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e Founded in 1982
e 13 Faculty Members
e 14 PhD Students, 20 Graduate Students

e Research lines
— Multisensor Fusion and Integration
— Localization and Map Building, SLAM
- Planning and navigation
— Multi-robot systems
— Perception
— Computer vision
— 3D scene reconstruction
- Embedded systems
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Recent Projects

e Design and Development of
an Electrical Wheelchair
with Capability of Assisted
Driving and Autonomous
Navigation (2001-03)
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e Express: Automated Exploration Techniques for Rescue
Applications (2004-07)

— Road Tunnel Rescue
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Current Projects

e URUS (Ubiquitous Networking
Robotics in Urban Settings), IST-1-
045062-URUS-STP

— Cooperation between Humans and
Robots in Urban Environments

e NERO, DPI2006-07928
— Networked Robotics

e SLAM6DOF, DPI2006-13578
— Portable Systems for 3D Mapping

e EVA, DPI2006-15630-C02-02

— Biological Human - Robot
Interaction

UNIVERSIDAD DE ZARAGOZA
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e Professors
— Jose A. Castellanos (jacaste at unizar.es)
— José Neira (jneira at unizar.es)

e Invited professor
— Nando de Freitas (nando at cs.ubc.ca)
» Computer Science Department
» University of British Columbia, Canada

e Invited speakers
— Rubén Martinez-Cantin (rmcantin at unizar.es)
- Lina Paz Pérez (linapaz at unizar.es)
— Pedro Piniés (ppinies at unizar.es)
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Room A.22 (Ada Byron Building)

Mo 16/04/07

Tu 17/04/07

We 18/04/07

Th 19/04/07

F 20/04/07

9:30

Presentation

10:00

10:30

11:00

Mobile robots

11:30

12:00

12:30

13:00

13:30

Localization and

Mapping

Large-Scale SLAM
Multivehicle SLAM

Laboratory

SLAM research

in Zaragoza

SLAM research

in Zaragoza

15:00

15:30

16:00

16:30

17:00

Localization and

Mapping

Data Association
for Continuos SLAM,
Loop Closing and

Relocation

Seminar 1

Nando de Freitas

Seminar 2
Nando de Freitas

(Room A23)

Laboratory
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J. Borenstein, H. R. Everett and L. Feng, "Where am I ? Sensor and methods or
mobile robot positioning”, TechRep, Univ. Michigan, 1996 (online).

e J].J. Leonard and H. F. Durrant-Whyte, “"Directed sonar sensing for mobile robot
navigation”, Kluwer Academic Publishers, 1992.

e J. A. Castellanos and J. D. Tardds, “Mobile robot localization and map building: A
multisensor fusion approach”, Kluwer Academic Publishers, 1999.

e U. Nehmzow, “"Mobile robotics: A practical introduction”, Applied Computing,
Springer-Verlag, London, 2000.

e D. Kortenkamp et al (eds.), “"Al and mobile robots”, AAAI Press, MIT Press, 1998

e R. Siegwart and I. R. Nourbakhsh, “Introduction to Autonomous Mobile Robots”,
Bradford Books, 2004.

e IEEE Transactions on Robotics
e IEEE Transactions on Robotics and Automation
e The International Journal of Robotics Research

e IEEE International Conference on Robotics and Automation (ICRA)
e IEEE/RSJ] International Conference on Robots and Systems (IROS)
e Robotics, Science and Systems (RSS)

e International Symposium on Robotics Research (ISRR)

e EURON (www.euron.org)
e IFR (www.ifr.org)
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1. Mobile Robots
1. Common structures
2. Perception-Decision-Action Loop
3. Sensors for Mobile Robots
1. Internal sensors: Odometry
2. External sensors: Laser and Sonar

2. Localization and Mapping
1. Overview. Kalman Filter
2. Localization using Odometry
3. Map-based Localization
4. SLAM

UNIVERSIDAD DE ZARAGOZA

5007439 (9)



5007439 (10)

DE ZARA

DAD



5007439 (11)

UNIVERSIDAD D



5007439 (12)




Perception-Decision-Action Loop

Knowledge, Mission
Data Base Commands
|
I'-. "Position” .
1 Global Map
"',I_ Environment Model Path
! Lm:all Map 1

Actuator Commands

|

Raw data

Perception
Motion Control

Real World
Environment

(image R. Siegwart)
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e Contact sensors: Bumpers

e Internal sensors (Dead-reckoning)

— Wheel Encoders, Odometry

— Accelerometers (spring-mounted masses)

— Gyroscopes (spinning mass, laser light)

— Compasses, inclinometers (earth magnetic field, gravity)
e Proximity sensors

— Sonar (time of flight)

— Radar (phase and frequency)

- Laser range-finders (triangulation, ToF, phase)

- Infrared (intensity)

e \/isual sensors: Cameras
o Satellite-based sensors: GPS, Galileo?
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Wheel
Encoders

B21, MIT Otilio, UZ
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Usual configuration: Differential Drive

7D Bumper
Cm = nCl '/—ﬁﬂﬂﬁfﬁﬂ

Crhva

maotor l.":unti;:;nlnt - | Drive
] ] By 1 - S 1 maotor
Nominal wheel diameter knﬂ“

Dn m—
Ce = Encoder resolution whaels Bumper
n = @Gear ratio l m::::;“uinm" l
= AU AU AUp — AU
AU = em Ny, - AU = R T N n I
rp = xp_1+ AU cos(0,_1 + A0) o
Y = Yp_1+ AU Sil’](@k_l + AQ) —tau, AU
0, = 0._1+ A6 -
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Synchro-drive

UNIVERSIDAD DE ZARAGOZA

Multi-DoF vehicles

fiﬁh‘Hmﬁclﬂhnfﬁf’ﬁﬁix

:I E
2
© g
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Shrimp III

=
b

5007439 (18)

UNIVERSIDAD DE Z



e Systematic errors
- Unequal wheel diameters .| '

— Uncertain baseline
- Wheel misalignment
— Limited encoder resolution | |
— Limited sampling resolution = ST

e Accidental errors
- Uneven floors
— Unexpected objects
- Wheel slippage

1 1 1 1 1 1 1 1 1 1 =
=35 30 -25 -20 -15 -10 -5 i 5 10 15

(image K.O.Arras)

UNIVERSIDAD DE ZARAGOZA

5007439 (19)



e Square-shaped trajectory
— Clock-wise (cw)
— Counter clock-wise (ccw)

¥ [mm cluster
E ﬁi-” m:.'-“;/ T 100 b eenter of graviy
% o 50+ ..
. J:E[mmlp.
50 50 100 150 200 leso
~ r 4 501
Seq, o™
e Parameters of interest oot
— Center of gravity (x, y) 150
- Offset (1) 201, .
— Precision el oo _

(= = T TW- - QL T Wl- J
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Correction of systematic errors for the TRC Labmate:

¥ fmm] o
100+ O a
o
20T
= B Cenier of gravily of cw runs,
] after correction X fmm]
.—50 i an ine 1510 206 2of]
o
Lo
-0 center of gravity of ccw runs,
after correction
100+ O Before corredlion, ow
@ Before correclion, cow
O Afler corecion, ow
-150T B Afler covechion, cow
2001 @
‘ @
-250-— e

Flgore 6.5: Posttion errors of 2 TRC LabMate after completing
the UMBmark test (4 x 4 m).
Before calibration: b=340.00 mm, 0,/0, = 1.00000
Aftercalibration:  b=33617 mm, D40 =1.00084
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SICK LMS200
—1809° coverage
—0.509 resolution
—10 mm resolution
—up to 80 m

—up to 75 Hz
—indoor applications

TRC LightRanger

t‘ﬂ--'-
= B
. . Raw data: {(p1,¢1)L, ..., (pn, on)L}
1017 1 9 9 Pna n
LMS291 PLS101/201
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e Obtain line segments

UNIVERSIDAD DE ZARAGOZA

from a laser scan:
- Segmentation
— Line estimation

Split and merge:
1. Recursive Split:

1.

2.

3.

Obtain the line passing by
the two extreme points

Obtain the point more
distant to the line

If distance > error_mayx,
split and repeat with the
left and right sub-scan

2. Merge:

1.

2.

If two consecutive
segments are close
enough, obtain the
common line and the
more distant point

If distance <= error_mayx,
merge both segments

3. Prune short segments
4. Estimate line equation

5007439 (23)



Split

Split

Merge
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e Split and merge: uses only extreme points

e Other options:

— TLS: Total Least squares (not much better)
— RANSAC: RANdom SAmpling Consensus

UNIVERSIDAD DE ZARAGOZA
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e TLS: A single “leverage

point” produces a big
estimation error

e Heuristics such as remove
more discrepant points may
also fail

POINT | x vy
P B 1 g -0
i 2 1 1
GROSS ERROR a3 2 2
(POINT 7) | 4 3 2
y 5 3 3
= 6 4 4 .
—— — @——————————— e .
e FINAL LEAST 7 1442 1
L= SQUARES LINE =
9 ] s _L I } 1 1 | COMPUTATION OF RESIDUALS
IS & B 7 R SR POINT ITERATION 1 | ITERATION 2 | ITERATION 3 | ITERATION 4
X RESIDUALS RESIDUALS RESIDUALS RESIDUALS
SUCCESSIVE LEAST SQUARES APPROXIMATIONS 1 =148 ~1.2B L =
. 2 -0.64 -0.38 -.10 -.57
1 12,3, 4,9.8,7 1.48 + .16x 4 0.05 0.36 .63 .31
2 1,12,3, 4,57 1284+ 3% 5 1.05 13 —_— —
3 234,17 0.96 + .14x 6 1.89* —_— —_ _—
4 e 357 1.1 +: ..06x 7 -1.06 -0.57 -.33 -.11

UNIVERSIDAD DE ZAR,
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e Given a model that requires n data points to
compute a solution and a set of data points P,
with #(P) > n :

—Randomly select a subset S1 of n data points
and compute the model M1

- Determine the consensus set S1* of points is P
compatible with M1 (within some error
tolerance)

—-If #(S1*) > t, use S1* to compute (maybe
using least squares) a new model M1*

-If #(S1*) < t, randomly select another subset
S2 and repeat

- If, after some predetermined number of trials
there is no consensus set with t points, return

@ with failure
UNIVERSIDAD DE ZARAGOZA 5007439 (27)
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S&M
TLS

RANSAC
RANSAC+TLS
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e Classical algorithms (Split & Merge):

25 SR DR o IS S -

: 8 - + : : :
e Ty b : :
¢ + 4+ : :
Pl S htiiusa? TSI TEE T aotannl e e s b *F_gk;‘ .......................... B e
F T e T Pay 4o e %0 by s 5 : : :
: 2 ., : : :

. _ ____________________________________________ ____________________________________________ ________________________ ____________________ o
1_ ............................................. ...................... ........................ ]
0.5 _ .............................................. ........................................... ....................... ..................... .._
0_ ............................................. ...................... e -
-05 f

e 7€..

-15 _ ............................................. EERE ————— ........................ .

-2 _ .............................................. ........................................... P ...................... -

@ Not robust to complex and/or spurious data
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Robust statistics deal with spuriousness

UNIVERSIDAD DE ZARAGOZA
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onar data

1 ] People!

