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Is it possible to use a vehicle,
starting at an

e unknown initial location,
INn an

e unknown environment,
to

e incrementally

build a map of the
environment,

(image: Paul Newman)

e and at the same time

use the map to determine the Chicken and egg
vehicle location’ oroblem?




Simultaneous Localization
and Mapping

The solution to the SLAM problem is, in many

respects, a ‘Holy Gralil’ of the autonomous vehicle
research community, as the ability to build a map

and navigate simultaneously would indeed make a
robot ‘autonomous’.

(Newman 1999, Leonard 2000, Thrun 2001)

e There Is a large amount of potential applications
e |t gives the vehicle real autonomy
e A solution iIs indeed possible







Mobile Robots




Mobile Robots




Mobile Sensors




Odometry in 2D

Composition:

T1 + 22 COSP1 — Y2 Sin P

xé zxé@xg = | y1 + x>Sin 1 + y> COS P71

d1 + P2
Inversion:
—x1 COS¢1 — Y1 SiN P
= @Xé = x1Sin 1 — y1 COS Py
— @1




Odometry in 2D

Odometry model: Composition:
R4 R R
= ~B =B ~Lf
XRk XRk —I_ Vk XRk - XRk_l D XRZ :
E[Vj@] = 0 Pr, ~ J1Pr_ JI+JoQuJ
Elvivi] = 04,;Qp
B Ry_1
7 = 8( Ry_1 ®XRk )
L= 8X§
k—1 N B
B, A
Ry_1 Ry,
J2 = Rp_1
8XRk_ B Rpa
>, (XRk: 1’XRIC )
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Odometry in 2D

Jacobians:
) XA@XB (1 0 —xo SIN ¢p1 — Yo COS Pq
B C .
Ne{xg xgt = < Py ) =10 1 z2C0S¢1 —y2Sin¢y
B (4,%B) ! 0O O 1
8 (x4 o xB Cos¢p; —sSing; O
B C .
Joa{xB, X0} = < D ) = | sing; cos¢r O
C (%4,%B) 0 0 1
o (@X@ —COS¢p1 —Singy —x1SiNn¢p, — y1 COSPq
Jo{xg} = = | sing; —cCOS¢ =1 COSP1 + y1Sin ¢

A
XB  |(za) 0 0 =

|

11



Odometry in 2D

12



12+

10+

MAP at Step 44, features: 0, algorithm: 5
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The need for SLAM

Error+£20 (prob. 0.95)

“ehicle errar in % (m)

a 20 40 G0
“ehicle errar in theta (deg)
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-20
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How can we avoid drift?

“ehicle errar in y (m)
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Map-based Localization

e Cumulative odometry e A priori Map + Perception
errors

J. Neira, J.D. Tardos, J. Horn and G. Schmidt: Laser
Fusing Range and Intensity Images for

Mobile Robot Localization, IEEE Trans.

Robotics and Automation, Vol. 15, No. 1,Feb

1999, pp 76-84.
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Multisensor Robot Localization

e Results (uncertainty x30)

g Y s [ Y —

K

=it ='“—-I—--|
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The need for SLAM

e In many applications the environment is unknown
e A priori maps usually are:

| e
—Costly to obtain — § *f-;
—Inaccurate '
—Incomplete e
—Out of date T <

= Map Building

UNIVERSIDAD DE ZARAGOZA
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EKF-SLAM: approach

e Environment information related to a set

of elements:
f:{B, R, Fj:l_7 ,Fn}

e represented by a stochastic map:
ME ()EB,PB)
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Map Features in 2D

L2 Points:
Yo
A A B _ | @1+ 22C0S¢1 —yosing;
P BOXp = y1 + 2o Sin ¢1 + yo COS Py

A _By _ |1 0 —aosing; —yscosepy
Jig{xp, Xp} = |0 1 22CO0S¢1 —y2Sing;
[ cOSp1 —sSingy ]

Singpy COS @1

A _B
Jogi{xp, xp}

Lines: xP=|7%2

21 COS (¢1 + 02) + y1 Sin (o1 + 02) + po |
1 + 02

X’il = X’é@xf =

A By _ | cos(¢1+02) sin(¢y+02) —z1sin(¢1 + 02) + y1 cos (o1 + 62) |
Jl@{XB7XL} - 0 0 1

