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Probabilistic Robotics

Probabilistic robotics iIs a subfield of robotics concerned with

the algorithms to couple the perception and control part. It
relies on statistical techniques for representing information
and making decisions. By doing so, it accommodates the
uncertainty that arises in most contemporary robotics
applications.
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Physical situated agent

percepts

actlons

actuators

An agent is anything that can be viewed
as perceiving its environment through sensors
and acting upon that environment through actuators’

T Russell & Norvig, “Artificial Intelligence — A modern approach’,

Prentice Hall, 2003
AIMA p. 32


Presenter
Presentation Notes
There are two general categories of robots. One is industrial manipulators, or factory robots. This is the oldest form of robots, originating with the need to safely assemble nuclear materials. Industrial manipulators are not situated agents, rather, with only a few exceptions, they are automatons. They are designed for rapid, accurate repetitious movements. Everything in the industrial manipulator’s workspace is fixed and parts presented in the correct posture, eliminating the need for external sensing. As result of this highly-engineered workspace, the focus in industrial manipulator research has been on control theory and deep mathematical methods, in particularly how to specify the joint movement to get the fastest repeatable trajectory. Only recently have industrial manipulator researchers begun adding sensors to reduced the need for fixturing. In general, industrial manipulators are not situated agents since they do not sense or reason about the world, only perform pre-programmed actions. 

The second category is mobile robotics. The mobile robotics tradition stems from the space program, where the key issues are how to send robots which can operate in environments that can only be estimated and make decisions in real-time rather than wait for the time delay in communicating with humans on Earth. As a result, the focus has been on artificial intelligence approaches rather than control theory, though the operation of a mobile robot involves control theory.

The two approaches, industrial and mobile robots, are quite different. Industrial robots assume an engineered workplace while a mobile robot assumes that the even a well-modeled workplace may hold some surprises. Consider the problems explicitly modeling a living room in a house and then designing a robot that could cover all the floor space optimally. Such programming would have to be redone if the furniture changed, and the same device would not work in another house. By contrast, the Roomba mobile robot does not attempt to guarantee optimal coverage, only that the entire area will eventually be covered (using the AI principle of “satisficing”) and relies only on a fuzzy linguistic model of the world (“small room,” “medium room,” “large room”). As a result of the two divergent assumptions about the workplace, advances and successes in industrial manipulators generally has little impact on mobile robotics. 

Unfortunately, a mobile robot can be mobile without being autonomous or even automated. The challenges of dealing with an open world have often exceeded the current capabilities of AI methods. As a result, mobile robots such as the Packbot are teleoperated, where the human stays in control of the robot at all times. The teleoperator actively participates in the control. Teleoperation has significant disadvantages. First, the teleoperator is likely to make mistakes and have a relatively short attention span because of the lack of sensors, the general unnaturalness of controlling a robot with different eyes and a different shape leading to a lack of functional presence. Second, teleoperation often introduces time delays between when a command is given by the teleoperator, the command is executed, and the results are perceived. 

One approach to overcoming these disadvantages is to apply whatever technology is available. UAVs often fly using “fly by wire” since a human cannot physically respond and adjust control surfaces fast enough to keep the vehicle in flight. Instead, the human gives commands such as go up or bank left and the vehicle itself translates those commands into actual executable bits. “Fly by wire” control is engineered to a particular vehicle and is an example of the use of control theory in mobile robots. More advanced systems may automate more aspects, such as waypoint navigation. In UAVs, it is has been common practice to pre-program a drone to fly to different waypoints and return home. This type of pre-programming can be done using control theory where the UAV has access to GPS and air flow and pressure sensors to maintain speed and altitude, essentially the same as the auto-pilot in commercial airliners. What becomes harder and requires a human is to look for collisions and be on stand-by in case something goes wrong; these are the types of functions that AI attempts to address. 