Bayrer = <

L=
| \ w [Cornerll\xzzé %Z/

\

I
2

Exploit redundancy Use a good sensor model
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L Possible Line

Apparent
Sonar Return

Hough Voting
for i in 1..n_positions
for j in 1..n_sensors
Compute xBlg
for 051, in -B/2..3/2 step &
Compute 68, pBi,
Vote(6%,, p®,)
end
end
end
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Theta (deg)

-100

-150

150

100

50

-50

e Sonar returns vote for lines
e Look for local maxima

Hough Table for Lines

-50
L 45
140
135
130
125
120
115

1 10

Ro (m)

o
T

_ The Hough gives robust local data associations
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Possible Point

/

Apparent

L Sonar Return

Hough Voting
for i in 1..n_positions
for j in 1..n_sensors
Compute xBlg
for 051, in -B/2..3/2 step &
Compute 68, pBi,
Vote(6%,, p®,)
end
end
end
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Theta (deg)

e Sonar returns vote for points
e Look for local maxima

Hough Table for Points

B

150
145
100 140
135

50
130
0 425
50 420
415

-100
410

-150 5

Ro (m)

o
T

I
=
T

Point Groups

A local map Is built using standard techniques
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1. Mobile Robots

1. Common structures

2.

Perception-Decision-Action Loop

3. Sensors for Mobile Robots

1. Internal sensors: Odometry
2. External sensors: Laser and Sonar

2. Localization and Mapping

1.

2
3.
4

UNIVERSIDAD DE ZARAGOZA

Overview. Kalman Filter

. Localization using Odometry

Map-based Localization

. SLAM
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e M: Environment features
e U: Control inputs

e X: Vehicle locations

e /: Sensor measurements

5007439 (39)



e State x,= Multivariate random variable
e Current measurement z,
e Set of measurements Z, = { zy, Z,, ..., Z }

xp, ~ p(x|Zy;)
e Recursive Bayesian Estimation

p(xg|Zg—1) = /P(Xk|Xkl)p(Xk1|Zk1)dxk1

p(zg|xk)p(xg|Zg—1)
p(2g|Zg—1)

p(xg|Zy) =

UNIVERSIDAD DE ZARAGOZA
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e State x = Multivariate Gaussian rv

x ~ N(X,P)

e Mean

2D Gaussian rv

e Covariance matrix
[ P11 Pio ... Py, )

Py; Py ... P
P = E[(x—R)(x—%)T]=| ~ 21 2 2n

\ Pn]_ Pn2 .. Pnn )
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e (Gaussianity assumption:

di ~ N(u1,0%)

p(dy) = —— A

w-20 p-o 7 u+o p+ 20

< o1} ~0.68
<201} ~0.95
< 301} ~ 0.997
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Xp_1 < P(Xp_1]Zg_1)

Dynamics

(el 1) [—)| Prediction

ﬂ X, < p(Xg|Zp_1)

Update

4

Xy, — p(xp|Zy,)

Observations
p(zg|x1)

Nonlinear models: Extended / Unscented Kalman Filter (EKF / UKF)
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e Prediction step:

0.5

Oz F -

o5 - -

i i 5

QoS -

0

o 5 10

X, = FpxXp_1+vg 5 linear

x, = fr.(xp_ Vi = a2 .
= (1) Ve {Xk: ~ Frx;._1 4+ vi ; nonlinear

v ~N(0,Qy)
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e Measurement:

0=

0z F -1

15 f Z} i

0os - -

0 1 1 A | |
u] = 10 = o = 20

z, = Hypx, +wy ; linear

zr. = h.(x;, ) +w,. = ki :
& k(% )W {zkngxk—l—wk . nonlinear

wi ~ N(0,Rg)
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° Update step:

0.5
X |
Q15 |
Zj
-
o1k k _H-H |
Qs - ]
-
o : I I
a 5 1@ = = = "
2. =% + Kz, — H. %)
X = X, + Kz, — HpXp )

K, =P, H (H,P_H. + Ry)~?

|-U
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e A robot moves in a 1D space:

W Rq7
> e
dy
Uncertainty in Robot Position
e Odometry: di = di; + dy
< 1
5 3
c o
D
e Uncertainty model: E(d1) = pq

Var(d) J%

5007439 (47)



e Odometry error model: dqi = [fl + 51
di ~ N(p1,07)

pr = 0
o1 — O.].-(fl
e Example: move 0.9m
|44 R4 EWRl = d;
oom o = 0.9m
0.36m OCxwr, — 0.09m

Pr{|dy |<0.18m} ~0.95
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e Robot moves again 0.85m: d> = 0.85m

W R>
R R _ R _
d> TW R, dy +dy + do + do
E(di+dy) = pr1+p2=0
Var(cfl T JQ) = O'% - O'%
- = 0.1%(d7 + d3)
e New estimation.
’CEWRQ = 1.7bm

5007439 (49)



Odometry error grows unbounded

0.6

0.5

0.4

0.3

0.2

0.1

T T T T T T 1T T T T T T 1T T T T T T T T T T T T T T 1
S MmO N~ O 44 M0~ O d M Wmw N~ O
A A4 4 4 +d o N N N |

We are assuming error independence
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Uncertainty in 2D

How can we avoid unbounded uncertainty increase?

UNIVERSIDAD DE ZARAGOZA
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e Given M, U, Z
e Compute X

(image Durrant-Whyte)
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e Assume that we know the exact location of a
point P:
W P Twp = 3m

( 2

e We can predict the position of the point P relative
to the robot position:

TR,P = —TWR, TIWP
W o P — 1.25m
. L
TRy P Or,p — 9TWR,
~ 0.12m

UNIVERSIDAD DE ZARAGOZA
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e Assume that the robot has a sensor that
measures the distance to the point, with some
uncertainty, proportional to the distance:

W R> P
. b — -

d

Sensor measure: Predicted value:

_—

d

1.1m

'/ERQP = 1.25m
pg = 0 Orpp =~ 0.12m
ocq = 0.01-d

= 0.011m

We can get a better estimation of robot position
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e State to estimate: robot location

x
P

TW R,
Cov(x)

e Prediction: given by odometry

r = :%WRQ = 1.75m
P- = J§WR2 = 0.0144m"

e Sensor measurement: distance to the point
d+ pug = 1.1m
R = o¢7=0.000121m?

Z
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e Measurement equation: W Ito P

< d —.CBWRQ —|—33Wp

e Filter gain: K =P (P~ + R)~! =0.991667241

e Estimation update:

7 = 3 +K(1.1-125 P = (I-K)P~
— 1.899m = 0.000120m?
o = 0.011m
e Compare with:
r = 1.75m o = 0.12m

Better Robot Estimation
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0.6

0.5

0.4

0.3

0.2

0.1

1 M WO N~ O

11
13
15
17
19
23
25

21
27
29

Moving close to point P

—— EKF
—=—  Odometry
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e Cumulative odometry e A priori Map + Perception
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A Priori

Map

Odometry
k-1-->k

Predicted
Walls

Predicted
Edges

Estimated
Robot Location
k-1

e G

Predicted
Robot Location

Matching
and Integration

Estimated
Robot Location

Matching
and Integration

Estimated
Robot Location
k

Laser
Sensor

Range Intensity

Points Image
Vertical
Edges
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YwmM

1

Robot Measured
Point
) dp
WE
' XRp
L1 L1
e Measurement equation: Point belongs to the wall
f(xX,y) = ymup
= 0
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e Vertical edges (doors, corners, ...)

X \
=
-

e .
— = Vertical edge

| | - _ -
- -
t - - 'S:‘"" -
- -
@E =T - 'E:T-ﬁ‘:;:i'l."-fﬂ W
a5 n -
XnE

Rabot
d.R o
SENSOT
-

L | L
II|u'|' |
m'%' Measurement equation: Edge
" | (2D point) on the projection line
f(Xa y) — YEM

= 0
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e Correction of localization errors.
e Uncertainty reduction

Prediction and sensor data: Laser (uncertainty x30)
/
= /f j .
— T 2 — ' ; £
) . 3:.
K
@ J
I S “”"““‘Hxaiﬁxl\ —— e
‘ . | ! Frontal reduction
Vision (uncertainty x30) Integration (uncertainty x30)
—— %
7 ] — i
::::i::::: 7 HHQ;%;QES::?‘*
Reduction in

Lateral reduction both directions
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e Results (uncertainty x30)

Laser

Laser + vision

Vision

Fiy

%

A

7
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e In many applications the environment is unknown

e A priori maps usually are:
- Costly to obtain

) ——
Inaccurate _ //
- Incomplete — E fy
— Out of date ; A
i
anH;;;;;;;;;;;

= Autonomous Map Building
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Simultaneous Localization And Mapping:
e Given U, Z
e Compute X, M

(image Durrant-Whyte)
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Mapping examples -
p p g p o W"’zh,ﬁ_uiﬂ-‘ﬂ
ke If.";:_,l/’/\:' [73, 5]

|I Ha1 5 1z8.0
; Feoboloh_Lab
1634, 11 - iy
e ;e
Y,
Cid_Bulding _ Az
-
|_. a#.
Harthem o
t=1061.899s

(b)
6L
4t
-2
oL
oF
-2
-2

5007439 (66)

UNIVERSIDAD DE ZA



SLAM

Mapping examples

e
e G
M

i
. il

;; 53 Il %ﬁﬁﬁ%ﬂ& 5

.gt
B EEls 2

X
i )
o
5
==z

i Iy R i
h i AL T i,
1 T I
! i il ,
s
i ; %
i1 T /
J'_,J . _}Iﬂ}f' i i

Temain Scanning

@ Known Factuie
@ dentified Feature
A Possible Feature
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e Algorithm:
— Given the robot and map estimates at instant k
— Move the robot and predict its location (EKF prediction)

- Get sensor data (laser, sonar, vision,..) and extract
features

— Associate observed features with map features

— Update the map and robot estimates at instant k+1 (EKF
update)

— Add new features to the map

e First proposed by:

R. Smith and P. Cheeseman, "On the Representation and Estimation of
Spatial Uncertainty”, Int. J. Robotics Research 5(4), pp. 56-68, 1986.

R. Smith, M. Self and P. Cheeseman, “A Stochastic Map for Uncertain
Spatial Relationships”, In O. Faugeras and G. Giralt (eds.), Robotics
Research, The Fourth Int. Symp., pp. 467-474. The MIT Press, 1988.

5007439 (68)



e Environment information related to a set of
elements:

F ={B, Fo, F1, ..., Fn} Fp = Vehicle
e represented by a map:

s B
XFO
~B . .
Xj: — :
s B
2
- B PB -
FOFO FOFn
Pgi_ — : :
B B
B P nFO P nFn
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A
XB— | U1

Homogeneous matrix:

0 0 1
Inversion:
_ RT —RTp
H 1 =
[ —x1COS¢1 —y1Singy |
xﬁ = exé = | x1Sin¢g1 — yj COSPq
i —¢1 i

5007439 (70)



L1 L2

xp=| u1 xo = | v
$1 ¢2
Composition:
R1R +R
H3:H1H2:( 1Rz p1+] 1p2)

) A r1 + 2 COSp1 — Y2 Sin P
Xoo =Xp®Xo = | y1 +x2Sin g1 + yo COS P
b1 + P2

5007439 (71)



T
A __
XBp— | Y1

®1

Jacobians:

[ — COS ¢
B =)

Jl@{xév Xg} —

Joo{x3,x8} =

—sSingy —x1SiN¢1 — y1 COSP1
—COS¢1 x1COSQ1 +y1Singy

0 -1

1 0 —zpSing; — Yo COS Py
O 1 x0C0S¢@1 — yoSingy
|0 0 1

singy cos¢y O

[ cos¢y —singy O ]

0 0 1
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Points: xp =

T2
Y2
A

Xp = X3 & Xp =

1 + 22 COSp1 — y2Sin ¢y
Y1 + x2SiN¢1 + Y2 COS P

A _Br 10 —x>SiN ¢1 — yp COS P1
Jis{xp xpt = |0 1 2pC08¢1 — yoSingy

A By _ | cosgy —singy
Joa{xp,xp} = sing;  COS ¢ ]

xi = xAexB = | T1¢9° (61 + 92); %’I};IQn (¢1+02) + p2 ]
3 A By _ | cos(p1+6) sin(é1+602) —zysin(er+ 602) 4+ y1 cos(¢1 + 62)
10{xp. X0} = 0 0 1
o {xh, xB} = (1) —z15in (¢1 4 62) il_ Y1 €os (41 + 02) ]
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Ry,
B B & k—1