Toe{xh xB} = _ é —x1 Sin (¢1 + 62) ;l‘ y1COS (1 + 02) ]
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EKE-SLAM

Algorithm 1 SLAM:

x5 = 0; PP = 0 { Map initialization

[zg, Rp] = get_measurements

(x5, P = add_new_features(x¥’. P¥, zo, Ro)
for k =1 to steps do

[xgi_ﬂ Q] = get_odometry

Fy 4

B PE ] = cmnput.e_lnmti{:rn[}cf_k Pf_l, Xp, Qi) {EKF pre-

31 Prjr—t

diction }

[z;, Ri] = get_measurements

Hy = clata..assacia,tiﬂn(xﬁk_l, Pﬁh_l, zr, Ri)

[}{f, Pf] = upcla,te_ma,p(xﬁk_k P}ak—l' zi, Ry, Hi) { EKF update}
[xf, Pf] = a,{:l{:l_new_fea,tures[xf, Pf, z., R, Hi)

end for

UNIVERSIDAD DE ZARAGOZA
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Example: SLAM In a cloister

» Red dots: environment features (columns)
» Black line: robot trajectory

g » Black semicircle: sensor range
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151
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The basic EKF SLAM
Algorithm

DBESERVATIONS at step 1: 8

s

Sensor measurements
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EKF-SLAM: add new features

B B
[ xB \ / xRy, \ / xR, \
R B B
B" XF 25
x 1k 1.k
Xk:B = Fl,k? — XB_|_ = : = :
Bs k B B
XF 2 - ’
\xF, R BTEY

Linearization:

XkB_|_ ~ )Ack_I_ + Fk(XkB — ikB) + Gp(z; — Z;)

PP, =F,PFL + G RG]

Where:
. I 0 .0 . 0
. _8xk+: 0 . ... 0 G :8xk+_ ;
k= 5 B 0 0 --- I k . 0
Xy T 0z; B -
J1g {XRk, z@-} 0 -0 Jog {XRk, zz}

UNIVERSIDAD DE ZARAGOZA
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EKF-SLAM: add new features




EKF-SLAM: add new features

MAF at Step 1, features: 8, algarithm:
25
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EKF-SLAM: compute robot motion

MAP at Step 2, features: 8, algori

06+

0.4} /
02

.,
! —
i ~

| |
0.2 a EIE I:Ifl EIE EIEi 1




EKF-SLAM: compute robot motion

B _ _B Ry _1
XRy — XRy_ 1 D %Ry,

Odometry model (white noise):

Rp 1 _ LRik
Xp, = Xp, + vy
E[Vk] = 0
Ty _
Elvpvi] = 0;Qq
EKF prediction:
S SBi—1
ikBlk—l = -1 0
AB. Jog {)Acgk N igz—l}
i Fm,k:—l i G . 0
B T T 5
= FpPp1Fp + GrQirGy, :
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EKF-SLAM: compute robot motion

( P;R Prp Prp, \
PB - PRFl PFl PFan
k—1|k—1 = 5 5
T T
\ Prr, Prp, Pr, )
(316PrIT, + J20Qidbs | J10PR - J10PrE, )
T T 17T
pB _ | Jl@PRFl | Pr PpF,
k|k_1 R | : : :
i T T i T
\! J1ePRE, - Ppr, Pp, )
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EKF-SLAM: Observations

DBESERVATIONS at step 20 4
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EKF-SLAM: Data association

JCBE:Z400
28+

151

=
1 1 Il 1 1
a 0.5 1 1.5 2

" % K
| |
-1.5 -1 05

Predicted map .vs. measurements
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EKF-SLAM: Observations

Observations at instant k:
Zk,i with 2=1...s

Association Hypothesis (obs. | with map feature J;) :
%k — [jl7 j27 T 7j3]

Sensor model (white noise):

E[kaf = 0

UNIVERSIDAD DE ZARAGOZA
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EKF-SLAM: Observations

Measurement equation:

z;, = hp(xg) +wy
| hljl

h, = h2:j2
N hsjs A

Linearization:

Zp = hk(ilﬁk_l) + Hk(XkB — ik|k—1)

h
an ~B
(Xk|k—1)
h h
HR=—al§ ;HF_—ag
OXp | g OXE |, g
B (Xgk—1) B (X gk—1)




