4. The Scaling Problem
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1. Limitations of the basic EKF
SLAM algorithm
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The scaling problem
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The EKF SLAM algorithm

Algorithm 1 SLAM:

xg = 0; P§ = 0 {Map initialization}

[zg, Rop] = get_measurements

[xJ, PP] = add_new_features(x?, P?, zo, Ry)
for £ =1 to steps do

[XRk 1

, Q] = get_odometry

[0 1> Prx_1] = EKF prediction(x;’ ;, P, Xg: " Qr)
[z, Ri] = get_measurements

Hy, = data_association(xi, 1, Pily_1, Zr, Ri)

[x7, PP] = EKF update(xk‘k y Pk|k s Zk, Ri, Hg)

[XE, PkB] = add_new features(xk, Pk, Zr, Ry, Hg)

ﬁ end for
ROBOTICS 62623 SLAM, J. Neira
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The prediction step
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Jl@{

U ERSIDAD DE ZARAGOZA

B

EKF SLAM prediction

~B
Xklk—1

X
Fm,k—l

Pleo1 = FiPPaFp + GuQuGy

<1

XR_17 Ry

0

|

B
J2g {XRk—l’
0

0

<1
xR,

62623 SLAM, J. Neira 7
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PL P
B _ RF F Fi Fy,
Py k-1 = S y
T T
\ Prr, Pryn, Pp, )
[ 316PRrIT; +J26QIT, [ J16PRE .. J16PrE, )
T T
pB _ Jl@PRFl Pp -+ Ppp,
klk—1 =
T T T

EKF prediction is O(n)
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Adding new features
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B B
Xp X \
Ta (3
= Pk | o x| = ;- — .
B: Xgn,k Xgmk
\ XFn,k ) B

\ Xgn—l-l,k ) ( XR;, ©Zi )
Linearization:

XEJr ~ X+ T Fip(xi —%5) + Gz — 2;)

PP, =F,PPF| + G R, G|

Where:
5 1 0 0 5 0
Fk=8Xk+= 0 0 _szﬁkar: :
8ka 0 0 I | 0z; 0
0 .

\ Jis (=B .2} o - Jon (%5 . 2}
RngTICS 62623 SLAM, J. Neira 10

UNIVERSIDAD DE ZARAGOZA




EKF SLAM: add new features

T T R
[ Pp Prr, ... Prpg, PRIT.
T T T
. PRFl Pp PrF, PRFlJl@
T T T T
Prrp, Prr, - Pro Predie
\'\J16Pr J1ecPrr, - J1ePrp, 1J1oPrI1s + JooRyJIL,

e e e o e e e = e = = e w

Adding new features is O(n)
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The update step
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EKF SLAM: map update

m observations:

2y = hp(xZ) 4+ w
=B B =B
ik = hk(Xj:Mk—l) + Hy(x7, - X:Fk|k—1)
oh,
He = 8X§— B
¢ (X]:k|k—1)

. . _ pB T B T 1
Filter gain: Kr = Pp_1Hy (HpPp,_1Hp + Ry)

State update: i o1+ Kr(zp — hp(Xpj, 1))

. B __ B
Covariance update: Py = (I-KiHp)Py, 4

' 62623 SLAM, J. Neira 3




The innovation matrix

SA’, — Hk Pk’k‘_l HAT + Rk

rxXr rxn nxr nxr rxr

O(rn4) operations?

UNIVERSIDAD DE ZARAGOZA
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The innovation matrix

»
J

+R,
rxr

I
k

H;
txr

12222 022220000002020222222222222200002

P44 4299494444444 4429944 9499949449144

PP 4444444494444 9444440404044+

4444294494449 449444429942 944494914+

OOt d

D S S e e e e ad

DR eSSt e et S
D S S S e e

O(n) operations

O(rn)

15
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The Kalman gain matrix

nxr nxn txr rxr

D 2000000000000 0002222 P22222222¢ 0000000000
2 R0 00000222202 122222222 0000000000

P e 2 R S e e et ae e e e e b+

Pret ettt tete e

PPttt tt ittt et s

O(r’n) = O(n) operations

62623 SLAM, J. Neira 16



The covariance matrix

§2220008228¢

2220099222822222208020094
200000088860666600000000¢

nxr rxt nxn

O(rn‘4) = O(n?) operations

62623 SLAM, J. Neira 17



Efforts to reduce complexity

o Decoupled Stochastic . '(DBStpgnemeBS Knight.
L avidson ni
Fe eprngo Oe)onJaerrc]jS?er;td 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) 0(1) Filter (Williams 2001)
* Suboptimal SLAM e Map Joining (Tardos et. al,
(G(w}/ant and Nebot 2001) 2002)
Oo(n

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

e Sparse Extended

Information Filter
(Thrun et al 2003) O(1)

' 62623 SLAM, J. Neira 1




Are correlations necessary?

