Topic 12 Particle Filters:
The art of hedging your bets
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Bayesian filtering recap

posterior likelihood dynamics prior
(x0/24) = ap(Zulxe) [ p(Kk[Xk-1)p (51| 2 ) ey
“belief at t=k” “update” “predict” “belief at t=k-1"

@ distribution considers all
possible robot poses

@ assume one tfrue pose

@ recursive Markovian
inference

@ model, not algorithm
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Bayesian filitering recap

posterior likelihood dynamics prior

p(Xk|Z1.) =OP(ZL~\xL~)/P(Xk|xk—1'f.‘])(Xz:—l\Zk—l‘) dXj—1
“belief at t=k” “update” “predict” “belief at t=k-1"
@ distribution considers all
POS  Particle filter is a Bayes filter
s ass Where multiple hypotheses in the D
belief distribution are represented

@ recC . W ‘ 7
i) computationally as "particles

@ model, not algorithm
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Condensation Algorithm
[Isard, Blake 1998]

@ Condensation | ml
IS one -
algorithm for o
e

PGI"HCIQ diffus
filtering

observation

® State bellef fensiy \\ | . T~ measure
represented o

as particle
hypotheses
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Representing belief
as particles




Representing belief
as particles

4 1+ + 1 + 1 + 1+ 1+ 1 1 1 1 + 1 & 1 1 1 {+ | { { + ¥ {1 1 1 { 1 1 1 1 1 1 | | 1 | ]
1 1 1 1 1 1 1 1 | ey | | sy | | | [ | | | [ [ | | | | ooty | | [ | | | | [ | ]| |
1 1 1 1 1 1 1 [ | [ [ 1 | 1 1 1 1 1 1 1 1 1 1 1 1 1 1 (1 1 1 1 1 1 1 | 1| [ ]

1 1 1 1 1 [ 1| 1 | |

~M 1 1 1 T 1 1 T |

PrObablllty T posterior
density

O weighted

M

each particle is a hypothesis of robots pose,
weighted by the probability of the pose
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Representing belief
as particles

4 1+ + 1 + 1 + 1+ 1+ 1 1 1 1 + 1 & 1 1 1 {+ | { { + ¥ {1 1 1 { 1 1 1 1 1 1 | | 1 | ]
1 1 1 1 1 1 1 1 | ey | | sy | | | [ | | | [ [ | | | | ooty | | [ | | | | [ | ]| |
1 1 1 1 1 1 1 [ | [ [ 1 | 1 1 1 1 1 1 1 1 1 1 1 1 1 1 (1 1 1 1 1 1 1 | 1| [ ]

1 1 1 1 1 [ 1| 1 | |

PrObablllty T posterior
densnv

Y EA (

distribution formed by evalua’rmg every loca’rlon

1=1

o @ QIO .o O State ~

each particle is a hypothesis of robots pose,
weighted by the probability of the pose
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Tangent: How do particles form a distribution?

fh(l‘) — .
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Tangent: How do particles form a distribution?

f}, (2

~

S - e -
o — —

19 51 6.2
assume a ‘kernel” function K at every point,
a "Gaussian” in this case
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Tangent: How do particles form a distribution?

Kernel shape results from evaluating one K across all x

K

h

a "Gaussian” in this case

(x — p)°
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Tangent: How do particles form a distribution?

distribution results from in’regraﬂng over dll kKernels K across all x

fh (z) = — Z K

1=1

51 6.2
assume a ‘kernel” function K at every point,
a "Gaussian” in this case

(x — p)°
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Representing belief
as particles

1 1 1 1 1 1 1§ 1 | oy | | ooy [ | [ | | | | | | [ | [ | oy | | | | [ | [ | | | |
1 1 1 1 1 1 1 1 1 1 | 1 (1 1 1 1 1 1 1 1 | | |]

1 1 1 &5 1 1 I [ | [ | 1] 1 1 1 1 [ | [ [ | |
1 1 1 e 1 1 1 1 [ | 1 1 11 1 1 1 1 1 1 1 | |
T T T TP T T T T T T T T

@

Probability
distribution formed by evaluating every location

each particle is a hypothesis of robots pose,
weighted by the probability of the pose
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Representing belief
as particles

estimate robot pose as

T T T T T T T T T T T T T LT T TTTTTImaX or mean of Parﬂc[es

NN N N N — 1 1 1 1 1 [ 1 1 11 1 1 1 1 I 1 | | I]
T T T T] M T T T T T T T |

Probability
distribution formed by evaluating every location

MAP estimate:
*Maximum A Posteriori”

o @ QIO .o O State ~

each particle is a hypothesis of robots pose,
weighted by the probability of the pose
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MAP estimate

mean estimate /

~
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Also mention robust mean:
avg. of points around MAP

