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Abstract

This paper explores a deep learning-based 3D object segmentation technique using multi-view videos. Unlike traditional 2D
object segmentation methods, which obtain segmentation information from a single viewpoint, the proposed method generates 3D
segmentation information from videos captured from multiple different viewpoints of the same object. By utilizing geometric
information between multi-view videos, this approach improves accuracy compared to 2D segmentation results and enhances
consistency between viewpoints. The proposed method was tested on key target objects, such as humans, during content creation,
and it was confirmed that it is also capable of distinguishing and segmenting individual instances of people.

Keyword : Segmentation, Instance, SAM, YOLO, NeRF

a) ¥=17]& 20 8 (Korea University of Technology and Education)
¥ Corresponding Author : ©]%(Seok Lee)
E-mail: leeseok@koreatech.ac.kr
Tel: +82-41-560-1641
ORCID https //orcid.org/0000-0002-2154-4352
ol =] A3 A% F dFe FEuE-vvel ety 2024 A SEt S wED vk YF
ol = 20229% Z4$(46¥71*24£EA1T)°] Adog JHFA7G97tde] A9S wol FaE A7, (2022-0-00022, RS-2022 -11220022,
247 2 2S99 A AARE THAFD 712 D
+ Manuscript October 16, 2024; Revised October 28, 2024; Accepted October 28, 2024.

Copyright © 2024 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2024.29.6.972&domain=https://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

89 942 FE5E 2L 5

91700) ls) 22 AHF FY vheaE AR S
A, A 53 ol A % e BAl B ehs, £ 53 )
A % g A 5 A8 7K A4 iAol mheh Sermantic

segmentation, Instance segmentation, Panoptic segmenta-
tion® & FEETE F8 2D A £ 7]Eoll= CNNS 4
A T8 A JFgHeE Agg FCN (Fully Convolu-
tional Networks)'7} 13, 918 JAF Ba-S Zzo 7 st
ol A AWkl AAGd FEA AREHL Sle
U-net?lo] giek. T12] 3 #2 wd SAM 7]Ple At
42 promptol] 719kate] JHEEl oM, ARd AelE FE A
7} obd deje] AAle) ek A2tk 2D £
= O

%
oh S AA PAE 99 DuAES S5 4

gl [e}
U= YOLOV8S] 7% 71" Instanceoll it 2| ©hx] 4t
oha}, ztolxl A< bounding box el tsl F AT

S 24-3}o] Instance segmentation®] 7}salcH,

32k tlolEel thak AAESo] 7Hed 8 Ve
dgdole o] F/ol wat o8 77 A=A A Y
3T A o] S FAel AHE-EHE RGB-D ¥4
& 71&P7) glolt} 5 AlAel 23] 35 715 @ Point cloud
Hlole £ 7]&® Voxelst 22 3319 grid &%kl Ui st
23 71l o) k. AT &ws At APHE
NeRFs (Neural Radiance Fields) 71&!'%e 32349 244 &£
o] A2 7543 AAISHAL Tk NeRF= THAIA o E
< 7IHre g U E9S 8553ke] 3D consistentdt o] A3
gak g0l 7hsslth. Semantic-NeRF!' 7]48 71&
NeRFol|A] 85 7H53t 93, 718F FH9f tlEo] ot
= 9% Sematic JEE FAl FFteF st
SA3D (Segment Anything in 3D)!'72] 7%l = kA
2D £ 71520 SAM¥} NeRF 7S F&3to], o
GO RIEEH HF 33 1= vkrIE ALElL, ©
2D wiAA AR o]§-3ke] o] Aol A 9] AA &
kA E A 7S AASEITh

olgfet AA £ 7eE A T shve AFA T I

< 918 Labeling® & dHo|E2] g5o0] ofHrh= A o]

=52
et

wr o oy S

7

L > N

1

it

AP 9 19l A= AA Y 32 A2HA £ 7)E AT 973
(Jung Young-in et al.: 3D Instance Segmentation for Human Object)

o AA B UEYS A e dHolEe g
Labeling®] B&&=el A oEZ <1 v, s Skl olH
= 72t AR g BE gAd dis £ A3t 96
of, AAF gl gk A £ ShE|olE o] SH= SV
Atk o]& 3l BIAL &5 (Unsupervised learning) 714

=50 ATHEIL 9o, [13]9] 3¢
A 2 Aol disll 57242 3D radiance field®} semantic
2 field 23102 A9 93 o
HFt LAt Adist HEs 7 fields S EOZA la-
beling¥l AR HolE] §lo] 3x}d AA #&5 ALstih
SEA|RE BIA| & S5 b e

o].’ o].

