3. The Data Association Problem

R%TICS 62623 SLAM, J. Neira




Outline

1. Introduction:
Why data association is important in SLAM, why
it's difficult

2. Data association in continuous SLAM
3. The loop closing problem
4. The global localization problem

5. Appendix

UNIVERSIDAD DE ZARAGOZA

62623 SLAM, J. Neira <2




1. Introduction
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Example: SLAM in a cloister

Ny e s
1. o1 —

» Red dots: environment features (columns)
» Black line: robot trajectory
» Black semicircle: sensor range
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Without loss of generality...

e Enviroment to be mapped has more or less
uniform density of features
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Without loss of generality...

e Enviroment to be mapped has more or less
uniform density of features
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Without loss of generality...

e Onboard range and bearing sensor obtains m
measurements
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Without loss of generality...

e VVehicle performs an exploratory trajectory, re-
observing r features, and seeing s = m — r new
features.

R%Tlcs 62623 SLAM, J. Neira
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The basic EKF-SLAM algorithm
Environment information related to a set

of elements:
F:{B, R, F]_, ...,Fn}

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

EKF-SLAM

Algorithm 1 SLAM:
x = 0; P§ = 0 { Map initialization)}

[zo, Ro] = get_measurements
[x, PF1 = add_new_features(x§, P¥, zo, Ro)

for k =1 to steps do

R" ', Q] = get_odometry
R
[XAIA 1) Pﬁk ] = compute_motion(x? ,, Py ,, Xp' ™', Qi) {EKF pre-
diction }

[z, R;i] = get_measurements

Hp = data_ asqoma,tlon(xflk 15 PA|L 1s Zks Ry)

[xk : PE] = update_ma.p(x,ﬁk_l, Pk|k—1‘ zi, Ri, Hi) { EKF update}
[xP, PP]

a.clcl_new_features(xf . PL?. zi., R, Hi)

end for

i
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62623 SLAM, J. Neira 10



Map Features in 2D

r2 ] Points:
Yo
A Ao B _ | 31+ 22C05¢1 —yoSing;
P BOxXp = y1 + 2o Sin ¢1 + yo COS Py

A _Br _ |1 0 —zosingy —yscospy
Jig{xp, Xp} = |0 1 22C0S¢1 —y2Sing;
[ cos¢py —singy ]

Singpy COS ¢y

A _B
Jogi{xp, xp}

Lines: xr =y, |
x1 COS (¢p1 + 02) + y1 Sin (¢1 + 62) + po

Xf} = X’é@Xf = b1 + 0o
T ixA g By — | €05(¢1402) sin(p1+62) —zisin(p1+ 02) +y1cos(¢1 +602) |
1e{xp.xr} = 0 0 1
Toe{xfh xB} = (1) —x1Sin (¢1 + 62) il_ Y1 COS (¢1 + 62) ]
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Sensor measurements

e In polar coordinates: e In cartesian coordinates:
Y T = dcos¢
A j = dsind
x = f(p)
i i (‘89:13 gaj ]
i = | 94 9¢
i J = | 5y by
: | 0d 0¢ |
pu -
v T
_ S~ T x = (&, y)
P — (dv ¢) 2
. 2 2 P — O-CU O'gjy
Pp = diag(oy, 03) X Ty 05

' 62623 SLAM, J. Neira 2




The basic EKF SLAM Algorithm

OBSERVATIONS at step 1: 8
25¢

151

05t //’:;

~—~—

Sensor measurements
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EKF-SLAM: Observations

Observations at instant k:

Zk;i with 1= 1...s

Measurement equation: Sensor model (white noise):
z;, = h.(xP)+w -
" hy; ] Z
h;j.l Elwyw!] = &Ry
— 72 :
by, : E[wkva_ =0
L ths

R%TICS 62623 SLAM, J. Neira 1




B
( XRk; \ xB B
XIJ_? 5 Fi g F1 g
XkB == _1’k = Xk‘+ == : p— :
oW o i
X SR R
F. . B B
9 X .
\ Fn—l—l,k / \ XRk; D 2 /‘

