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P(x,y) = P(x] y)P(y) = P(y | X)P(x)

P(y|Xx) P(x) _ likelihood>prior

P —
(X‘ Y) P(y) evidence




P(x,y|2)=P(x|2)P(y|2)

P(x|2)=P(x|zy)

P(y|2)=P(y|zx)
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P(open| z) = P (2)
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Markov
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Bel(x) =/ P(z |x) P(X|u,x.;) Bel(x ) dx.,
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P(z|x, m) P(x]|x',u)
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trans \/(X X) + (y y)
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P(z]%m) = O P(z, | xm)
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Z < Zexp
otherwise
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P (z]xm)=h—— P _(z|x%m)=h——

max small




At R (z] x,m)
P(Z | X m) — unexp % unexp(zl X m)
max max(zl X, m)
arand rand(zl X, m)
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weight = target distribution / proposal
distribution
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S=A& h=0

For i=1K n Generate new samples
4. Sample index(i) from the discrete distribution given by ,
5. Samplex fromp(x, |*..,uU.;)  using’ andu,,
6. W =p(z | x) Compute importance weight
7. h=h+w, Update normalization factor
8. S =SE{<x,w >} Insert
9. For i=1K n

10. W =w/h Normalize weights
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—  draw X

— draw X, , from Bel(x, ,)

from p(x | X..,,U._ ;)

— Importance factor for X

targetdistribution

proposadistribution
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B(m):= log oddgm{*")

P(x)
oddgx) :=

1- P(x)
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hits(x, V)

Bel(rn[xy]) = hitS(X1 y) + miSSGS((, y)
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Extended Elevation Maps
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A robot is exploring an
unknown, static environment.
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Robot pose
uncertainty
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poses map observations & movements

SN,

$1 t, T | 2% tauO:t—l) —
I p(x1:¢ | 214, u0t—1) - P(M | 14, 21:¢)

SLAM posterior ]

Robot path posterior

Mapping with known poses

Factorization first introduced by Murphy in 1999 +
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Partlcle

Partlcle

Particle
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Landmark 1 § Landmark 2 Landmark M
X, Landmark 1 § Landmark 2 Landmark M

X, Y, (Q
Landmark 1 § Landmark 2 Landmark M
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p(zt|xg, m(D)

(7) ()
p(:l:t|CE 1, M ,Zt,’U,t) =~ :
- fxte{x|p(zt|a},m(i))>e} p(zt|xt, m(Z))dxt
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Latombe (1991):

“...eminently necessary since, by definition, a
robot accomplishes tasks by moving in the real
world.”
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« Classification of the position of the robot using
one single observation: a 360° laser range data.



* Observation:
We define lots of simple geometric features f..

 Problem:
Each single feature f, gives poor classification

rates.

e Solution:
Combine multiple simple features to form a

final classifier using AdaBoost.
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