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Introduction

A Course Introduction to Mobile Robotics T Autonomous
Mobile Systems atthe Albert -Ludwigs -Un i v e r Braiburg t

Introduction to Mobile Robotics (engl.) - Autonomous Mobile Systems

This course will introduce basic concepts and techniques used within the field of mobile robotics. We analyze the
fundamental challenges for autonomous intelligent systems and present the state of the art solutions. Among other topics,

we will discuss:

e Sensors,

¢ Kinematics,

« Path planning,

« \ehicle localization,
e Map building,

e SLAM,

« Exploration of unknown terrain
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Introduction

A Course Introduction to Mobile Robotics T Autonomous
Mobile Systems atthe Albert -Ludwigs -Un i v e r Braiburg t

A This course :

« (Introduction) PDF

Particle Filter PDF

+ | Robot Control Paradigms]PDF . Mapping with Known Poses|PDF
¢ Linear Algebra PDF « EKF Localization PDF

« (Wheeled Locomotion JPDF « (sLAM]PDF

¢ | Proximity Sensors|PDF ¢ | Landmark-based FastSLAM |PDF
«| Probabilistic RDbnticslPDF | Grid-based FastSLAM PDF

L ]

ICP: lterative Closest Point Algorithm PDF
Multi-Robot Exploration PDF

* | Motion Models|PDF
# |Sensor Models PDF

L ]

Information Gain-Based Exploration PDF

» LSQ Estimation, Geometric Feature Extraction PDF 3D Mapping PDF

« Kalman Filter PDF | Robot Motion PIanning]PDF (updated 26.07.2011)
¢ Discrete Filter POF

e Error Propagation PDF
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Goal of this course

A Provide an overview of problems /
approaches in mobile robotics

A Probabilistic reasoning: Dealing with
noisy data

A Hands -on experience



Al View on Mobile Robotics

World model

v

Sensor data

Control system

Actions




Components of Typical Robots

cameras \

> Sensors
sonars

laser )

base actuators




Architecture of a Typical Control

System

[ User Interface]

I

Task Planner

l

Map Builder

Localization

Path Planner

Collision

Avoidance
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Classical / Hierarchical Paradigm

Sense — Plan — Act —

> > I

70 s
Focus on automated reasoning and knowledge representation

STRIPS (Stanford Research Institute Problem Solver): Perfect
world model, closed world assumption

Find boxes and move them to designated position

11



Classical Paradigm
Stanford Cart

1. Take nine images of the environment, identify
Interesting points in one image, and use other
Images to obtain depth estimates.

Integrate information into global world model.

3. Correlate images with previous image set to
estimate robot motion.

4. On basis of desired motion, estimated motion,
and current estimate of environment, determine
direction in which to move.

5. Execute the motion.

12



Stanford Cart




Classical Paradigm as

Horizontal/Functional Decomposition

\4

Model
Plan

nse

Perception
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Sensing

Environment

Execute

I
—_

Al

— Motor Control
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Reactive / Behavior

-based Paradigm

Sense N

Act

A No models: The world is its own, best

model

A Easy successes, but also limitations

A Investigate biological systems
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Reactive Paradigm as
Vertical Decomposition

M-

Explore

Wander

Avoid obstacles

Sensing

Environment

Action
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Characteristics of Reactive
Paradigm

A Situated agent, robot is integral part of the
world.

A No memory , controlled by what is
happening in the world.

A Tight coupling between perception and
action via behaviors.

A Only local, behavior -specific sensing is
permitted ( ego-centric representation).

17



Behaviors

Aé ar dired mapping of sensory
Inputs to a pattern of motor actions
that are then used to achieve a task.

Aé serve as the basic
robotics actions, and the overall
behavior of the robot is emergent .

Aé support good soft we
principles due to  modularity

18



Subsumption Architecture

AIntroduced by Rodney Brooks  86.

A Behaviors are networks of sensing and
acting modules ( augmented finite
state machines AFSM).

A Modules are grouped into layers of
competence.

A Layers can subsume lower layers.

A No internal state!