XR, — XRj_q Ry,
Odometry model (white noise):
Ry ~ Ry
XRi: 1 = sz L+ vy
lﬂ[\fkj = 0
Elvivi] = 05;Qu
EKF prediction:
Ri 1 R
XJB'-_k|k—1 7-1|k 1+F’f(xﬂ, 1 Xj:k 1)_|_G'k‘(X . l_XRi R
XB @ Rk 1 Jl@ {igk—l’XRﬁ;
Ry Y X Ry F, — 0
=B _ X% g :
:xjﬁdk—l = %k—l _ 0
! igm,k—l | T20 {igk—l’ xR,
G, = 0
Pfik'k_l ~ FyPZ _ Fl 4+ GyQ,GL k ;
0

5007439
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(1P rrdT +12Q) 1Pror - J1PRop,)
TpT
B — J].PFoFl PFIFI T PFan
Fklk—1 _ :
T T
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Environment (SPMAP en W)

251 .. I _l}t‘*\*;r r ’ _ —“ 8 '”“"“‘-— ~.___‘ ................. .................. ................. ..................
20 e (BT L R LA LW AR A AL WAL A AL LA AL A A W VLY AL LA W A LASR S AW R M WA AL LA A I TR
E ' 5 ; : § : : 3 :
" jol NS _— s
. R o R X LR g’:’%‘%‘%‘:ﬁ”
&ﬁﬁﬁﬁﬁwwwuegww¢vw&hé§%ﬁ%ﬂ%ﬁ@ﬁﬁﬁwwﬂ$ i
sl b AR L3 P M M SRR LRI CRAD A WL A
o NN
NS )
0 e NIRRT 20000105 7
SN SRNSSE 895G
= -4|0 -3|5 -3|0 -2|5 -2i0 -1l5 -1i0 -5 (IJ 5I
X [m]
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4L | i s mm————— s
m————

PE—E TN ’

-

Absolute X Error [m]
- o

Absolute ¥ Error [m]

3

[
T

—————— .,

20

1 1
100 150 200 250

Absclute Phi Error [deg)

X
(=]
T

Error+20 (prob. 0.95)
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Observations at instant k: = Xp

o |
zp; Withi=1...s 5] XF
Association Hypothesis B
(obs. I with map feature j,) : @ &
Hk — [jla .an T 7j8]
Measurement equation: Sensor model (white noise):
" hyj, :
ho ! Elwyw]] = 0p;Ry,
hk — 2‘72 T
: Elwgv;] = 0
_ ths _
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Linearization:

2, ~ hp(XZ, )-I-Hk(XyBi—k—i%‘k_l)"l‘Wk

Frlk—1
oh
Hy = 5
OXZ | g
: (Xfism—l)
EKF map update:
~-B __ -~B B
X7, = X TRl —h(xz )

PZ = (I- K;ﬂH,g)ng’ilk‘k_1
B T B T —1
Pﬂ:mlHk (HkPﬂmlH‘f + Ry

s
[
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B _ B R
Xp = Xp, ® X 7" B
Observation model (white noise):
Ry __ SR X%
X' = Xp +wg -
Elw,] = 0 Xk
Linearized equation:
x} =2+ FF - %R + Gt - %55)
igk 0 I 0
ﬁB 0 e
5 Fy g Frp = : I
XFo+ = 5&*’5;’ Jio (%5 sagk}
Fn,k 0
AB —~
I XRk @ XEk | Gk — 0
~ FPEZF[ + GR,G] | Jog {38 %)
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__________________________

_______________________________________________________________
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SLAM

Y [m]
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demo_laser

t=1061.899s

12

10
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Mobile Robot . _‘l
OTILIO . ;

True Map and
Robot Trajectory
(around 53 m)

J.A. Castellanos, J.M.M. Montiel, J. Neira and J.D. Tardos.: The SPmap: A
Probabilistic Framework for Simultaneous Localization and Map Building,
IEEE Trans. Robotics and Automation, vol. 15 no. 5, pp. 948-953,0ct 1999
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P gt
uian-ﬁum
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A
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._.._._ : h_,h!‘hmﬂﬂw‘m_hi. iy BEE-H: S w“r A
(A
7

S

22wl L

Odometry estimation and
extracted features
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When exploring new terrain,
uncertainty grows ._

5007439 (86)



When revisiting known areas, T
uncertainty decreases -'

5007439 (87)



If correlations are neglected, A{ '
the map and robot estimations
DIVERGE

= —
St | -]
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Stochastic

1 sec

Trajectory Trajectory | Mobile Odom. SLAM Map h_%illll[)]lllg Period
Planning Control Robaor Look-ahead Time-Horizon 2 sec
i 'y [ . . X B o P _
Imual / Goal Locations Nominal Linear Velocity 0.3 m sec™!
1 Lo
Free-Space Madel o A aximum Linear Velocity 1 m see !
lLaser Data - . . -
Segmentation Nominal Angular Velocity 7/6 rad see™!
Supervised N . K Ty
Exploration Maximum Angular Velocity 7/2 rad see !
N Maximum Linear Aeceleration | 1 m sec™?
Distortion -
Compensation Local Mup Maximum Are Segment Error | 0.1 m
Laser Angular Veloceity 207 rad see™!
Estimated Robot Location Laser Response Time 0.145 sec
e e o L i 1 2 ' 3 ' 4 ' 5

DE ZARA

g
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Eight-shaped trajectory

Unoedainty Molume tor 1he Rabed Location
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Multi-loop trajectory

Linge dzinty VMolume lor ihe Robol Location

a | :
| | - e
——— | . A
- -
15 - - - -
30} .
i N 10° Lo L . - ;
| . ; — rimemas | o &0 100 150 =00 Py €00
. Number of Features | | Sampling Tima Index

?r\[‘ o | Musnbir aof Parags

Wumber of Features & Number o Painngs

Sarmghng Time Inoes
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SPmap

5007439 (92)

;
2

(O | .

o

Bl--mmmmmmmm e
[ e LT
F e LT
e T
P L

I T LT EEE
OpF-----mmmmmmmmeeeem

1

@
q
14
e
M
w
0




~
™
o
-~
[0))
(%)
<
N~
o
(@)
n

SPmap

Ao e e e e e i el DD e e e

e e e e e e i e e e e i

Bl--mmmmmmmme e
[l T TP




SPmap

e R e e e e e e e e e B B i e e

Ao st i i e LB Dl e e L LI L e e e e el s

[ e

[l R

5007439 (94)




5007439 (95)



e Nice “convergence” properties of P}
— Landmark covariance decreases monotonically

— In the limit, landmarks become fully
correlated

- In the limit, landmark covariance reaches a
lower bound related to the initial vehicle

covariance
[Dissanayake et al. 01]

e But SLAM is a nonlinear problem

— The inherent approximations due to
linearizations can lead to divergence
(inconsistency) of the EKF

[Jazwinski 70]
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True map value EKF-SLAM estimation

~B
B X
Py

e An estimator is consistent if:

E [Xf — fikB_ = 0 Unbiased
T_'
B 4B B B _ B The Mean Square Error
E [(X’f Xk) (X’f X’f) = Py matches the filter

computed Covariance

— Pessimistic covariance is OK (but not too pessimistic)
— Optimistic covariance = Inconsistency = Filter divergence

UNIVERSIDAD DE ZARAGOZA
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1. Normalized Estimation Error Squared NEES

NEES = (Xk‘B - ig)T (PkB)_l (XkB a ikB) True map required

NEES < X?%,l—a - Simulations

2. Innovation test (observation i > map feature j)

NIS = (7 — hy(x5))" (HPPHT +R,) " (2 — hy(xP))

NIS < 5 Critical when
> Xd,1-« closing big loops

UNIVERSIDAD DE ZARAGOZA
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EKF-SLAM: Real Example




20

Inconsi

-40]
-60
-80

=100

t= 640 BEZs

Standard data association
cannot close a 250m loop

Computational complexity
was not a problem here!

-120 '
=400 =20



e Nonlinear model:
y =f(x) ; x ~ N (X, Px)

e Linearization (1st order Taylor):

(x —X)

X=X
Px | —
X=X 8t)c;::?ci
e Assumptions:

— Smoothness (i.e. discontinuities not handled)

— Deterministic state vector (i.e. randomness of x not
considered)

UNIVERSIDAD DE ZARAGOZA

of
~ f(X —
y =1®) + =

e Transformed moments:

. _ of
y~f(X) , Py~ (c’)t
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EKF-SLAM: Low observation noise

B .n Ri_1 Ry
X = X X X
B = Ry O ¥R, VX,

| X
L Ry_1

Gaussian Gaussian

-6 —4 -2

2 4 B B 10 12

RO S e iEe | Almost affine
: : o 1 transformations
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EKF-SLAM: Low observation noise

e Simulated 120-m loop trajectory, point features,
known data association, true gaussian noise

‘I_

Consistent! ¢ M

J
140

140

1 1 1 | 1 I |
D 20 40 B0 BO 100 120 140

I I L | 1 | )
0 20 40 60 80 100 120 140
k

Errors + 20 bounds

1 - NEES/x71-4
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EKF-SLAM: High observation noise

X
Gaussian

Gaussian

1 I 1
-6 —4 -2 0 2 4 6 8 10 12

5007439 (104)
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EKF-SLAM: High observation noise
e Simulated 120-m loop trajectory, ...

2_

—

EX [m
(=]
'If\

Inconsistent !

0.5F

] 20 40 80 80 100 120 140
04k 4
D3k —_ 2r ' '
E
S0
o 02f =
‘g - —4 1 1 | | | | |
% 0.1 0 20 40 &0 ap 100 120 140
=
= 10
[} D

=01

EPhi [deg]

_[]2 —
_.l D 1 1 I L L I ]
W] 20 40 60 80 100 120 140
-0.3F k
_04 . 1 ! ' L ' ' Errors + 20 bounds
o] 20 40 60 an 100 120 140

k

1 - NEES/x2; .
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e Same framework as EKF with improved
linearization

e Takes randomness of the state into account

'y
p(y) y = f(x)
nonlinear
Statistical

linearization
(UT)
y2t@+ 5 (x-%)

wd®
us®

Deterministically
chosen points

[
.

» p(x)

Adapted from [van der Merwe 04]
5007439 (106)




e Nonlinear model:
y =f(x) ; Known pdf of x ; e.g. x ~N(X,Px)

e Transformation of moments:
pdf(x) — {x(l), . ,X(N)}  x(9) = sigma-point

N - - . .
y ~ ¥ Wy v = £(xO))
j=1

Py ~ Y oY) -9y -7

j=1

e Accuracy depends on:
— Number of sigma-points, e.g. 2n+1 with n=dim(x)
— Regression weights

UNIVERSIDAD DE ZARAGOZA

[Julier et al. 97]

5007439 (107)



Unscented SLAM: p2c

e Polar to Cartesian

Analytical

10

. = | % [ 0% ouy
Reduces bias | 0 o3 oy 05
B S I I S S L P
P\ _ (=
[0 Yy
—4F .
-2 0 2 4 5] 8 10 12 14

Adapted from [Julier et al. 97]
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Unscented SLAM: Example (1)

e Simulated 120-m loop trajectory, ...