Linearization:
ka+ ~ X4+ Fk(XE — ik;B) + Gp(z; — %)

PP = F P FL + G RG],

Where:
B I 0 --- 0 . 0
oxP 0 0 I oz o
Jig {igk, ZZ} 0 -0 Jog {XRk, zz-}

R%TICS 62623 SLAM, J. Neira 15
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PB = PRFl P:Fl P r,
T
\PRFn PFan Pg, )
[ Pp Prr, ... Pgrp, PRI \
T T T
PRFl Pry - Prp, PRFlJ 1
PP, =
L+
T T T
Pre,  Php o Pmo ?_B_Ed 19
\'J1ePr J1aPrr, - J1aPrp, '31@PRJ1@+J2@RkJ '

___________________________.l
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EKF-SLAM: add new features

MAP at Step 1, features: 8, algorithm:
25F

Tl

05f /)/?
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EKF-SLAM: compute robot motion

MAP at Step 2, features: 8, algorithm:
06F
0.4t é/
02F
o[>
02F \

04t
1
1.2

06

1 1 1 1 1 1
-0.2 0 0.2 0.4 06 0.8 1
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Vehicle motion in 2D

L1 o
Xéz{yll ng{yzl
1 ®2

Composition:

A

X0 :Xé@xg = | y1 + x>Sin 1 4+ y> COS P71

b1+ @2

x1 + x2COSP1 — Y2 SiN @1 ]

Inversion:
—11 COS 1 — y1 SiN @1 ]

xﬁ = @xé = { x1SiN ¢ — y1 COS Pq

—¢1

R%Tlcs 62623 SLAM, J. Neira 1o




Odometry in 2D

Jacobians:
o (x4 @ xB (1 0 —x5SiNgp1 — yoCOS Py
B Y XC .
Jia{xp, X0 = (8 v ) = |0 1 x3C08¢1 —yoSing;
XB (x4,%B) |0 O 1
o (x4 @ xB COS¢p1 —sSing; O
B D XC .
Joa{xp, X0} = ( o ) = | sing; Cos¢; O
C (iﬁ,ig) 0 0] 1
A 5, (@x‘é) —COS¢1 —sSingy —>1SIN$1 — Y1 COSPy
Je{xp}t = A = | Sing; —COS¢1 x1COSP1 +y1SiNg;
XB (%) 0 0 —1

62623 SLAM, J. Neira 20
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EKF-SLAM: compute robot motion

B _ _B Rp_1
XRy — XRy_q D %Ry,

Odometry model (white noise):

XR, = Xp, + Vi
E[Vk] = 0
T _
Elvpv;] = 0;Qq
EKF prediction:
' %8B gl-1
- 2B @iRk—l . Jig {ka_l, Xp, } 0 0
Ri_q Ry, F, = 0 :
~ B . XE 5
Xplk—1 — 1k-1 0 1
H r R ,\R _ ]
)’Eg J2e {ng—f XR]J: 1}
i m,k—1 i Gk . 0
B T T
= FpPp_1F, + GrQiGy :

62623 SLAM, J. Neira 2




B
Prr—1=

UNIVERSIDAD DE ZARAGOZA

B _ PRF1 Pp Fy by
k—1lk—1 = -
\PRFn PFan P, )
(10PrIl + J20Quls T10Prry - J10Prr,
T

62623 SLAM, J. Neira
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EKF-SLAM: Observations

OBSERVATIONS at step 2: 4

08}

06F

04f /

02F

02F

0.4 \
06 F
1 1 1 1
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EKF-SLAM: Observations

Observations at instant k:

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

Hlﬂ — [jlv j27" '7j3]

Measurement equation: Sensor model (white noise):
z;, = h.(xP)+w -
" hyj, :
hlj.l Elwgwl] = &Ry,
h, = 272 T _
| hsjs
ROBOTICS
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EKF-SLAM: Data association

JCBE:: 2400
25¢

151

1z =

ot |>
" @ K
1 1 1 1 1
15 4 05 0 05 1 15 2
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EKF-SLAM: Observations