12
T 2 8B & 8 8 §
19 “ .3 3 3 8 8 §
- ®
D
8 o <
[ ]
- Y
§ . ®
®
4““ ®
" 'Y
“ w
®w
2 ¢ “‘
+4
tttttt““
G@*xtti

sigmas = sqrt(diag(Cov))' ;
‘E% Corr=diag(1./sigmas)*Cov*diag(1./sigmas) ;
62623 SLAM, J. Neira 1
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The importance of Correlations

Ignoring correlations, divergence!

62623 SLAM, J. Neira 20



The importance of Correlations

Frontal L ateral

N SETECTSEE

B Sy 3

N oo annene

,
X2t

ra

Angular * o

62623 SLAM, J. Neira 2



Inverse correlations

L oo
50 los
107

100
L dos
L dos

150
L do4
200 103
L o2

250

Im

This observation is the basis of SEIFs

50 100 150 200 250

R%TICS 62623 SLAM, J. Neira 22
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The linearization problem

UNIVERSIDAD DE ZARAGOZA
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Consistency of EKF-SLAM

e Nice properties of W
(Dissanayake et al. 2001): 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

e But SLAM is a non-linear problem
— The inherent approximations due to

linearizations can lead to
of the EKF
'

» see for example (Jazwinski, 1970)

62623 SLAM, J. Neira 2




EKF-SLAM: Robot Motion

B _ _B Ry _1
XR, — XRy_4 @XRk

Odometry model (white noise):

Rip1 _ SRp-1
XR, = Xp, + vy
E[Vk] = 0
7 _—
Elvpvi ] = 6;Qq
EKF prediction:
- - R
~B | Jq {sc X ’“—1}
Rk—l@ka DU Re—1” TRy,
Xplk—1 — LA ;
< B o SBik—1
L XFHL,I%—J. - Jz@ {XRk 1’ XRk }
B — B T T G, = 0
0

R%TICS 62623 SLAM, J. Neira 25
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EKF-SLAM: Map Update

Feature observations:

7z, = hp(xP) +wy

Z, = hk(ikBUg_l) + Hk(XkB — ik|k—1)
ohy,

8XB ~B
k (Xk|k—1)

H, =

EKF map update:

% = Rppo1 + Ke(ze — (& 1)

PkB — (I_Kka)P]ﬁk_l
Ty B T 1
Ky, = Py Hy (HP,_ H + Ry)

UNIVERSIDAD DE ZARAGOZA
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The Consistency Problem

True map value

/%
Xk

e An estimator is

W W1
E [Xk — Xk _

E|(xlV - =lV) (< - =)

EKF-SLAM
estimation

if:
0 Unbiased

The Mean Square

P, 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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Consistency Testing

1. Normalized Estimation Error Squared NEES
P2 — (W _ o\ (pW\TL (W oW
= (a0 —=t) (PY) (ot - =)

2 2
D= < Xr,l—q

2. Innovation test (observation i 2> map feature j)
~ T —1 ~

> 2
D7 < Xd1-a

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!




EKF-SLAM: Simulation

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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E KF_S LAM - Si mu Ia.| Perfect data association

and noise model

Environment {Absolute)

15 ’@ @_
A
10} @-@
QT
Al ey
i S
i FEFERTRIAED. .