0.6
D5k g
| Consistent !
I
D4t '
i ,
I
I| ll.” llll'.,l |
D.E—I .l § o
M Unscented-SLAM
o ozbfiffr ' o) J"rl" r
s VY T A
i | Vot
o vl LT P /
g 01F t ! I ’ Foees o
o | ot oa
= | ¥ LI S
3 D,.__Ill_.l. D o _l..l_ J.I _________ e
LT | Ly fh
Ly b
L
-01F LU T |
] ||J,-
ol EKF-SLAM
!
-0.2fF iy b
N i p 4o
'Il Y \f
-0aF |
gt
W
—D4 1 1 1 1 1 1 ]
D 20 40 60 B8O 100 120 140
Updates
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Unscented SLAM: Example (1)

e Simulated 120-m loop trajectory

EKF-SLAM Unscented SLAM
_ | Lower
< P ° bias
2 ol Tighter
_ @ bounds

0 &0 100
U pdates
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Unscented SLAM: Example (2)

e Vehicle with SICK Laser e Victoria Park, Sydney
R e YT (Guivant and Nebot)

18]

70

B0

50

40

a0 L]

20 .

-20 0 20 40 &0 &0
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e Feasible / Not real-time / Simplifies data

association R

250

2001

150

100F

[m]

S0

EKF << Unsce

B0

5007439 (112)
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e EKF-SLAM is consistent for:

— The linear case (e.g. 1D robot )
— Nonlinear + Low uncertainty

e Unscented SLAM:

- Improves consistency for nonlinear + large
uncertainty

— Reduces bias
— Provides more precise uncertainty bounds
— But, further research is required

5007439 (113)



Asoclacion de datos

para SLAM continuo,

cerrado de bucles y
relocalizacion

José Neira

jneira@unizar.es
http://www.cps.unizar.es/—jneira/
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1. Introduction:
Why data association is important in SLAM, why
it’s difficult

2. Feature extraction
3. Data association in continuous SLAM
4. The loop closing problem

5. The global localization problem

=§ Appendix
UNIVERSIDAD DE ZARAGOZA 5007439 (115)




1. Introduction
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The basic EKF-SLAM algorithm

e Environment information related to a set
of elements:

.FZ{B,R, Fl,...,Fn}

e represented by a stochastic map:
ME (}EB,PB)

5007439 (117)



demo_laser

Algorithm 1 SLAM:
x = 0; PF = 0 { Map initialization}

[zg, Rp] = get_measurements
[xDE, P[‘,E] = a,{:lcl_new_fea,tures[}cg, PDB, zo, Ro)

for i =1 to steps do

[xg’;_ﬂ Q] = get_odometry

: Ry
[xflk_l, Pﬁk—l] = compute_motion(x? ,, PP . Xp 5 Qr) {EKF pre-
diction }

[z, Ri] = get_measurements
Hy = clatmssaciatian[xﬁk_l? Pﬁﬁ:—l* zi, Ry)
[xf, Pf] = upcl:zu,te_mlau,p(:5{“?1‘,%:_1T Pﬁk_l, zr, Ry, Hi) { EKF update}

[xP, PP] = add_new_features(xZ, PE  z, Ry, Hy)

end for

For details on the rest of the algorithm,
see appendix

5007439 (118)



e Enviroment to be mapped has more or less

uniform density of features
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e Enviroment to be mapped has more or less
uniform density of features

P o o o o s o o o @

<>
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e Onboard range and bearing sensor obtains m
measurements
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e Vehicle performs an exploratory trajectory, re-
observing r features, and seeing s = m — r new
features.
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» Red dots: environment features (columns)
» Black line: robot trajectory

‘Ea » Black semicircle: sensor range
OB 1 IL— 5007439 (123)




e n map features: F={F1...Fp}
e m Sensor measurements: & ={FE;...En}

e Data association should return a hypothesis that
associates each observation E; with a feature F;

Hm = [j1---Ji---Jm]
E’i/\Fji

g Non matched observations: J7; =0
NN ERCIDAD B ZARMSCEA 5007439 (124)




Interpretation tree
(Grimson et al. 87):

OO

S

74 N A

Green points: measurements
Blue Points: predicted features
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e Low sensor error e High sensor error

GO

®@®
®®
® e

o o /

e ¢ A \\"A
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e Low odometry error e High odometry error

®® 00
@D TS
& @
oo S
o ® A
TA (32
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e Low feature density e High feature density

AN
=AW WY ‘_ -- |y
W gapasiy
= iy
AN 7124
LAY
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A good algorithm A bad algorithm

5007439 (129)



A good algorithm A bad algorithm
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e EKF update:

l 4 | values that depend on [Hm,
Xjy = Xjg|h— 1§KW&
P’ =(I-KH,)P
K, =P H,(HP,,_ H +Ry)"

e If the association of E; with feature F; is.....
correct: spurious:

error: "X — X 1 "‘
covariance: P 1 1

@ Consistency Divergence!
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2. Feature Extraction
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e Obtain line segments from
a laser scan:

— Segmentation

‘ % — Line estimation

Split and merge:
1. Recursive Split:

1. Obtain the line passing by
the two extreme points

2. Obtain the point more
distant to the line

3. If distance > error_mayx,
split and repeat with the
left and right sub-scan

2. Merge:

1. If two consecutive
segments are close
enough, obtain the
common line and the
more distant point

2. If distance <= error_max,
merge both segments

3. Prune short segments
4. Estimate line equation

5007439 (133)



Split

Split

Merge
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T

= K ...‘—'-" . d SV ..' .......
Less than 8cm
@--.\.L-s-».] op e— \-l“"""] o \- L““‘
emgren ‘\\-'°?‘L--l!'
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e Elimination of small segments:

&
LY )
o’o"“P :
. Less than 6 pixels

oy teite el NP y—t S

e Segment fusion:

Between-segments distance < 10cm

U Y o U UL

o e © ® °
oo oo %000, .ﬂ':.—l."l"t-‘m—.rv:ﬂ-%

UNIVERSIDAD DE ZARAGOZA
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o Problemat‘ic case:

r e
| .
oq. ]
..... ‘
L]
i ...... ‘
vy
| L]
...... o®
. .
..... ‘
....
..... .
...
...
...
o oo e
[ ] o Oa O e,
L]
00°%0 o070, og0 %0, “re,
000es 1.
ooo...by“ %%, 0

.
tey,
*a

e Alternatives:
— Linear regression
- RANSAC
- Hough transform
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e Given a model that requires n data points to
compute a solution and a set of data points P,
with #(P) > n :

—Randomly select a subset S1 of n data points
and compute the model M1

—Determine the consensus set S1* of points is
P compatible with M1 (within some error
tolerance)

—-If #(S51*) > th, use S1* to compute (maybe
using least squares) a new model M1*

-If #(S1*) < th, randomly select another
subset S2 and repeat

- If, after t trials there is no consensus set with
th points, return with failure

UNIVERSIDAD DE ZARAGOZA
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: z acceptable probability
E of failure
: t tries ¢?
e T S i S (1 — wn)t = Z
p no. of points L "~ logz ]
n points to build "~ llog (1 — wn)
model
w probability that W 0,5
a point is good n 2
O(p") ibl del z 0,05
p ~posSs1 e_modade.s t 11
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DE ZARAGC

S&M
TLS

RANSAC
RANSAC+TLS

5007439 (141)



\ I I \ I I I \ I I
1 pa 3 4 5 6 7 8 9 10

Robust statistics deal with spuriousness

UNIVERSIDAD DE ZARAGOZA
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2000 .

1000 -]

1000

P.M. Newman, J.J. Leonard, J. Neira and J.D. Tardos: Explore and
Return: Experimental Validation of Real Time Concurrent Mapping
and Localization. IEEE Int. Conf. Robotics and Automation, May, 2002
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10

Laser scan
—%— Sonar returns
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onar data

1 ] People!

Bayrer = <

L=
| \ w [Cornerll\xzzé %Z/

\

I
2

Exploit redundancy Use a good sensor model
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Possible Point

/ Apparent

. Sonar Return

Hough Voting
for i in 1..n_positions
for j in 1..n_sensors
Compute x5,
for 65, in -B/2../2 step &
_ Compute 68}, pB,
g Vote(6%), p®l,)
end
end
end
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e Sonar returns vote for points
e Look for local maxima

Hough Table for Points

- 50 . Point Groups

150
445
100 la0 2
135
50 l =
B 130 , et
k)
] 0 125 4| W
Q
= 4120
-50
115 Y 1
-100
- 10
_2 | -
-150 >
0 =
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L Possible Line

Apparent
Sonar Return

Hough Voting
for i in 1..n_positions
for j in 1..n_sensors
Compute x5,
for 65, in -B/2../2 step &
Compute 068, pBl,
Vote(6%), p®l,)
end
end
end

5007439 (148)




e Sonar returns vote for lines
e Look for local maxima

Hough Table for Lines

Line Groups

150
145
100 la0 2r
135
50 il
2
D 130 IR
k=)
£ ° 125 o W
0}
= 120
-50
-1t 1
115 m——
-100
110
_2 -
-150 5
0 3

Ro (m)

The Hough gives robust data associations
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e Imaging sonar

= ik e o =
10 m @ L S0 m

150
20
w
=
L
=t 4100
=
=
v
=%
50
0 5 10 15 20 0

Distance (m)
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10 150
-100
5
-50 4% 5
E o
s 2
S0 g0 -
B A& &
] H | 3
50) IR - g
51 A
1 ()
2 3
0 150
10 5 0 5 1 0 2 ) B 8§ 10
Distance (m) Rho (m)
(a) (b)

Distance (m)

Fig. 3. Hough transform for line detection. (a) High echo-amplitude returns
and the winning lines. (b)The obtained Hough voting space

D. Ribas, P. Ridao, J. Neira, J.D. Tardés, SLAM using an Imaging
Sonar for Partially Structured Underwater Environments, The 2006
IEEE/RSJ International Conference on Intelligent Robots and Systems (to
appear).
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3. Data association In continuous
SLAM
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Individual

e Measurement equation for observation E; and
feature F;

E[lw,w!] = R,
zi = hy(x") +w o Z

-B B B H,, — Oh;
Z; =~ h'&j(X )—l—H%J(X — X ) Y/ &(_B(FCB)
= E; and F; are compatible if:
Dy = (z;— hij(iB))TP@'_jl(Zi —h;; (%)) < xGa
P@j = HWPBHg + R, d =length(z)

O

5007439 (153)



Algorithm 2 Individual Compatibility Nearest Neighbor ICNN (E4......, Fi...)

for i = 1 to m do {measurement F}

D:?

min

« mahalanobis2 (F};, Fi)

Greedy algorithm: O(mn)

nearest «— 1
for j = 2 to n do {feature F}}

D-i ~— mahalanobis2 (E;, F})

if D:‘?é < Dﬁin then

nearest < j

D2, — D? Lo

min i)

end 1if

end for

. 2 - 9

it Dg;, < x3,.1_, then
’H:‘ +— nearest

else

end for

return H

5007439 (154)
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DS

Unrobust

5007439 (155)



e Given a hypothesis H = [j1, 72, -+, Js]
e Joint measurement equation

21y = hy(xP) +wy
h1j1

hy = hQ:jz
| llsjs _

e The joint hypothesis is compatible if:

D%, = (z3y —hy&XP)T 05 (23 — hyy(%P)) < Xi.o
C'y HHPBH£ + Ry d = length(z)
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e Find the largest hypothesis with jointly consistent pairings
procedu re JCBB (H, i): -- find pairings for observation E;

1f i > m -- leaf node?
if pairings(H) > pairings(Best)
Best = H
‘ fi
blse
~ for j in {1...n}
if individual compatibility(i, j) and then
joint_compatibility(H, i, j)
JCBB([H jl, i + 1) -- paring (E;, Fj) accepted
fi
rof
if pairings(H) + m - i> pairings(Best) -- can do better?
JCBB([H 0], i + 1) -- star node, E; not paired |

