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ABSTRACT

When the scene has less texture or when camera pose largely changes, the existing texture-based feature tracking methods are not
reliable. Topology-based feature description methods, which use the geometric relationship between features such as LLAH, is a good
alternative. However, they require feature detection methods with high performance. As a basic study on developing an effective
feature detection method for topology-based feature description, this paper aims at examining their applicability to topology-based
feature description by analyzing the repeatability of several feature detection methods that are included in the OpenCV library.
Experimental results show that FAST outperforms the others.

Keywords : Topology-based Feature Description, Feature Detection with high Repeatability Fates, FAST, LLA

[.A & LLAH[9]¢} #o] 54 Atole] 7|8t #AE F&dle EZE
A 71 54 7l S g2E FA409] 99 A nkA

EQ(feature)e 34 el A B71e] Wbyt o) wsp  [10) AARL S ol Baxv) F5eh A o] LA

2 ol AANE Holuy dde omay, Ex gz  °Ith B 5 Al Vs A= AR wske] od 9
(detection)/7] &(description)2 F4 A%, I 2, AA F= IA @7] Wzl MaAs FrshAR A e
AH/FH 5 TP AFE WA FoklA B sy T TS AHAA T Gl AR L7 BEE

A 7k 54 71 wHEe] &8 A BA 42 ol

oltt. A=7tA gt FElel 5 A=Vl el At

Slo] skow, =7 Harrisl1), FASTI2], ORBI3], BRISK[4] 5 ~ © =& 8¢l vl¥ &2 WA4repeatabily) S 71213
3 gol UE A& PP SFIG], SURFE) 5 A8 28 dAs] dZeld. Folin ja=sl &
3 go] FAS Az/Fests WHow Yk 4 go. w90 WEAFRET ofys} ok SH wrEAe] @A Eot
o =% 7Z/7]% WHS0| OpenCV stolBejal[7]e] zar  °F ¥th =&, ol 549 wEAe] FwshA Xd A
Hol ELAE AFHL Jou, By B 5 Aoy T8 1€ DA oI 4 Ayel A wy AUk
5 Aee 7 o] &3ty 71EFo M9, o= HEE Hgo] & 5 QA
TJe, Hadst REF A, SHoE ooy g U ods wE WEAS aTAn.
2E BA)O AL Ex Zwo| gy wslE #ass 7 g 271 73 AA ol def A A5 A8 5 A
= 2% 7% wwe Ane ZA woldg(g)l ww, = YHEE ST Aokl wEAE 7HA7] W,

a
AN

*BAYST ** IR} HEE, BEERA JW BA Ve d% F4E AT B
B3 9z 2015331 $ALEYA : 2015.4.2 o 234 54 AE W] uidEojof dth B =&
AAZEH LA : 2015.5.1 M= o]lget B Aoz s|E ER AZ g9
¥ o] =B NMYE FREEWE Ao FFATAY MRS g iy ol 77 At

AdE Tol Y8 7)2ATA JINRF-2014R1A1A2059579).



1. EZ2A 74t 4 7|&

EZ=ZA 7N B e O olsE B2 98l
LLAH®] tj3) 7_} 3

o] % EX‘:OI “‘éﬂ%‘:}. aga oA n e ol EA
FollAl m Mo EAol AdHAT. BE 2F Mee
o] 1, ol A ZI&A MFrt dvh. m Ao EHS
A Z1eAE Axtstr] A8 4E=E 5) Mo EA
ol Z2FY M e OLEE mC5)7]' "}, o]
54 7]% Zke] 2kl (dimension)e] =7F k. A(&E= 5)
oZHY F 9 A Hzge wWH H(ZTE:
S99 wal Hl(cross ratio)7} ALk HEH
= 20719 87 Bl(Ee mzk v)E o] R A
ZleAE Bl Fred a1 A Y22 gy
%% olggt 1 2 °lt—li—§— 2Cn NE 7FZRI I
EEZX 7§ EA 7]3" o] %3 EAES 7]
Zlestr] Wi EEEH4 m A o) EAE

41:
>
o =
i Jlm
}-J

Ko o @ 3 rfF ok
N
ot
o)
x|

[
v
[0 4
ju Jlm
}H

of
-

M
flo 2

(<3

m 53 A& 94

B =Fd4s 54 HAES 93 OpenCVolA AlF=+=
vy o2 Harris, FAST, ORB, BRISK, SIFT, SURF,
STAR[13]5 AF&3tt) o] AolME 2 el tis) 13}
Al Aok

3.1. Harris
Gl ZUE = dumAHd oz 2 (DS o83t
o 24 9= YA x, y iFoze] WHelyt & JAdg &
=
h= | M| — k*trace (M)? 6]
2
;I ;IJ;IQ
where M= s : )
2L1, DI
w w
A7NA, k= APl & AAEE A, W 22 955
: oju] g

FASTE 34 51U %o 24$ Fa, ofd J4 ps 3
o A el 167 5 Fo) pel et
i So] AHF 759 ~ 16)

o
i)
[

X

r2
k)

oo it

o A&HEol ow pE FUE AT d&5d
£S5 FA717] Hal decision treeE ©]

k. FASTS] EA A HEHE 3HE°] A= AHIA =HEd,

53] ZJA(cornerness)o] <F

o {o

non-maximum Ssuppression-=
g Ide AAL & ATH2]