MAP estimate
mean estimate
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Condensation Algorithm
[Isard, Blake 1998]

@ Condensation
IS one
algorithm for
parfticle
filtering




Iterate

Sample Se.l': From the|“old” sample-set {S,@l, 7T§E>1, cl(f_z)l, n=1,..., N} at time-step t—1,|construct

particle locations and weights

a “new” sample-set {sﬁm, wém, cén)}, n=1,...,N for time ¢.

Construct the n'" of N new samples as follows:

(n)

1. Select a sample s}'" as follows:

(a) generate a random number r € [0, 1], uniformly distributed.

(b) find, by binary subdivision, the smallest 5 for which ¢\, > r

r/ // \ \ . (c) set 8" =7,
5 . 2. Predict by sampling from

diffuse plxifxi1 ='7")
_é to choose each s§”). For instance, in the case that the dynamics are governed by
———S u - T T ' a linear stochastic differential equation, the new sample value may be generated
tion X (n) as: Sgn) = Aslgn) + Bwl(tn) where Wgn) is a vector of standard normal random
y \ %K variates, and BBT is the process noise covariance — see section 5.
N\ measure

3. Measure and weight the new position in terms of the measured features z;:

Al / m" = plalx, = /")

{////} then normalise so that ) W,S") = 1 and store together with cumulative probab-

ility as (sgn),wgn),cgn)) where
cgo) = 0,
an) = ci”‘1)+7rt(”) (n=1,...,N).

Once the N samples have been constructed: estimate, if desired, moments of the
tracked position at time-step ¢ as
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create new particle set based
“importance” of current partic

on
es

drift

diffuse

measure

Iterate
(n) (7_1)

From the “old” sample-set {S,@l, 1,61, =1,..., N} at time-step t—1, construct

a “new” sample-set {sgn), w§”), cgn)}, n=1,...,N for time ¢.

Construct the n'" of N new samples as follows:

(n)

1. Select a sample s}'" as follows:

(a) generate a random number r € [0, 1], uniformly distributed.
(b) find, by binary subdivision, the smallest 5 for which ¢\, > r

(c) set sg(n) = sgi)l

2. Predict by sampling from

p(xilxi_1 = s'™)

to choose each s§”). For instance, in the case that the dynamics are governed by
a linear stochastic differential equation, the new sample value may be generated
as: Sgn) = Aslgn) + Bwl(tn) where Wgn)
variates, and BBT is the process noise covariance — see section 5.

is a vector of standard normal random

3. Measure and weight the new position in terms of the measured features z;:

(n)

Ty~ — p(Zt|Xt

(n)
t

(n))

:St

then normalise so that )«

(n) (n)

= 1 and store together with cumulative probab-

ility as (sgn),wt ,c; ') where
cgo) = 0,
an) = ci”‘1)+7rt(”) (n=1,...,N).

Once the N samples have been constructed: estimate, if desired, moments of the
tracked position at time-step ¢ as
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predict movement of particles
based on dynamics with noise

/ / \ \ -
I A S N

diffuse
y \\k § measure

Iterate
(n) (7_1)

From the “old” sample-set {S,@l, 1,61, =1,..., N} at time-step t—1, construct

a “new” sample-set {sgn), w§”), cgn)}, n=1,...,N for time ¢.

Construct the n'" of N new samples as follows:

(n)

1. Select a sample s}'" as follows:

(a) generate a random number r € [0, 1], uniformly distributed.
(b) find, by binary subdivision, the smallest 5 for which ¢\, > r

(c) set sg(n) = sgi)l

2. Predict by sampling from

p(xilxi_1 = s'™)

to choose each s§") . For instance, in the case that the dynamics are governed by

a linear stochastic differential equation, the new sample value may be generated
as: Sgn) = Aslgn) + Bwl(tn) where Wgn) is a vector of standard normal random
variates, and BBT is the process noise covariance — see section 5.

