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GMM-KL Framework for Indoor Scene Matching

Jun-Young Kim*

, Han-Seok Ko
Dept. of Electronics and Computer Engineering, Korea Univ.

Abstract - Retreiving indoor scene reference image from database using visual information is important issue in
Robot Navigation. Scene matching problem in navigation robot is not easy because input image that is taken in
navigation process is affinly distorted. We represent probabilistic framework for the feature matching between features
in input image and features in database reference images to guarantee robust scene matching efficiency. By
reconstructing probabilistic scene matching framework we get a higher precision than the existing feaure-feature
matching scheme. To construct probabilistic framework we represent each image as Gaussian Mixture Model using
Expectation Maximization algorithm using SIFT(Scale Invariant Feature Transform).
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Scene Recognition, Gaussian Mixture Model, Expectation Maximization, Kullbak-Leibler Distance

GMME A8 AR,
o A3E olr Azt FAESE
A 8= Kullbak-Leibler(KL) #¥-& A&-3het,
2y PEE Aestd

48 943 delg wo}
AdZ 9 43 EntropyE
e FEFH
dY om A7} dolg Holx A4y

fad
=

=3

istance and

&d\n.inmn
N,

olm =] W3}

29 1 FHi# 94X g

drerviz olnl Ao i} Affine &A 4F HUoh dEx

FA7 A Ao Bol=E TANY B mEdMe

8% FeatureEvroz #EH zmdys FAs7] sl
PCA(Principal Component Analysis) & ©]8&9SIFT
Featured] F49& Fols AL F 711 vl & A4t} 3A
2 AYE EdogzA AR £FE Folx, HolE HelAd)

Aol st %S 22U F A% 242 2 o9AE A
Z & TPk Feature B WHE 24 522 ztzte] d=q}
o] g F949S =Y £ vk 28 2.8 AN HEE
AW g4 ojulA] viAE AN B =EA AR AB=Z)
23



PCA i 88
S938 | 5iFT fasture B g
3% |—»  festweDimension [, P oug
G

w2
Watching (1)

¥ 2. Ad 84 ovA v ARx

2.

=1 l
=

z

4»

AUl B7F onX = 54 stelad e ojmAgn &2 e
E Fhelete] Xl we}l elvix o) AL AT (29
1) AR ovx AL AsfiME svg 94X FAF
Featureg ®+& zlo] F83lth. melA o9|A translation,
scaling, rotation, 1ej1olx A=} =% W3} affine or
3D projection 1= 7913 FeatureE Al£ 3ok §tc} o] g
gy 7tA] 2AE GFAFAAN AAF Aol HEE
FeatureZ D.Lowe [2]7} Al¢t§ SIFT Feature® AH23}9ich

SIFT 71 olvA] AHMEIZRE 71$-A¢ Eag A
§ F olag =AY oA AN EY ey

B Hdle HAgs 2 2AYE A™ig. oy 2AU
et =AY 2uel2E  pASH 2AYd  Few
Feature Point €& ¥& + U FAAXJE t2agel(2y
3) JIZUE F99 AEF IUEEFY DAAdE By
AZ7IEZREH FHAD oRL JNIEYE FHe BH o]y
2o 2z} drakef id A 13* T AT 2o

DLowe?t ARE WA= 4x4 TIAAYHE oo 8
“"%*4 aYYAEE *}%3}@] 8lLt9] Feature'd 4*4*8=128

ztde] dolEe & A&t

Je B =8 AR ZAde wi2d $g3d vdye
Alg-ste] Wil d¥ A% PCAE £3d 323499 SIFT
FeatureE A}£3l02} 1 Feature-Feautremi Aol vjs) o A
3 dF A5E 48+ dd (29 3)

2 =EAAE DB °luAIE FAslm Z o|m R RiE
SIFT feature® ¥ PCA(Principal Component
Analysis) & F8f 2z} on|X& 713 & HIs:= Feature
eI} 20 2 FeatureE 9 A9 2d& Ao} o]d
2102 og oluze] tl&] F715E FeatureE9 92 4
o2 nHANAN GMMEAH ] AL&3stgt

o
=

3. olo|x| cjojg] ®E3 X of A

dolE #olAx wel olmR g Y JA4L FEHoR
299 g glo] BE 7F9AIRF 2% RAGMM) o2 4
ele] A, GMME  TASel 2ol  Expectation
Maximization(EM) ¥4 ig]&F S o83 5 o|n= zre] o
AL 84 £¥X9 fAE BEE B £ Jdvh F omA
el #EFH XY {FAERE ZFHs AT do=
Kullbak-Leibler(KL) distanceZ A& #t} [3].