19



Level O: Avoid

Polar plot of sonars

A 4

Feel force

Sonar Hpolar

plot

\ 4

Collide

force

\4

Run away

y

heading7

v

Turn

heading
encoflers

halt

Forward
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Level 1: Wander

heading
Wander »  Avoid .
force modified
heading
> Feel force » Run away ‘<§—> Turn
force heading
Sonar | polar heading
plot encogers
» Collide ~ Forward
halt
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Level 2: Follow Corridor

distance, direction traveled

| Stayin Integrate |3
Look middle heading
1 corridor to middle
Wander »  Avoid y
force modified
heading
> Feel force > Run away ‘é_. Turn F
force -
heading
Sonar  Polar heading
plot encogers
» Collide ~ Forward
halt
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Reactive Paradigm

A Representations?

A Good software engineering principles?
A Easy to program?

A Robustness?

A Scalability?

23



Hybrid Deliberative/reactive
Paradigm

Plan

Sense N — Act

A Combines advantages of previous paradigms
A World model used for planning
A Closed loop, reactive control
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Robot Motion

A Robot motion is inherently uncertain.
A How can we model this uncertainty?

26



Dynamic Bayesian Network for
Controls, States, and Sensations

27



Probabilistic Motion Models

A To implement the Bayes Filter, we need the
transition model p(xX|x 6, u)

A The term p(x|x 0 ,spedifjes a posterior
probabillity, that action u carries the robot
from x @0 x.

A In this section we will specify, how
p(X|x 0 ,canbg modeled based on the
motion equations.
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Coordinate Systems

A In general the configuration of a robot can be
described by six parameters.

A Three -dimensional Cartesian coordinates plus
three Euler angles pitch, roll, and tilt.

A Throughout this section, we consider robots
operating on a planar surface.

A The state space of such
systems is three - T P ° ______ xy>
dimensional (x,y, Q).




Typical Motion Models

A In practice, one often finds two types of
motion models:

A Odometry -based
A Velocity -based (dead reckoning )

A Odometry -based models are used when
systems are equipped with wheel encoders.

A Velocity -based models have to be applied
when no wheel encoders are given.

A They calculate the new pose based on the
velocities and the time elapsed.

30



Example Wheel Encoders

These modules require

-7 | =
+5V and GND to power .
. : &9 5 ' Cytp yx :'-ﬂ
them, and provide a O to RIGHT ol ¢ LEFTLS o LEFT
. EMUl.1 - o8 " EMul. 1 7OA
5V output. They provide ‘& = ‘ @ B ‘
+5V output when they > Connection. con 9. R 2

"see" white, and a OV

output when they "see"

black. These disks are
manufactured out of high
guality laminated color
plastic to offer a very crisp
black to white transition.
This enables a wheel
encoder sensor to easily
see the transitions.

Source: http://www.active  -robots.com/ 31



Dead Reckoning

ADerived from Adeduced r

A Mathematical procedure for determining
the present location of a vehicle.

A Achieved by calculating the current pose of
the vehicle based on its velocities and the
time elapsed.
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Reasons for Motion Errors

—

ideal case different wheel
diameters

bump

and many mor e
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Odometry Model

A Robot moves from (%, 9) (X.¥.q")
A Odometry information U =(0y, Olers Chrans)

rotl? ~rot2? “trans

C’:rans = \/()—(I' )—()2 T (yl' y)Z




Noise Model for Odometry

A The measured motion is given by the true
motion corrupted with noise.

& =d  +e
rotl rotl ay |Gior1|+as |Ghans|
p— +
ans Oftrans eaB |dtrans|+a4 |drot1+drot2|

%Fk :%FI(

=
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Typical Distributions for
Probabilistic Motion Models

Normal distribution Triangular distribution
b b b b
1 1% ,I\e0|f|X|>\/652
e..(x) = e 2 €:(X)=1 l6s2-|x
o 2 i 652| |




Application

A Repeated application of the sensor model for short
movements.