62623 SLAM, J. Neira 32



EKF-SLAM: Covariance

— Error
— Sigma Experimental

1.5H — . Sigma Theoretical
-~
1F - "
PV
i T
0.
5 ft ,
=
S v
@
D
-0.
o ;;._».,‘:__ " . o .
N v A A g N ~N e ST
1F T e il
S — )

1
200

]
250

-2 1 1 1
50 100 150

Initial uncertainty = 0

o Errar
— Sigma Experimental
Sigma Theoretical ¥ -

200

1580

3
0

Initial uncertainty > 0

J.A. Castellanos, J. Neira, ].D. Tardds, Limits to the Consistency of
EKF-based SLAM, 5th IFAC Symposium on Intelligent Autonomous

Rgﬂ_l(’!ehlcles, Lisbon, July 2004
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Overcoming these problems:
Local maps

UNIVERSIDAD DE ZARAGOZA
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Local map building

e Periodically, the robot
starts a new map,
relative to its current

location:
~B .
XRO p— O
B —
PRO = 0

e Given measurements:

1
u pu— X
k Ry,

R%TICS

UNIVERSIDAD D

e EKF approximates the
conditional mean:

sB1 ~ Bj 1...kq 1...k1
[Xfl_EXfl'D ________ ’ H ________
t= 33.700s
1.4
T P2
'S4
04 y {
B1 y
¢ y N R1
-0.5 '
1F P1(\ yS3
1.5 y
) 1..5 1 o..5 0 6.5 1 1'.5 2 2..5 3 3:.5
62623 SLAM, J. Neira 36



Local map building
e Second map:Dkl"'l‘“k2 = {Uk1-|-1 2141 - - Uk, Z’fz}

e No information is
shared: |

pleki A pkitloka — ¢ o

Maps are uncorrelated | T R2_,
1 yS1 ..............................................
[ Common reference: 115 ......................................................

By = Ry

' 62623 SLAM, J. Neira




Map Joining
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Map Joining

e Given:
1. Two statistically independent stochastic maps
2. A common reference

UNIVERSIDAD DE ZARAGOZA
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Map Joining
e Conveys the information of the two maps into a
single fully consistent stochastic map:

Miys = (Rit+s Pits)

UNIVERSIDAD DE ZARAGOZA

62623 SLAM, J. Neira 40




Map Joining: Example

t= 48.492s

2 e s 28 e ]
By = Ry 3
1 1.5
1 5 1
0 T ™~ —
yB1 Yy ' VBZy R2 «
! ’ ) X
1 Y 09 SS] o
T PG |& ....................................... R I
18 % y A5
2 15 -1 05 0 05 1 15 2 25 3 35 2 15 -1 05 0 05 1 15 2 25 3 35
t= 48.492s 3 t= 48.492s
25 i ee— 25 —
1.9 1.9
1 P « 1 y
0k B1 4&1 ok y;%*
q y 2, { R2
0. -0.
y Y
4 'B\ I — 1 PL |§3 .
_u X X |
185 % y S3 S5 15 4 y
15 -1 05 0 05 1 15 2 25 3 35 %2 15 -1 05 0 05 1 15 2 25 3 35

J.D. Tardos, J. Neira, P.M. Newman and ].J. Leonard, Robust
Ma plng and Localization in Indoor Environments usuhg Sonar
ROBOTIC Pata, The_Int. Journal of Robotics Research, Vol. 21, No. 4, April,



Map Joining

o
A X %4 @ %!
e New state vector: Xjip5= ﬁ“g = i bo
~ A AB]'
Xy, DXp,

e New covariance matrix:

A _ JA+B pA tA+BT A+B pBj 1 A+BT
Pivs = Ja " Puty™ +J5 Py i
A A 1T
0 - Jig {iﬁi, scgé} 0

"A B 7 — H
J.A—|—B _ 8X-A‘|‘B_ I Jl AA- B
A T 85&:3 T _Jl | _0 Jl@{ Ay XBZn} 0

~ ~ - [ N B
. 8i§j | Jo | Jo = : & :

(© 0o o na{slsn )
ROBETIES Map joining is O(n,n,) on the maps = =




Matching and Fusion
e Matching function:

f;;.(x) =0
e Joint matching function for the hypothesis:
- f15,(x) ]
fH(X) — : ~ h'H + HH(X — )/E) =0
i fmjm(X) i

e Joint innovation test: _q
. T T .
D3, = hj, (HyPH},) “hy < x7,

e Map update using EKF:
Xk

P, = (I-KHy)Pp_,
_1
K, = Py_1Hj (HHPk—lﬂa)

Xp—1 — Kihy




EKF updates

Mean Time by Local Maps

0.4

=1 local maps

0.35

0.3

0.25

0.2

Time (seQ)