Linearization:

7~ hp(Rplp_ 1) + Hp(x — Kpjp_1)
oh
& (Xk|k—1)
o, o~ O b, = Oy
il A
klk—1 klk—1

R%Tlcs 62623 SLAM, J. Neira 2




Data association

Innovation:
Vi = Zj, — Z},
Cov(v,) =HPPHL +RL
Mahalanobis distance:
D? = I/ZCOV(Vk)_ll/k ~ Xg

where r =dim(vy,)

Hypothesis test:
D? < x2, = 1z, compatible with z

where a = 0.05 (common)

R%TICS 62623 SLAM, J. Neira 2




EKF-SLAM: map update

State update:

ikB — ik|k—1 + Kk(zk - hk(ilﬁk_l))

Covariance update:

P = (I-KHp)Pf, 4

Filter gain:

K, = Pﬁk_lﬂf(HkPﬁk_lﬂerRk)—l

R%TICS 62623 SLAM, J. Neira 2




EKF-SLAM: map update

MAP at Step 2, features: 10, algorithm:
25+

151

e

05F
S
1.5
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The Data Association Problem

- n map features: F=AF1...Fn}

e m sensor measurements: ¢ = (&1 Em}

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

Ei/\F Js

Ji =0
Non matched observations:
ROBOTICS 62623 SLAM, J. Neira 30




The Correspondence Space

Interpretation tree
(Grimson et al. 87):

OO
ol T
E> LG 2
S
...... A

Green points: measurements
Blue Points: predicted features

(n 4+ 1) possible hypotheses

ROBOTICS 62623 SLAM, J. Neira 3




Why data association is difficult

e Low sensor error e High sensor error
00
H®® \
®®
® e

N

¢ ¢ A X\A
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Why data association is difficult
e Low odometry error e High odometry error

®® ®H®
@D B B S
= S

® @ @
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Why data association is difficult
e Low feature density e High feature density

gl

|\ “»?‘" |
AR
NN
e )
NI eis
\

i

WSy

>
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How important is data
association?

DI B

A good algorithm A bad algorithm

R%Tlcs
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Why it’s difficult?

A good algorithm A bad algorithm

!R%Tlcs 62623 SLAM, J. Neira 3¢




Importance of Data Association

e EKF update:
Values that depend on | H .,

~B A
X = Xpjp—1 & Kk

P = (I - KyHy)Py
K = Py Hy (H Py, Hy +Ry) ™

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

error: X — X

covariance: P

ﬁ) Consistency
OISOl 62623 SLAM, J. Neira




2. Data association in continuous
SLAM

R%TICS 62623 SLAM, J. Neira 3




Individual Compatibility

e Measurement equation for observation E; and

feature F;
B Elwiw/] = R;
z; = hi(x")+w; o
= ~ L = Y
z; =~ hi(R7) +H(x” - x7) Hij = 5xB (B)
* E; and F, are compatible if:
D@'Qj = (z; — hij(iB))TPi—jl(Zi ~h (%)) < Xg,a
P,; = H;;P’H/, +R, d = length(z,)

/
UNIVERSIDAD DE ZARAGOZA
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Nearest Neighbor

Algorithm 2 Individual Compatibility Nearest Neighbor ICNN (E1....., F1....)

for i = 1 to m do {measurement E;}

D2

min

«— mahalanobis2 (E;, F})

Greedy algorithm: O(mn)

nearest « 1

for j = 2 to n do {feature F;}
D?j « mahalanobis2 (E;, F})
if D?j < D?