1o
(9%)
_>|.‘_Al
(o
=
__>i’,‘
e
ik
N

o
i

ox
o
D)

Yy
rlo
Roe
o
+
o
4
ey
1o, e
Mo
=
off
o
o
X
©
i)

rhe
rr i
o rd
>
il

o
rr
)
>,
jatt
of
ox

° e -
o
oo
o

2 9
w
X
rio,

o mf 2
pnt
ol
ox
i~
2
=

>~ =2

ol

==
2 g
ror
o o
o 32

~
S
2
L
>

ol
ot

oX,
olr
. o
b
°
off ¥ X Mz

Q‘L

>

w)

N,
W £
9
=)
2l
o
1g M
l"-?L' I‘W 1o

(T
e, =
ko

i to

2 4
X ooyo o oy

ox rH
T
gg
1A
2

Moo
)
8 o
off
ot
N
s
tlo s
DN

¢

Y
i)
i)
o

>~
>
op
_>|~1_‘
lo,

©

Hsksict. A<t
HoD 23 RS 3o R &

N fU
I3
__)li_l"
it

oft

N

o
< 7 99 AA
o]

3D consistent

o 2
N,
<
il
12
32
o ®
A
=
{02
™)
__>|~1_4"
2
=
ro

|

(&
2
v}

instance ¥I%= 753}

. 72| 72|
1. SAM

Segment Anything Model (SAM) Meta Alol| 4] 7l 2-st
WE omx] B8 Hdo|rifl o] 7]&2 thdt FHe) o
m A A AR el F> T T AT
o] B2 oF 119} o] Wk Fe] AR o
Foll vk AA 2 Aol o] dwkstE
o} o] Rd2 AR Al A thdd FEle ZEZE(R, vt
2, mkiaE) S5 YEol B gt

SAM®] o}7Elx = o|mA] QIFT, ZFZE 1Y, v}
23 gIGHE F A 7K F8 A 847 o]FojA gl
olu]#] ¢17 T+ Vision Transformer (ViT)!12 7]uko g

&= MAE pre-trained VITE ARE-ato] Y4E olm|A] & 73

)
o

B

] ogj

off my
o o au)

-

oX
olr

S
=

2

¢



974 W33 =82 A299W A6, 20249 11€ (JBE Vol.29, No.6, November 2024)

Image

ZI21 1. SAM Z2Ho| J{akdel %

53 58S 714 vision foun-
A

gl FAlste] 3D Aol

(] 1 Mask Image 1
O
L
|
Erzzzgzr H% 74’{ i Mask choder }*—> Mask Image 2
0 | T
U Conv. ‘ Prompt encoder
U ‘ ‘ ‘ > Mask Image 3
mask pokint text box
Fig. 1. Rough Architecture of SAM model
A EAS = 2. SA3D
T @ w4y, 29
o] ZEXE 9T L Al SAM= 2D oJH]| Aol A &5
go] ZETES oWy W dation model®| A%+ A A0 2 3D AHOE g4 7=
aA 7 287 9on S wEbq SAMe] Tlo| =
W} ) ~E 9} Dense ZEIZEC Aol Ees sk WS JetstE il dHiTh Segment

1:!].'/_\_1_:[_7]— I oﬂo]\:]_. o] = d HAE ZTETEL CL[P-/] "l A
E AFHE BEoje] 4, vt e 94 AFgoz W

gt w9 njad Z8

TE -

—

convolutionS AHE-3he]

dugdEth v o g mAg tIYoas A g e

de) = 23] 9vld, B

Zafe] B3t mprmE

E=AR=NcN
o =2

miado] EEHO R uﬂ
AA st} o] U FH+= IS

FA o2 HJuo]Es}7] &l Self-attention® Cross-atten-
[e)

tions F Wk g ALy, o] %

=
8 33 MLPE Z2HEZS
_‘?:

22 SAMS| ob|ElA7} B A
E Ay JHol| ujg} 53 A3t &

oA Yuids A4
dynamic linear classifier=
zp oju Ao A wiAAE A7 SES AL
& 3 e ZEE

oI, o2

A7) 3 0 EEEES) ) 3 ] TR 29
% 3o RaYS YAk

T HE ARATE Addets

I8 1914 SAM oPIEHE y]
SAM model> T3t ZEIZES AN
=7h whETh= A0 IAIR 2D omA] F&el =3heof
EXEQ o|&Ao| =rl= BA7} ) Wk upAa
o] B30 ol AREAFe] AR o] Qs BAl7} 9l

2 AS AAE

%0, _Il->

3

3, s

o

o). dep AHERlel 2

A5HoR o} BYY

O =o] B
JS 2o £

3

470 veRi ok
e 4 ok A%

Anything in 3D (SA3D)' ol M= 3D B8 &

foundation modal®l] 3D A|Z+& A F3=
5}tk Radiance field= P]+&

o|H A& 3DE Fdsh=
o] & 0]&-3}o] SAM2 Radiance field2} &
o A Radiance fieldS +&3}7] sl A3
olm, o] 7|& onA] JA ke

¥

gl

&3t 2D HE R

oM 54 A ANA 2

=43

R

r(t)E FHeke) 915 x,, ray®]
PO PAE=RREC I PARES E R P C

r(t) =x,

)
e

Arretz] $l

g9 Esﬂ 2D

Wk WY d, ay 49 &
tE ol&ate] AlLtETh
+td (M

ES wike o FAolxel A HAol NeRF A

FAA et AL 7147

= r(t)oxe dxgs

o]cq o]L: sH\:]—
t

o] X 130

o 24 7Ps A0l exp (— [a

913 &5 7tEAlolh o(r ()
AR A o] = A



°]& ©]&3}o] Radiance field Woll A Mask A ZES +
g 4= 9lt}. 3D voxel grid Ve RY* W72 7wtoz ¢
oNA t,7bA1 9] FA ] vk g Fhek, ZF Fre] 2D

njaze] B4 Hae tew ol dry A

M= [TV ©

t

n

2D on|R] M Eo|X &<H radiance field7} FoIAH
SA3DE 9 FolA ZEZEE YO Algste] T
oA SAMCE 2D wiAaE AAsith 11 o o
st FollAl Mask inverse rendering®} Cross-view self-
promprings Wzol7be Fa)ste] A 9] 3D A E Wb
5407 At}

Mask inverse rendering= SAMO.Z {2 2D segmenta-
tion maskE density guided inverse renderinge &3l 3D
7+ projection Fl= @AOth HAIE 5] SAMO]
A st wp2~39} radiance field2] 3/32] mask projection
lossE Al43Hth, SAM 2| Segmentation 237} 8H4F 4 83}
A 7] wZel lossol &¢] FAFES F7lste] HAsE
T gt

HA3E Fastd SAMeo| thE FollA daEA A7
02 dEate= 45olv SA3D7F HAHSE 914)g & QT
o] @AE AXA =W 3D ¥l A JHFA Q] 3D wpAA
7t 73 E T

o]% o] 3D wAAE o]&3ste] thE Fellx1€] 2D seg-

v C SR

Y 9 19l E AAY 33 2" A $F JlE 9T 975

(Jung Young-in et al.: 3D Instance Segmentation for Human Object)

St "I
= oH-™

1. 2D

i

AQFE 3D A £ 72 71E 71V v 2
A A gl tist 2D A £ AHE o] §5te 3D
grid maskE A/AsHA ®rh wekA 2D #3437} 3D
mask Jgo] & G PXA HH, o]F st 7]E
o] $23 2D A £ 71591 SAMPlZ YOLOvS! el tf
3l 45 dESIATL