A Typical banana -shaped distributions obtained for
2d - projection of 3d posterior.

p(x | Y

/\
' _u;'




Sample Odometry Motion Model

1. Algorithm sample_motion_model (u, X):

<drot1’ drot2’ O;rans> X= <X y q>
1. CE - drotl Samp'%l | rotl | ta, a:rans)
(E +Samp| qrans +a (l rotl | | rot2 |))

2 trans)

ans trans

Jot
-
3. &

ot2 = drotz Sampl

&, cosg+d,,)
+ 0o sin(g + + &)
&

:q+ rot1+ rot?2

sample_normal_distribution

7. Retun (X,y.q)



Sampling from Our Motion
Model

10 meters




Examples (Odometry - Based)
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Sensors for Mobile Robots

A Contact sensors:  Bumpers

A Internal sensors

A Accelerometers (spring -mounted masses)

A Gyroscopes (spinning mass, laser light)

A Compasses, inclinometers (earth magnetic field, gravity)
A Proximity sensors

A Sonar (time of flight)

A Radar (phase and frequency)

A Laser range -finders (triangulation, tof, phase)

A Infrared (intensity)

A Visual sensors: Cameras
A Satellite -based sensors : GPS

42



Proximity Sensors

el

A The central task is to determine P(z|x) , i.e., the
probability of a measurement Z given that the robot
IS at position  X.

A Question : Where do the probabilities come from?
A Approach Let 6s try to explain

43



Beam -based Sensor Model

A Scan z consists of K measurements.

2={2,2,,....2}

A Individual measurements are independent
given the robot position.

K
P(z|x,m)z(_) P(z | x,m)

44



Beam -based Sensor Model

S|

K
P(z|x,m)zC_) P(z, |x,m)
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Typical Measurement Errors of
an Range Measurements

. Beams reflected by

obstacles \

. Beams reflected by ]
persons / caused — ————— \\\f

by crosstalk

. Random
measurements

. Maximum range //

measurements




Proximity Measurement

AI\/Ieasurement cC an b e Caus ¢
A a known obstacle.

A cross -talk.

Aan unexpected obstacle (pe

Ami ssing all obstacles (tot
ANoise is due to uncertai

A in measuring distance to known obstacle.
A in position of known obstacles.

A in position of additional obstacles.

A whether obstacle is missed.
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Beam -based Proximity Model

Measurement noise Unexpected obstacles

\

max O Zexp Zmax

(z- Zex )2 eh / -z <
1 e _&nle Z< Zgp U
e b I:)unexp(z | X, m) -1 P

U
J20b i O otherwiseg,u
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Beam -based Proximity Model

Random measurement Max range

O Zexp Zmax O Zexp Zmax

Prax(Z| X, M) = /1

max mall

Pand(zlx’ m) :h

r




Resulting Mixture Density

(ZIX rn)o
(z]xm) ©

A ang = rand(zl X, m) -

ma

0
0]

@ unexp o) unexp
O

How can we determine the model parameters?

50




Raw Sensor Data

Measured distances for expected distance of 300 cm.
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Approximation

A Maximize log likelihood of the data

P(z] z,,)

A Search space of n -1 parameters.
A Hill climbing
A Gradient descent
A Genetic algorithms
Aé
A Deterministically compute the n

parameter to satisfy normalization
constraint.

-th
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Approximation Results

2 ~t
Sonar
Z; “t

300cm 400cm
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P(z|x,m)

54



Scan -based Model

AProbability is a mixtur

A a Gaussian distribution with mean at distance to
closest obstacle |,

A a uniform distribution for random
measurements, and

A a small uniform distribution for max range
measurements.

A Again, independence between different
components is assumed.
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Example

Map m

P(z|x,m)

Likelihood field

N
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San Jose Tech Museum

Occupancy grid map Likelihood field

S7



Scan Matching

A Extract likelihood field from scan and use it
to match different scan.

m hﬂ.ul._.....‘_ ‘i'l._‘_. " L.
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Scan Matching

A 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

A Highly efficient, uses 2D tables only.

A Smooth w.r.t. to small changes in robot

position.

A Allows gradient descent, scan matching.

A Ignores p

nysica

A Will it wor

K for u

properties of beams.

trasound sensors?

60



Additional Models of Proximity
Sensors

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

A Scan matching (laser) : map is represented
by scan endpoints, match scan into this
map.

A Features (sonar, laser, vision) . Extract

features such as doors, hallways from
sensor data.

61



Landmarks

A Active beacons ( e.g ., radio, GPS)

A Passive ( e.g ., visual, retro

-reflective)

A Standard approach is  triangulation

A Sensor provides
Adistance, or
Abearing, or
Adistance and bearing.

62



Distance and Bearing
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Summary of Sensor Models

> >

Explicitly modeling uncertainty in sensing is key to
robustness.

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

1.
2.
3.

4.
5.

Determine parametric model of noise free measurement.
Analyze sources of noise.

