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The Idea

* Basic procedures

* Map =2 Localisation
* Localisation =2 Map

* No prior knowledge

* SLAM's objective: optimum of concurrent localisation and mapping
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Typical sensors

* Odometry
 Encoder in wheels

* Laser scanner
e 2D:scanin a plane
* 3D: scans in different planes

* Camera
e 2D: rgb images
* 3D: rgb images and depth information
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Grid based mapping

* Environment is divided in grid

* Value of every cell is the
probability of the occupancy of ,
the grid

* Val =0 - cell is occupied

* Val =1 =2 cell is free

e Scan-matching via ICP .

* Align scans according to robot
position and already existing grid
map

[Hertzberg, Lingemann, Niichter, 2012]
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Feature based map

* Relative position of features are
saved in map

* Extracting features of the Y N
environment [x3, y3]

* Re-obeservable from different X2, y2}
position or angles

* Unique
* Stationary
* Example [x1, y1]

e SIFT N
* Hough-Transform x
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SLAM Scenario

Landmark

* Estimated

»

True

[Durrant-Whyte, Bailey, 2006]

3

* k: time instant
* X robot location

* U;: control vector between time
k —1andk.

* m: map of landmarks and their
respective location

* 7} : ,0bservation”: measurement
between robot and landmarks
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Full vs Online SLAM?

ut—l
Full Slam: Online Slam:
Estimation of the entire path: Estimation of the most recent pose:

p(x*, m|z",u") p (xy, m|z*, u’)

[http://ais.informatik.uni-freiburg.de/teaching/ss12/robotics/slides/12-slam.pdf]
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EKF-SLAM

* First popular SLAM-approach l
 Online SLAM solution
e Based on extended kalman filter

e Sketch [Sola 2014]

1. Predict current system state - ’ B ] B L—1\41 b [PRR Prim ] (2.1)
2. Correct current system state M Prur  Pryim
3. Add new landmarks M,
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EKF-SLAM

1. Predict current state

* Model of the physical system H N

fO)

* Robot position will be predicted

e control vector u

* Perturbation n, Covariance-matrix |
N

* Landmarks are static R« f(R,u,n,N) (2.2)
MM (2.3)

[Sola 2014]
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EKF-SLAM

2. Correct current state

* Current state will be updated
according to obeservation
function h()

* Measurement
* Odometry
 Landmark re-detection

 Covariance-matrix R
. O(LZ)

[Sola 2014]
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EKF-SLAM

3. Add new landmarks

e New landmarks

* Dynamic system state pT
e System state grows with the
number of landmarks

En+1 - L I.
| S Per

[Sola 2014]

_ X P PXLM]
P « [ 2.4
x e [LMHJ Pox  Pownl 2
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Particle Filter

[Montemerlo 2003]

* Finite set of samples

* Set represents the probability
distribution

* Regions with high particle density
- high probability
1. Moving particles according to
system model

2. Weighting particles according to
measurements

3. Resampling particles
—>deleting particles with low weights

—add new particles to the higher
probable regions
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FastSlam [Montemerlo 2003]

e Full SLAM
* Particle filter: path estimaton
* Extended kalman filter: landmark position estimation

e Low cost: O(IL), where | is the number of particles and L the number
of landmarks

—>Can be used in large environments with up to a million
landmarks
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FastSlam

Rao-Blackwellization

* Landmark positions and the robots path are treated independently

— SLAM can be factorized into L+1 estimation problems

Robot position map observations control vector

W -

p(x*,m|zk, uk,n*) = p(x*|2%, uk, n*) 1, p(my|x¥, 2%, uk, n

| Path estimator | | Landmark pose estimator |
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FastSlam

Path prediction via particel filter

* Each particel s®t € S,

represents a possib|e system Robot Pose Landmark 1  Landmark 2 Landmark N
state. Particle 1: X vy O ny Iy Hoy E, o ny Iy
° Prediction Particle 2: X v 0 ny I wy Iy o Ly Iy

* Next robot position in the path:is

predicted with the system model
Particle M: X v 0 ny I Ly Zq TRNEPIEN

* The new particel set is
tempora ry [Montemerlo 2003]
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FastSlam

Landmark location estimation via Kalman Filter

* Landmark map m will be estimated for each particle

 Extended kalman filter

* Landmarks are treated independently, for every landmark a kalman filter
exists. =2 IL kalman filters in total

No prediction step as the position of the landmarks is assumed as static.

* Mean mi: 2-element vector
Covariance B}, : 2-by-2-matrix
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FastSlam

weighting and resampling

* After the landmark estimation, for each particle an importance factor

wy, will be determined
* Measurements
* Landmark position
* Temporary path

* Resampling according to importance factor
* Sampling technique can be chosen variable
* Most complex part of the procedure O(LI)
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FastSlam

Visualization
Landmark #1
Filter
Particle #1
Landmark #2
Filter
Particle #2
Particle #3
[http://ais.informatik.uni-
freiburg.de/teaching/ss14/robotics/slides/14-slam-

fastslamnew.pdf]
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FastSlam

Visualization
) Landmark #1
) Filter
Particle #1
Landmark #2
Filter
Particle #2
Particle #3
Vs [http://ais.informatik.uni-
freiburg.de/teaching/ss14/robotics/slides/14-slam-

fastslamnew.pdf]
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FastSlam

Visualization

Particle #1 Weight = 0.8
Particle #2 \ Weight = 0.4
Particle #3 0T Weight = 0.1
- [http://ais.informatik.uni-
8__) freiburg.de/teaching/ss14/robotics/slides/14-slam-

fastslamnew.pdf]
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Quick Overview

EKF-SLAM FastSLAM

* Online SLAM e Full SLAM

* 0(L%) *0O(L) /0 log(L))
—>for smaller areas —> usable in larger areas

L: number of landmarks, I: number of particles
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Loop Closure

e Recognizing an already mapped area after having explored other
regions

 Uncertainties will be reduced

* Robots pose/path and landmarks, all landmark position will be
corrected and get more accurate

* Challenge: Reliable data association
—2>wrong loop closure lead to big errors
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Loop Closure

Example

Before closing loop After closing loop

[Montemerlo 2003]



stestéram ineragtmse
-:I‘_'_.

[https://www.youtube.com/watch?v=qpTS7kg9J3A]
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