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Abstract: Robot localization, i.e., the task of recognizing the current position of the
robot from sensor inputs is an essential problem for autonomous mobile robots. We focus
on the localization problem as probabilistic modeling , information theoretic criteria, and
statistical learning. When we use some variety of sensors or high dimensional inputs like
camera image pixels, decreasing first their dimensionality, or extract features, is necessary
for making the data tractable. After feature extraction we can construct position estimation
probabilistic models by regression. How to select good feature is controversial issue. Many
previous research used principal component analysis. In order to evaluate good feature
selection, a mutual information-based criterion is proposed. Under this criterion, PCA
regression model is justified when regression is achieved with small variance. However, in
general, the robot’s moving area being wider, a good feature for particular local region may
not be good for the other local region by means of the criterion. For an entire environment,

an appropriate feature should be selected according to the corresponding situation. As a

solution for this problem, conditional mixture of PCA is proposed.

Keywords: Robot localization, Probabilistic model,

Principal component analysis, Mixture model

1 0000

000000000000000000000000
0000,00000000000000000000
000000000000000000000.000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00,0000000000000000000000
0000000.00000000000000000
0000000000000 000000000000
00000 [3,4,5,9,10. 00,0000000000
00000000000000000000000,0
00000000000000,0000000000
00000000,0000000000000000

000000000, O 305868 000 OO0 1-1-4, 0298-
54-5836, motomura@etl.go.jp, Electrotechnical Laboratory, 1-1-
4 Umezono, Tsukuba, Ibaraki, 3058568, Japan

TRWCP Autonomous Learning function SNN, University of
Amsterdam, Amsterdam, the Netherlands

IRWCP Autonomous Learning function SNN, University of
Amsterdam, Amsterdam, the Netherlands

00000000000000.0000000000
00000000000 00000000000000
(000 000)0000,0000000000000
00000000,000000000,000000
0000000000000000.00000000
00000000000000,0000000000
0000000000000000000,00000
0000000000000000O000O0O00nO0nd
oooo.
000000000,00000000000000
0 (PCA)DDDOOOOTI6,7,9,10,00000000
00000000000000 [4,5]0,0000000
0000000000000000000(00000
00000)0000000000. 000,0000
0000000000000000000000000
0,PCAOOOOCOOOOOOOOOOOOOOOO
00000000000000000,0000000
00000000000000000,0000000
0000000000000000O00O00O0oo0non
0000.00000000000000000000
0000000,00000000000000000
00000000000000000000.



0000 Robot localization 0 OO OOO0O0O0O0O0O
oooo,00PCADOODOOODDOODODOOO
000000Dooooo. oooooooooooo
oooooo,00o0oooooooooooooon,
PCAOODOODOOOOOODODODOODOODDO
Oo0ooo. 000, 0o00000000000000
Oo0o0oooDooooooooooooooo,ogo
O0000DbD0OO000O0obodgn, Conditional mixture of
PCAODOODOODOO.

2 Ooooogo

0000000000000 «(000 200000
0)0000,00000000000000000 =
DOooooooo.

00,0000000000000000000000
:000000000000000000.00000
D0000000000000000000 «=M(z)
D000000000000.00000000000
D000000000000000000000000
P(z|) 0000000000, 00000 «,2000
00 (0000)000. 0000000 2= M(2)0
00000000000000,0000000000
000000000 -000000000000000
Dooo.

000,0000000 ()00000000000
D000000000000000, (H)000000
00000000000 00000000000000
D0000000000. ())0000000 MO 20
0D.00000000000000000000,00
()000000000000000000. 0000
000 -000000000000000000000
D000000000,00000000000000.
0000000000000 f0000y=£(:)00
0.000y0-00000000000000000
DOO0oO (0 1).

D0000:000000000000000000
0000600000000000000000 P(yle;6)
0O0000D000000000000000.
__Py=FfEmoPE)

o Ply = f(2)]w; 6) P(x)dx
D00 P(¢)0000000000000000000
0000,0000000000000.000000
D000.00000()00000 Plely)00000
000000000000, 0(1)000000000
D000,0000000000 Pyl;¢)00000
0000 (00000)000000000

P(z|z)

O 1: Robot localization OO OO0 00O
oooooboooa

e 1000000 y=f(z)000,
e 1000000000 P(ylr;0)0 6000

0000,000000000000000000000
0 D={z;,z},(i=1,--)00000000000.
$6000000,00000 000000,

Pla]2) & Ply = £(2)|e;6)P(x). (2)

gbboodgb s000bobbbobbbooaaooad
go.