EKF-SLAM: map update

State update:

ikB — ik|k_1 + Kk(zk - hk(i;ﬁk_l))

Covariance update:

Py = (I-KH)P,

Filter gain:

K, = Pﬁk_lﬂg(HkPﬁk_lﬂngRk)—l

UNIVERSIDAD DE ZARAGOZA
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245

1.5

0.5

0.5

EKF-SLAM: map update

MAP at Step 1, features: 8, algorithm: MAP at Step 2, features: 10, algarithm:

151

e
\ 0.5 Ly
-I | -I I .I .I | 1 .I5 I | I
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Why we do SLAM

Uncertainty still grows!

35



Loop closing iIn EKF-SLAM

Vehicle error in x (m) Vehicle error in 'y (m)
1 1
0.5 0.5
0 0
-0.5 -0.5
1 : : , 1 : : ,
0 20 40 60 0 20 40 60
Vehicle error in theta (deg) X 10'4 sqrt(det(P))
10 8
5 6
0 4
5 2
-10 , : , 0 : ,
0 20 40 60 0 20 40 60

Loop closing reduces uncertainty!
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Feature extraction: Laser

Split and merge:
1. Recursive Split:

1. Obtain the line passing by
the two extreme points

2. Obtain the point more

—— .. R distant to the line

i . 3. If distance > error_max,
g ¢ split and repeat with the
e g 2s e s 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_makx,
merge both segments

3. Prune short segments
4. Estimate line equation

e Obtain line segments from
a laser scan:

— Segmentation

@ — Line estimation




Split and Merge

Split

e

No more Merge

Splits

Split

39



Split and Merge

Not robust to complex and/or spurious data

40



RANSAC

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*) > 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




RANSAC

: Z acceptable probability
" of failure
- t tries ¢?
p no. of points _ - logz ]
n points to build ~ |log (1 — wn)
model
w probability that w 0,5
a point is good n 2
O(p" 1bl del ® 0,05
(p")_possible models ; 11

42
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RANSAC

I I \ I I I \ I I \
1 2 3 4 5 6 7 8 9 10

Robust statistics deal with spuriousness

43



RANSAC for 3D planes

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 |
.... + Laserscan
| | —»— Sonar returns
8 | . 4.....0.0 L
or '-_
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Move and build a local map
/ Z

—_—

Exploit redundancy




Sonar Model for Points

Possible Point

/ Apparent

L Sonar Return

Hough Voting
for i1 in 1..n_positions
for j in 1..n_sensors
Compute x®';
for 63, in -B/2..5/2 step 5
Compute 068, pBl,

Vote(6°l,, p®)
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
145
100 140 2
135
50 L
5 130 ot
S 9
o 125
g 0 W
= 120
-50
115 1 1
-100
110
-2
-150 S
O _3 | | | |

UNIVERSIDAD DE ZARAGOZA



Sonar Model for Lines

L — Possible Line
Apparent
Sonar Return

é,\ 951 HOL_lc_]h Voting N
% foriin 1..n_positions
U B for j in 1..n_sensors
A/ 4 Compute XBig
. for 0Si, in -B/2..8/2 step &
s | " Compute 0%}, p®,
O xg Ysi Vote(0Bi,, pBi,)
end
end
end
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Hough Transform
e Imaging sonar

i
10 m

T ()

a0 W

S0

-3t

-0

D. Ribas, P. Ridao, J. Neira, J.D. Tardés, SLAM in Partially Structured
Underwater Environments, To appear in Journal of Field Robotics, 2008

UNIVERSIDAD DE ZARAGOZA
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Hough Transform
e Imaging sonar

.'/. _\\"
1
[ .
T

"

1 | I | | 1
=2 = = = = = =} = = = =} o o — fl B ~
r - o [l — - r o T Enl ' ! !