Add adequate noise to parameters (eventually mix in
densities for noise).

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

Li kel i hood of measur ement | S
t

g
comparingo the actwual with e

h

This holds for motion models as well.

It is extremely important to be aware of the
underlying assumptions!

64
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Why Mapping?

A Learning maps is one of the fundamental
problems in mobile robotics

A Maps allow robots to efficiently carry out
t helir tasks, al |l ow | ocs

A Successful robot systems rely on maps for
localization, path planning, activity
planning etc.

66



The General Problem of
Mapping

What does the
environment look like?

67



The General Problem of
Mapping

A Formally, mapping involves, given the
sensor data,

d={u,,2,U,,2,2 ,U,,2,)

to calculate the most likely map

m =argmaxP(m|d)

m

68



Mapping as a Chicken and Egg
Problem

A So far we learned how to estimate the pose
of the vehicle given the data and the map.

A Mapping, however, involves to
simultaneously estimate the pose of the
vehicle and the map.

A The general problem is therefore denoted
as the simultaneous localization and
mapping problem (SLAM).

A Throughout this section we will describe
how to calculate a map given we know the
pose of the vehicle.

69



Types of SLAM  -Problems

A Grid maps or scans

98; Burgard, 99; Konolige &

[ Leonard et al., 98; Castelanos et al., 99: Dissanayak
70



Problems in Mapping

A Sensor interpretation

AHow do we extract relevant information
from raw sensor data?

AHow do we represent and iIntegrate this
iInformation over time ?

A Robot locations have to be estimated

AHow can we identify that we are at a
previously visited place?

AThis problem is the so  -called data
association problem

71



Occupancy Grid Maps

A Introduced by Moravec and Elfes in 1985
A Represent environment by a grid.

A Estimate the probability that a location is
occupied by an obstacle.

A Key assumptions

A Occupancy of individual cells  (m[xy]) is
iIndependent

Bel(m) =P(m |u,2,2 ,U,,,2)
=0 Bel(m)

A Robot positions are known!




Incremental Updating
of Occupancy Grids (Example)




Resulting Map Obtained with
Ultrasound Sensors
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Real robot mapping using Sonars

[am—
—]

Bernardo Costa, 65319
Diogo Rolo, 65336
Mariana Lopes, 65433

INSTITUTO
SUPERIOR
T E C N ' C O lanuary 2012




Occupancy Grids:

From scans to maps
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Tech Museum, San Jose

occupanc'y grid map

I
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[Bel(z | z,u) = ap(z| az)/ p(x | u,z") Bel(a")da'
CU,
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Grid -based Localization

80



Sonars and

20m

Robot position (A)

"—— Robot pesition (C)
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Motivation

A Recall: Discrete filter
A Discretize the continuous state space
A High memory complexity
A Fixed resolution (does not adapt to the belief)

A Particle filters are a way to efficiently represent
non - Gaussian distribution

A Basic principle
ASet of state hypotheses (fir
A Survival -of-the -fittest

83



mple -based Localization (sonar)

Sy
RS
D

-
.
=5




Mathematical Description

A Set of weighted samples

S = {<s[i],'w[i]>|i:1,...

[

State hypothesis Importance weight

A The samples represent the posterior

N
p(z) = > w;-d ()
i=1

85



Function Approximation

A Particle sets can be used to approximate functions

f(x)
samples

f(x)

samples

probability / weight
probability / weight

LM L ARG

A The more particles fall into an interval, the higher
the probability of that interval

A How to draw samples form a function/distribution?



Rejection Sampling

A Let us assume that  f(x)<1 for all x
A Sample x from a uniform distribution

A Sample c from [0,1]

A if f(x)>c keep the sample
otherwise reject the sampe
f(x)
= samples
2 (x0)
; Ce e 6
= OK
E (X)
a. X X 0
A EAONHR | ||I|Ii’iil|||| |
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Particle Filters

pis)




Sensor Information: Importance Sampling

Bel(x) « a p(z|x)Bel (x)
« @ P(z[x) Bel (x) _
v Bel (x) a p(z[x)

5
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Robot Motion

Bel (x) « pp(x]ux)Bel(x’) dx




Sensor

nformation: Importance Sampling

Bel(x) « a p(z|x)Bel (x)

a p(z|x) Bel (x)