3 PCAOOOOO

oooodooodooooogooooooo,o
000000000000, 00000o0ooooo
0000000000000 0D0O0000 (Principal
Component Analysis) 000 000000. 00000
00000 000000000 200, Zw; = A\w;
000o0000o0O0o0o0o0nDoono0 », 00000
000d00d0dooooodo gOoooooooooo
oowoooo,

y=fl) =WTZ =Wz z) (3)

goobooooboooooobooobo.0bobooon
gooooo,0booooobooboooooboooon
oooooooo.
gdbooooboooooogoybooooooooon
ooooooooooooo,

P(yla;0) = cxp(—(g(z;0) —y)*/207).  (4)

1
o2



0000. 000 g(x;6),0*00000 00000
000000000,000000000000000
0.0000000000(1)00000000000
O00000060000000000. ¢00000
000000000000000000000000
000,000060 DO PCADDOOOOOOOO
Dy={z,yi=f(x»)} 00000 (00D000D0)00
000000000000000([9. 000 PCAOO
oooooo.

4 ODOO0OQOOO0OOOoOoOoOd

PCADODOOOOODOD, fOQ0OOPCAOOODO
ooooOoobooo,en0 D,000000O (0000
00)o0oooo0oooo.ooo,00o000oooo
gbooooooboooooooboobo. ooobao
oo0ooO0oO00opo0og fO0DO0ODO0OOCODO
oboooooobO0oobO0o,000ooboooboooon
ooboobooooboooboboboogooo. oo
oobbobOooocooooboob0ooboooOooo
oooo0oOo0oooooooooooo, pCcAOOO
obooboobobooooooooooboobooog.

4.1 KLOOOOODOOOOOOOOOO

godoobobboboobbuoobbboono

U0, 000d00btoooououoouooboboog
00ooooooooooobo, KLobooooooo
(Kullback-Leibler divergence) 00000000000
goboobobobobooo.ooo,goboooon
02y0000000, Pz,y)000. 000000
000000000, 0 (400000000 Pe,y) =
P(ylz;6)P(x) 00000,00000 KLODOODO
goo,0o0ooooon.

. P*(x,y)
//P (e ) o B0 ) piay

//P*(x,y)logP*(x,y)dydx
/ / #,)log P(y|; ) P(x)dydz. (5)

0000 DO y=f(-)00000000000000
000. 0000000000 DOOOOOOOOO
00,000 L,(6)000.

42 0D0O0O0OO0O0OOOO0ODOOODOO

KLOooooooooOo (s)oo0ooooooooo
oo,0000000b000000000b0b0o00on
ub,0000000b000000000000000

00000000.0000000000000000
00,000000 DOO0OO0OOOODOOOOOO,
gboooboaobooaboooboboboboaoboboaan
0000000.00000000000000000
0o0,000000 DyOo000O0O0OO0o0oogooon,o
O0o0o0o00oOooooo0ooooooooood
goooobogo.oob,0obooooboobobon
oooo0ooooOoooOooooo.
00000000000000 000 y=f(»)O
0000000000 00000 P( ly = f(2)) O
000000 H(zly)=— [, P(zly = f(z))logP(x \y—
f(z ))dx7DEIDDyDDDDDDD[I E,[H(zly)]O
0ooo0.0000000000000.

// —P*(z|y)log P*(x|y)dx P*(y)dy. (6)

0oo,
Piy) = | Pi(z,y)de (7)
Pi(aly) = P(x,y)/P*(y). (8)
000 EyH(z|ly)]O Bayes DD ODOODOODODODO
ooog.

E,[H(x|y)) = E,[H H{y).  (9)

H(x)0O0DO00D0000000000,00y = £(2)
0000000000000, H(ylz)—H(y)0ODOO
0.0000000 (5000000000000

(yle) + H(z) -

Ey[H(ylz) = H(y)] = Ly(6) (10)

oooo0.00Oo(poooooo yboooooo,

I(z,y) = H(z) — H(z|y) = —(H(y|e) — H(y)) (11)

0000000000000, 0000000000
og.