YOLOV8+> Ultralyticsol| Al 7H =1 o™ oF 337H4]
ol x| ¢} 8071 ¢] ZE S 717l COCO datasets 7]¥HO 2
StEEh veolld tdet 71%5S 71 YOLOZE =]
om, o] HE7] FYd £ 759 #oloE Frtst
o 25O 2 71 Instance E 0] 7Hs3 EHlS ARE-5hA
£S5 359tk SAME] 73-$- Meta Al Researchol| A 7i
e om, AREAF 9 prompt EE o] &3t 9
ol gt AR TS st 2 A= YOLOE

Ly..; == 3 Mg (r) o M)+ X Y, (1= Mgy () « M(r) (4)

re R(I)

J2l 1. 7|Z 2D HY 22 J|E ZE Z YOLOVS(ZE), SAM(P)
Fig. 1. Results of applying existing 2D object segmentation techniques. YOLOV8 (left), SAM (right)



976 W3 w=EA #2994 A6, 20243 112 (JBE Vol.29, No.6, November 2024)

ol&at AA TS Flata, T YA o AR =4
= 9181 SAMe] ARE-Hth
% 1> MPEG] MIVI™ g2l tisl 2118 S F&3}
Stgt 7 W9 2D % Z¥olth YOLOvSS| 73
2 5] Al tis] 27t instance HE 2
HAL, 7 v 850 7hssksith SAME 73
254 12 FAE AR AR} promptE Y E et
Ao, el promptZ = AR AA] JoL
3 akaL, A Fool 23 w7kA] promptE
E3te] ggsjjof sk A7 dem, et wEjgte
A 5 P AR AR OE 58S e
FolA qi71el, AA b
% YOLO= A5 o2 £8o] o]
He AF g Gool BEEA GURA
ok SAMS] - F7F 98-S Bl A 2 8EA ¥E Q
98 FHAYLRE B8] 7hge Aol Ak
YOLOV8< o3t A4 £ A, AAE #85}7] 9
8l HMH © 2 = Instance Matching®] SIth 18 29] F= A}
oA B 599 Abghell thgh 22t instance S % £
| =9, IoU HUizk kS Faste] old Aj3e] 54
S Ealh ] Fat B9 VA P IR B o) I Eat < Ealh ] =t B9 V/ASE-

H|W3H= W4 9 2 Mask renderingS 473517 k.

_[ol

o
2
i

of

1 0
S H3}lE
42 3ol

v
Flo o2
12
o
fu
o

o

YOLOVS instances g

Mask rendering
for nt" view

i" =argmax loU(M",M") (5)

€5

I 2+ o8 Yel & A=A s5Eelth 27|A4
ol A= Ay ¥ Mask rendering®] $1OE 2 A&7 A H
Aeats WA 08 S Alkeit) ok o] ¢ 2 iy
- Al o] d&Eojol LTt Fokxitke ©alo] Slth
YOLO<: 2D 47l 28 7= 7P BHstd 7]gol 2=
o0 AAE £ Ao tE g RdS o] &3]

W s frke gRel 9

[12]914 A<t SA3D 32+
o] He @Y AR Gl sl AR o
B SAME ©]85te] 2D £ maskE AJAdsich 2D
mask™ Mask inverse rendering ¥4< %3 3D grid®]
Voxel #Holl RFGE 3, o] A3E 7143 2D mask rendering
& B Al ThE A1 9 2D maskE A S FA
% 2D mask %ol thal cross-view self-prompting 24 ©
2 45 949 §lol, A 2= promptE A4Sl ol & T

B el AS WA 7]
p

i* = argmaxIoU(M™ M")

n ies

Mn Mask inverse rendering

J2! 2. YOLOVS Instancedl| 3D MaskE A5 Z|X31E e
Fig. 2. Optimizing by projecting a 3D mask onto YOLOv8 instances



Y 9 19l IF AAY 334 Q2EA B Ve A7 977
(Jung Young-in et al.: 3D Instance Segmentation for Human Object)

SAMell #-g-3te] & A1 9] 2D masks A3 Tk A4 A & prompt g AFeL AHE 22 JiH instanced]
H A3E WA 3D grid Voxeloll Wtgshs #4& A o e 2D 28 2745 AUtk 123 3D mask 43} 34

