ROS2: SLAM
(Simultaneous Localization And

Mapping)
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What is SLAM?

« Compute the robot’s poses and the map of the environment at
the same time

* Localization: estimating the robot's location

* Mapping: build a map
« SLAM: building a map and localizing the robot simultaneously

referred from “Introduction to SLAM, Cyrill Stachniss” 2



Localization Example

* Estimate the robot’s poses given landmarks

Z'K Courtesy: M. Montemerlo
referred from “Introduction to SLAM, Cyrill Stachniss” 3



Mapping Example

* Estimate the landmarks given the robot's poses

%E Courtesy: M. Montemerlo

referred from “Introduction to SLAM, Cyrill Stachniss” 4



SLAM Example

* Estimate the robot's poses and the landmarks at the same time

YA

* Courtesy: M. Montemerlo
referred from “Introduction to SLAM, Cyrill Stachniss” 5



The SLAM Problem

* SLAM is a chicken-or-egg problem:
* A map is needed for localization and
* A pose estimate is needed for mapping

W

referred from “Introduction to SLAM, Cyrill Sta



SLAM is Relevant

e It Is considered a fundamental problem for truly autonomous
robots

* SLAM is the basis for most navigation systems

Autonomous
navigation




SLAM Applications

* SLAM is central to a range of indoor, outdoor, air and
underwater applications for both manned and autonomous
vehicles

« Examples:
* At home: vacuum cleaner, lawn mower
* Air: surveillance with unmanned air vehicles
* Under water: reef monitoring
* Underground: exploration of mines
* Space: terrain mapping for localization

referred from “Introduction to SLAM, Cyrill Stachniss” 8



SLAM Applications
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SLAM Applications
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SLAM Applications

ORB-SLAMS3
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Definition of the SLAM Problem

* Given
* The robot's controls
® upr = {ug, Uz, uz, -, ur}
* Observations
* zy.r ={21,23, 23, , 21}
 Wanted

* Map of the environment
°*m
* Path of the robot

° Xo:T = {x0ix1'x2' '")xT}

referred from “Introduction to SLAM, Cyrill Stachniss” 12



Probabilistic Approaches

« Uncertainty in the robot’s motions and observations
 Use the probability theory to explicitly represent the uncertainty

p(x)
4 H
“The robot is “The robot is
exactly here” somewhere here”

referred from “Introduction to SLAM, Cyrill Stachniss” 13



In the Probabilistic World

* Estimate the robot’s path and the map

p(QZO:Ta T ‘ <1:T ul:T)

77N T—

distribution path map given observations controls

referred from “Introduction to SLAM, Cyrill Stachniss” 14



Graphical Model
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p(SUo:T, m| z1.T, Ul:T)

referred from “Introduction to SLAM, Cyrill Stachniss” 15



Full SLAM vs. Online SLAM

* Full SLAM estimates the entire path

* p(xg.7, m|Z1.7, Uy.T)

* Online SLAM seeks to recover only the most recent pose

¢ p(xt; mlzl:tJ ul:t)

referred from “Introduction to SLAM, Cyrill Stachniss” 16



Graphical Model of Online SLAM

referred from “Introduction to SLAM, Cyrill Stachniss” 17



Online SLAM

* Online SLAM means marginalizing out the previous poses

° p(xt' mlzl:t; U1t ) — f f p(xO:tJ mlzlzt» ul:t) dxt—l de

Full SLAM

e Integrals all typically solved recursively, one at a time

referred from “Introduction to SLAM, Cyrill Stachniss” 18



Graphical Model of Online SLAM
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referred from “Introduction to SLAM, Cyrill Stachniss” 19



Why is SLAM a Hard Problem?

« The mapping between observations and the map is unknown

* Picking wrong data associations can have catastrophic
consequences (divergence)
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referred from “Introduction to SLAM, Cyrill Stachniss” 20



Volumetric vs. Feature-Based SLAM

Rtk

~

Courtesy: D. Hahnel ’ R Cesy:-. Nébot

referred from “Introduction to SLAM, Cyrill Stachniss” 21



Three Traditional Paradigms

Kalman Particle Graph-
filter filter based

1t

referred from “Introduction to SLAM, Cyrill Stachniss” 22



Motion and Observation Model

"Motion model"

"Obser\)ation model"

referred from “Introduction to SLAM, Cyrill Stachniss” 23



Motion Model

« The motion model describes the relative motion of the robot

p(th \ Lt—1, Ut)

/1t N N

distribution new pose given old pose control

referred from “Introduction to SLAM, Cyrill Stachniss” 24



Motion Model Examples

* Gaussian mode|
o—QO

 Non-Gaussian model

referred from “Introduction to SLAM, Cyrill Stachniss” 25



Observation Model

e The observation or sensor model related measurements with
the robot's pose

p(z¢ | T¢)
7 N\

distribution observation given pose

referred from “Introduction to SLAM, Cyrill Stachniss” 26



Motion Model Examples

e Gaussian model

 Non-Gaussian model

referred from “Introduction to SLAM, Cyrill Stachniss” 27



Model for Virtual Observations

* Relate pairs of poses from which observations have been
recorded

knowledge (¢ .°
about the ‘z\\} <
relative ,

-
poses (377

referred from “Introduction to SLAM, Cyrill Stachniss” 28



Model for Virtual Observations
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referred from “Introduction to SLAM, Cyrill Stachniss” ' 29



SLAM Applications

ORB-SLAMS3
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SLAM system

» Graph-based SLAM system

¢ i

Data acquisition

referred from “ORB-SLAMS3”
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SLAM system

» Graph-based SLAM system

Front-end Back-end
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Gauss-Newton minimization:

referred from “Gauss-Newton, Wikipedia” T 32




2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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. 2D Least Squares Example .
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example

Image courtesy: Bogoslavskyi 32
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example

Image courtesy: Bogoslavskyi 35
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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2D Least Squares Example
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Turtlebot4 - SLAM

 How can we build a map using TurtleBot4 (Simulation)?

1. Run TurtleBot4 simulator:

- ros2 launch turtlebot4_ignition_bringup turtlebot4_ignition.launch.py slam:=true
nav2:.=true rviz:=true

2. Run SLAM:

- ros2 launch turtlebot4_navigation slam.launch.py

3. Drive the TurtleBot4:
- ros2 run teleop_twist_keyboard teleop_twist_keyboard

referred from “https://turtlebot.github.io/turtlebot4-user-manual/” 52