3. Measure and weight the new position in terms of the measured features z;:

(n) (n))

= p(ze|xe = sy

(n)
t

then normalise so that ) m;, ' = 1 and store together with cumulative probab-

ility as (sgn),wgn),cgn)) where
cgo) = 0,
an) = ci”‘1)+7rt(”) (n=1,...,N).

Once the N samples have been constructed: estimate, if desired, moments of the
tracked position at time-step ¢ as
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predict movement of particles
based on dynamics with noise

(odometry for our localization)

Iterate
(n) (7_1)

From the “old” sample-set {S,@l, 1,61, =1,..., N} at time-step t—1, construct

a “new” sample-set {sgn), w§”), cgn)}, n=1,...,N for time ¢.

Construct the n'" of N new samples as follows:

(n)

1. Select a sample s}'" as follows:

(a) generate a random number r € [0, 1], uniformly distributed.

(b) find, by binary subdivision, the smallest 5 for which ¢\, > r

p(xilxi_1 = s'™)

o choose each s§") . For instance, in the case that the dynamics are governed by

a linear stochastic differential equation, the new sample value may be generated
as: Sgn) = Aslgn) + Bwl(tn) where Wgn) is a vector of standard normal random
variates, and BBT is the process noise covariance — see section 5.

3. Measure and weight the new position in terms of the measured features z;:

(n) (n))

= p(ze|xe = sy

(n)
t

then normalise so that ) m;, ' = 1 and store together with cumulative probab-

(n) (n)

ility as (sgn),wt ,c; ') where

(0)

Ct - O,
cgn) = ci”‘1)+7rt(”) (n=1,...,N).

Once the N samples have been constructed: estimate, if desired, moments of the
tracked position at time-step ¢ as

SCAEDIENICHE

obtaining, for instance, a mean position using f(x) = x.
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update particle weights based on
observed likelihood

drift
diffuse
ion (n)
N Sk
BN measure

Iterate

(n) (m)

From the “old” sample-set {S,@l, 1,61, =1,..., N} at time-step t—1, construct

a “new” sample-set {sgn), w§”), cgn)}, n=1,...,N for time ¢.
Construct the n'" of N new samples as follows:
1. Select a sample s, as follows:

(a) generate a random number r € [0, 1], uniformly distributed.

(b) find, by binary subdivision, the smallest 5 for which ¢\, > r
(c) set sg(n) = sgi)l
2. Predict by sampling from

p(xilxi_1 = s'™)

to choose each s§”). For instance, in the case that the dynamics are governed by
a linear stochastic differential equation, the new sample value may be generated
as: Sgn) = Aslgn) + Bwl(tn) where Wgn) is a vector of standard normal random

variates, and BBT is the process noise covariance — see section 5.

3. Measure and weight the new position in terms of the measured features z;:

(n) (n))

= p(ze|xe = sy

(n)
t

then normalise so that ) m;, ' = 1 and store together with cumulative probab-

ility as (sgn),wgn),cgn)) where
cgo) = 0,
an) = ci”‘1)+7rt(”) (n=1,...,N).

Once the N samples have been constructed: estimate, if desired, moments of the
tracked position at time-step ¢ as
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estimate state as the mean
(weighted average) of particles

dffus\
measure
3.

Iterate

(n) (m)

From the “old” sample-set {S,@l, T Ci1s

,Wgn),cgn)},n =1,...,N for time ¢.

n=1,..., N} at time-step t—1, construct

a “new” sample-set {sgn)

Construct the n'" of N new samples as follows:

(n)

1. Select a sample s}'" as follows:

(a) generate a random number r € [0, 1], uniformly distributed.

(b) find, by binary subdivision, the smallest 5 for which ¢\, > r
()

(c) set sg(n) =8,/

2. Predict by sampling from

p(xelxe1 = ')
to choose each s§”). For instance, in the case that the dynamics are governed by
a linear stochastic differential equation, the new sample value may be generated
as: Sgn) = As’gn) + Bwl(tn) where Wgn)
variates, and BBT is the process noise covariance — see section 5.

is a vector of standard normal random

Measure and weight the new position in terms of the measured features z;:

(n)

T

(n)

= p(z¢|xs = 5; ')

(n)
t

then normalise so that )«

(n) (n)

77Tt 7Ct

= 1 and store together with cumulative probab-

ility as (s§”) ) where

(0)

cy 0,

SRS P

Ct t (’n,:l,...,N).

