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ABSTRACT

This study attempts to address the problem of 3D pose estimation for multiple human objects through a single image generated during the character
development process that can be used in augmented reality. In the existing top-down method, all objects in the image are first detected, and then each is
reconstructed independently. The problem is that inconsistent results may occur due to overlap or depth order mismatch between the reconstructed objects.
The goal of this study is to solve these problems and develop a single network that provides consistent 3D reconstruction of all humans in a scene.
Integrating a human body model based on the SMPL parametric system into a top-down framework became an important choice. Through this, two types of
collision loss based on distance field and loss that considers depth order were introduced. The first loss prevents overlap between reconstructed people, and
the second loss adjusts the depth ordering of people to render occlusion inference and annotated instance segmentation consistently. This method allows
depth information to be provided to the network without explicit 3D annotation of the image. Experimental results show that this study’s methodology
performs better than existing methods on standard 3D pose benchmarks, and the proposed losses enable more consistent reconstruction from natural images.

e =

3D Pose, AR, DeepLearning, HumanPose, Markerless AR, R-CNN, SMPL
A A, 27 A4, R, FRE, ves 37 @l

» MO e (sh76@scnu.acki, missiki004@scnu.ackr) + Received : Oct. 27, 2023, Revised : Nov. 19, 2023, Accepted : Dec. 27, 2023
o WAL =M ADESYNMS + Corresponding Author : Hyun Sim
<d = 202310, 27 Dept. Smart Agriculture, Sunchon National University
ekl 2023 11,19 Email : simhyun@scnu.ac.kr
AMEEY 2023, 12. 27

1321



JKIECS, vol. 18, no. 06, 1321-1330, 2023

.M E

—

AT WE 2 7)&o] deslEA] A AAZE
MA Ao B Agrl Fits] o] FolA 1 gt} B
5] 3DAMA] A ZoFell M thFRk A7h o] FolA|aL
olt}, Aol At Wkl 3D 7| ¥QE 34, 3D I
H?L“ AA =9 3D AAe; YA BE gz o

dARE A FA A ﬂMh AaE dehial Sl
E‘r wEPH 229} 1 Qo)A s} E ;

O

o
=

S+ =]
SH A Aol Hasi, olF fal Tl ojuA| o
A ofe] Abge] 3D AlFAe]l FHA SR AT gl
tH1-2]. v Q&9 Al FAd A= bottom—up H
o] FEWI 9tk o] WAl A& AW ule
RE e A8, 1 Foll o]E AAg Algol
sk oty 18AYE o] bottom-up WA
PAe Adsta gk AL H4A Pl whdd,
top-down HIHS WA EE AAE A s, 1
T 7 A AAE FAse HAE mEh o] H
THE Z27ldE dolk e Tles R A
ddle HHd Alz=" V)Ez Qe AgH A 9
2A ¥

7)ol 71Nkste] 2D ARl A Ere g *é
Atk et 3D el A o2 A

!
vo &
o et ¥ ofl mo ofy

2
=)
=
o
-
O

o 9% 4 9tk
o ZAHAY, A4 Zolst thA 49
ol BAR wiel, AW Aol 3DAAE A
= Ek

T ol g BE AR
T3ty & Ao A= top-down

7k
ot
3]
Ad3d AFAE
WAS ko2 dle] 2o S VEYAS FHA
7 el wE Alge] gk dd" 3D APAES F
Astzal st} 7)1£9 R-CNN Z#Hd9aE A12HH
o2 SMPL E¥& ARgste] 3D A7 AHUEE
=olE AE HERE sta Ut o] A9 Z:ii% =5
F3t HrlolA 43 A HolFu AAH A
TA FAS I A7) Tk
. A o4
53

ﬁ
«
S
)

4
Jm oo
_O|L
32
ui

7oA SMPLISISH e shepilee mde
Vs

of We ¥5 ATelA T g
AR AATH6L £ F =N FE5te] ol
A A Exsh Fo) AAFE Ak 9
= 75 o FoE B0 wd PuE A

Sol ATiOE w4 o AT
B2 A 83t w4

2.2 4 A 3D E=

R-CNN 719 #¢l5 43101 71wow, ofe A}
el 3DE= Ao UiF A B ol Folzth
LCR-Net AHl11 old Algel = F40)4

T8

A oleldt )Ee] AFEIRE e, sH
o AuE

v

ox flo & © O o
_o|£
¥Q o

_O|L
52
T

L% PRE F shi2 Ay ¥ Q
RN

2
=
v‘\lir?ﬂ

il
jinss
of

B854] 2] 248 FE3

2.3 Object detection / tracking
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3.3 Interpenetration loss
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3.4 Depth ordering-aware loss
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