Al s WHE-sle] 2 3D grid Voxel & 4338t ©] S| % 3D grid voxel®] FAF Ao A promptE 2314
23k 3D grid Voxel& 92 Aol W] 2D renderingS 23, YOLOVSE E3ll A instance®] 2D maskE A4 3t

e, oo Ade] AA £8 245 & F AUrh 3L ©]& 3D mask 2] sell ARSI o] FFE Fated
71 SA3DE REEA] 71 Aol el 5 2= prompt 2D mask FAF Aol A o2 920 FZF prompt7t Al
£ Yeste Aol stk 53] oA Aulid ups} o) EHE #AE AAFAL, As 71E AR AA vehdA
Abst 22 AAE £ A, 2=, A, 5] § o &2 AA gL sieete 7 A HA s AolAM dE
e TYIES promptE WRA Yok T, T o] FeIES 2IAFL A¥sA
Aol &, 8 5 oM o] AdEEs 277 A
F AT Prompt Y <3 A= A H A5 44 V. A Za
ANME FASH=H], 3D grid voxel A8t I} =F 2D
TR mask®] AUET}F Br)ol] WA YR} opd €] AlRbE 3D AA £ W] e B7HE dl& A3
prompt7} HAYE o] J3, Algro] o] obd AF o eyttt Ag@uo|H+ MPEG MIVOA Al 3-H 21413
2 prompt AN AWES} Yok E Qn B on 19 94S AESAT OY 49 A3 AR 9
7F AR Ak g AR GldelA AA7E DR ARl doly 3 53 viaA Hogfo|tt. At A £
AW S A%, 1E AR e e ARl Y W 483l 69 2 instances] Hfsl AMH 02 4
8 T2 A2dA A E= BA7} ok £ 3D VRIS W AHOR BA A B8 A48 Y
71E SA3DE] FARE sl dawA B 2o 39 ERITh N Algel tg 9o ¥ glol SYHoE v
A E& 71sS ARbstAth At WA= SAM t o] HAE= FAsIATE AR &, Wt 22 T G
21 YOLOv8= ol-&ste] 71 Aol thek 2D mask A4 Me dF LAt SR Sld o Sith
L VAN
8
® ¢ e
L] N
@ Mask Inverse (@ ¢ ™| @
Rendering .‘L .I
View 1 T @
*Ilask Rendering, Instance Matc.. -
] ot
e gt 2he) | optimaation
View 2 o & o
[ ] [ ]
[ ] [ ] ﬂ
[ ] [ ] ]
lask Rendering, Instance Matchi
[ N ]
Y
[Q e ¢ wle
—— »
Mask Inverse |@ Ple
Rendering
View N e v o Ll

T2l 3. Mok 3 A 28 7|Ee] SR
Fig. 3. Flowchart of the proposed 3D object segmentation technique



T2 4. ARSE HOlE H OfAS (3), AYE 2o Ao 4zt 0tA3 ()
Fig. 4. Data and masks used (left), generated video and masks from arbitrary viewpoints (right)

9 49 $52 NeRFE F3ll A" o9 A1F 9433
sl Aol dal 3D wkAAE FAkste] A 19 in-
stance®] A & Aaolth. 7Pl thei A A7
consistency = A5t HH o7 1 At Go] £
e FAsksinh 53] A AAZEel 3 (Occlusion)©]
ol g Yo ALt Bl €& &

B B S 0l Bk A NG 2
o]

e 4

=
g , AR o] FoiE Al elgh 39l st gt
2 94 Ao r FHSe BES wA eIt volHA

I 1. 32A|H 6 QIAEA H|0|E{Al0]| CHEF OpAF loU H|W
Table 1. Mask loU comparison for a 32-viewpoint, 6-instance dataset

YOLOVS SA3D
p1 0.8178 0.7828
p2 0.8039 0.7909
p3 0.8675 0.5724
p4 0.8969 0.9047
p5 0.9054 0.8828
p6 0.9190 0.9303

avg. 0.8684 0.8106

q

P
o

ol & Atgte] AALYGA o]F Foll A& AR <l
o] Adlx]o] AAIHe] FgaA] b ko] TAfgTt ©
W Ao E 271 ARTE R2ARZA Y] 43 8

