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Determine the distribution p(sy, 0|2, uz, nt)

@ s;: Robot pose at time ¢
e 0t =40, ...,0;: Landmarks
o 2! = 2z, ..., z: Measurements
@ u;: robot control
o n! =ng,...,n; with n; = 1 if the it feature is perceived at
time ¢
@ Measurement equation: z; = g(s¢, 0y, n¢) + noise ~ N (0, Ry)
e Transition equation: s; = h(s;—1,us) + noise ~ N (0, P;) ot
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Rao-BlackWellized Particle Filtering

Factored Representation

@ Landmarks are independent given the robot pose:

p(sta 9|Zt7 Ut, nt) = p(st|zta Ut nt) Hp(0k|st7 Zty Ut, nt)

path posterior landmark estimators

@ The pose can be estimated using particle filtering

@ Each landmark, in each particle, can be estimated using an
Extended Kalman Filter conditioned on the robot pose of the
particle
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FastSLAM1.0: Particles

N Robot Pose Landmark 1 Landmark 2 Landmark N
Particle 1: x y 8 ‘ ‘ T ‘ ‘ g Ig ‘
Particle 2: ‘ x y 8 ‘ ‘ T ‘ ‘ Ly Xy ‘
Particle M: ‘ x y 8 ‘ ‘ oy by 1 ‘ ‘ oy z 5 ‘
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FastSLAM1.0: Pose Estimation

Sequential Importance Sampling
e Sample from q(s¢|s¢—1, 2°, ut, nt) called importance function

si™ |2t ug nt)

o Assign weights to the samples as w\™) = p[,(n] o
‘I(St |5t7172tyutvnt)

@ FastSLAM1.0 choice for ¢ :

[m] | Si-1

p(s; sugynt) = p(sl™sl™) g, mt)

(which is the prior distribution)

° wim] o p(zt|s£m},zt_1,ut,nt) (which is the Likelihood)

Zp a0y, 5™ n)p(6;") tioo
N( sIml ng[gm]t 1G’£+Rt)
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To recapitulate

@ Sample new robot poses given the new control
[m] _ p, (k™
sp = h(s; 3, ut)

@ For each new robot pose:

— Update the distribution of every landmark with new
observation using Extended Kalman Filters
— Assign a weight to the particle

@ Resample the particles according to their weights
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N
k<47
T F
k<27? k<67
k<17 k<37 k<57 k<77?
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Binary Tree Data Structure

new particle

<17 <37 <17 k<37
T F T F University of
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FastSLAM2.0: Optimal Importance Function

@ FastSLAM1.0 samples only according to the prediction
distribution and does not consider the new measurements z?

— The new measurement is only incorporated through resampling
— Inefficient if the noise in the vehicle motion is large
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FastSLAM2.0: Optimal Importance Function

@ FastSLAM1.0 samples only according to the prediction
distribution and does not consider the new measurements z?

— The new measurement is only incorporated through resampling
— Inefficient if the noise in the vehicle motion is large

o FastSLAM2.0: Use the optimal importance function:

p(sl[tm]|s£n_ﬂ1,ut,zt,nt) instead of p(sgm]]syf]l,ut,nt) as in

FastSLAM1.0
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FastSLAM2.0: Optimal Importance Function

@ FastSLAM1.0 samples only according to the prediction
distribution and does not consider the new measurements z?

— The new measurement is only incorporated through resampling
— Inefficient if the noise in the vehicle motion is large

o FastSLAM2.0: Use the optimal importance function:

p(sl[tm]|s£n_ﬂ1,ut,zt,nt) instead of p(sgm}]syf]l,ut,nt) as in

FastSLAM1.0
— How to sample from this importance function?
— What happens to the weights?
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FastSLAM2.0: Sampling New Poses

Use an EKF style approximation

@ Robot motion: §£m} = h(s,[;m]l,ut) — N( 1[5 , Pr)
@ Linearize the measurement model: z; = g(s¢, 6;):

il — [GT(Q&”])*GS + P!

o = SIGT(QIM) I (&t — g 4+ 5

o Q™ =R, + Gy, G
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FastSLAM2.0: Importance Weights

@ The new weight is now equal to the likelihood of the predicted
motion given the new measurement:

[m]

w) ocp(zt\s[m] t—1 ¢ t)

Zhutn

S pl6]™ s n) (O (s ) )

k
NGt ) GSPtGZjLGQE[;’:LL?lGQTJrRt)
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FastSLAM vs FastSLAM2.0: Accuracy

Accuracy of FastSLAM Algorithms On Simulated Data
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FastSLAM vs FastSLAM2.0: Linear time (No binary-tree)

Run Time of 500 Iterations of Linear FastSLAM
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FastSLAM vs FastSLAM2.0: log(N) time (With
binary-tree)

Run Time of 500 lterations of Log(N) FastSLAM
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FastSLAM vs FastSLAMZ2.0: Loop closure

Accuracy of FastSLAM Algorithms vs. Loop Size
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RMS Pose Error (meters)

University of

" Waterloo
Loop size (meters)

&

Adel Fakih FastSLAM2.0 May 30, 2010 22 /23



Thank you

University of
Wata’loo
«O» «F»r « = = = A
~ AdelFakh  FastSLAM20  May30,2010 23/23



	Introduction
	Rao-BlackWellized Particle Filtering
	Binary Tree Data Structure
	FastSLAM2.0: Using the Optimal Importance Function
	Results