- Selects the largest set of pairings
where there is
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DS

J. Neira, ].D. Tardds. Data Association in Stochastic Mapping using
the Joint Compatibility Test IEEE Trans. Robotics and Automation,
ROBOTICS \/o|, 17, No. 6, Dec 2001, pp 890 -897

UNIVERSIDAD DE ZARAGOZA




e No estimation of the e Segments in the
vehicle motion environment
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SLAM without odometry

A

"

Assuming small motions

0000000



SLAM without odometry

B




\ ]

Vehicle motion estimation
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V4
/ﬁi‘:wz%
{ v ¢

Q

Individual compatibility is O(nm) = O(n)
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4. The loop closing problem
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Dead-reckoning drift
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Vehicle error in x (m)
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150

Vehicle error in'y (m)
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Uncertainty still grows!
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Loop closing reduces uncertainty!
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Vehicle error in x (m) Vehicle error in'y (m)

0 20 40 60 0 20 40 60

Vehicle error in theta (deg) % 10™ sqrt(det(P))

-10 , , , 0 , L ,
0 20 40 60 0 20 40 60

Loop closing reduces uncertainty!
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demo_sonar
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Individually /
compatible
pairings

N
T

Qs A
%

)
NS
0
. H
e
-2 4
0 1 2 3 4 5 6
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Wrong answer!
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Jointly
compatible
pairings
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The loop closing problem
e Loop beginning e Loop end
i LA, L L -

™ UL
‘&
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The loop closing problem
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.Measurements (red) and predicted features (blue)

\,
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The loop closing problem

e Individual compatibility e Joint Compatibility

500
-50-
[ ]
[ ]
o- o °
O .
[ ] [ ]
° W
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50- \ *
50- o
[ ]
° [ ]
[ ]
[ ]
[ ]
[ ] [ ]
.\ ° °
100, ) ! | ! ! °
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1 1 1
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MAF at =tep 2590, locations 290, features: 34
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B00 |
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o | ‘ :I—
400 : %
A en
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200+
100
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-/00 -b00 -500 -400 -300 -200 -100 a
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5. The Global Localization
problem
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e Robot placed in a previously mapped environment

60
F — {f]_,...,fn}
40 - .
L ] . =
'] -
20+ d . . * .,
[ ] -'._. g * . L
= 5 P . . - ® * N - ]
u; » . L L -
® * & & * @ - . *
. . * * . . e ° . L
-20 . - *
L] - - . ® ® ® ° s B .-‘
—Hor . *T o0 .
o
60} * ® o ’
_ t
f, = (z;, y;)
_BD._

—80 —60 —40 —20 0 20 40 60 80 100
http://www.acfr._usyd.edu.au/homepages/academic/enebot/victoria_park.htm [183)




e On-board sensor obtains m measurements:
Z=Az1,...,2m}

Ohbservations: 16
a0

60

40

20 . 5T ]

-0 —60 —-40 —20 0 20 40 G0 80

http://www.acfr.usyd.edu.au/homepages/academic/enebot/victoria_park.htm
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60

40 +

20 F ®

—20 *

a0

60

40

—80 —60 —40 —20
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L
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100

0
-80

Observations: 16

http://www.acfr.usyd.edu.au/homepages/academic/enebot/victoria_park.htm

5007439 (185)

80



e Correspondence space

— Consider consistent combinations of measurement-
feature pairings.

» Branch and Bound (Grimson, 1990)
» Maximum Clique (Bailey et. al. 2000)
» Random Sampling (Neira et. al. 2003)

e Configuration space
— Consider different vehicle location hypotheses.
» Monte Carlo Localization (Fox et. al. 1999)
» Markov Localization (Fox et. al. 1998)

UNIVERSIDAD DE ZARAGOZA
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In correspondence space
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e Unary constraints:
pij = (E;, Fj)7

depend on a single matching (size, color,...)
—-Trees: trunk diameter

OK

-Walls: length, corners: angle....
61 714 354 176 000 valid hypotheses

@ m constraints
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e Binary constraints:

pij = (&, F})7 |
pl{:l — (Ek7Fl)? 600

500 ~

900 -

800 -

distances between
points:

400 -

300 -

200 -

100 -~

0 100 200 300 400 500 600

m{(m — 1)
2

constraints
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e Features F; and F, may belong to the same
hypotesis iii they are ‘close enough’.

60r

Sy g6 |
: 50
Yy :

! |
[ ’
d"' i |
o — J
70 : :
j 0 10 20 30 40 50 60 70
nz =755
L

| o Covisibility
, matrix

- Limit search in the map to subsets of covisible features
\ Locallty makes search linear with the global map size
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Algorithm 1.:

procedure GCBB (H, 1):
if i > m -- leaf node?
if pairings(H) > pairings(Best) -- dud better?
estimate_ location(H)
if joint_compatibility(H)
Best = H
fi
fi
else
for j in {1...n}
if unary(i, j) A binary(i, j, H)
GCBB([H jl, i + 1) -- (E;, F}) accepted
fi
rof
if pairings(H) + m - i > pairings(Best)
GCBB([H 0], i + 1) -- try star node
fi

fi

RgéziTK33

UNIVERSIDAD DE ZARAGOZA
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Algorithm 2:

e All unary and binary constraints can be
precomputed

e Build a compatibility graph where:
— Nodes represent unary compatible pairings
— Arcs represent pairs of binary compatible pairings

E3

o @6 (3
.
(22)
Eq o
3 ©
(40

e Carrahan, Pardalos (1990)
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Algorithm 3:

procedure GV (H, i): g
if i > m ®
if pairings(H) > pairings(Best) %:
Best = H >

fi

elseif pairings(H) ==
estimate location (H)
if joint_compatibility(H)
JCBB(H, i) -- hypohtesis verification
fi
else

for j in {1...n}
if unary(i, j) A binary(i, j, H)

GV([H jl, i + 1) Enm /A N ..
fi v ...

rof F{F» Fp *
if pairings(H) + m - i > pairings(Best)
GV([H 0], i + 1)

uoIeIILISA
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Algorithm 4:

procedure RS (H, i):
if i > m
~ if pairings(H) > pairings(Best)
Best = H
: fi
elself pairings(H) =
. estimate locatlon.(H)
if joint_compatibility(H)

JCBB(H, i) -- hypohtesis fuefr?},ﬁ(:atﬂio*’ré

, fi
else --= branch and bound without star node
for j in {1...n} - Em N e
if unary(l, j) A binary(i, j, H) oo
RS([H jl, i + 1) : F1 k5 Fp *
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1. No significant difference in effectiveness of the
considered algorithms

2. All algorithms are made linear with the size of
the map
3. Efficiency when the vehicle is in the map

7_

6_

mean time .vs. m

I 1 I I I 1 I I ]
6 7 8 9 10 1 12 13 14 15
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4. When the vehicle is NOT in the map:
random measurements, 100 for each m=3..30

10

o | == MAXCLI
. | —e= RS

mean time .vs. m .

\ I \ I ! J
0 5 10 15 20 25 30

J. Neira, J.D. Tardés, J.A. Castellanos, Linear time vehicle relocation in SLAM.
IEEE Int. Conf. Robotics and Automation, Taipei, Taiwan, May, 2003
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INn configuration space
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e Consider s randomly chosen vehicle locations

hypotheses:
(z, y, ¢)'

X =

r € [Tmin, Tmax]
y € :'ymina 'ymaac]
qb S Qbmzna Qbmaa:]

e Monte Carlo
Localization

il

2l

40

20

-20

-40]

Rl

-0

i B .
[ t-[}t? % .

E" L . * &Eg . e [E} ]

[:3} tp o & ® * t[;._b_ az".[:;; *
b . e olE o n ** T, . *
N * ‘[:'}@ * o [‘;ﬁ}‘ * ‘[::: ¢ e
) at T}: ¢ ® = b a%t *s
B [ - . oo o [::‘
[_:} = * * = t;}

80 k0 40 20 o 20 40 1l g0 100 120
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e Consider each alternative N
turn

Algorithm 1 Loc driven:

votes = 0
for each hypothesis x € X do
for each measurement z; € Z do
F, = predict_features(x, z;)
If any_compatible feature(F;, F) then
votes(x) = votes(x) + 1
end if
end for
end for

5007439 (199)




e Uniformly tessellate the space in s = n, n, n, grid

cells:
x = (z,v, )
2l
x € [Tmin, Tmaz) il
iy At -
Y € [Ymin> Ymazx] ' . . T
- *® - -
¢ € [Pmin, dPmaz] S PO = 2 [= 2 ,.E‘;': eol[> Tu £
ok tm i e & ® . * -e-“" »*
4 * t e & o & = '., * e " ©
Y - R e T
20k . .e Fy
e Markov R TP
Localization L S N U, Y >
A0} * £ e *
_BD 1 1 1 1 1 1 1 1

| |
a0 B0 40 -0 o 20 40 ] g0 100 120
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Voting in configuration space

e Each measurement-feature pairing constrains the
set of possible vehicle locations:

60

40

20

i
h’b
:
d{l

Ay

%
(a8 2
v <
> Fal

o L

5
g *
e
ey -qu%:m-aqq

b ", h:'.:l. ]
E'P e > L = " ] Ay o
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e Consider each in
turn

Algorithm 2 Pair driven:

votes = O
for each measurement z; € Z do
for each feature f; € F do
X;; = hypothesize locations(f;, z;)
X =
compute_compatible _locations(X;;, X)
votes(Xy) = votes(Xy) + 1
end for
end for
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— Resolution: 1.5m for x and y, and 19 for theta

Voting Table with the maximum having 0 wotes for 16 measurements

240

-150
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- 7 Dt byl

e How do they compare?

Pair driven n
p— p— p

m " s M

en Nx - Ny

T

T Ar Av-a
UL _UuUulL 1L

e Pair_driven is better in proportion to the density
of features in the environment.

e Victoria Park: 18321 sg. m.,sample every 1.5m,
. expect pair_driven to be 82 faster.
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e Data association in SLAM: algorithms
hased on some form of consensus
brovide the best results

»Joint Compatibility
» RANSAC
» Hough Transform
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Details of the EKF SLAM
algorithm

0000000



xB =72 ] Points:

Y2
A_ A B _ | %1+ 22C08¢1 —yaSiné;
Xp=Xp®xp = y1+x25inqb1—|—y2605¢1]

J1p{xp, xp} NS I e ]

|0 1 25C0S¢1 —yoSingy

A _By _ | Cos¢p —sing;
Jop{xp. xpt = Sin ¢4 COS¢51]

Lines: xZ=|"

0> |
A = xAgxB = | #1€0S (p1 + 92)(;; 3_1;'2"‘ (p1+62) + p2
A By _ | Cos(p1462) sin(¢1+062) —zysin(¢1 4+ 62) + y1cos(p1+62) |
J101XB, X[ } 0 0 1
Toa{xh xB} = é —x1 sin (¢1 +92)£|‘yl cos (¢1 + 62) ]
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L1 L2

xp = | y1 x¢ = | o
$1 ®2
VA
R ", .
. Composition:
E 1 r1 + x2 COS P — y2Sin P
X = X5 x5 = | y1 + 225N d1 + y2 COS Py
$1 + @2
B — xB Rp_1 | I
R, —XR,_, D Ry, nversion.

