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Course logistics
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• Project 6 is posted on 03/20 and will be due 03/27.


• Quiz 9 will be posted tomorrow noon and will be due on Wed 03/27 at noon. 


• Group formations for P7 and Final projects are done.


• Please see the Ed post on this.
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Previously
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Continuing previous Lecture

Sensor Modeling
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Scan-based Model

•Beam-based model is …

• not smooth for small obstacles and at edges.

• not very efficient.


• Idea: Instead of following along the 
beam, just check the end point.

Slide borrowed from Dieter FoxCSCI 5551 - Spring 2024
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Example

P(z|x,m)

Map m

Likelihood field
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San Jose Tech Museum

Occupancy grid map Likelihood field
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Scan Matching

•Extract likelihood field from scan and 
use it to match different scan.
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Scan Matching

•Extract likelihood field from first scan 
and use it to match second scan.

~0.01 sec
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Properties of Scan-based Model

• Highly efficient, uses 2D tables only.


• Smooth w.r.t. to small changes in robot 
position.


• Allows gradient descent, scan matching.


• Ignores physical properties of beams.


• Works for sonars?
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Additional Models of Proximity Sensors

• Map matching (sonar,laser): generate small, 
local maps from sensor data and match 
local maps against global model.


• Scan matching (laser): map is represented 
by scan endpoints, match scan into this 
map using ICP, correlation.


• Features (sonar, laser, vision): Extract 
features such as doors, hallways from 
sensor data.
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Landmarks

•Active beacons (e.g. radio, GPS)

• Passive (e.g. visual, retro-reflective)

• Standard approach is triangulation


• Sensor provides

• distance, or

• bearing, or

• distance and bearing.
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Distance and Bearing
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Distributions 
for P(z|x)
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Summary of Parametric Motion 
and Sensor Models

• Explicitly modeling uncertainty in motion and sensing is key to 
robustness.


• In many cases, good models can be found by the following 
approach:


1. Determine parametric model of noise free motion or measurement.

2. Analyze sources of noise.

3. Add adequate noise to parameters (eventually mix densities for 

noise).

4. Learn (and verify) parameters by fitting model to data.

5. Likelihood of measurement is given by “probabilistically 

comparing” the actual with the expected measurement.

• It is important to be aware of the underlying assumptions!
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Mobile Robotics - III - Kalman
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These properties transfer to 

Multivariate Guassians



21Slide borrowed from Dieter FoxCSCI 5551 - Spring 2024



22

Components of a Kalman Filter

Matrix (nxn) that describes how the state 
evolves from t-1 to t without controls or 
noise.
Matrix (nxl) that describes how the control ut 
changes the state from t-1 to t.

Matrix (kxn) that describes how to map the 
state xt to an observation zt.

Random variables representing the process 
and measurement noise that are assumed to 
be independent and normally distributed 
with covariance Rt and Qt respectively.
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Kalman Filter Updates in 1D
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Prediction Measurement

Correction
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Kalman Filter Updates in 1D
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Kalman Filter Updates in 1D
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Kalman Filter Updates in 1D
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Prediction Measurement

Correction
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 at t

Correction 
 at t-1

In case of 
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Kalman Filter Updates
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Kalman Filter Updates
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Kalman Filter Summary

•Highly efficient: Polynomial in 
measurement dimensionality k and 
state dimensionality n:  
             O(k2.376 + n2) 


•Optimal for linear Gaussian systems!


•Most robotics systems are nonlinear!
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EXTENDED KALMAN FILTER
Going non-linear
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Linearity Assumption Revisited
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Non-linear Function
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EKF Linearization (1)
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EKF Linearization (2) 
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EKF Linearization (3)
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Linearization
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Localization

• Given 

• Map of the environment.

• Sequence of sensor measurements.


• Wanted

• Estimate of the robot’s position.


• Problem classes

• Position tracking

• Global localization

• Kidnapped robot problem (recovery)

“Using sensory information to locate the robot 
in its environment is the most fundamental 
problem to providing a mobile robot with 
autonomous capabilities.”                 [Cox ’91]
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Next Lecture

Localization & Particle Filter