3.3. ORB

18R oz FASTE o] &
. O 9 Z7] W
3] Z+ DA oA multi-scale FUY

il o2 3
24 95$ YollA weighted intensity centroidE A 4
&k (orientation)< A Al4kSTH3I

[ A7) W dg3tr] A3 Bk AustA A
= scale space “dellA] non-maximum suppressione <33}
o] FAST I & A&3tH4l

3.5. SIFT

o
[e]
Aol A7 scale space “ellA %<

olH ERHY e P UEH PPo, o
¥ 3ol
S e Ferh A BAolael Yoiel A
o L

vir=2r+ by 3
y

a8y, £5 A4S 98] Laplacian #g A A4LEA
¢t 11, DoG(Difference of Gaussian)E A-&3tth. DoGE ¢
373¢] Gaussian HZHrEE AP &, AFE F SA
zH(difference) ¥4 dv AAS sty o|2Ho R
LoG(Laplacian of Gaussian) EHE A& 2} AY
3t AFRE ZEETHbL

2
>

off rlr o i

ﬂl9

3.6. SURF

SIFT¢} FAFSEAI R, A4 B 84S o £57)1 34 &
e e R, scale space oAl 2 (e} o] ZAMsHE
Hessian 3@ ¢] 3) & 2l(determinant)& A4l TR oY

O L1
< 3=

— 2

A71A, Dy Dy Dy 98 9743 ZAEE LoG ZH
¢l box ZE <9 #AWFEM(convolution) 274E ] m]3TH6].



BREE-A 2 Bg HGEE 16 & 2 5% 2015. 4 / 46

3.7. STAR

SURFOﬂ/H?‘H?J A58 LoG FEHE ALsAT, BT}
LoG ZE]S] moko 23 box TEE AMEsY TR 4
g5 7456PE} o] &, scale space ZFellA non-maximum
suppressiong s, HFZHo=z 2] (DoAel FH=2
T A vzk 98 # ol ¥9E& FEerHisl

V. 54 2% el wEy

-

£ MBHS 2o EFo] AR TE I FA W
A = . 2 G el Awd

Np
min(n;n;)

j
where R= { ||| Te,—x; | < e} ®

*100 ®)

r=

A71H, Ne AF R A5E math x, w1 WA
G A el HEE EAY 2R, T= F 94
Abolel WMES otk e 0 ~ 1 Abole] e FHAE

AR, B =EdAe 0152 AHHE
42. 71& §EA A& PHY HEA

Ay e EA A2 d¥S FE U 248 =
g3, mE 94 e Ag FF(Do] Foi IA4E A
|15 (28 1 F=). 7-? £4 71E ¥ OpenCV &

FE Agdon, 28 e A gevE e vE] A
= e AFESYE T o, FASTS] 7%, non-maximum
suppressione F33tA Y= A3 At. £8 FHORB2}
SIFTe] A%, EAe & &8 #o= dAHPon, urA
HEL 549 A7|(intensity or response)E 8 #Ho=
AAFHe] W) wet 54 = g 500 ~ 2000 7)€
HAE 7HA T

9. $1=35F Boat(in-plane rotation + scale

1.

W3}, Graffiti(A1 % W3}, Leuven(¥tr] W3 F4-
Fig.1. Images used in experiments. From top row, Boat,

Graffiti, Leuven.

989 2% 7 54 4% PEel Oisl o B9 e 4
stel ANE MRS WIW Asjolnh AY A 9

3| A= Harrise} FASTS] whEAdo] 713
W slo] thal A= FAST9F SURFS] wbE-Ao)

oy o oo
N
ol
3
riot
&

=gtk 7|8t W3e] H9 scale space “dollA4  non-
maximum suppression®] 3jo] HIEAH S Y= Yoz
EX "t FASTS 7 $-ol% non-maximum suppression-g
TYIEE AT AHIFN ALFeE A AdAgEs A=,
HEEAdo] 20 ~ 30% A= 3=t 28y, non-maximum
suppressions F3stx] 2o wje WIH S FHHA
FAolA oy EAo] AZHA, old 5 o) Ht
Aol 3A F7tEE AolthHarris, FAST, ORBe] A7}
oo #FE). F, 4 O LIHE EAHo=Z Q3 wrEH
g aydsEs FEY 4 Q7] wEol, non-maximum
suppressione F3HA Z%S W = WEEAHLS ¢4

A= 5 gloh

Graffiti
100
——5STAR
___ =0
= —&-5SURF
g 60 Harris
Ei FAST
® 40
o —e—0ORB
o
20 —e—SIFT
0 ——BRISK
img2 img3 imgd img5 imgb
Boat
100
—4—STAR
___ 80
= —B-SURF
E 60 Harris
=
% 0 FAST
) —+—ORB
o
20 —e—SIFT
0 ——BRISK
img2 img3a img4d img5s imgé
Leuven
100
——STAR
___ 8D
2 —8-SURF
E 60 "\‘\.\' Harris
i - a
] FAST
T 40
o ——ORB
o —t
20 —o—SIFT
0 ——BRISK
img2 img3 img4 img5 imgé
a8 2. 72 EX A WS ulEy,
Fig.2. Repeatability of the existing feature detection
methods.
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