—x1 COS¢1 — Y1 SiN P
xB =ox3 = x1sin¢; —y1 COSP

—P1
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Jacobians:

A _B
J1giXp: XC }

A _B
Joa{x3, X0}

o (X‘é D Xg)

— COS ¢

Sin ¢1

0

(1 0 —zoSing] — Yo COS Py
O 1 x5CO0S¢1 —yoSinagy
|00 1
[ cOS¢y —sSing; O
Sing; cCcos¢1 O
I 0 0 1
—Singy —x1SiN¢$q — y1 COSPq
—COS¢1 1 COSPy + y1Sin g
0 -1
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e In polar coordinates:

go)
Il
Q.
He Q)
cﬁg S
SRS
S
Q
©-N
~

>~ X

e In cartesian coordinates:

T
Y

X
Px

J

Pq)

<

d COS ¢
dsin ¢

F(p)
JPpJt

[ Ox Ox |
od ¢
dy 0Oy

| dd 0¢ |

(z, 9t

Crég CTaxy
2

Cfaxy C[y
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281

15F

0.5

A5

The basic EKF SLAM
Algorithms

COBSERVATIONS at step 1: 8

e
(> .

Sensor measurements
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Observations at instant k:

7z, With1=1...s

7

Measurement equation: Sensor model (white noise):
z. = h.(x2)+w -
k E\™ L k _Ea[‘ﬁfkj = 0
" hy; ] I
hlj.l E[Wkwf — 5ijk
hy = | 792 1 _
: E[kaj_ = 0
" hsjs _

5007439 (212)



(N
XFl,fc

B
\ XFn,k /

Linearization:

B =B B =B 5

P/ =FPF[ + G RG]

Where:
. I 0 --- 0 . 0
. :8xk+ 0 -0 G zaxk+_ :
g 8ka 0 0 L 0z 0
Ji{xE, 2} 0 0 Joe (X5, %)
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T

pp — PRF1 P:Fl Ppr,

T
\PRFn Pr r, Pp, )

[ Pp Prp, Prp, PrJi i
T | T 1T |
Prr Pp Prpp, PrrJdie |
Kt ’ | :
T T : T T !
Pre,  Prp, o Pr. o PreJie

\Jl@PR JigPrp, -+ Jl@PRFniiJl@PRJ{@+32@Rk32@j
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MAP at Step 1, features: 8, algorithm:
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MAP at Step 2, features: 8, algorithm:

L
o>

0.5

0.4

| >

0.2

0.4

S
=

0.6

0.2

=

0.2 0.4 0.& 0.8

—
—
(]

5007439 (216)

UNIVERSIDAD DE ZARAGOZA



B _ _B Ry_1
XRk—XRk_l@XRk

Odometry model (white noise):
Rj_1 ~Ri_1

Xp, = Xp, + Vi
E[Vk] = 0
T
Elvpvi] = 0 Qu
EKF prediction:
~B R4
- Ry i {%f, Rt} o 0
Rp_1 D XRk F, = 0
B . Xp
Xplh—1 = bkt 0 L
’ ~B ~Ry_
ig J2g {XRk 1 XRy, 1}
| m,k—1 i Gk . 0
B _ B T T - .
Pik—1 = FiPiaFip +GQrGy :
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PL P
B _ RF F Fi F,
Py k-1 = S 1
T T
\ Prr, Prr, Pp, )
(916PRIT, + 920QudL, i 16PRE - J10PRE, )
T T ol |
PB — | Jl@PRFl | PFl PFan
klk—=1 71 : | :
i T T i T
\! JiaPrE, - Prr, Pp, )
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DOBSERVATIONS at step 20 4
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Observations at instant k:
Zp; With i =1...s

Association Hypothesis (obs. | with map feature j;) :

Hk — [j].? an” '7j8]

Measurement equation: Sensor model (white noise):
E[Wkwf — 5ijk
E[lwpvi] = 0

7 -
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JCBE: 2400
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Linearization:

Z = hk(iﬁk_1)+Hk(XkB_ik|k_1)

h
H, = 8)’; =(Hg 0 Hp-- 0 )
Xl
klk—1
h h
HR=—8§' ?HF_—ag
OXp | .p xXp | g
k(R —1) B (R —1)
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Innovation:

Vk :Zk—zk

Cov(v,) = HyPPH! +RI

Mahalanobis distance:

D2 — V%COV(Vk)_ll/k ~ X':%

where r =dim(vy,)

Hypothesis test:
D? < x%#, = z;, compatible with 7z,

where a = 0.05 (common)
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State update:

B S ~B
Xp = Xglk—1 + Ky (zg — hk(Xk“g_l))

Covariance update:

Pg — (I_Kka)PkB\k_l

Filter gain:

K, = Pf‘k_lH}f(HkPﬁk_ngﬁ—Rk)_l
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MAP at Step 2, features: 10, algorithm:
25

15F

0.5

-~

0.5

5007439 (225)

UNIVERSIDAD DE ZARAGOZA



SLAM en entornos grandes.
SLAM multivehiculo

José Neira

jneira@unizar.es =
http://www.cps.unizar.es/—jneira/
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1. Limitations of the basic EKF SLAM algorithm
1. The linearization problem
2. The scaling problem

2. Alternatives
1. Independent local maps
2. Map joining
3. Multivehicle SLAM
4. Hierarchical SLAM

3. Conclusion

UNIVERSIDAD DE ZARAGOZA
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1. Limitations of the basic EKF
SLAM algorithm
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The scaling problem
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Algorithm 1 SLAM:

x) = 0; PP = 0 {Map initialization}
[zg, Rog] = get_measurements
[xF, PP] = add_new_features(x?, P2, zy, Ry)
for £ =1 to steps do
[XR"’ ' Q] = get_odometry
(%71, P11 = EKF prediction(x;’ ;, P, Xg: Y Qk)
[z, Riy] = get_measurements
Hy, = data_association(xi; 1, Pile_1, Zx, Ri)
[x;, Py] = EKF update(xy),_;, P, 1, zr, R, H)
[x7, PP] = add_new _features(x;, P, z;, Ry, Hz)

end for
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The prediction step
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Fm,k—l

Pie—1 = FiPp1Fp + GrLQiGy

JQ@ {}?
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PL P
B _ RF F Fi F,
Py k1= oo y
T T
\ Prr, Prup, Pp, )
[ 316PRrIT, 4 J20QiIT; 1 J16Prr, -+ J1aPrA, )
FE======E5 AR = AR
PB _ : Jl@PRF]_ | PFl PFan
klk—=1 7| | : | :
i T T i T
\ JiaPrp, - Par, Pp, )

EKF prediction is O(n)
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Adding new features
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B B
( Xg \ ( Xé?k \ ( Xé%k: \
B" xFy g Fy g
Xk;B — Fl’k = XB+ = : —
: k XB XB
\ X2, / Bt ﬁﬂ”ﬂ
" \ XFp1 / @D

Linearization:
Xpp = &+ Fr(xp — %)) + Gz — 2;)
PP =FPPF| + G RG]

Where:
I 0 -0 0
szaka_i_: 0 - 0 ( =8Xf+: E
8XkB 0 0 .1 | 'Yk a2, AO )
Jl@ {igh’ 21} 0 -0 .]2@ {ng, Z?;}
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P

W—

T
P};V — PI?'FI PEFI Ppr,
T T
\ Prr, PR, Pp, )
[ Pr  Pgp Prr, Prlig A
T | T T |
PRF1 Pr PpF, i PrrJig :
T T i T - T i
Pre,  Prp, Pro o Predie .
\'J16Pr J16PRrR J1ePrE, 1 J16PRrI1 + Joa R, 1

Adding new features is O(n)
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The update step
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m observations:
B
Zk = hk(XFk)—I_Wk

~ 5B B ~-B
Zp =~ hk(kalk_l) + Hp(x7, — kaus—l)

ohy,
He = ox B B
T (Xffﬂl]ﬂ—l)

Filter gain: K, = Pf\k_lﬂ}g(ﬂkljﬁk_lﬂg + Ry)
State update: X; = iﬁk_l + Ky (2, — hk(iﬁk_l))

Covariance update: P{ = (I—Kka)Pﬁk_l
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S;; — H;; Pﬁ:|ﬁ:—1 H5+Rﬁf

Xr rXn NXn NXr Xr

O(rn?) operations?
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S = H;. P k-1

Xr Irxt NXn

+4 0000000000 000000000000000 000000000000
£

++
++
++
++
++
++
++
++
++

R R R R R R R R R R R R R R R R R R R R R R

O(rn) = O(n) operations
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O(r’n) = O(n) operations
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O(rn?) = O(n?) operations
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Efforts to reduce complexity

e Decoupled Stochastic e Postponement _
Mapping (Leonard and (Davidson 1998, Knight,
Feder, 2000) (Jensfelt Davidson and Reed 2001)
2001) O(1) e Compressed Filter (Guivant

e Local Mapping Algorithm and Nebot 2001)

(Chong and Kleeman e Constrained Local Submap
1999) O(2) Filter (Williams 2001)

e Suboptimal SLAM e Map Joining (Tardds et. al,
(G(ug/ant and Nebot 2001) 2002)

Oo(n

e Sparse Weight Filter
(Julier 2001) O(Nn)

e Sparse Extended _
Information Filter Exact solutions that

(Thrun et al 2003) O(1) delay global map

updating, and strongly

reduce cost.

Approximate, or But still O(n2)

pessimistic solutions
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2 2 8 8 8 8%
2 3 8 8 88 8 $

sigmas = sqrt(diag(Cov))' ;
Corr=diag(1./sigmas)*Cov*diag(1./sigmas) ;
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Ignoring correlations, divergence!

N ———
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Frontal Lateral
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al

100

180

200

250

a0 100 140 200 250

This observation is the basis of SEIFs
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The linearization problem
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e Nice “convergence” properties of PE/

(Dissanayake et al. 2001):
— Landmark covariance decreases monotonically

— In the limit, landmarks become fully
correlated

— In the limit, landmark covariance reaches a
lower bound related to the initial vehicle
covariance

e But SLAM is a non-linear problem

— The inherent approximations due to
linearizations can lead to divergence
(inconsistency) of the EKF

‘9 » see for example (Jazwinski, 1970)
UNIVERSIDAD DE ZARAGOZA 5007439 (249)




B _ _B Ry_1
XR;‘J — XRk—l @

Odometry model (white noise):

Rp_1 _ ~Rp
XR, = Xp + vy
E[Vk] = 0
7y —
Elvipvi] = 01,;Qu
EKF prediction:
~R [ JeB R4
FBR D Rk’ 1 Jl%{ka_l,ka } 0
k—1 k 0 I
_B % B =
Xk|/€ 1 e l.k:—l O
B - 5 Ry -
L F/rbn T Jz@ {XR;C_l’ XRk 1}
B — G, = 0
Frpo1 = F.Py  Ff +GkaGk¢ k E
0
5007439
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Feature observations:

7z = hp(xp) + wy
oh
:fIk: — 5 k
X
k (Xkuu 1)

EKF map update:
Ry = Xppo1 + Kz, — he(Zii_1))
B
Pk- (I - Kka)Pk|k 1
K, = PJ A HL#H, P bk H R
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EKF-SLAM

True map value estimation
X%V i}g/v
P,

e An estimator is consistent if:

E [XE/ — 5&?/ = 0 Unbiased
~ T The Mean Square
E [(XE/ — XI];V) (XE/ — XE/) — sz Error matches the fil-
- ter computed Cova-
riance

— Pessimistic covariance is OK (but not too pessimistic)

— Optimistic covariance = Inconsistency = Filter
divergence

UNIVERSIDAD DE ZARAGOZA
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1. Normalized Estimation Error Squared NEES

D= (< =) (P) " (b - %)

D? < 2 True map required
- Simulations

2. Innovation test (observation i > map feature j)

2 2 Critical when
Dz <
ij = Xd,1-a closing big
loops

UNIVERSIDAD DE ZARAGOZA
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EKF-SLAM: Real Example





EKF-SLAM: Real Example

Standard data association
cannot close a 250m loop

Computational complexity
was not a problem here!