Structure of the course

O Lectures
at Mondays and Wednesdays

O Practical Sessions
at Tuesdays and Thursdays
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Goals for the Course

O Insight in the mathematical foundation of the techniques
and algorithms applied in the field

O Experience with the derivation of models from clear
problem descriptions

O Practical experience with applying the technigues to
datasets & “real robots”
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Reason with uncertainty
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Probabilistic reasoning
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Combine preliminary information and models with observations
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Prediction-Correction Cycly
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Prediction-Correction Cycle
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L_ocalization and Mapping
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matched predictions
and observations

YES

Predicted features
observations

1. Prediction based on previous estimate and odometry

2. Observation with on-board sensors

3. Measurement prediction based on prediction and map

4. Matching of observation and map
5. Estimation -> position update (posteriori position)
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Literature

Sebastian Thrun, Wolfram Burgard and Dieter Fox,
Probabilistic Robotics, The MIT Press, 2005.

http://www.probabilistic-robotics.org
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Literature

O Raja Chatila, LAAS-CNRS, France:

“A robot Is an uncertainty machine: its perception and decision-
making capabilities must embed at their core the processes
dealing with uncertainty. The book is an essential reference for
the student, the teacher, and the researcher to understand the
basics and the advanced methods of estimation theory, and the
probabilistic models and processes underlying robot localization,
SLAM, and decision making. A 'must have' textbook!”
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Grading

O 1/2 exam grades, 1/2 assignments grade
O Exam grade: final exam
O Exams will be “open-book”
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Some practical i1ssues

O Try to keep up with reading the chapters

O Ask questions whenever something in the lecture or the
book iIs not clear to you

[ Slides will become available online

O Links to recordings from Prof. Burgard lectures are
available on Canvas

Probabilistic Robotics Course at the Universiteit van Amsterdam

14



Assignments

O Exercises from the book
O Experiments based on datasets
O Experiments based on real robots
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Topics covered In the course

O Robot Motion and Perception
O Localization

O Mapping

O Exploration
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Mapping & Exploration @ RoboCup

()
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The Book

O Part |: The Basics
= Introduction
= State Estimation & Recursive Filters
= Robot Motion
= Robot Perception
O Part Il Localization
= Markov and Gaussian
= Grid And Monte Carlo
O Part I11: Mapping
= Occupancy Grid Mapping
= Simultaneous Localization and Mapping
= Advanced SLAM algorithms
O Part IV: Planning and Control
= Approximate POMDP Techniques
= Exploration
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Sebastian Thrun

0 Former Director of the Stanford Al Lab

O Winner of the DARPA Grand Challenge 2005
O Founder of the Google X lab

O Builder of the interactive museum tour-guide robot Rhino-
Minerva
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Currently

UDACITY TALKS

Sebastian Thrun

Founder & President

WubaciTy
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Currently
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Kitty Hawk’s Flyer

21



Wolfram Burgard

0 Head of the research lab for Autonomous Intelligent
Systems at the Universitat Freiburg
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u Sup;érvisor of Sebastian Thrun

O Initiator of the interactive museum tour-guide robot Rhino/
Minerva

O Advisor in the NurseBot project
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Currently

O President of the IEEE Robotics and Automation Society

T

ood i
Global Syad

Acce!emting progress
towards the SDGs
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Dieter Fox

[ Director of the Robotics and State Estimation Lab at the
University of Washington

[ Student of Sebastian Thrun

O Programmer of the interactive museum tour-guide robot
Rhino / Minerva

O RoboCup Aibo League veteran
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Currently

JOIN THE BRAINS
DT

BEHIND THE BOTS

CLAIRE
DELAUNAY

VP of Engineering
NVIDIA

DIETER
FOX

Senior Director of
Robotics Research

NVIDIA

< NVIDIA.
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Impact

Zebhastan Thrun

Sianford
Vesified emall at etanford.adu
Ched by 21200

Asticisl Imielligence  Robaobice

Wolfram Burgard

Professar of Computar Science, Univarsity of Frefburg
Verified emall 31 Infarmatik unk-frefourg. s

Ched by 55851

Articial Infslligence  Robatice

Dieter Fox

Professor of Computer Science and Enginearing. Unlversity of Washington
Werified amall 31 ce washingtan.edu

CHed by 49835

Roocolls  Ariificlal Intefigance  Computer Vision
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Common background: Museum Tour-guides

Rhino, Bonn, 1997 Minerva, Washington, 1998
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Tour-guide Minerva

ne MINBRVS

Experieace
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Conclusion

O Essential for everybody involved in robotics scientific
research.

O Valuable experience for everybody dealing with real-world
sensor-data.
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