00000000000 D00D00000, 0000
0000000000 D000D0D0D000000D00D
O000O00D0. 000000000000 000n
0000000000 0000000DOoOoO0Oooo
O0D00000. 000, PCAOODOOODOOOOD
000000000, H(yle)JO (400,00 ¢00
000000000 (¢(OO0DODOODOOO). OO0,
PCAOOOOOOD mOOOO0OO0y™DOOOOOD
0000000D0D0000000 m<nO0O000O
Hy"™)>Hy™)00D0D0O00OO0. 00000 PCA



00oooo0o0ooooo (lo)booooooooo
ogooooao.

oooooooOooooo,0(o)ooooo, oo
0o00o0o0o P«,y)J000O0OOO,0000000
ooooboooooboobobobOo poObOOODOn
000.000PCAODOOOOOODOO (10)OO0OO
00,0 (40000000oooog.

L,0) ZlogPy: f(zi)|x:;6)

— Zlgefﬂp g(wi; )J%(i))'z/%‘z)
= a—ﬂz g(zi;0) — f(z:))* (12)

000, q 80 sO000000O0OOO.
00000,00000000000 400000
S (g(zi;8) — f(z))?00000000000000,
0000000000000 PCAOOOOOOO (10)
0000000000000000.
0000000,PCAOOODOOOOOODOO0
000000000 .00000000000000
0,00000000000000000000 (10)0
0000000000000000.

4.3 Avg. Bayesian localization error

S.Thrun[4]0 00 000 O Averaged Bayesian Local-
ization Error 000000000000 O00O0O0DOOO
goooOoOopooOoOoOooooOoOooooooooo
gooo.

OO0O00OooooOooooO000Ooon <+, 0000
0.0000000000000 |jz-2*||00000
0.000,00:°0000000000000 P(zly)
gooobbobboooobooboo.

Err(a //Hx—:c*np yle*)P(ely)de.  (13)

000, P(zly)0000 yO0ODOOOD0O00O0OO 200
000, P(yl+*)000002*0000000y000
000,0000000000y000000,000
00 »*000000000000000000000
000000.00000000,000000 Pyle)
00000000000000000000000

Err(x //H:L—LL’*HP ylz™)

P(y|z)P(z)P~! (y)dydz, (14)

obo.00o0oboooooboooboooooooon
OO0 2*00000 Pe)00O0O0O0OOOOOODOO,

goano
Err = avgy Err(z™)
= /* Err(a™)P(x™)dx*
- /. //Hw — ol P(yle")
P(ylx)P(x)P(«*) P~ (y)dydzdz™. (16)
O0O000. OO0 Avaraged Bayesian Localization

Error000. OO0 400 y0OOODODOOOOODODO
oooooo,000000oo0o0oooooooO
0o00,000000000000000000000
oooO0oooooooOoo0oOo0oobOooOobooooo
oooooooooooo.

00 Averaged Bayesian localization error 0 O O

+,y0000000000000O0O0O000,00
00 O(y|l=»)000. (2|0 :000000000O).
oooooOo0oooooooOoO0ooOooooon, o
oo0oooOooooooOoOo0oooo,0000000
ooOooooooooooo.

00,00000000000 (10)0 z,y0 200
00000oo0O0oooUo,00oo O(yl|l=h oo
oooooooooo,pcAOOCODOOOOOODO
00000000000000000000O00000
ooo.

5 Conditional mixture of PCA

420000000,00000000000000
0000000000 v, 000000000000
000000000000.000000000000
00000000y, 00000000000000
0 (0 2).

000,-:0000000000000,000 2,y
000D0y=f(-)000000000000.000,
000 PCAD f(-)000000000000000
000000,000000000000000000
0 (0 3).

000 PCADODODODODOOOO. O0O0OODOO PCA
0000000000 Mixtureof PCADDDDODOOO
00000000 ([1,2.000,000000 PCAD
00 f()0000000000000.

Fnia(2) = Y mil2)fil2), (17)

i

000 ~(z)000000 Y.m=1,r>0000.0



02 00000000 (xO0:00000X00,y0:
0000000000 PCAOODOOOODOODO)

03 000000000000 (xO0: 00000 X
00,yD:0000000000 PCAOODOOOO
ooo)

04 0000,00A0DQ00O0O0 370,00 BOO
150000000000.

0 m~(z)00000 EMOOOODOODODOOOOOOO
ooo[L, 2.