62

3.1 ojolx|colel2dY

diolg] woj2 Ae] em g Y J4& EF Feature
Extraction %ol Gaussian Mixture Model2 =29% =z
o},

o]n| x]o] A SIFT Feature® ¥ 3 PCAZ Principal $E &
& WY W5 XeR 2 wm w% X 7 k A ALAQ
E9 2oz FHEHAANY &% 2L H&F £EXE Z:=

9.
1 1 2
expl{-—(X - 1,) ¥ 7 (X - )
Jeo' [y ] 2 )

f(x[0)=3a,

A b Z /1‘—ou];<] Fjue F
2% dig gerlgaEl Al dIdE
2AE wEFg

)

positive definite matrix.

4, =z SASAe =l I Weight2A k 719 o]
EEY 2 1o HXEHT 4, = @ ouA yelx 7
e Al g W WEHE ey, X, & @ o
ulA] Wel el 7k9-Alet 2§ E Y covariances) Eolth.

Z+zte) ojwmiAlo] thsiA HEvlE £ Tite AL
EM(Expetation Maximization) ¢xel&& S o]Fo7
o}, Fetvle] 6 o tiF log-likelyhood(2) &

wEHo g Aatste vE] AFogE YA
gelulei 2 Z 43

6, =arg max S(x,,x,

e 7HeA

<t > o

e

a,>0, a, =1,p,

j=1 0

e R andzj isdxd

A

p

olat7t € 9o

.........

2)
slute] olm o] th§ Gaussian 28 F k o FAHL

Minimum Description Length(MDL) principle o @& @A

gt [4].

atipel olm o] ot ¢ WHo R HAvHES AA
UyH 1 o]mx+  Independently  Identically

Distributed(IID) € Feature®9 F¥oz FAHAYL & #

At

al

3.2 ojo|X| of H

3.2.1 k-d tree

k-d tree 4nl&ES /M Mt A(RFEH UL A
dolg wlo]2e] FeatureE& W& AL f& Ee T2
WAA 7, 948 949 FeatureEe] Hio|E Hjo]29] o
o}n] #] ¢ Featurei Q3= = XS gAaseE g Folrt
(Friedman et al., 1977).
t)o]E] #lol~2| Feature £-& Eg T30 uld AlF o]
(d-219 9] FeatureEolztn 714) 1349 dUUE £
0§ median %S E=FE Wi v dUE EE =3t
Hog gA/NAMmedian L Bi BAX ko YEO
2 Fydrt

2 =7dAM 84 2d
A3 Wy oz ARg3A

r

Y

e AHEEE He) Hludy

[e]

=



3.2.2 Kullbak-Leibler(KL)
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Class1 Class2 Class3 Class4 Classb
k-d 71.43%| 57.14%]| 71.43%| 57.16%| 28.58%
GMM_KL 100% 71.43%| 71.43%| 57.16%| 57.16%
Class6 Class? Class8 Class9 Class10
k-d 14.29%; 57.16%| 57.16%| 57.16% 100%
GMM_KL 57.16%| 4287%| 71.49%| 57.16% 100%
Class1l [Class12 Class13 |Classl4 |Class15
k-d 71.43% 100% 42.87%| 57.16%| 42.87%
GMM_KL 100% 100% 71.43%| 57.16%| 57.16%
Classl6 | Classl7 | Classl8 | Class19 | Class20
k-d 58.16%| 42.87%| 28.58%| 7143%| 85.74%
GMM_KL 57.16% 100% 57.16%| 57.16%| 85.74%
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