K« —

Bel (X)

w

5
L [ 1010 I T ey B -y




Robot Motion

Bel (x) « pp(x]ux)Bel(x’) dx




Particle Filter Algorithm

A Sample the next generation for particles using the
proposal distribution

A Compute the importance weights :
weight = target distribution / proposal distribution

AResampling: NnReplace unl i kel
| T kely oneso

93



Particle Filter Algorithm

1. Algorithm particle_filter ( Si.1, Ui Z):

2. §=A, h=0

3. For i=12 n Generate new samples

4 Sample index(i) from the discrete distribution given ky ,
5 Sampleq fromp(x, |x_;,u.,)  Uusigg) and

6. W =p(z | x) Compute importance weight
7 h=h+w Update normalization factor
8 S =S C{<x,w >} Insert

9. For i=12 n

10. w=w/h Normalize weights

94




Mobile Robot Localization

AEach particle is a potential pose of the robot

AProposaI distribution is the motion model of
the robot (prediction step)

AThe observation model is used to compute
the importance weight (correction step)

[For details, see PDF file on the lecture web page]
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Initial Distribution
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After Incorporating Ten
Ultrasound Scans
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After Incorporating 65 Ultrasound
Scans
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Estimated Path
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Summary 1 Particle Filters

A Particle filters are an implementation of
recursive Bayesian filtering

A They represent the posterior by a set of
weighted samples

A They can model non -Gaussian distributions
A Proposal to draw new samples

A Weight to account for the differences
between the proposal and the target

A Monte Carlo filter, Survival of the fittest,
Condensation, Bootstrap filter

118



Summary 1 PF Localization

A In the context of localization, the particles
are propagated according to the motion
model.

A They are then weighted according to the
likelihood of the observations.

A In are -sampling step, new particles are
drawn with a probabillity proportional to the
likelihood of the observation.
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The SLAM Problem

SLAM s the process by which a robot builds
a map of the environment and, at the same
time, uses this map to compute its location

.

A Localization: Inferring location given a map
A Mapping: Iinferring a map given a location

A SLAM: learning a map and locating the robot
simultaneously

121



The SLAM Problem

AN

A SLAMis a chicken -or -egg problem
A map iIs needed for localizing a robot
A pose estimate IS needed to build a map

A Thus, SLAM is (regarded as) a hard problem
robotics

IN
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The SLAM Problem

A SLAM is considered one of the most
fundamental problems for robots to become
truly autonomous

A A variety of different approaches to address the
SLAM problem have been presented

A Probabilistic methods rule

A History of SLAM dates back to the mid -eighties
(stone -age of mobile robotics)

123



The SLAM Problem

Given:
AThe robotods control s

UOZI\’:{ulalIZ,"' ,uk} .:'-.. .

A Relative observations
Zo,=1z1,2>, - , 2}

Wanted:

A Map of features
m = {m19m29 e 9mn}

A Path of the robot

Xo:r = {X0, X1, *** , X}
124



The SLAM Problem

Features and Landmarks ‘
A ":.3;:"-7:?4 ‘
\ P 'b% - ‘ .

g Vehicle-Feature Relative
" - - - -J
"'*-.:%::m R e

Observation

e

o

A AbSO|Ute e : ' ‘-",gs_-..
robot pose -

A Absolute
landmark positions

Mobile Vehicle

A But only relative
measurements of /)
<3 Global Reference Frame

landmarks
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SLAM Applications

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

Examples:

AAt home: vacuum cleaner, lawn mower

Aair: surveillance with unmanned air vehicles
AUnderwater: reef monitoring

AUnderground: exploration of abandoned mines
ASpace: terrain mapping for localization
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SLAM Applications

Undersea

| Underground
: \;-’:l.:;,,;\i\‘!;" N

\ e e, S R A Y
N e
S i gl

—=

P2 il ,




Map Representations

Examples:
Subway map, city map, landmark -based map

/A
%

5017,
;o

|

ﬁw
$
\\’//
)

= m . _ _ .

