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L.SG(Local Surface Group) : A Generalized Local Feature Structure
for Model-Based 3D Object Recognition

juneho Yit

ABSTRACT

This research proposes & generalized local feature structure named “LSG {Local Surface Group) for model-based 3D object recognition”, An
L3G consists of a surface and its immediately adjacent surfaces that are simultaneously visible for a given viewpeint. That is, LSG is not a
simple feature but a viewpoint-dependent feature structure that contzins several attributes such as surface type, color, area, radius, and
simultaneously adjacent surfaces. In addition, we have developed a new method based on Bavesian theory that computes a measure of how
distinct an LSG is compared to other LSGs for the purpose of object recognition. We have experimented the proposed methods on an object
database composed of twenty 3D objects. The experimental results show that LSG and the Bayesian computing method can be successfully
employed to achieve rapid 3D object recognition.
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{surface-label : ?
<model * *>
< surface-type : 7>
<area! 7>
<radius: 7>
< color : 7>

}
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sphere(7)
{(a) B4 A48 3% B9 B4 () 24 A &4

(38 10 F = ZeE ZiskEE SHE FE| HEt 8

5 Salol of

Mz Mg Mg

(22 2) 24 olo|E{Hjo|A

2 Ras LSGE s gAUAE AT 249 K02
sAoletrpthe dd i wa

b g o B 48 & 4t 540
LSGE 3huhe] W('seed®’ 13} BT Fold Al (view-

point)ell A 84 Holn o]2dn ge WEY FHFelth
(29 3le 8 €& seedd o2 B2 C, 7 HE 0]2F
Ha Folzl Aldod @7 Bel= wWEY pii op,R o
Folzl LSGY & o8 BoFan vk LSGE dlitel o
(seed¥)#} vl2 o] R3PHA Foal AlFdA FH E"]“
AES FHiolng ofm Aol & EAE B o 1.5Go
TE o|8Hez Fold AHA HAXET 9EY FdS
% dth g5 g, (2¥ 39 BoAE B9 AL
Foigl A1) el oA A9 LSG7F Ak 4 LSGE
[seed®™, o] ZH(E)]e] FH= e 7l=std oA A
9] LSGE= [P —C LIC— Py P L [Py— C P3Py [P — Py P,
[P—F P01tk LSGAA AlesE Wel s quadhic

_i



LSG: 2 7|8 3@ 2R 2iMs RIS HEsE I2H0

HoegA Hd¥(planar), B8543 %(ridge), LEAHUY
H(valley), E57d%(peak), 259 (pit)olc}. (17 3)
el A BodFE 15GY § o8 53 1L3GY 722 4
Hud ohgn gtk AG 379 £3FL seedW e o] Fo

Ciolx, o] M2 e jteR 25¢ dUdNe €9
oio] AelpEe B EL 07549 S 4 HyF ) LSGe
ul B3 &£8£<] <simultaneously-visible-adjacent-surface
s : list of sm"faces> o seed BI FA Holo upz of
P HEY o (&L, Wa)d Wy FF, WA, ¢ FME
FHF AUy FEY H8), 2#liL seed W o|F
ZtE Fol ¥ YEbdT) seed WE o] 23 Hol o] F
AEE F Wel gert gdye|rvt ddddd Wy
HEEn 7t de] Wk ao]2HEH e W] wiake
FdEd F4 Ao WA oy ez A=y Y A4S
HYY o Aoz Hodd. tE FHY WS Aty
ZeE HowA] genyg NILE EAF,

et

e fr 2 Yo

P

(a)

(b) An example of LSG{Local Surface Group)
{seed-surface-label : C;

<model-label x>

<surface-type : ridge(1)>

<radius : 0.75>

<simu}taneously—visible—adjacent-sufaces o[
(P4, planar{0), area, radius(nil), 0)
(P2, planar(0), area, radius(nil), 0%]>

}
{c) Simplified [.SG
{surface-type-of-sced-surface : ridge(1)
surface-type-of-
<simultaneously - visible-
adjacent-surfaces
<sum-of-angle : 0%
}

* {planar(@, planar(0))>
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* {surface-label : Cy
Pa < surface-type : rdge(l) >
< surface-parameter - (00, 00, 1.0) >
\ < area : 10.0 >
Cy < radius : 0.75 >

< adjacent-surfaces : (Py, Pz, Ps. Pa) >
angles -between . ;nt gt 0

P < iwo-surfaces (0 807, 45% 0% >
)

(a) mode! object {b) atribute-reltional graph
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