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Goal
I To make a tutorial about a particle �lter for AII Comparable with the kalman �lter tutorialI This tutorial shows the possible application of aMonte Carlo Simulation method (particle �lter) formobile robot tracking and localisationI Basic particle �lter
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General
I Problem: estimate the state of a system thatchanges over time using sequence of noisymeasurementsI Two models required:I System modelI Measurement modelI If the models are in probablistic form theBayesian approach is ideally suited
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The Bayesian approach
I Approach provides a rigorous general frameworkfor dynamic state estimation problemsI Construct the construct the posteriorprobability density function (pdf) of the statebased on all available information includingmeasurementsI The "complete"solution to the estimationproblemI An optimal (with respect to any criterion)estimate of the state may be obtained from thepdf
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General
I Objective: 'track' a variable of interestI Can typically non-Gaussian and multi-modelpdf $ Kalman �lterI Key idea: represent the required pdf by a set oframdom samples with associated weights andcompute estimates based on these samples andweightsI Basis:I construct a sample-based representation of theentire pdfI actions modifying the state of the variable ofinterest according to the modelsI observation is made ) information about thevariables Particle �lter 8



General: Importance sampling
I Weigths of the samples are chosen using theprinciple of /emphimportance samplingI p(x) / �(x)x i � q(x) with q(x) the importance densityI Weighted approximation to p(x):
p(x) �PNsi=1 w ik�(x0:k � x i0:k) with w i / �(x i )q(x i )I The Sequential Importance Sampling algorithm(SIS) supports recursive propagation of weightsand support points
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General: Importance sampling
I Here the importance sampling function ischosen equal to the prior calculated in theprediction stepI ) w ik = w ik�1 � P(zk jxk)| {z }measurement model) Application of the proces model on thesamples are samples of the proposal densityI Most obvious and most easy to understandchoice.
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Model description
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I State: � xk y k �k �T
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Model description

I Proces modelI every motion modeled as �rst a rotation aroundaxis followed by a translation
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Model description
I Rotation: �k+1 = �k + �� + N(Mrot ; �rot) with�� = atan�y�xI Translation: Two sources of error: the actualtraveled distance and the changes in orientationduring the forward translation (=drift)�k+1 = �k + �� + N(Mdrft � ��; �drft � ��)xk+1 =xk + (��+ N(Mtrs � ��; �trs � ��)) � cos(�k+1)yk+1 =yk + (��+ N(Mtrs � ��; �trs � ��)) � sin(�k+1)�k+1 = �k + �� + N(Mdrft � ��; �drft � ��)
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Model description
I Measurement modelI US-sensor:zk = � 2apa2+1

� xk + � �2pa2+1
� yk + 2bpa2+1 + �mI RF-sensor:

zk = � �

�

� =
0
@
q(xk � xs)2 + (yk � ys)2atan � yk�ysxk�xs

�� �k
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A
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Prediction
I Uses the proces model (rotation andtranslation) to simulate the e�ect of hte actionon the set of particlesI Add the apropriate noise to simulate the e�ectof noise on the variables of interest
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Resampling
I To prevent the depletion of the populationI The e�ective sample size (ESS) indicates thee�ectiveness of the particlesI If ESS < x :M with M = number of particles) ResampleI Resampling eliminates the particles withsmaller weigths and duplicates the ones withhigher weights in a probablistic wayI Three resampling algorithmsI Select with replacementI Linear time resamplingI Resampling by Liu et al.

Particle �lter 16



Update
I Reevaluate the weight of the particles based onthe latest sensory information availableI Thanks the the information obtained from thesensor the pdf can be described moreaccurately
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Numerical aspects/algorithmic details
I Normalize the weights
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Estimate
I Di�erent optionsI The best particle:�xs = xmaxs with xmaxs = xi j wi = max (wj)I Weighted mean:�xs =PMj=1 xjwjI Robust mean:�xs =PKj=1 xjwj j jxj � xmaxs j 6 �
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Tracking
I PredictionI Example 1I Initial: known poseI Uncertainty: traveled distance and angle duringtranslationI Example 1Example 1 memoryI Example 2I Initial: known poseI Uncertainty: angle during translationI Example 2I Example 3I Initial: known poseI Uncertainty: translation distanceI Example 3
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Tracking
I US measurementI Example 1I Initial: known poseI Uncertainty: traveled distance and angle duringtranslationI Example 1I RF measurementI Example 1I Initial: known poseI Uncertainty: traveled distance and angle duringtranslationI Example 1
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Tracking
I US and RF measurementI Example 1I Initial: known poseI Uncertainty: traveled distance and angle duringtranslationI Example 1
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Localisation
I US measurementI Example 1I Initial: unknown poseI Uncertainty: traveled distance, angle duringtranslation, rotation angleI Example 1I RF measurementI Example 1I Initial: unknown position, known orientationI Uncertainty: traveled distance, angle duringtranslation, rotation angleI Example 1I Example 2I Initial: unknown poseI Uncertainty: traveled distance, angle duringtranslation, rotation angleI Example 2 Particle �lter 24



Localisation
I US and RF measurementI Example 1I Initial: unknown position, known orientationI Uncertainty: traveled distance, angle duringtranslation, rotation angleI Example 1I Example 2I Initial: unknown poseI Uncertainty: traveled distance, angle duringtranslation, rotation angleI Example 2I Example 3I Initial: unknown position, known orientationI Uncertainty: traveled distance, angle duringtranslation, rotation angleI Example 3
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