J‘é‘;ga A l;a. d /,-i:r.‘j\
o\ [N RN

Maps are topological and/or metric
models of the environment

" 71

128



Map Representations

A Grid maps or scans, 2d, 3d >\

99; Haehnel, 01; é]

A Landmark -based

Lo 2L x 5D X X X
x| X %1% Al WA X 1x
: MEEENANED 2
bed IO X X e 4 X
s < 2 x> o | x| x ,()1‘)(
X X vl 157 2. 4 XX Xy
¢ x| P X XX
\\xg‘x‘x x| x| * |
\){)’XX x )_')('X b
[ Leonard et al., 98; Castelanos et al ., 99: Di ssanayak
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Why is SLAM a hard problem?

1. Robot path and map are both unknown

2. Errors in map and pose estimates correlated
130



Why is SLAM a hard problem?
*

She ®
’l
I
I

Q)
\

\
\
\ /
\ /

o — Robot pose __— o

uncertainty

* * %
/O

/
/

Q
\
\

\
\

A In the real world, the mapping between
observations and landmarks is unknown
(origin uncertainty of measurements)

A Data Association . picking wrong data
associations can have catastrophic
consequences (divergence)
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SLAM:
Simultaneous Localization And Mapping

A Eull SLAM:
p(XO:t’ m | Z_L't’ u]_t)

Estimates entire path and map!

A Online SLAM:
(X M|z U,) = NFK NP M| 2, Uy) dxdx,.. dX,

Integrations (marginalization) typically done
recursively, one at a time

Estimates most recent pose and map!
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Graphical Model of Full SLAM

P(X, M| Z,;, Uy )




Graphical Model of Online SLAM

pP(X, M| z,u,) = Y% AP M|z, uy) dxdx,..dx
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Graphical Model: Models

x, = f(xp—1, up)

"Motion model"

"Observation model"
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EKF SLAM: State representation

A Localization

3x1 pose vector Lk .
k
3x3 cov. matrix

A sLAM

Landmarks are simply added to the state.
Growing state vector and covariance matrix!

XR Cr Cryvy,  Cru,
m; Cvor Cumy Chryn,

xp = | M2 C,= | Omer Cmomy Chsy
LN i Cvm,r Cum,m, Cu, s,

Ozxzy Oz
o Oy0
Ooy Og

Crum,
Chrry i,
Crom,

]
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EKF SLAM: Building the Map

Filter Cycle , Overview:

o oA w NP

. State prediction (odometry)

Measurement prediction
Observation

Data Association
Update

Integration of new landmarks
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EKF SLAM: Building the Map

A State Prediction

Xk —

Cr Cru,
Cvur COwy
Crvor  Chrynry

| Cyv,r Cumai,

Odometry:

Xp = f(xRau)
Cr=F,CrFT + F,UFT

Robot -landmark cross -
covariance prediction:

Crum, = Fr Cru,
(skipping time index  K)

Cryv, -+ Cru,
Cv,m -+ Cuym,

CMg CMgMn

Cymurty, - COmn |,
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EKF SLAM: Building the Map

A Measurement Prediction

XE =

o

/

Cr Cru,
Cvyr Oy
Cvor Crynry

| Cyv,r Cumai,

Global -to -local
frame transform

Crum,

Chur, M,
Cr,

Cn, Mo

5 = h(Xy)

Crum,,
Chmy M,
Chron,

Cm

mn

h
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EKF SLAM: Building the Map

A Observation

XE =

Cr Cru,
Cvyr Oy
Cvor Crynry

| Cyv,r Cumai,

(X,y)} point landmarks

Zp —

Crum,

Chur, M,
Cr,

Cn, Mo

I1
(73] _ VAl
Z2 Zo

| Y2 |

[ Ri O

=l 0 R

Cry, |
Chrym,
Cr,M,
Chu, 15
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EKF SLAM: Building the Map

A Data Association

L

XE =

k4

a?

Cr
CumiR
CuMuR

Cum. R

Cru,
Ca,

Chriy M,

Ch,,

Assoclates predicted
measurements  Z;
with observation  zj

2]

_ i g
v, = Zy—Z,
v . . -
S;’Cj = Ri: +H'C, H*
(Gating)
Cryv, -+ Cru, |
Cvym, - Cuym,

CM2 CMgMn

Cymurty, - COmn |,
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EKF SLAM: Building the Map

A Filter Update

L

XE =

%

Cr
Cwmir

Cru,
Cha,

Cymor  Chron

| Cyv,r Cumai,

The usual Kalman
filter expressions

K = CA']CHTS,{:_l
X, = X + Ki Vg

Cr = (I — Ky H)Cy

Cryv, -+ Cru,

Cv,m - Cwym,
Chp oo O,

Cruriy - O, |,
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EKF SLAM: Building the Map