Once the N samples have been constructed: estimate, if desired, moments of the
tracked position at time-step ¢ as

SCAEDIENICHE

obtaining, for instance, a mean position using f(x) = x.
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matlab example

@ /course/cs148/pub/particlefilter_hallway.m




CIT 5th floor localization
example (Roomba Pac-Man)

csl48 From Fall 2006

ey

m o wg

blobfinder from usbcam

Roomba Pac-Man consuming “pellets”
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X4 X2 X3 X4 X5 Xg X7 Xg X9 X10

hypothesize
random :’,VVX . P(x,)
y ight unif I
poses W - - _ weight uniformly
7 \T ™~ .
/ o L»
X1:10" / i N X1 X X3 X4 X5 Xg X7 Xg Xg X190 X
: | N\
hypothesized \ “\
robot poses . \ evaluate likelihood
&, PZ4l%;) |
X7 Xg “high” 4 Y
? o J X10
“IOW”
X4

X1 Xy X3 X4 X5 Xg X7 Xg Xg X109 X

’ X3 ; \
Y hormalize

W, Xg Xg /
|
? P(x4[24) & P(z4]x4) / sum,(P(z4]x1))

>
@

Xtrue: actual
robot pose
i % 25 (= Xirue

X4 Xp X3 X4 X5 Xg X7 Xg Xg X190 X

A
.\ » W,

n/Wa

Wednesday, October 20, 2010



X4 X2 X3 X4 X5 Xg X7 Xg X9 X10

R

X1 X2 X3 X4 X5 Xg X7 Xg Xg X190 X

\

/\ evaluate likelihood

B

—

X1 X5 X3 X4 X5 Xg X7 Xg Xg Xq9 X

P(x4]24) < P(z4]x4) / sum,(P(z4]x4))

—

X1 Xo X3 X4 X5 Xg X7 Xg Xg X109 X

particle
hypotheses W P(x4)
Wy
w, I
t=1, update step
P(z4]x4)
X7 “high”L
“low”
X
w, Xg
L
g I
N .

n/Wa
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X4 X2 X3 X4 X5 Xg X7 Xg X9 X10

particle
hypotheses W P(x4)
Wy
Wa
@ X1 Xp X3 X4 X5 Xg X7 Xg X9 X1 X
\
\ evaluate likelihood
B Pzix)) 7
X7 X8 uhighu ’
? @ ‘ X10
“IOW”
X1

X4 Xo X3 X4 X5 Xg X7 Xg Xg X10 X

>
O

{on,off ? P(X4[24) — P(Z4]xy) / SUM (P (24]x4))
bumper\ ///
-
g 5 ngfﬁ

—

’ X4 Xo X3 X4 X5 Xg X7 Xg Xg X190 X

|
‘N blobfinder /

\

'/Wa > Wx {blob bounding box} in image coordinates, shown as 2D rays
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particle X4 X2 X3 X4 X5 Xg X7 Xg X9 X10
hypotheses W P(x4)

- .

X1 Xo X3 X4 X5 Xg X7 Xg Xg X10 X

\
Y evaluate likelihood
&, Pzilx;) 7
X7 X8 uhighu ’
? @” Jxm
“IOW” h
?X1 \ X4 Xp X3 X4 X5 Xg X7 Xg Xg X109 X

evaluate: similar?
Wy bumper difference Xg

low likelih
4 STl P(x1|z1) < P(z4]x1) / sum,(P(z4]x))
g = T L
N
X5
X1 Xp X3 X4 X5 Xg X7 Xg Xg X X
IR . 1 X2 X3 X4 X5 Xg X7 Xg Xg X10
— » W,
-~ Wa
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. Xq Xo Xa X4 X5 Xg X7 Xg Xg X

hypotheses W P(x4)
Wy
Wa
X4 X X3 X4 X5 Xg X7 Xg Xg X1 X
\
Y evaluate likelihood
P(z4|x,) /
x7? ‘high” 4 *
X “IOW”
1 X4 Xo X3 X4 X5 Xg X7 Xg Xg X10 X
x3;
evaluate: similar?
Wy 5 blob difference Xg
low likelihood
t é ? P(X1121)  P(24]X1) / SUM(P(z4]x1))
/
| e
X4 Xo Xa X4 Xz Xa X Xa Xo X X
A~ _ 1 X2 X3 X4 X5 Xg X7 Xg Xg X1g
— » W,
L= Wa
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X4 X2 X3 X4 X5 Xg X7 Xg X9 X10