0.15

0.1

0.05

50 100 150 200 250
Steps

62623 SLAM, J. Neira



Map Joining

Mean Time by Local Maps

0.4

=1 local maps
2 local maps

0.35

0.3

0.25

0.2

Time (seQ)

0.15

0.1

\

0.05

50 100 150 200 250

ROBOTICS 62623 SLAM, J. Neira 4

UNIVERSIDAD DE ZARAGOZA



Map Joining

Mean Time by Local Maps

0.4r
=1 local mapg
2 local maps
0.35 8 local maps

Time (seQ)

200 250

50 100 150
Steps

Map joining is O(n?)

62623 SLAM, J. Neira 4




Local map size

e Size matters!

14

12

10

16

T

p=14
15!1-128

| —A— Local Map Size p |

g
8l
4}
2t
p=44 p=77
N=8 N=4
o 1 1 1 1 1
0 50 100 150 200 250

Local Map Size p

Computational cost for
different local map sizes 3 SLAM, J. Neira «



Map Joining closes the loop!

e One full SLAM run e Map joining of 28 local
maps

t= 0.000s

10

_10-

20+

-20r
40 -30r

_40..
-50-

-60

-60F
-70r

-80

’ ull -80-

-
-100 - | | = = - ==

o0 o o 0 2 m -60 .40 -20 0 20 40 60

Local maps bound
ﬁ linearization error effects
ROBOTICS 62623 SLAM, J. Neira 4
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Map Joining
e Mean vehicle orientation error for full EKF and
Map Joining 8 local maps

9 =
= EKF theorical uncertainty "
gl | = = = EKF real uncertainty o
—+—— EKF Error 4 s
L MJ Theorical Uncertainty . I
T - = —MJreal uncertainty — _,
""""" MJ Error oo _ 1
6 — 7 - ; |
=) /:v/ g ¥
'GO) 5 [ |'| f
g | A A E 4y
5 > ! Al M&g vj‘**m
= ' ¥ - gﬁ&ﬁ{:
= 4 e [ h;’ RGO 5
- ¥ Mf%-- PO
v vte il il il
3F v - Wﬂ-‘vﬁ.\ o -
7 RN .
2 ﬁl
1#ﬂ3
0 L 1 1 L L
50 100 150 200 250

Number of Features

Vehicle orientation

R%TICS

UNIVERSIDAD DE ZARAGOZA

error

index value

3_
—+— EKF
....... Map joining :K‘ ﬁ‘f&
------- Bound Bl T
25 f o H# ¥
# i% “‘ :‘ﬁ&f&t N
A AR AV | Y
VAL
2 N Al + A
e
A
1.5 i '
e
i
A
b A
il
A vy
05 ;o -
K 7 t
IR
0 1 1 1 1 1
50 100 150 200 250

Number of Features

Vehicle orientation
consistency index

62623 SLAM, J. Neira 4



Map Joining

14

1
»
(8}

1

EKF theorical uncertainty —+— EKF
= = = EKF real uncertainty 4|+ Map joining

12r| ——EKFEror | Bound
Map joining Theorical Uncertainty

— — — Map joining real uncertainty

w
(6]
T

10| rrenins Map joining Error
3_
g 8 %2.5—
5 6 g 2T
4
2
o= OMI 1 1 L 1
50 100 150 200 250
Number of Fearures Number of Fearures
Mean feature Mean feature
position error consistency index

62623 SLAM, J. Neira 5



Hierarchical SLAM
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Hierarchical SLAM

e Global level: adjacency graph and relative

¥éeeeeccccccscce

UNIVERSIDAD DE ZARAGOZA
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Hierarchical SLAM

e Local maps:

- o BT i B B i
xR PR Prr,
B — : P : .
S PN A 5

e Global relative map: _

)’i: X3

Block diagonal

' 62623 SLAM, J. Neira 5




Loop closing

.........................................................

Find a common reference
R%T.Cs between maps /and j

-4 ____A1, 3. Neira 54




Loop closing

.........................................................