A Integrating New Landmarks

State augmented by

ZE my, 1 = g(XR,Z;)

Cum,., =GrCrGE+ G, R;GY

n+1

Cross -covariances:

| ! CMoM; = GrCRM;

CuM,..rR = GRrCR

XR Cr Cru, Crv, - Crum, CRM, 41
m; Cwmr Chw, Cviv, - Cuym,  Cuim,,
my Cum,r Cw, M, Chwm, o Cmym, Cupm,
X = Cy = . . :
m,, Cv,r  Cwm,m, Cyvom, - Chu, CnM, M,
| mp1 |, | CMpir Oympovy Cumppomay - Omam, Oy 4143



EKF SLAM

Map Correlation matrix
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EKF SLAM

Map Correlation matrix
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EKF SLAM

Correlation matrix

Map



SLAM: Loop Closure

A Loop closure is the problem of recognizing an
already mapped area , typically after a long
exploration path (the robot "closes a loop")

A Structually identical to data association, but
A high levels of ambiguity
A possibly useless validation gates
A environment symmetries

A Uncertainties collapse after a loop closure
(whether the closure was correct or not)
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SLAM: Loop Closure

A Before loop closure
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SLAM: Loop Closure

A After loop closure

[ + :
_*_
- ‘L |
+ +
% =
I 4 b b & &+ + & +F 4+ ++ + .
P ++
I .
@ g P 4 ¢
I @ : _
#
e ¥ a .
- !
© #
v o8 ® @® & i}
I @ ¢ |
o Tap @ o &
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SLAM: Loop Closure

A By revisiting already mapped areas, uncertain
ties in robot and landmark estimates can be
reduced

A This can be exploited to "optimally" explore
an environment for the sake of better (e.g.
more accurate) maps

A Exploration: the problem of where to acquire
new information (e.g. depth -first vs. breadth
first)

See separate chapter on exploration
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KF-SLAM Properties (Linear Case)

A The determinant of any sub -matrix of the map
covariance matrix  decreases monotonically as
successive observations are made

AWhen anew land -
mark is initialized,
its uncertainty IS

maximal

| ALandmark uncer -
tainty decreases
L\ monotonically with
05 \L 1 each new observation

90 100 110
Time (sec) [Dissanayake et al., 2001] 151
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KF-SLAM Properties (Linear Case)

A In the limit, the landmark estimates become
fully correlated

[Dissanayake et al., 2001] 152



KF-SLAM Properties (Linear Case)

A In the limit, the  covariance  associated with any
single landmark location estimate is determined
only by the initial covariance in the vehicle

location estimate

O
G = ¢
.

¢

[Dissanayake et al., 2001] 153




EKF SLAM Example: Victoria Park

Syndey, Australia
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Victoria Park: Landmarks

[courtesy by E. Nebot] 155
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Victoria Park: Estimated Trajectory

250

200 : Y 7 ¥ SO TITE IR e Lo @ ey e _
150 AN [ | : ! __ﬁ_i.* ]
100

50

-150 -100 =50 0 50 100 150

[courtesy by E. Nebot] 157



Victoria Park: Landmarks

[courtesy by E. Nebot] 158



EKF SLAM Example: Tennis Court

[courtesy by J. Leonard]



EKF SLAM Example: Tennis Court

Odometry Profile of the Robot Locations B e e i
10l T T T T T
120 40 : : i
100 30_ &
3
I
B0 : : &
80
10F
40+
0_.
201
10
|:_
1 1 1 1 1 1 1 1 1 1 ' ! N B i N N
_ _ _ _ _a 5 i i i i i i
100 8O G0 40 20 0 20 40 50 20 _&0 50 —a0 “a0 a0 10 o

odometry estimated trajectory

[courtesy by John Leonard] 160



EKF SLAM Example: Line Features

A KTH Bakery Data Set

-10}F

-15

=20

-35 -

=30 -

156 }\ \

[Wulf et al., ICRA 04]
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EKF - SLAM: Complexity

A Cost per step :quadraticin n, the number of
landmarks: O(n?)

A Total cost  to build a map with n landmarks:

O(n3)
A Memory : O(n?)

