| rlx3s &
231, Mesh Headi= ©lW|AE & o] 2170¢] 2D 7]=
QIE, MANO EE& o]F= 77871 vertices®] 3, 8|3
7})3-‘/] Zlo] ARE &8st HEHog £9] 3D IFAS
g3t} of7]A 7Pde] Zlo] ARE T RGB o|H|AR
TH 7} stepulgel] BAIgle] dd zlo] FHo| 7}
Sl =E A slet gholth WAoo E Tl olm| x| EH 4
A 371013 FAske TAE BEdo] EAsk=, ol &
< fXel e EASE 2-A(H wet ou|AY F
A FZ717F ©E2A JERr] diZelth B Aol ol
3 RS d4sty] A8l AAl Zol AR(dDE A
(f,, f)E Yol 7heet slejrlele] J&E AAstaL &
o AAl do|(n)2} &0l o|n|A| oA AA|sh= HA A7|H,
WE AHgste Arsletdnt. Aarskd 7] ol FRr
(r)= okl (1) A3 o] Akt

-

y=d/ [, - [, W}/ (H- W) M)

B =wolMe & A4 27, m= 22 dF s
/}}E_?_ 224 x 224% 7Pl om, £ A Aoj(h)= 10

Sl /\P%ﬁ]' &4 I+ o 2tk 1) UV Loss:
ojmA el & AE 2D 71EJIE)] et LI Loss;
2) Joints Loss: 3D IXtollAe & ¥ fx]o] g+ L1
Loss; 3) Vertices Loss: 3D JZtollAle] £ MeshE °]F+=
- (vertices)oll TS+ L1 Loss; 4) Segmentation Loss: ©]7]A]
o] &= 99 Maskoll T3t Dice Loss; 5) Depth Loss: 71
g HIAE o2 & fA tF L1 Loss. °] ¥
Depth LossE A9k 3D 3zt thek &4 F<r(Joints
Loss, Vertices Loss)= AAl 7HHet 2334 71& Al #Hx%
7} ofe}, &0 A HEE AHOE o]FAZ] AT HE
oz ALkgity
3. Mask-Mesh Consistency 7|9t Domain Adaptation

B A7 7€ g5 tolHE ARSHA ¥a Al &

»  Mask
Fast VIT Filtering ~ PSeudo
Mesh Mesh
Head B
- AW -
. Mesh
% Fast ViT Head —>» Mesh <«—— L1loss

29 1. Eulel H$7)H shol mejel

Fig. 1. The pipeline of proposed domain adaptation method.
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Table 1. Performance before and after applying domain adaptation.

A¢ A | AsF | B =

AUC 1 0.586 0.620 5.86 %
PA-MPIPE | 14.424 13.536 6.16 %
PA-MPVPE | 15.025 14.264 5.06 %
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