Festg o, GT g E A4 ste] A4 YOLOVSL E
A23g ml=9) JoUE H 3k

Total 3+ 7t 7t A €] H+#
02 F2 AYLE HYS & &
SA3D FE9} 3 vlwsl| H3kS
A 2 oF HG& /HAl et IoU7} g A
Atk E3 3D 8 Ao NeRF @Atg Aol 2714
A AA R A4t ZGrrt IA ARG TAE 8l
Astch 9& SADE ol&3te] Fag A3 H oU7}
5% J= "olAH, vlolEE AH dRlg A3 oA E
AR a4 X AF4E st 54 QAr 2o
A AAE ZE8] FA Zshe Aol sRiAE 30% A%

=



Y 9 19l IF AAY 334 A2EA B Ve A 979
(Jung Young-in et al.: 3D Instance Segmentation for Human Object)

original

GT YOLO_mask mask_selected
T2l 5. AF2E HlolE 22 (), HlolEoll CHSH 23} (Zf5HE, YOLOE 0I2%t DiAT (F351HH, SA3DE 0|88t 0jA3 (R3HCh
Fig. 5. Data Source (Top), Ground Truth (Bottom Left), Mask by YOLO (Bottom Middle), Mask by SA3D (Bottom Right)
WA ] S YOLO= & 7% 2 & 7 At ol Ak SAM# 22 7 HA w2 A E ARSsHA] ¥4
Id%l 3D AAA AL FHO| NeRF T3E°] & A=A ZF R 288 sk QAT E8ste] e 2 $H o4
FATE B AT Ok 92 A7 "eE she whE 3D #E] Jhsel H%2H, YOLO

o

—‘?'—531%’41]% 78] 9l YOLOvS# tf& 2D £ 7]& wdo] 83 Aol wal T EX7tx) Bes & 9e

EX FF AFoA HZE SlEH £& X3tk Zolt}, F% tpfst vlolg ol sl AtE Wy Ass

B7HE XY oA oln, Egk AJsHdA] 32k vhid 3

A3} AN Al 7 consistencyE F7HAT= ATE

V.4 E X8 o Holtk gk HA st PN v dEE HE

AFAste] AELE =03, AR & 3 5 O o

2 =iolMe e R #2gd daL GoERH ) Ao 28 AYe S e aEF ol dis) A+
B A o A9 33 T GA EEFOE 1 uﬂE‘r‘ﬂ Al g et}

a

o E = H
YIeRRH 32 7 R HEE S5 7 e & 1 2 3§ (References)
NeRF 714, 221 3kl thall 71 instance 7% % £
_ . - P [1] Jonathan Long, Evan Shelhamer, and Trevor Darrell, “Fully
o] 7 } gk YOLOV8 71?9 E]-}\] 2D U]' d=5 i 517"(1 convolutional networks for semantic segmentation,” CVPR, 2015.
3D maskE &53517] 93 SA3D 7|E =2 ‘E%s}gip_tq, doi: https://doi.org/10.1109/CVPR.2015.7298965
_ _ - o 2] Ronneberger, O., Fischer, P., Brox, T., “U-Net: Convolutional
Nz 7 A BEHE AL oo 3k B3 ae B [ 5 0. » P > T
]“ ]Eoﬂ 1 T"’% ]— .]oﬂ m = OQ'—_L‘ - Networks for Biomedical Image Segmentation,” In: Navab, N.,
xﬂ N8 instanced] tgh EH A< A3} Ll ?_]', AdHE AH Hornegger, J., Wells, W., Frangi, A. (eds) Medical Image Computing
] }\-] /\]‘HLE L}E}L}-‘: 7H ] ] Eﬁiﬂ' 131:;_]- T,‘i_;(ﬂ %% 7H A 3} and Computer-Assisted Intervention - MICCAI 2015.