Problem: becomes computationally intractable
for large maps!

C Approaches exist that make EKF ~ -SLAM
amortized O(n) / O(n?) / O(n?)
D&C SLAM [Paz et al., 2006]
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SLAM Technigues

A EKF SLAM
A FastSLAM
A Graphical SLAM

A Topological SLAM
(mainly place recognition)

A Scan Matching / Visual Odometry
(only locally consistent maps)

A Approximations for SLAM: Local submaps,
Sparse extended information filters, Sparse
links, Thin junction tree filters, etc.
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Introduction to
Mobile Robotics

SLAM i
Grid -based FastSLAM

Wolfram Burgard, Cyrill Stachniss,

Maren Bennewitz, Kai Arras

UNI

FREIBURG
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Grid -based SLAM

A Can we solve the SLAM problem if no pre -defined
landmarks are available?

A Can we use the ideas of FastSLAM to build grid
maps?
A As with landmarks, the map depends on the poses

of the robot during data acquisition

A If the poses are known, grid -based mapping is easy
(Aimapping with known poseso)
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Mapping with Known Poses

A Mapping with known poses using laser range data
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Rao - Blackwellization

poses map observations & movements

SN

p(x14,m | 214, UQ:¢—1) =
plx1:4 | 214, u0t—1) - P(M | 14, 21:¢)

Factorization first introduced by Murphy in 1999 167



Rao - Blackwellization

poses map observations & movements

SN

p(x1:4, M | 214, U0 —1) =
I p(x1:¢ | 214, u0e—1) - P(M | 14, 21:¢)

SLAM posterior I

Robot path posterior

Mapping with known poses

Factorization first introduced by Murphy in 1999 168



Rao - Blackwellization

p(azl;t,m ‘ Zl:tauo:t—l) —
p(wlzt ‘ Zl:tauo:t—l) 'p(m ‘ xl:tazlit)

169



Rao - Blackwellized Mapping

A Each particle represents a possible trajectory of
the robot

A Each particle
A maintains its own map and
Aupdates it upon fimapping Vv

A Each particle survives with a probability
proportional to the likelihood of the observations
relative to its own map
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Particle Filter Example

map of particle 2

3 particles

.
1‘ -
ry A1 &

map of particle 3
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Problem

A Each map is quite big in case of grid maps
A Since each particle maintains its own map

A Therefore, one needs to keep the number
of particles small

A Solution
Compute better proposal distributions!
A ldea :
Improve the pose estimate before applying

the particle filter
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Pose Correction Using Scan

Matching
Maximize the likelihood of the | -th pose and
map relative tothe (I -1) -th pose and map

o/ n

X =argmax{p(z | %, M) DX U, X))
X‘ /
current measurement robot motion

map constructed so far
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Motion Model for Scan Matching

Raw Odometry
Scan Matching
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FastSLAM with Improved
Odometry

A Scan-matching provides a  locally
consistent  pose correction

A Pre-correct short odometry sequences
using scan -matching and use them as
Input to FastSLAM

A Fewer particles are needed, since the
error in the input in smaller

[Haehnel et al., 2003] 175
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FastSLAM with Scan - Matching

Occupancy Grid Map Building

using

FastSLAM 2.0
based on
Scan Matching




Conclusion (so fare

A The presented approach is a highly efficient
algorithm for SLAM combining ideas of scan
matching and FastSLAM

A Scan matching is used to transform sequences of
laser measurements into odometry measurements

A This version of grid  -based FastSLAM can handle
| arger environments than be
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What 6s Next ?

A Further reduce the number of particles

A Improved proposals will lead to more
accurate maps

A Use the properties of our sensor when
drawing the next generation of particles
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Intel Lab

2 i ik il N A 15 particles

A four times faster
| than real -time
9 P4, 2.8GHz

X [/ - . gy >\ _‘ A 5cm resolution

, Y e T during scan
y = ;f ‘J r < \ ; o matching

r } - Vo A 1cm resolution in
| !1 \! *‘ " /] final map

.
r
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Outdoor Campus Map

A 30 particles
A 250x250m 2

A 1.75 km
(odometry)

A 20cm resolution
during scan
matching

A 30cm resolution
In final map
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MIT Killian Court

AThe A i nf i-gorritdoe -d at as attMérT
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