., then

nearest < j
2 2
Dmin ’_ Dw’j

end if

end for

o B 9
if Dy, < Xd, 1—a then

H; «— nearest

else
H; — 0
end if
end for
ﬁ return H
ROBOTICS 62623 SLAM, J. Neira 4
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The Fallacy of
the Nearest Neighbor

D&

Unrobust

62623 SLAM, J. Neira 4+



Joint Compatibility

e Given a hypothesis H = [j1, j2, "+, Js]
e Joint measurement equation

2y = hy(x”) 4+ wy
hyj,

hy = h2:j2
i hsjs

e The igint hypothesis i% cc%mp?tible if: 5 .
D'H — (ZH — hH(i )) C,;( (Z’H — hH(i )) < Xd,o
CH — HHPBH% —+ RH d = length(z)

UNIVERSIDAD DE ZARAGOZA
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Joint Compatibility Branch and Bound

e Find the largest hypothesis with jointly consistent pairings

procedure JCBB (H, i): -- find pairings for observation E;
if i > m -- leaf node?
if pairings(H) > pairings(Best)
Best = H
fi
else

for j in {1...n}
if individual compatibility(i, j) and then
joint _compatibility(H, i, j)
JCBB([H j1, i + 1) -- pamring (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

fi .
ﬁ) where there is
ROBOTICS 62623 SLAM, J. Neira 4
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The Fallacy of
the Nearest Neighbor

the Joint Compatibility Test IEEE Trans. Robotics and Automation,

ﬁ) J. Neira, J.D. Tardos. Data Association in Stochastic Mapping using
ROBOTICS \/|. 17, No. 6, Dec 2001, pp 890 -897




SLAM without odometry

e No estimation of the vehicle motion

R%TICS 62623 SLAM, J. Neira 4




SLAM without odometry

el

"
Assuming small motions

\ .,
‘ 9\
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SLAM without odometry

I

Data association using Joint Compatibility

3 .,
~ A

& 62623 SLAM, J. Neira  #




SLAM without odometry
/

\ —

Vehicle motion estimation

debnee

AAAAAAAAAAAAAAAAAAAAA
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SLAM without odometry

62623 SLAM, J. Neira 4



Continuous data association

VA
/ﬁﬁ‘:wz%
{ v o @

\

|

ndividual compatibility is O(nm) = O(n)
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Map tessellation

V% -

| 1 T <5
)

\
AR
_—ﬂ"/

Individual compatibility can be O(17)
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4. The loop closing problem

R%TICS 62623 SLAM, J. Neira 52




Why we do SLAM

ﬁ) Dead-reckoning drift
ROBOTICS 62623 SLAM, J. Neira 53




Dead-reckoning, moving
forward

Vehicle error in x (m) Vehicle error in y (m)
1 4
0.5 2
0 0
-0.5 -2
-1 . . ; -4 . . ,
0 50 100 150 0 50 100 150
Vehicle error in theta (deg) X 10'3 sqrt(det (P))
4 2
2 1.5
0 1
-2 0.5
-4t L L , 0! . . ,
0 50 100 150 0 50 100 150

R%TICS
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Bad news...

@ Uncertainty still grows!
62623 SLAM, J. Neira s
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Good news!

12

2T 3 8 8 & & B
A
b -3 %388 8
had ®
8 s @
[29]
®
& ““ ®
4 ¥ ®
¢
2 ++ “
¢
'zztxtt““
tjitt##
. .

"2

Loop closing reduces uncertainty!
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Loop closing in EKF-SLAM

Vehicle error in x (m) 1 Vehicle error in 'y (m)
1
0.5 0.5
0 ot
-0.5 -0.5
1 0 éO 4.10 60 K 0 .20 l.IO .60
Vehicle error in theta (deg) x10" sqrt(det(P))
10 8
5 6
0 4
-5 2
K 0 .20 ;IO 60 OI0 .20 40 60
Loop closing reduces uncertainty!
’R%TICS
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demo_sonar

Loop closing

R%TICS 62623 SLAM, J. Neira 58




Nearest Neighbor

Individually
compatible
pairings

N
T

|
R%Tm Wrong answer!
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Joint Compatibility at work

Jointly
compatible
pairings <

R%TICS 62623 SLAM, J. Neira ©o




Loop closing in mosaicing
use first

Joint work with R. Garcia, University of Girona
Co.