e Simulation conditions
— Perfect data association
— Ideal odometry and measurement noise
» white, Gaussian, known covariance

e Advantages of simulation:

— Consistency can be tested against the true
map

— A simulation with noise=0 gives the
theoretical map covariance (without
linearization errors)

UNIVERSIDAD DE ZARAGOZA
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. - Perfect dat iati
EKF-SLAM: Simulat "rfec,daa sssociator





5 e Error
E —  Sigma Expetimental
— Etrror . :
. . . — - Sigma Theoretical y . —--—"
— Sigma Experimental Y S R 1
T5H . Sigrna Theoretical J___ﬁ_dw“’ I 2 e T
1 e | (
- -__ﬂ_ ‘.\I'i ~
A ,.r\#ﬂwf‘ﬂ’""’mww; hw\ﬂlwmf‘rwhwﬁ, A
i o
05 ’
=
= |
5 0
;DEL
05 -
T, e ot et LI .
Ak H*:": *""lelrmﬁdfw o K
- |
15} . l
iy 1 1 1 1 | 3 1 1 1 1 |
a 50 100 150 200 250 a al 100 150 200 250
Initial uncertainty = 0O Initial uncertainty > 0O

J.A. Castellanos, J. Neira, J.D. Tardds, Limits to the Consistency of
EKF-based SLAM, 5th IFAC Symposium on Intelligent Autonomous
t:_‘\:/,ehicles, Lisbon, July 2004
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Overcoming these problems:
Local maps
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e Periodically, the robot e EKF approximates the

starts a new map, conditional mean:
relative to its current g S Ty MR |
. D1 1 1...k 1...kq1}
location: %5, = B |xg | DM wlhg
~B 3
X Ro 0 t= 33.700s
P53 2
Ro 0 :
T P2
e Given measurements: o y;\JE’.“y
g X y R1
1.k _ y
D 1 — {ul Z1 ... Up, Zkl} LoPL <
u, = ig:_l 1.5r /\y
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e Second map:pF1tl-k2 — {“k1+1 Zjy41 - Uk, Zkz}

E?_(fz_f_ ________________________________________________
* Noinformationis 1
Shared: -~_ ..............
pl-kiq pkitloka — g =

T =

Maps are uncorrelated ‘7 T R2_,
1 y81 .....................................

° Common reference: I s

B> = Rq '1_'5' |
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J.D. Tardos, J. Neira, P.M. Newman and J.J. Leonard, Robust Mapping and
Localization in Indoor Environments using Sonar Data, The Int. Journal of Robotics
Research, Vol. 21, No. 4, April, 2002, pp 311 -330

e Build independent local maps (Tardos 02)
— Constant time complexity

e Map joining (Tardos 02)
— Improves consistency and precision

e Map matching (Neira 03)

— Correct environment topology

e Hierarchical SLAM (Estrada 05)

— Scalable map representation
— Good precision after loop closing
— Fast convergence

e Similar approaches: CLSF (Williams 02), NCFM
@ (Bailey 02), ATLAS (Bosse 03), CTS (Newman 03)
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e (Given:

1. Two statistically independent stochastic
maps

2. A co on reference B — (2B pB
X_A? A — B B o (X )

B \18'

5007439 (265)



e Conveys the information of the two maps
into a single fully consistent stochastic

: A (A A
map My = (X415 Plhys)
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25 S ; X T R .:
- bo=1y
: P2 ; S2!
0 ' ; 4 A (r\
B1 | [ B
d YR ¢
X
i y 1 T
! Pl\' 83 { B e
1 y 1.5
% 15 1 05 0 05 1 15 2 25 3 35 % 15 1 05 0 05 1 15 2 25 3 35
g t= 48.492s 3 t= 48.492s
2.5 2.5
7 4
15 14
1T +
, N 0 s
) y 4T 5 y
Bl Bl
T E |y R2., d . R2
.O.E' 'O.E-
Y Yy
o PP]‘; ly ) l — T Pl ‘§3 |
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J.D. Tardds, J. Neira, P.M. Newman and J.J. Leonard, Robust

Ma pln% and Localization in Indoor Environments using Sonar _
Data, The Int. Journal of Robotics Research, Vol. 21, No. 4, April,
ROBOTIC 2002, pp 311 —330
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>y P
T3 e

e New state vector: &4,z = [

e New covariance matrix:

A _ 1A+BpA jA+BT A+B pBj 1 A4+BT
Puayp = I PRI +J57 P’ Jp
A AT
= | Fa Padi [0 0
Ji1 Py J1 Py Jy 0 JoP, JL
0 - Jig{xA.xp} 0
"‘A B T =
JA+B 3XA+B: I J1 ' B
A 85&:21[ _Jl | _0 JlEB{ A XBm} 0
~ . - i = B
JA+E _ oys _ [ 0 Too %4, K)o 0
B 85&? | Jo | Jo = : x :
0 S igfn}




e Matching function:

fZ]Z(X) =0
e Joint matching function for the hypothesis:
- f1,(x) |
ffH(X) == : ~ h'H H/H(X — f() =0
i fmjm(X) i

e Joint innovation test: ,
D% = hl, (HHPH@ hy < X3 q
e Map update using EKF:

X X1 — Krphy
P, = (I-KiHy)Pjp_4

K, = P,_1Hj, (H’HPk—lHa)_l
= Matching and fusion is O( (n,+n,)*)
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Mean Time by Local Maps
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Mean Time by Local Maps
0.4

m— ] |ocal maps

2 |ocal maps
0.35-

0.3

0.25

Time (seQ)
o
= o
61 N

o
[N

0.05
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Map Joining

Mean Time by Local Maps
0.4

m— ] |ocal maps
2 |ocal maps

0.35 | 8 local maps

Time (seQ)
o o
N o ) o
ok o m W

o
o

0.05

50 100 150 200 250
Steps

Map joining is O(n?)
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e Size matters!

p=14
_ A N=128

— A '
16 L Local Map Size p

14 -

12

T

270

2T

10

Time (seg)
Qo
T

0 ! ! I I I
0 50 100 150 200 250

Local Map Size p

Computational cost for
different local map sizes 5007439 (273)
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e One full SLAM run e Map joining of 28 local
maps

1
[REN

=20

1
N

1
w

401

IN

-60

-80

1001 - -

- | | |

-60 -40 20 - 0 éo 40 -60 -40 -20 0 20 40 60

Local maps bound
linearization error effects
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e Monte Carlo runs

1.12 -
—&— Map final Consistency
P T . CEEE L Bound
2 N\ —1 ” (RIS
D — (X - X) P (X - X) - + EZII;E
1.08+ p =270
M= /o.
1.06 e
D? < \? S
— X?’,l—Oz ER K e
[i]
£ 102+ ///
- . T e / _______________________________________
e Consistency index %
098 4 Nl // T
|I /__
2 ok | RI% .//A//Eif
b= A - )
D TR T
C[ = — 0.94 ' ' ' ' '
2 0 50 100 150 200 250
X’I’ 11— Local Map Size p

Consistency index for
different map sizes
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e Mean vehicle orientation error for full EKF and
Map Joining 8 local maps

EKF theorical uncertainty
gl | = = = EKF real uncertainty
—— EKF Error

| — — — MJ real uncertainty -~
""""" MJ Error

MJ Theorical Uncertainty N

50 100 150
Number of Features

Vehicle orientation

error

200

250

index value

25

1.5

0.5

I —— EKF P
....... Map joini i
. Bound ks

t‘-ﬂ; A *f
[ LA
L ,'& &2" s A‘;‘
A
- #
Mﬁ#
....................... A
Mf‘w
had
SIG 1CI}IO 1I50 260 2I50

Number of Features

Vehicle orientation
consistency index
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14 - 451
EKF theorical uncertainty —+— EKF
= = = EKF real uncertainty gl | Map joining
12| ——— EKF Error / ------- Bound
Map joining Theorical Uncertainty
— — — Map joining real uncertainty 357
10| ++++ 1+ Map joining Error
3
o
€8 g 25
o >
I e 2

1.5

o= | | | | OMI ] ] ] ]
50 100 150 200 250 50 100 150 200 250
Number of Fearures Number of Fearures
Mean feature Mean feature
position error consistency index
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Multivehicle SLAM
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U_—/

=
/Q
robot 2

Match, join and fuse to one full stochastic map
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e Randomly select a feature in one map

e Try to associate its covisible features in
the other map

7 - - _—
35 | \(// 351 \ // //
_—
30 | /\// 30 - /\/

25 L

// //

10 | A\\ 0] "\
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| L | L
10 15 20 25

N
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| | | 1 | |
0 5 10 15 20 25

Unsuccessful tries

5007439 (280)



e Successful try e Final map

40+ Yy
— X 30 |
- -
— // |]—l N l\“_—_
35¢ — 7 25+ L —
/// \L ]
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robot 2
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‘ 221

robot 1

2

Final map
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Hierarchical SLAM
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e Global level: adjacency graph and relative
stochastic map
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e | ocal maps:

- B 7 i B B
B_ | | .p.— :
S YN R B
L XFn - | P nR P nF’n

e Global relative map:

fﬁ: Xz'

Block diagonal
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Find a common reference
between maps | and |
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v

Change base reference of
map i to F.
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Join maps | and |.
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e Global relative map before loop closing:

: 0] O O
- | ®Ru1|. 510 Py 0 O
X=1"71"P=10 0 . o0
| X | 0O 0 Pj
o After loop closing:
o . 0 0O 0 O0°
Xit1 0 f;z'+1 Pit145 0 0
X = Xz’j , P = O P?ﬂ-l—l,?lj Pz’j O O
: O 0 O .0
I X . | O 0] 0 0 P, |
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20+

-40

-00 -

-100
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e Minimize corrections to the global map, subject to
the loop constraint:

min %(x ~TP1(x — %)
h(x) =20
e Sequential Quadratic Programming (SQP) :

oh
59){1

oh

ii 8X2

oh

)fi@ 8X’n,— 1

oh

. Ox A.]
X; VX

-

P,

-1
Py — PoH/ (H,PoH] ) H,Py

. . 1. ~1
%41 = % — P;Pg1 (% — %o) — PoH/ (H;PoH/) b

» Iterate until convergence
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e A more efficient version:
~ - —1 . - ~
%;41 = Xo+PoH] (HPoH]) ~ (H; (% — Xo) — hy)

» Iterate until convergence

o Complexity:
- P, is block diagonal
- H; is sparse with nonzeros only for the maps in the loop

— The iteration is linear with the number of maps in the
loop

e Convergence:
— Converges in 2 or 3 iterations (for loops around 300m)

@ — For bigger errors, may it converge to a local minimum ??
UNIVERSIDAD DE ZARAGOZA 5007439 (292)




e Generalization to closing several loops
simultaneously:

hj(x) =%, ®X, & - &, ; X, =0

?’Lj—l

5007439 (293)



e We could impose the loop constraints using an
imprecise measurement function:

Zz= h(x) + w=0

e With Covariance:

‘P, 0 - 0
P, =Cov(w) = O P:ZQ ' 0
0 0 - Py |

e Estimated errors in closing the loops:
- hy(X)
h(z) = | 22

i hz(.fi) |
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e Jacobian of the measurement function:

oh
8X1

oh

ii 8X2

oh

)fg‘ 8X’n,— 1

oh

. OX A.]
x; X

|

o [terated EKF equations:

—1
P; = Po—PoH/ [HPoH] +P:| " H;Pg

. . 1. 1 _
Xj+1 %; — PPy (X; — Ro) + PoH{ (H?:POHZT + Pz) (Z - hi)

e With exact loop constraint, z = 0 and P, = 0, IEKF
Is equivalent to nonlinear optimization with SQP
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e ExXperiment

f'

ZE

G T
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e Local maps, first robot
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e Local maps, second robot
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e Local maps, third robot

-100 -80 -60 =40 =20 0
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e Imposing loop constraint:
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e Second robot
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e Third robot
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Results in less than 1s

C. Estrada, J. Neira, J.D. Tardds, Hierarchical SLAM: real-time
accurate map-ping of large environments. To appear in the IEEE
Transactions on Robotics



EKF-SLAM is only consistent for:

— The linear case (1D robot )
— Small scale maps (< 100m)

Inconsistency only becomes evident if:
- Ground truth is available
— Trying to close a big loop (> 100m)

The consistency problem appears before the
computational complexity problem !