LYY (pra) Bl

D. Ribas, P. Ridao, J. Neira, J.D. Tardds, SLAM in Partially Structured
) Underwater Environments, To appear in Journal of Field Robotics, 2008

T

20 Kl 40 a0 i}
Rho {m}

1)

i
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EKF-SLAM

Algorithm 1 SLAM:

xp' = 0; P§ = 0 { Map initialization

[zg, Rp] = get_measurements

[x, PF] = add_new_features(x¥, P¥, zo, Ro)
for k = 1 to steps do

[xg’;_ﬂ Q] = get_odometry

. R
[xﬁk—l' Pf}k—l] = cmnput.e_lnmtmn[xf_k Pf_l, }{R: ', Q) {EKF pre-
diction }

[z, Rz] = get_measurements

Hy = cl:zl,t.a._asmcia,tiﬂn(xﬁk_k Pﬂk—r zi, Ri)
[xf, Pf] — upcla,te_ma,p(xﬁk_k Pﬁ&—l* zi, R, Hi) { EKF update}
[}{f, Pf] = a,{:lcl_new_fea,tures[xf, Pf, zr, Rp, Hi)

end for
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The Data Assocliation Problem

e N map features:

e M sensor measurements:
e Data association should
return a hypothesis that

associates each observation
E; with a feature F;

2 Iy,
e Non matched observations:

UNIVERSIDAD DE ZARAGOZA

7; =0

OO

2
EF D
S
A

Green points: measurements
Blue Points: predicted features
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When data association i1s difficult

e Low sensor error e High sensor error
00
@®® \
® e
® e
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When data association is difficult
e Low odometry error e High odometry error

OO OO
D G TS
N S
ST T

® ® @
® e AN
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When data association is difficult
e Low feature density e High feature density
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How important is data
associlation?

B

UNIVERSIDAD DE ZARAGOZA

A good algorithm

B

A bad algorithm
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Why it’s difficult?

B

UNIVERSIDAD DE ZARAGOZA

A good algorithm

B

A bad algorithm
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Importance of Data Association
e EKF update:

I Values that depend on I’Hm
T 5.
X = Xg|k— 1§ kVk
PB_ (I — Kka)Pk\k 1
K =Py Hy (H Py, Hy +Ry)”

= If the association of E; with feature F; Is.....
correct: Spurious:

error: » X — X 1 "‘
covariance: P 1 1

Consistency Divergence!




Individual Compatibility

- Measurement equation for observation E; and

feature F;
Elwiw/] = R;
z; = hj;(x") +w; -
z; ~ hy(RP) +Hy(x" - =P) Hijj = -5 -
- E; and F; are compatible Iif:
quzj = (z; — hij(iB))TP,,;_jl(Zi — hz‘j(iB)) < Xg,a
PZ] = HZ]PBHZ; + R’L d =length(z)

O




Nearest Neighbor

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

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

2
Dmin

~— mahalanobis2 (E;, F .
T ) Greedy algorithm: O(mn)
for j = 2 to n do {feature F;}

JD;?J — mahalanobis2 (E;, F)

if D?j < D2, then
nearest <« j
Dgin o D?j
end if
end for
if D2, < Xgi.l—['t then

H; «— nearest
else

H, — 0

end if
end for

return H
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The Fallacy of
the Nearest Neighbor

0
o

Unrobust
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Joint Compatibility

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

21, = hy(xP) + wy
hljl

hy = h2:j2
i hsjs

e The joint hypothesis is compatible if:

D72_[ p— (ZH — hH(iB))TCf;[l(ZH — hH(iB)) < Xg,oz
Ciy HHPBH% 1+ RH d = length(z)

UNIVERSIDAD DE ZARAGOZA
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Jointly Compatible Pairings

0 B
o

J. Neira, J.D. Tardds. Data Association in Stochastic Mapping using
the Joint Compatibility Test IEEE Trans. Robotics and Automation,
Vol. 17, No. 6, Dec 2001, pp 890 —897




SLAM without odometry

e No estimation of the e Segments in the
vehicle motion environment
s "

66



SLAM without odometry

i

"

Assuming small motions

e
\ _— /\
‘ !
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SLAM without odometry

R

Data association using Joint Compatibility

) .
~ 4
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SLAM without odometry
e

\ — %@A/\

Vehicle motion estimation
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SLAM without odometry
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Joint work with R. Garcia, University of Girona
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Sequential mosaicing is a form of odometry
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The loop closing problem

e Loop beginning e Loop end

74



The loop closing problem




The loop closing problem

| | | | |
100 150 200 250 300 350

| |
-100 -50

|
50

I
0

_Measurements (red) and predicted features (blue)

