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Place Modeling and Recognition using Distribution of
Scale Invariant Features
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Abstract

In this paper, we propose a place modeling based on the distribution of scale-invariant features, and
a place recognition method that recognizes places by comparing the place model in a database with the
extracted features from input data. The proposed method is based on the assumption that every place can
be represented by unique feature distributions that are distinguishable from others. The proposed method
uses global information of each place where one place is represented by one distribution model. Therefore,
the main contribution of the proposed method is that the time cost corresponding to the increase of the
number of places grows linearly without increasing exponentially. For the performance evaluation of the
proposed method, the different number of frames and the different number of features are used,
respectively. Empirical results illustrate that our approach achieves better performance in space and time
cost comparing to other approaches. We expect that the proposed method is applicable to many ubiquitous

systems such as robot navigation, vision system for blind people, wearable computing, and so on.

» Keyword : A7 28 £Z!(Scale-invariant Feature), E&2%(Feature Distribution), &40l
Al(Place Recognition)

«M1MA : Fo|  WAIKA : o|HL
« ™Ml 0 2008, 4. 21, AAFY : 2008, 5. 28, AAtetE 2 : 2008, 7. 25.

gt wAbbyg AN gt we EATSa 2ue

o] =2 20069 B (AR el Ao gastazigAtte] A wo} $aH A7 (KRF-2005-041-D00725)



T+

A
8

=

=

He

o
fas

719 ey (12)04
e

L

p

="

i ARSET. 27llA
=0

taL, 37l

9

¥ 9

| Harris-Laplacian 537
[}

ato] Ang

3]

Aol el Awgirt. viAetes 47A

EER

o] BEZ o] AJ¢t 212)7](Bayesian Classifier)(13)
9
o

&

o] 7§

sk, WA
B (Voting)

H
o~

Hok

.
Bl

2

3

<
T

-
o <]

i (2008, 7.)
SRR

vag
1] 74

oleke A A A2 o}

=
T
7

¢

M E

A
A
ol

o] Agelre A FE(1)9} A

Al

I

=

=
-

g

7]
g A

(Marker) (2)7} 2 AREHSATE o] WHES]

R o7

=
=

A
#1 9

°

th

s
E?_tg

=

< 77 FYEATH1-5).

sk A3} o]

HE

3l (Autonomous Navigation)

52

5

I
i

(14}l 574

ol

ﬂmo
N
il
B
pild

o
il

1o
ol

0

53

ol
He

i

o
Ll

™
]

pild

|~E3e) 27)

0

oz Hold ke 5Y5L

s

o

Sk Zolvt. AgkE WHelA

5

4

s 4

=

(<}

st ol

e it 2hE A7) Sl dloleulo]l2rt Be:

o] 29| A7]7} AA|H

i

W
i)

o)

3 oA

Pl 9

e

a8 1ol B

ol

o] ©]

=

>N

tozx Al ¢

AL

=
=

T
g ol

of 4k

£l
al

el

]

o

o @7
%X

7a)
ol

=)
guk

[e]

e, P84 (Robust) ©1AI5E,
1 W3 (Affine Transformation) (8)
] (Interest Feature)

o
T

=

O
FZF8Hd (Scale-space  Theory)

=

o]

A
Lindeberg(9)9] -9} 7122] 2AL T3]

7110-12)7F A= At

Eat

AL (Scale) 3} o}

1

Harris £%7%7](Interest Point Detector) (7]
ke

HHEA] (Repeatability)

Eas



53

ke]

K
ﬂD‘O
=N
jul]
o

O
7!

dlo

il
2!
i

oY
i
wir

)
i

o

<]

B 7Fed 3 o B

HE=T s

o] H&

WU R e m B R R
momrﬂﬂo%mwﬂﬂ
o "o 2 wE o
%Wwﬁl_awuﬂoﬁ )
R o N R R
m_rﬁe_j_zngnﬁg_j@@m%kﬂ

W BT
%vwomﬁmﬂgﬁwpwwﬂn_m%
H ot SR R S G
Ebfﬂrﬂﬂﬂm7?£wuf
G A ]
iﬂﬂn.ﬁc mmomdr ol
e e T~ S W
T e m Mo O et N
}%ihﬁ%mwamww
.= K = i
o ol B TR
—~ R RNE 0y
i iiErizs
ML#LWQ‘QWQLWu%ﬂ
__NMMrw%_ﬂu\mwﬁeﬁqum
N .8 o _—
oE,.Mo: ﬂufd*%“ﬂ”
ﬂoﬂﬁc,ﬂﬂuoi%i;omzd
Wroop gr R B2 S o %

=z
bl O A
Q
= w [ 4
ulr 0 )

uir
3

il

M

4

KO

h.+1

J

Fig 1. Flow Diagram of Place Recognition
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