62623 SLAM, J. Neira s
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Loop closing in mosaicing:
use Last

Sequential mosaicing is a form of odometry

ROBOTICS 62623 SLAM, J. Neira &2
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The loop closing problem

e Loop beginning e Loop end

e -g T
g

'~!
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The loop closing problem

MAP at Step 95, locations 95, features: 20

amo | o= .
-350 .
300 F —
-250 |
-200
-150 +
-100
MAP at Step 290, locations 290, features: 20
50tk
-600 -
0 \
u} A
-500 -
-400 - 73
-300 - =
-200
-100 -
0 -

-700 -600 -500 -400 -300 -200 -100 0

62623 SLAM, J. Neira ¢4
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The loop closing problem

-15¢-
-10¢-

-50

50-
10C
150

200

E Measurements (red) and predicted features (blue)

62623 SLAM, J. Neira ¢5
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The loop closing problem

e Individual compatibility e Joint Compatibility

=0 50
/;{!J"‘
o p o * .
50r o . \ . °
1 1 '. ‘\. ., .. | "

62623 SLAM, J. Neira ¢
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The loop closing problem

MAP at Step 290, locations 290, features: 34

TYIO oy
-600
-500

o,
i+
400 F tﬂi

;F B

300t W e
om0k
o0k
D -

-f00  -60O0O 500  -400  -300  -200  -100 0
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4. The Global Localization
problem

R%TICS 62623 SLAM, J. Neira ¢




Global Localization
e Robot placed in a previously mapped environment

60
40
. °
o ° .
20 ¢ . . *
. o ® ’ e * L
. L
.9 . L . * L]
0 - Y ° ® °
° ® e o @ ® * o .
' ¢ ® e * e v . Y
=20 o . - [
A T
40 f ) . e .0 .
@
°
®
—60 F o o t
f; = (x;, y;)
_80 -
—-80 —-60 —-40 -20 0 20 40 60 80 100
R%TICD 69
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Problem Definition

e On-board sensor obtains m measurements:
Z={z1,...,Zm}

Observations: 16
80

60
40

20 . ¢

A®° ’
0
-80 -60 -40 -20 0 20 40 60 80

@ http://www.acfr.usyd.edu.au/homepages/academic/enebot/victoria park.htm
ROBOTICS 62623 SLAM, J. Neira




Problem Definition

Observations: 16

60 [
40 + o 40
‘e L4 20 ’.
° » . ‘o
20 - ® [ . * d ° ‘ o./\ °
. o ® ‘ ¢ -80 -60 -40 -20 0 20 40 60 80
. o ® . . .. . * . ° .
0; ® e o O °* . L hd . .
. ° . L4 [ J
-20 - . . .. ¢ ®
® . ® o ° ° o % .O‘
a0} o oo oo . e Twofold question:
o . ® — Is the vehicle in
—-60 *
the map?
—80 F - If SO, Whel‘e7
—-80 —-60 -40 -20 20 40 60 80 100

R%TICS

UNIVERSIDAD DE ZARAGOZA
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Global Localization algorithms

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)

& 62623 SLAM, J. Neira 72




In correspondence space

R%TICS 62623 SLAM, J. Neira 7




No vehicle location
e Unary constraints:

pij = (Ei, Fj)7?

depend on a single matching (size, color,...)

~-Trees: t k diameter
O~ &
S

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

g m constraints
ROBOTICS 62623 SLAM, J. Neira 7




No vehicle location
e Binary constraints:

pij = (&, F;)7
prl = (B, F1)7?

900
800
700
600
500
distances between 400}
300

200 [

100

0 100 200 300 400 500 600
m(m — 1)

62623 SLAM, J. Neira 75
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Locality

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

. . $ ,
5 i
1
a E | ! -
[ i '
; !
................................... —
I j 70 A A L L L L
0 10 20 30 40 50 60 70
nz =755
L

s rL Covisibility
! matrix

- Limit search in the map to subsets of covisible features

Locality makes search linear with the global map size
ROBw I S 62623 SLAM, J. Neira 7