ﬁ) Change base reference of
ROBOTICS map / to F.

e ——— __..N, ). Neira ss




Loop closing

Join maps /and .
£

62623 SLAM, J. Neira 56




Hierarchical SLAM

e Global relative map before loop closing:

>4)
1

Xit1

Xj

o After loop closing:

UNIVERSIDAD DE ZARAGOZA

- P

. 0 O O
_|o Py 00
0 0 0
0 0 0 P
: 0 0 O O |
O P41 Piy14 0 O
P?—I—l,ij P;; 0 0
0 0 .0
0 0 0 P;.

62623 SLAM, J. Neira
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Keble College, Oxford
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Sequence of local maps

1507

190

50

=100

200

proecceecececcaeann

}..
.
.
.
.
.
.

<y

N

-~-180

P R R L LR

80

60

cesssssssssscccem

f*

EERRPT TR

.
.
.
.
.
.
.

R R L R B R

40
20
o

ol
ot WUt

oo seedy

59

62623 SLAM, J. Neira

The scale is arbitrary (not observable)
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With scale compensation

15 maps with 1505 features

R0 0 S R £ EE TR 00— B0 —-250
(X .'.." -
cowo s
oK, Ce
:.’ “ Dpags X
[ -‘".w-»’\
=
rrrrrrrrrrrrrrrrrrrrrrrrrr -200
T Bl RRREEEEEEEEEEEREREETEEEREE -150
:..'é P
Nt

-100

ROBOTICS 62623 SLAM, J. Neira &
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Map Matching

Unary Constraints

Coud1 # ™ ma b = " 2 7}

Coud2 g ® wm r ™ a2 M

& 62623 SLAM, J. Neira o
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Map Matching

Binary Constraints

0afF
06F ’
ol .‘\g.\.
e & &

02F ® PP

®

0 @ @ X

02k ®— %

B ®e
04F

o 0 o°

06F .
08k




Map-to-Map Matching

EEI—--; ........ SERTETEE ........ L ........ ........ 5 ........ SRR ........

agb i, S L e ........ A S e e S 1] S S IR g .......... R R SR

-160 -140 120 100 80 B0 40 20 a 20 40 -40 -30 =20 -10 a 10 20 a0 40

Matchings found Aligned Submaps

ROBOTICS 62623 SLAM, J. Neira &

UNIVERSIDAD DE ZARAGOZA



Map Matching

LOOP CLOSING

LAST MAP

62623 SLAM, J. Neira ¢



Nonlinear constrained
optimization

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

1 R _ _
E(X — )P M x-%)
h(x) =0

min
X

e Sequential Quadratic Programming (SQP) :

. — [ oh| oh| . oh | oh ]
T X1 X; 0% X; OXp—1 % OXn X;
—1
P, = Po—PoH/ (H;PoH]) H,Py
—~ —~ _ R N —1 ~
Rit1 = % — PPy (% — %o) — PoH/ (H;PoH]) b,

ﬁ » [terate until convergence
RBOBOTICS 62623 SLAM, J. Neira 65




Nonlinear constrained
optimization

e A more efficient version:

R;+1 = Xo+PoH] (Hq;Ponf;'r)_l (Hz (X; — X0) — Bi)

» 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 ?7?
R e 62623 SLAM, J. Neira 65




Solution 2 (for EKF fans)

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

Zz— h(x) + w= 0

e With Covariance:

_le O --- 0
c=Cov(wy=| ) Ft= 0
I O O le_

e Estimated errors in closina the loops:
h(x)

Cl | hy(R)
ROBOTICS 62623 SLAM, J. Neira ¢




Iterated Extended Kalman

Filter
e Jacobian of the measurement function:
H — Oh| oh| . _6h | Oh
LT | Ox1lx, O%2lx, O0Xp—1 2, OXn %,

e [terated EKF equations:

1
P; = Po—PoH] H;PoH] +P:| ~H;Po

~ ~ _ - - —1 ~

%41 = % — PPyl (% — %) + PoH{ <Hz'PoH¢T + Pz) (Z — hi)

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

UNIVERSIDAD DE ZARAGOZA
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Loop closing

15 maps with 1505 features
=807, x 0 50 > 109~

a9 = el Mamteatime 8L e ;
<. ‘e . e * * .t o v
. e v -, oea o, . .. - ® . s -
' . A i~
'—._‘\
o .
~
e
-
.‘.
.
~”
*
- 2 "
..
..
A
.
]
]
.
%4
.
~
'.C . o
'Y .

