I}

KIPS Trans. Softw. and Data Eng. 0l ¥4 718 2HE NES AL =241 =8 &Y 61

Vol.8, No.2 pp.61~66 pISSN: 2287-5905 https://doi.org/10.3745/KTSDE.2019.8.2.61

rot

A Method for Effective Homography Estimation Applying
a Depth Image-Based Filter

Yong-Joon Joo" - Myung-Duk Hong™ - Ui-Nyoung Yoon™ - Seung-Hyun Go™ - Geun-Sik Jo™

ABSTRACT

Augmented reality is a technology that makes a virtual object appear as if it exists in reality by composing a virtual object in real
time with the image captured by the camera. In order to augment the virtual object on the object existing in reality, the homography of
images utilized to estimate the position and orientation of the object. The homography can be estimated by applying the RANSAC
algorithm to the feature points of the images. But the homography estimation method using the RANSAC algorithm has a problem that
accurate homography can not be estimated when there are many feature points in the background. In this paper, we propose a method to
filter feature points of a background when the object is near and the background is relatively far away. First, we classified the depth
image into relatively near region and a distant region using the Otsu’s method and improve homography estimation performance by
filtering feature points on the relatively distant area. As a result of experiment, processing time is shortened 71.7% compared to a
conventional homography estimation method, and the number of iterations of the RANSAC algorithm was reduced 69.4%, and Inlier rate
was increased 16.9%.
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Fig. 9. Filtering Feature Points with Depth Image-Based Filter

A

=

s

Aok w7 Apolel



Atele daelHs A-gsteH vlolE Al WAy £21
B35 Z2A3tuA) 3l B4 Ao xo]7} Aotstal, 7o)
FAE 7HAI dofof gl & =#elA= RGB-D SLAM
dataset[10]o1A] ©]&]3F 270 F-35l= tlo]HE Aale] A
Y& 2833 th RGB-D SLAM dataset& o538 HA 42
TheFet 7t o)A F9g RGBS 2ol 44 xgstar 9l
, Motion capture systeme ©]-83}o] 7tvlgle] $1x]¢} 2t
1S 7153 dataseto] o}, Aol HoE] Al FollA] Table 13}
re 3709 HolE M-S Muste] &8stgom, Gl Afo7t
AYAA Ao s R E F4T 5 §17] "ol dataset®]
7hiE} 912 ARE o]gst A7} 0em o)’ ol sstAY 7h
o] 3| gh o] & MRele] F 42 4]

3

B M

N

L

ol watel S Pl

8L 7] RANSAC €853 RANSAC ¢85S
M8 CS-RANSAC, TR-RANSAC &g &dl| 7+7} Al oka)

_‘

v e
O

of
=

d oz o
= kR

W AEF APsh 4GS 4 BSE QPato] vlw
do] PYS 20AR BRI YA WAL BF
WS A gl v 5

[e]
31~ (Iteration), 3 4 & H]&(Inlier rate)& o|-&3) BH7},

o
=
N

62 483
AP 4 e B AP 22 10004 MEH 0 St
o Ase B % /1Sag0m, 48 Ashe Table 29 2k
A7 A3 o2 BRD
ol

H
947} 623% RASAL, 3BAR L5HE o] 94 A S
A48 A3 FAATk] TLT% Fastdom, AAR v ol
W 557 604% Witk MRS e
Mgt Ao B 2l FastgE), olE RANSAC &
EEEEREREEEEEE RERID
@ 544 A7k EolE97] Wolth g CS-RANSACH]

Ao ot}

Table 1. Selected Dataset from TUM RGB-D Dataset
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