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Fundamental Problems In Robotics 

ÅHow to Go From A to B ? (Path Planning)
ÅWhat does the world looks like? (mapping)
ïsense from various positions
ï integrate measurements to produce map
ïassumes perfect knowledge of position

ÅWhere am I in the world? (localization)
ïSense
ï relate sensor readings to a world model
ïcompute location relative to model
ïassumes a perfect world model

ÅTogether, the above two are called SLAM
(Simultaneous Localization and Mapping)
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Localization

ÅTracking: Known initial position

ÅGlobal Localization: Unknown initial position

ÅRe-Localization: Incorrect known position

ï(kidnapped robot problem)
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ÅProprioceptive Sensors
(monitor state of vehicle-propagate)

ïIMU (accels& gyros)
ïWheel encoders
ï$ÏÐÐÌÅÒ ÒÁÄÁÒ ȣ
ÅNoise

ÅExteroceptive Sensors
(monitor environment -update)

ïCameras (single, stereo, omni, 
&,)2 ȣɊ

ïLaser scanner
ïMW radar
ïSonar 
ï4ÁÃÔÉÌÅȣ
ÅUncertainty

Sensors
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Bayesian Filter

ÅEstimate state x from data Z
ïWhat is the probability of the robot being at x?

Åx could be robot location, map information, locations of 
ÔÁÒÇÅÔÓȟ ÅÔÃȣ

ÅZcould be sensor readings such as range, actions, 
odometry ÆÒÏÍ ÅÎÃÏÄÅÒÓȟ ÅÔÃȣɊ

ÅThis is a general formalism that does not depend on 
the particular probability representation

ÅBayesfilter recursively computes the posterior 
distribution:
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Iterating the Bayesian Filter

ÅPropagate the motion model:

ÅUpdate the sensor model:

ñ ----- = 1111 )(),|()( tttttt dxxBelxaxPxBel

)()|()( tttt xBelxoPxBel -=h

Compute the current state estimate before taking a sensor reading by 
integrating over all possible previous state estimates and applying the 
motion model

Compute the current state estimate by taking a sensor reading and 
multiplying by the current estimate based on the most recent motion 
history
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Mobile Robot Localization
(Where Am I?)

ÅA mobile robot moves while  collecting sensor 
measurements from the environment. 

ÅTwo steps, action and sensing: 

ïPrediction/Propagation: what is the robots pose x after 
action A?

ïUpdate: Given measurement z, correct the pose xȭ

ÅWhat is the probability density function (pdf ) that 
describes the uncertainty P of the poses x and xȭ? 

(X,Y,ȅ)
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State Estimation
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ÅUpdate
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Traditional Approach  KalmanFilter

ÅOptimal for linear systems with Gaussian noise

ÅExtended Kalmanfilter:

ïLinearization

ïGaussian noise models

ÅFast!
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Monte-Carlo State Estimation
(Particle Filtering)

ÅEmploying a Bayesian Monte-Carlo simulation 
technique for pose estimation. 
ÅA particle filter uses N samples as a discrete 

representation of the probability distribution function 
(pdf ) of the variable of interest: 

where xi is a copy of the variable of interest and w i is  a 
weight signifying the quality of that sample.

In our case, each particle can be regarded as an 
alternative hypothesis for the robot pose.
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Particle Filter (cont.)

The particle filter operates in two stages:

Å Prediction: After a motion (a) the set of particles 
S is modified according to the action model 

where (n) is the added noise. 

The resulting pdf is the prior estimate before 
collecting any additional sensory information. 

),,( naSfS =¡
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Particle Filter (cont.)

ÅUpdate: When a sensor measurement (z) becomes 
available,  the weights of the particles are updated 
based on the likelihood of (z) given the particle xi

The updated particlesrepresent the posterior 
distribution of the moving robot. 
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Remarks:

ÅIn theory , for an infinite number of particles, 
this method models the true pdf.

ÅIn practice , there are always a finite number of 
particles.
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For finite particle populations, we must focus population mass 
where the PDFis substantive.

ɆFailure to do this correctly can lead to divergence.

ɆResamplingneedlessly, also has disadvantages.

One way is to estimate the need for resampling based on the 
variance of the particle weight distribution, in particular the 
coefficient of variance:

Resampling
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Prediction: OdometryError Modeling

ÅPiecewise linear motion : a simple example.

ÅRotation : Corrupted by Gaussian Noise.

ÅTranslation : Simulated by multiple steps. Each step models 
translational and rotational error.

Single step:

Small rotational error 
(drift) before and after 
the translation.

Translational error 
proportional to the 
distance traveled.

All errors drawn 
from a Normal 
Distribution.Particle Filter Tutorial, CRV 2010 15
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OdometryError Modeling
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OdometryError Modeling
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OdometryError Modeling
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OdometryError Modeling
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