Hierarchical SLAM has a robust, stable and
local parametrization that allows to efficiently
maintain loop consistency for large loops
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Loop 30m Loop 300m Longer loop

EKF-SLAM weak --- ---
Nearest Neighbor inconsistent

EKF-SLAM very good --- ---
Joint Compatib. inconsistent

Map Joining excellent weak ---

Joint Compatib.

Hierarchical SLAM overkill excellent future work
Relocation
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J.D. Tardds, J. Neira, P. Newman, and J. Leonard. Robust Mapping and
Localization in_Indoor Environments using Sonar Data, Int. J."Robotics
Research, Vol. 21, No. 4, April 2002, pp 311 =330

e J.A. Castellanos, ]J. Neira, ]J.D. Tardos, Limits to the Consis_tencyﬁ_of EKFE-based
SLAM, 5th IFAC Symposium on Intelligent Autonomous Vehicles, Lisbon, July 2004.

e C. Estrada, J. Neira, J.D. Tardds, Hierarchical SLAM: real-time accurate mapping
of large environments. To appear in the IEEE Transactions on Robotics

e Grimson, W. E. L., Object Recognition bl% Computer: The Role of Geometric
Constraints, The MIT Press, Cambridge, Mass.,

e José A. Castellanos and Juan D. Tardds, Mobile Robot Localization and Map
Building: A Multisensor Fusion Approach, Kluwer Ac. Pub., Boston, 1999

J. Neira and J.D. Tardgs, Data Association in Stochastic Mapping Using the Joint
ggp%atlgl(l)w Test, IEEE Trans. Robotics and Automation, vol. 17, no. 6, pp. 890-
, Dec :

e P.M. Newman, J.]. Leonard, J. Neira and J.D. Tardds: Explore and Return; )
Experimental Validation of Real Time Concurrent Mapping and Localization.
IEEE Int. Conf. Robotics and Automation, May, 2002.

. Neira
0031

[}
(-

J.D. Tardds, J.A. Castellanos, Linear time vehicle relocation in SLAM.
EEE Int. Conf. Robotics and Automation, Taipei, Taiwan, May, 2003.

N

e D. Ortin, J. Neira, J.M.M. Montiel, Relocation using Laser and Vision. 2004 IEEE
Int. Conf. Robotics and Automation, New Orleans, USA, April, 2004.
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1st Summer School 2002, Stockholm

http://www.cas.kth.se/SLAM/

2nd Summer School 2004, Toulouse

http://www?2.laas.fr/SLAM/

3rd Summer Schhol 2006, Oxford

http://www.robots.ox.ac.uk/~SSS06/

5007439 (307)


http://www.cas.kth.se/SLAM/
http://www2.laas.fr/SLAM/
http://www.robots.ox.ac.uk/~SSS06/

IVERSIDAD

DE ZARAGOZ

Directed Sonar

Sensing for Mobile
Robot Navigation

John J. Leonard
Hugh F. Durrant-Whyte

DIETER FO

Kluwer Academic Publishers

MOBILE ROBOT
LOCALIZATION

Autonomous

Maobila Robots

BUILDING it

A Multi

5007439

(308)



	UZ – Robotics Group
	Recent Projects
	Recent Projects
	Current Projects
	PhD course 5007439
	Timetable
	Reading List
	INDEX
	Mobile Robots
	Mobile Robots
	Mobile Robots
	Perception-Decision-Action Loop
	Sensors for Mobile Robots
	Sensors for Mobile Robots
	Internal sensors: Odometry
	Odometry
	Odometry
	Odometry: Limitations
	UMBmark
	UMBmark
	External sensors: Laser
	Feature extraction for Laser
	Split and Merge
	Problematic case
	RANSAC (Fischler y Bolles, 1981)
	RANSAC
	RANSAC
	Laser
	RANSAC solution
	External sensors: Sonar
	Sonar
	Move and build a local map
	Sonar Model for Lines
	Hough Transform
	Sonar Model for Points
	Hough Transform
	INDEX
	2. Localization and Mapping
	Probabilistic view-point
	Gaussianity assumption
	A Simple Example
	Kalman Filter
	1D Kalman Filter
	1D Kalman Filter
	1D Kalman Filter
	Localization using Odometry
	Robot Odometry: Example
	Robot Odometry: Example
	Odometry
	Odometry
	3. Map-based Localization
	Map-based Localization
	Environment Perception
	Kalman Filtering
	Kalman Filtering
	Bounded Robot Error
	Real Example: MACROBE
	Robot Localization
	Robot Localization: Laser points
	Robot Localization: Vision
	Multisensor Robot Localization
	Multisensor Robot Localization
	 The need for SLAM
	4. SLAM
	SLAM
	SLAM
	SLAM: EKF approach
	SLAM: EKF approach
	Transformations in 2D
	Transformations in 2D
	Transformations in 2D
	Map Features in 2D
	EKF-SLAM: Robot Motion
	EKF-SLAM: Robot Motion
	EKF-SLAM: Robot Motion
	EKF-SLAM: Robot Motion
	EKF-SLAM: Feature Observations
	EKF-SLAM: Feature Observations
	EKF-SLAM: Adding features
	EKF-SLAM: Adding features
	EKF- SLAM step by step
	Important SLAM Properties
	Odometry
	Exploration
	Revisiting (Loop closing 30m)
	The Importance of Correlations
	Real-time SLAM
	Real-time SLAM
	Real-time SLAM
	Outliers
	Persistent Features
	Map Management
	Large-Scale SLAM
	EKF-SLAM properties
	The Consistency Problem
	Consistency Testing
	EKF-SLAM: Real Example
	EKF-SLAM: Real Example
	EKF-SLAM: Analytical Linearization
	EKF-SLAM: Low observation noise
	EKF-SLAM: Low observation noise
	EKF-SLAM: High observation noise
	EKF-SLAM: High observation noise
	Unscented SLAM: Idea
	Unscented SLAM
	Unscented SLAM: p2c
	Unscented SLAM: Example (1)
	Unscented SLAM: Example (1)
	Unscented SLAM: Example (2)
	Unscented SLAM: Example (2)
	Conclusions EKF vs UKF
	Asociación de datos�para SLAM continuo, �cerrado de bucles y�relocalización��
	Outline
	1. Introduction
	The basic EKF-SLAM algorithm
	EKF-SLAM
	Without loss of generality...
	Without loss of generality...
	Without loss of generality...
	Without loss of generality...
	Example: SLAM in a cloister
	The Data Association Problem
	The Correspondence Space
	Why data association is difficult
	Why data association is difficult
	Why data association is difficult
	How important is data association?
	Why it’s difficult?
	Importance of Data Association
	2. Feature Extraction
	Feature extraction: Laser
	Split and Merge
	Split and Merge
	Split and Merge
	Split and Merge
	Split and Merge
	RANSAC
	Alternative: RANSAC
	RANSAC
	RANSAC
	RANSAC for 3D planes
	Sonar
	Move and build a local map
	Sonar Model for Points
	Hough Transform: Corners
	Sonar Model for Lines
	Hough Transform: Lines
	Hough Transform
	Hough Transform
	3. Data association in continuous SLAM
	Individual Compatibility
	Nearest Neighbor
	The Fallacy of �the Nearest Neighbor
	Joint Compatibility
	Joint Compatibility Branch and Bound
	The Fallacy of �the Nearest Neighbor
	SLAM without odometry
	SLAM without odometry
	SLAM without odometry
	SLAM without odometry
	SLAM without odometry
	Continuous data association
	Map tessellation
	4. The loop closing problem
	Why we do SLAM
	Dead-reckoning, moving forward
	Bad news…
	Good news!
	Loop closing in EKF-SLAM
	Loop closing
	Nearest Neighbor
	Joint Compatibility at work
	Loop closing in mosaicing�use first
	Loop closing in mosaicing:�use Last
	The loop closing problem
	The loop closing problem
	The loop closing problem
	The loop closing problem
	The loop closing problem
	5. The Global Localization problem
	Global Localization
	Problem Definition 
	Problem Definition 
	Global Localization algorithms
	In correspondence space
	No vehicle location
	No vehicle location
	Locality
	Algorithm 1: Geometric Constraints �Branch and Bound (Grimson, 1990)
	Algorithm 2: Maximum Clique
	Algorithm 3: Generation Verification
	Algorithm 4: RANSAC
	Experiments
	Experiments
	In configuration space
	In Configuration Space:�RANDOM sampling 
	Alternative 1: �location-driven
	In Configuration Space:�GRID sampling 
	Voting in configuration space
	Alternative 2: �pairing-driven
	Results
	Computational Complexity  
	Conclusions
	6. Appendix
	Map Features in 2D
	Vehicle motion in 2D
	Odometry in 2D
	Sensor measurements
	The basic EKF SLAM Algorithms
	EKF-SLAM: Observations
	EKF-SLAM: compute robot motion
	EKF-SLAM: compute robot motion
	EKF-SLAM: Observations
	EKF-SLAM: Observations
	EKF-SLAM: Data association
	EKF-SLAM: Observations
	Data association
	EKF-SLAM: map update
	EKF-SLAM: map update
	SLAM en entornos grandes. �SLAM multivehículo�
	INDEX
	1. Limitations of the basic EKF SLAM algorithm
	The scaling problem
	The EKF SLAM algorithm
	The prediction step
	EKF SLAM prediction
	Adding new features
	EKF SLAM: add new features
	The update step
	EKF SLAM: map update
	The innovation matrix
	The innovation matrix
	The Kalman gain matrix
	The covariance matrix
	Efforts to reduce complexity
	Are correlations necessary?
	The importance of Correlations
	The importance of Correlations
	Inverse correlations
	The linearization problem
	Consistency of EKF-SLAM
	EKF-SLAM: Robot Motion
	EKF-SLAM: Map Update
	The Consistency Problem
	Consistency Testing
	EKF-SLAM: Real Example
	EKF-SLAM: Real Example
	EKF-SLAM: Simulation
	EKF-SLAM: Simulation
	EKF-SLAM: Covariance
	Overcoming these problems:�Local maps
	Local map building
	Local map building
	Independent Local Maps
	Map Joining
	Map Joining
	Map Joining
	Map Joining: Example
	Map Joining
	Matching and Fusion
	EKF updates
	Map Joining
	Map Joining
	Local map size
	Map Joining closes the loop!
	Local map size
	Local map size
	Local map size
	Multivehicle SLAM
	Multirobot map building
	Multirobot map building
	Multirobot map building
	Multivehicle SLAM
	Hierarchical SLAM
	Hierarchical SLAM
	Hierarchical SLAM
	Loop closing
	Loop closing
	Loop closing
	Hierarchical SLAM
	Imposing loop constraints
	Nonlinear constrained optimization
	Nonlinear constrained optimization
	Nonlinear constrained optimization
	Solution 2 (for EKF fans)
	Iterated Extended Kalman Filter
	Multivehicle SLAM
	Experiments
	Experiments
	Experiments
	Hierarchical SLAM
	Hierarchical SLAM
	Hierarchical SLAM
	Hierarchical SLAM
	Conclusions
	Conclusions
	Recommended Readings
	INFORMATION
	BIBLIOGRAPHY