-

..
\V“ \ v -~ '-.‘\- ..-.' '

- . !~. - .
- Ao ", e T
o ‘\‘ g AT ‘
. . .

13 B

- q‘:.

@ Pearast e

DAY

-4;-160
SN 40
'S '._'. !
PR
-t ©o—=-120

~-100

—-80
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—20
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Loop closing (lateral view)

15 maps with 1505 features

100 —
80 —
60 —
40+

20—

-20 —

40

-60 —

| | I |

-50 0 50

100 150 i
62623 SLAM, J. Neira 70
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Keble College, Oxford (290m
O\ LY m— 28
.} ' § 2 /_—/N ‘:

=1

S

L. Clemente, A. Davison, I. Reid, J. Neira and J].D. Tardés Mapping
‘ ﬁ Large Loops with a Single Hand-Held Camera. Robotics:
Science and Systems, 2007.



Multivehicle SLAM

e Experiment

aE_._EJ T

" N\
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Multivehicle SLAM

e Generalization to closing several loops
simultaneously:

hj(x) =x;; xj, & &x;, , &x;, =0

UNIVERSIDAD DE ZARAGOZA
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Experiments
e Local maps, first robot

20
40}
-60 |

-80}F

q00L
-60

60

R%TICS 62623 SLAM, J. Neira 7

UNIVERSIDAD DE ZARAGOZA




Experiments
e Local maps, second robot
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Experiments
e Local maps, third robot
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Hierarchical SLAM

e Imposing loop constraint:
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Hierarchical SLAM

e Second robot
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Hierarchical SLAM
e Third robot
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Hierarchical SLAM
e

.

y -
-,I‘ﬁ@@cmg,,

\ \

e Final mab

Results in less than 1s

ﬁ) C. Estrada, J. Neira, J.D. Tardos, Hierarchical SLAM: real-time
ROB

accurate map-ping of large environments. To appear in the IEEE
TICS Transactions on Robotics
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Divide and Conquer SLAM

e Experimental setup

A bumblebee, a laptop
and a firewire cable

debnee

AAAAAAAAAAAAAAAAAAAAA
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Pure Stereo SLAM

180m indoor loop, CPS, Zaragoza
62623 SLAM, J. Neira 2




Pure Stereo SLAM

»

150m outdoor loop, public square,
Zaragoza 62623 SLAM, J. Neira 3




Basic EKF SLAM

g Step = 701, Observations m = 40
- LEFT Image RIGHT Image
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de & Conquer SLAM
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de & Conquer SLAM

ivi

D

Number of Maps : 1
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de & Conquer SLAM

ivi

D

Number of Maps : 2
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de & Conquer SLAM

ivi

D

Number of Maps : 3
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Divide & Conquer SLAM

Number of Maps : 2
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de & Conquer SLAM
Number of Maps : 1
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de & Conquer SLAM
Number of Maps : 3
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de & Conquer SLAM
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de & Conquer SLAM
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de & Conquer SLAM
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de & Conquer SLAM
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de & Conquer SLAM
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Divide & Conquer SLAM

Number of Maps : 1
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Loop Trajectory

EKF Mumber of Maps : 1, features: 303 D&C Mumber of Maps : 4, features: 604
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L. Paz, J. Neira and J].D. Tarddés Divide and Conquer: EKF SLAM in
O(n). IEEE Transactions on Robotics, October 2008.
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Amortized cost per step
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- 6DOF SLAM with stereo

LEFT Image RIGHT Image

-B0

L. Paz, P. Pinies, J. Neira and ].D. Tardds Large Scale 6DOF SLAM

‘ yvith Stereo-in-Hand. IEEE Transactions on Robotics, 2008.
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6Dof Stereo SLAM, outdoors

e r—— e — : -
Runtero lat. 41.656147= long. -0:8816,12& e e V21 AltNojo) 307 m
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' 6Dof Stereo SLAM, indoors

QUEVEDO BUILDING
Step = 7182, Observations m = 27

LEFT Image RIGHT Image
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6Dof Stereo SLAM, indoors
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Conclusions

e EKF-SLAM is only consistent for:

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

e Inconsistency only becomes evident if:

— Ground truth is available
— Trying to close a big loop (> 100m)

e The consistency problem appears before the
computational complexity problem !
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