00 Mixtuwreof PCA O 2,y 000000O0O0OOO
00,:00000000000000 f(z)0O000O
O0O0000. Robot localization 0 0 OO0 OOOOO
dooooooooooooooooog. PCAO «
000000000000 00000O000000o0n
goobboboobboobooooob,oooooo
0000000000000 00o0o0oo0o (0: 0
4).00000000000000O0O00O00O0O0OO
O000o0oonoooo,000oooooooooo
o000d00o0o0o0oooooooogooooooo
O0. Doooooooooooooooooogono,
oo0ooooooooOoooDooOoOo,000oooo
gogooooobo,booboboooouoooboon
oooOo,000o0oooooooo.

gbbooobobbooboboo,ogobobooo
oooooooooOo,0000oooooogooon
000000000000, 000oobogbo
o0o0o0dd0odooooogoooodoogooogoo
oooooooogoo.

OO0 Robot 00000000, 00000 100
0000000000 «7'000000 210000
000 P27« ~YDODDOOOODODOO [11]
0000000o0oOooOo (g s5). oooo (Imyooo
m(z)000000000000000000000O0
O, Conditional Mixture of PCAOOODO.

Feond(2) = ZPW € Rilx""',a" Yfi(z), (18)

obo R0 .000000D0O0CODOOO.
obobOoooooobooooooooooooooo



oooboobooboobooboooooooooooooon
U,0dbooboobooboobobobooboobog
ooboooobobooooobooooboobooD.

Usoooboogbobooboooboagboaobabn

uboobooboobooobooboooooboooooon,
ooooooobooooobooobobooooboboog
gooooooon.

6 UOUgog

0000, Robot localization0 00O OO0 00000
000000, 0000b00o00DO00ooOoUoooao
00000 Do0ooooooo.ooooooo, PCA
0000000000000 pCADDODOOOODO
odooooDooooooooo.ooooooooa
000o0opoOoooooooo pCAOODODODOODO
00o0dDoOoooooooooooooo,oooon
Oo0oooo,0o0p0oooooooooocoooo,
Conditional mixture of PCAODODOOOOODOOOO
ooo.

0

00000000000, Roland Bunschoten, Bert
Kappen, Wim Wiegerinck, David Barber 00 000 O
O00.000000 Real World Computing0 0000
ooooooooo,rwCcrpOOOODOOOODODOOO
000 MEMORABLEOOODOOOOO.

gogd
[1] M.Tipping and C.Bishop, “Mixture of Probabilis-

tic Principal Component Analysis”, Proc. of the

ICANN’97, 1997.

[2] G.Hinton, M.Revow and P.Dayan, “Recognizing
handwritten digits using mixture of linear mod-
els”, Advances in Neural Information Processing

7, 1995.

[3] T.Dean and M.Wellman, “Planing and control”,
Morgan Kaufmann,CA ,1991.

[4] S.Thrun, “Bayesian landmark learning for mo-
bile robot Machine
33(1),1998.

localization”, Learning,

[5] S.Oore, G.E.Hinton and G.Dudek, “A mobile
robot that learns its place”, Neural Computation,
9, 1997, pp.683-699.

[6] S.Maeda, Y.Kuno and Y.Shirai, “Active naviga-
tion vision based on eigenspace analysis”, proc. of
Int.conf. on Intelligent Robots and Systems, 1997.

[7] J.L.Crowley, F.Wallner, B.Schiele, “Position es-
timation using principal components of range
data”, the Proc. of int. conf. on Robotics and Au-
tomation,1998.

[8] M.Jordan, “Hierarchies of adaptive experts”, Ad-
vances in Neural Information Processing, 4, San

Meteo CA Morgan Kaufmann, 1992.

[9] N.Vlassis and B.Krose, “Robot environment mod-
eling via principal component regression”, proc.
of Int.conf. on Intelligent Robots and Systems,
1999,t0 appear.

[10] B.Krose and R.Bunschoten, “Probabilistic local-
ization by appearance models and active vision”,
proc. of Int.conf. on Robotics and Automation

1999, to appear.

[11] Y.Motomura, I.Hara, H.Asoh, and T.Matsui,
“Bayesian Network that Learns Conditional
Probabilities by Neural Networks”, Progress in
Connectionist-Based Information Systems, wvol.1,

1097, pp.584-587.

[12] N.Vlassis, and B.Krose, “An
Information-theoretic localization criterion for

robot map building”, ACAI °99, 1999, to apear.

Y.Motomura,

[13] Y.Motomura, N.Vlassis and B.Krose, “Probabilis-
tic Robot Localization and Situated Feature Fo-

cusing”, IEEE SM(C"99, 1999, to apear.