R

X1 X2 X3 X4 X5 X X7 Xg X9 X190 X

Y evaluate likelihood

-

—

X1 Xy X3 X4 X5 Xg X7 Xg Xg X109 X

P(x4]24) < P(z4]x4) / sum,(P(z4]x4))

particle
hypotheses W P(x4)
Wy
Wa
\
P(z4]x4) /
X7 ? “high” o
“low” H
X1
evaluate: similar?
W, Xg blob slightly in view Xg
A ‘ medium likelihood ?
/
g

™

n/Wa

—

X1 Xo X3 X4 X5 Xg X7 Xg Xg X109 X
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X4 X2 X3 X4 X5 Xg X7 Xg X9 X10

particle
hypotheses W P(x4)
Wy
Wa
i X1 Xp X3 X4 X5 Xg X7 Xg Xg X109 X
\
Y evaluate likelihood
P(z4]x4) /
X7 uhighu |
/ “IOW”
X4 Xp X3 X4 X5 Xg X7 Xg Xg X109 X
X3 ;
evaluate] similar?
Wy no sensed difference X9
t high likelihood P(X4]z1) < P(z4]x1) / sumy(P(z4]x4))
/
| —
5 X5
ﬁ }

n/Wa

X4 Xo X3 X4 X5 Xg X7 Xg Xg X109 X
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X4 X2 X3 X4 X5 Xg X7 Xg X9 X10

particle
hypotheses W«
Wy
W, -
7 N—
/
! -
|
\
\ &,
X7 Xg
? @” ‘Xm
X1
? x3;
Wy Xg Xg
" ‘ ?
g

™

n/Wa

P(x4)
weight uniformly

. -

N X1 Xo X3 X4 X5 Xg X7 Xg Xg X10 X
N\
\

\ evaluate likelihood
P(z4]x4)

\
“high” 4

“IOW” M

X4 Xo X3 X4 X5 Xg X7 Xg Xg X10 X

\

) normalize sum
/

E P(z4]x4) I sumy(P(z4]x4))

P(x4]z4)

X1 X9 X3 Xy X5 Xg X7 Xg Xg X109 X
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t=1, predict step:
Importance Sampling

For t=2, put more particles near
more likely hypotheses

>
&~

=
£

X X
7? 8., Jxm

X3 ;
Xg

L4

=
i

n/Wa

P(x4]24) < P(z4]x4) / sum,(P(z4]x4))

“high” L
“IOW” ‘
Xq Xo X3 X4 X5 Xg X7 Xg Xg X190 X

- running sum,

SN~ o hormalize range

cumsum(P(x4]z4))/sum(P(x4|z,))
1

X1 Xo X3 X4 X5 Xg X7 Xg Xg X10 X
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cumsum(P(x4]z4))/sum(P(x4|z¢))

>

&~

~@
o

O ]
X1 X9 X3 Xy X5 Xg X7 Xg Xg X109 X

0211022110

# resamples per hypothesis

-

A
.\ » W,

n/Wa
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X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

particle
hypotheses W«
Wy x% —
Wa
X1
Wy Xg
i o

™

n/Wa

X1 X2 X3 X4 X5 Xg X7 Xg X9 X10

Wy, X
W

add odometry with noise
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. X1 Xo X3 X4 X5 Xg X7 Xg Xg X
particle 17273 24 75 76 A7 8 A9 MO X1 X X3 X4 X5 Xg X7 Xg Xg X1

hypotheses W«
w, - - o X
W, -~
/ 0211022110

/ i add odometry with noise
|
\ Remember: rotate and translate
M 2, odometry (A, A, A,) in world

coordinates, then add to pose

>
&~

-

A
.\ » W,

+w, More on odometry next lecture
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X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

~ X

particle
hypotheses W«
Wy SES
Wa
/
/ =
|
\
\ &,
X7 Xg
? @ Jxm
X1
’ x3;
Wy Xg Xg
t o ?
g

n/Wa

A
.\ » W,

X1 X2 X3 X4 X5 Xg X7 Xg X9 X10

add odometry with noise

the new x2 «— the old x2 +
Tworld(A,, Ay, A) + noise

the new x1 < the old x2 + Tworida(A,, A,, Ay) + Noise
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X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

particle X1 X2 X3 X4 X5 Xg X7 Xg X9 X10
hypotheses W«
Wy - - — X
W, -~
i add odometry with noise
|
\ Xod
A e ,&4
X7 X8
¢ & /"Xm
? “\X3
X4