Algorithm 1: Geometric Constraints
Branch and Bound (Grimson, 1990)

procedure GCBB (H, 1):
if i > m -- leaf node? ;
if pairings(H) > pairings(Best) -- did 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;, Fj) accepted
fi
rof
if pairings(H) + m - i > pairings(Best)
GCBB([H 0], i + 1) -- try star node

62623 SLAM, J. Neira 77



Algorithm 2: Maximum Clique

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

B3 (23

& er
B, (32
Carrahan, Pardalos (1990) \Q

ROBOTICS 62623 SLAM, J. Neira 7




Algorithm 3: Generation Verification

procedure GV (H, i): g
if 1 > 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)

fi

rof R e

if pairings(H) + m - i > pairings(Best)Flﬁ2 Fn
GV([H 0], i + 1)

fi

VIOHIELITITEEYY

fi
B(DTICS

ERSIDAD DE ZARAGOZA
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Algorithm 4: RANSAC

procedure RS (H, i):

if i >m

 if pairings(H) > pairings(Best)

Best = H

O fi

elseif pairings(H) ==

 estimate_location_(H) § /
if joint compatibility(H) | Fy I o)

JCBB(H, i) -- hypohtesis verification
- fi |
else -- bTanCh(MMibOUHdYUﬁhOUtShM“ﬂOd@

for j in {1...n} | >
if unary(l j) A binary(i, j, H) <jn ......
. i+ 1) s € &2

| RSC[H jl, Pyt ook

62623 SLAM, J. Neira &




Experiments

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

-

i -s— GCBB

mean time .vs. m

ﬁ 3 7 8 ® 10 1 12 13 14 1
ROBOTICS 62623 SLAM, J. Neira &




Experiments
4. When the vehicle is NOT in the map:
random measurements, 100 for each m=3..30

101

ot | —— MAXCLI
s | —— RS

mean time .vs. m 4

0 5 10 16 20 25 30

IEEE Int. Conf. Robotics and Automation, Taipei, Taiwan, May, 2003

J. Neira, J.D. Tardds, J.A. Castellanos, Linear time vehicle relocation in SLAM.
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In configuration space
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In Configuration Space:
RANDOM sampling

e Consider s randomly chosen vehicle locations
hypotheses:

x = (z,y, ¢)'

80
i B0
r € [Timin, Tmax]
- a0t _
Y € |Ymin> Ymax) = e *
[ 20 . . . o' = LI
¢ € [bmin: Pmaxl] E . {aTv[.: 03[___9 = °
[ tn® e o © . Q'-.-__:. o et LT .
DQ ® ¢ olF ¢ & ** ° _® e e . ® ®
20 e . - ® e & @ . . [:[-!:'00 3 00‘
e Monte Carlo o o e e g s
. . [ A
Localization > . . S S
B0 ¢ )

-80

ﬁ -80 -BID -4|D -210 Ell 210 410 BID 810 1[110 1?1_‘0
ROBOTICS 62623 SLAM, J. Neira &




Alternative 1:
location-driven

e Consider each alternative in

turn
Algorithm 1 Loc driven:

votes = 0O
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
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In Configuration Space:
GRID sampling

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

x = (z,y, ¢)'
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Voting in configuration space

e Each measurement-feature pairing constrains the
set of possible vehicle locations:
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Alternative 2: pairing-driven

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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Results
— Resolution: 1.5m for x and y, and 19 for theta

oting Table with the maximum having 0 votes for 16 measurements
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Computational Complexity

Sensor Loc_driven Pair driven
Range and bearing | O(ng - ny - ng - m) O(n-m-ny)
Range-only O(ng -ny-ng-m-ng) | O(n-m-nyg-ng)
Bearing-only O(ng -ny-ng-m-ny) | O(n-m-ngy-nr)

e How do they compare?

Pair_driven n

. — — P
Loc _driven N - Ny

e Pair_driven is better in proportion to the
in the environment.

e Victoria Park: 18321 sg. m.,sample every 1.5m,

ﬁexpect pair_driven to be 82 faster.
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Conclusions

e Data association in SLAM: algorithms

based on some form of consensus
provide the best results

»Joint Compatibility
» RANSAC
»Hough Transform
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