980

B3]

[4]

[3]

[6]

(7]

[8]

9]

TG
W)=

doi: https://doi.org/10.1007/978-3-319-24574-4 28

Alexander Kirillov et al., “Segment anything,” arXiv preprint
arXiv:2304.02643, 2023. https://arxiv.org/abs/2304.02643

Dillon Reis et al., “Real-Time Flying Object Detection with YOLOVS,”
arXiv preprint arXiv:2305.09972, 2023. https://arxiv.org/abs/2305.
09972

Weiyue Wang and Ulrich Neumann, “Depth-aware CNN for RGB-D
segmentation,” ECCV, 2018.

doi: https://doi.org/10.1007/978-3-030-01252-6_9

Yajie Xing et al., “Malleable 2.5D convolution: Learning receptive
fields along the depth-axis for RGB-D scene parsing,” ECCV, 2020.
https://arxiv.org/abs/2007.09365

Hang Chu et al., “Surfconv: Bridging 3D and 2D convolution for
RGBD images,” CVPR, 2018. https://openaccess.thecvf.com/content
cvpr_2018/papers/Chu_SurfConv_Bridging 3D_CVPR_2018 paper.
pdf

Nikhil Gosala and Abhinav Valada, “Bird’s-eye-view panoptic
segmentation using monocular frontal view images,” IEEE Robot.
Autom. Lett., 2022. https://ieeexplore.ieee.org/document/9681287
Jing Huang and Suya You, “Point cloud labeling using 3D
convolutional neural network,” /CPR, 2016. https://www.cvlibs.net/

¥y o

[ =

- 2024'4 23 :
- 20244 38 ~ B :

< §

ESnIVSI=t

- FBAISO}: AR, ZFEHI

o A

ol

- 20004 22 : MECHSID 7|HESSEF &AL
- 20024 28 : M2t 7| HESSER MA
oo —?_
o

10 ]

0|I

- 20074 28 : M2Cfstn 7|71|; =358t
- 20204 7Y AMMES S SA0
- 20224 2% : [HEHZESH @gAHtF

- 20224 3 ~ A -

_I

g

- ZEAIROR - AR,

AN R AN

St=7|sueiisin HFIERHAZSE
=7 |sussty H7lEZHA
- ORCID : https://orcid.org/0009-0007-3648-1562

A A294 A6Z, 2024 11¥ (JBE Vol.29, No.6, November 2024)

projects/autonomous_vision_survey/literature/Huang2016ICPR.pdf

[10] Ben Mildenhall et al., “NeRF: Representing scenes as neural radiance

fields for view synthesis,” ECCV, 2020. https://arxiv.org/abs/2003.
08934

[11] Shuaifeng Zhi et al., “In-place scene labelling and understanding with

implicit scene representation,” /CCV, 2021. https://openaccess.thecvf.
com/content/ICCV2021/html/Zhi_In-Place Scene Labelling_and U
nderstanding With Implicit Scene Representation ICCV_2021 pa
per.html

[12] Jiazhong Cen et al., “Segment Anything in 3D with NeRFs,” NeurIPS,

2023. https://openreview.net/forum?id=2NkGfA66Ne

[13] Xinhang Liu et al., “Unsupervised Multi-View Object Segmentation

Using Radiance Field Propagation,” NeurIPS 2022. https://arxiv.org/
abs/2210.00489

[14] ISO/IEC DIS 23090-12, Information technology - Coded Represen-

tation of Immersive Media - Part 12: MPEG immersive video. https://
www.iso.org/standard/79113.html

[15] Dosovitskiy, Alexey. “An image is worth 16x16 words: Transformers

for image recognition at scale.” arXiv preprint arXiv:2010.11929,
2020. https://arxiv.org/abs/2010.11929

3

A

5
2350 MARHE

=

=7 |Eussty HIIERHASSE Fus
- ORCID : https://orcid.org/0000-0002-2154-4352
ZAFEHIH, 3kt Cl2Z2 0|



	인물 객체의 3차원 인스턴스 분할 기술 연구
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 기존 기술
	Ⅲ. 제안된 방법
	Ⅳ. 실험 결과
	Ⅴ. 결론
	참고문헌 (References)