>
+@

-

A
.\ » W,

n/Wa
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X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

particle X1 X X3 X4 X5 Xg X7 Xg X9 X10
hypotheses W«
Wy - - X
W, -~
4 N
/ * 0211022110
— g N add odometry with noise
t=2, update step S
'\ xgé N
. \ evaluate likelihood
P(z;|x;) \
uhighu '
2 ‘€>X3
X4y “low” N ———
X —>
k®x ! X4 X1 Xo X3 X4 X5 Xg X7 Xg Xg X109 X
5
X5 ® R \
\ normalize sum
W, /
»
! P(X1:2124:2) < P(Za]%;) / sUm,(P(2,]%,))
xzé
X10 ." Xtrue
g pX1 @I 1 —
X1 Xp X3 X4 X5 Xg X7 Xg Xg X109 X

A
.\ » W,

n/Wa
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P(X4:2121:2) < P(Z3]X3) / sum,(P(z;]x;))

L0

X

X

X1 Xo X3 X4 X5 X6 X7 X8 Xg X1O
t=2, predict step i
x9‘
cumsum(P(x4.2|Z4.2))/'sum(P(x4.2|Z4.2))
X
"
o X
X Xg
XG“ Q
Wy
XZJ X4 Xo X3 X4 Xg Xg X7 Xg Xg X10
Xio @7 |\"me g 3I2001201
i ’X1 " ad

A
.\ » W,

n/Wa

# resamples per hypothesis
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X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

particle
hypotheses W«
Wy X4 — -
Wa
/
' =
Xg ‘
\
L T
X5 Xg
X @ o
Wy
A
A
.\ » W,

n/Wa

_—

Xtrue

X1 X X3 X4 X5 Xg X7 Xg X9 X10

LS,

0312001201

add odometry with noise
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particle X4 Xo X3 X4 X5 Xg X7 Xg X9 X10
hypotheses W«
W, X} — —
Wa
7
/
' =
|
\ Xod
\ |
J Xe
Py ? he SR
!( X, X4 @
5

n/Wa

Wednesday, October 20, 2010

——————— X4
Xo OF <
X7 X ‘
’ !
w X ‘ '.
y Pt \
i X190 @
’X1 Cad
A"\

_—

X1 X X3 X4 X5 Xg X7 Xg X9 X10

0312001201

add odometry with noise




X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

particle X1 Ko X3 X4 X5 Xg X7 Xg X9 X10
hypotheses W«
W, X4 - - |
W, -~ |
4 N 0312001201
/ N
— N add odometry with noise
t=3, update step — N Y
'\ \
. \ evaluate likelihood
P(z3|x;3) \
X9 J uhighu L '
X6
@-
"X8 @ “low” I N I
X5 X1 Xo X3 X4 X5 Xg X7 Xg Xg X109 X
X4
\
X’7 4-‘ X»] ‘ \ .
normalize sum
w X 3 ‘ /
y 2 X\‘ »
A
’ P(X4.3/21.3) < P(23]X3) / sum,(P(z;|xs))
g I I I I ﬁ
X1 Xy X3 X4 X5 Xg X7 Xg Xg X109 X
N
» W
+w, X X9 @

Wednesday, October 20, 2010



X4 Xo X3 X4 X5 Xg X7 Xg X9 X10

particle X1 Ko X3 X4 X5 Xg X7 Xg X9 X10
hypotheses W«
W, .
4 N 0312001201
/ N
. N add odometry with noise
t=3, select estimate - - Y
'\ N
. \ evaluate likelihood
P(z3|x;3) \
Xg J uhighu L '
X6
@-
"X8 @ “low” I N I
X5 X1 Xo X3 X4 X5 Xg X7 Xg Xg X109 X
X4
\
X’7 4-. X»] ‘ \ .
normalize sum
W X 3 /
y 2 X\‘ »
4 3
P(X1.3]21:3) < P(z3|X3) / sum,(P(z;]x3))
i I I I I ﬁ
. X1 Xy X3 X4 X5 Xg X7 Xg Xg X109 X
. any point, select location
A W, o. At int, select locati
'/Wa X10 as max, mean, or robust mean
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Open Issues

@ How many particles?

® How to evaluate
likelihood?

@ How much odometry §
noise?

@ What if my estimate
IS wrong?
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