76




The loop closing problem

e Individual compatibility

50
WP ~
) 1w,
O - ~ \V’;;lls A\
/ RN A\
'7W§V§;5§ :Si;tgal
AN 1\\‘\:»‘(‘ A
A D
T\ 22
50-
100 !

0 20 40 60 80 100 120 140 160 180

e Joint Compatibility

-50

50-

100:=

20 40 60 80 100 120 140 160 180
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The loop closing problem
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The EKF SLAM algorithm

Algorithm 1 SLAM:

x5 = 0; P§ = 0 {Map initialization}
[zg, Ro] = get_measurements
[x), PP] = add_new_features(x, P§, zo, Ro)
for £ =1 to steps do
[XRk ' Qrl] = get_odometry
(101> Prx_1] = EKF prediction(x;’ ;, P, ng Y Qr)
[z, Ri.] = get_measurements
H,;, = data_ assomatlon(xﬁk y Pk|k s Zk, Ry)
[x;), P;)] = EKF update(x;}, 1, Py 1, 2k, Ri, Hi)

[XkB, PkB] = add_new_features(ka, Pk, zr, R, Hy)

end for

80



Without loss of generality...

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

) 8. o® F)
[ ] .. . ... ‘ :..~ [ ] .
. 00"' o oo
' o T ° ’ . . o o
.o. e, - °
° ° MY
..: o e 'S .. ° ...
° Y ‘Oo et '. .'0 » H
.. .' [ ] ‘ [} @
{. ¢ o %
° t %o o
% g Y
g o $ %
ol o° [
! ° *o °
¢ o $ ® _ &
.“ S o e 0 * °
o
.. ® [ J ... ¢ . [ ]
.o * % o0
. . ° 2
oo .5. °
S °9,
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Without loss of generality...

e Onboard range and bearing sensor obtains m
measurements

82



Without loss of generality...

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

83



The prediction step
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&

Jl@{

B

EKF SLAM prediction

~B
Xklk—1

X
Fm,k:—l

P]ﬁk_l = FkPkB—1F£+GkaG£

sBr—1

XR_1> *Ry

0

s

0

|

O

2

Jom {f(
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EKF SLAM: prediction

PL P .. P
Ppoqp1=| ‘1 1 b
T T
@ —¥ J16PrIT + 120QuI%: 1 J16PRE .. J16P R, |)
o AR » Y A
| JiePrr - Pr Pr g,
Tklk—1 = | | : i s
i T T i T
\ J1oPrE, - Prr, Pp, )

EKF prediction is O(n)
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Adding new features
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EKF SLAM: add new features

( B \ ( ng \ ( ng \
Rk g1 k Xgl k
= XF_lJf = x) = : _ ;|
B xp x7
\ e S CED.

Linearization:

xy ~ X4+ Fr(xy — =) + Gz — 7))

PP =F,PIF| + GR,G|

Where:
5 I 0 -0 5 0
- _8Xk+: 0 -0 N :8Xk+: ;
k— B 0 0 | k . 0
0%y A 0z; n
Jig {XRk, Zi} 0 0 Jog {XRk, Zi}

« o o
.
! 2\3
UNIVERSIDAD DE ZARAGOZA 88




EKF SLAM: add new features

( ];R PRFl PRFn \
P, — Prr, PR F1Fy
s T :
\ Prr, Prp, Pr, ) 1
( Ppr PRF1 Prp, i PRJ{@ i\
A | T 1T |
Prr Pp Prp, PT. JT. |
Pit = : | |
. Pre,  Prp, - Pr rP rREI10
\iJl@PR J1oPRrRA J1ePrE, iiJl@PRJip@ + JQ@Rng@ i)

Adding new features is O(n)
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The update step

90



EKF SLAM: map update

m observations:

2, = hp(xZ) 4wy
k= hk(i%mq) T H’C(X% - )A(%|k—1)
oh,,
e = 8X§- B
: (ka|k—1)
. . — T

Innovation Matrix: Sk = Hﬁkalk—leﬁc + ]f"k
Filter gain: K. = Pﬁg|k—1H;g (Sk)™
State update: X = Xpk—1 + Ki (2 — hy(Xp5-1))

Covariance update: P = (I — KiHg) Py
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The Innovation matrix

S, = ( Hg Pri_1 ) HE +Rk

IXr rXn NXn

NXr
o / /
I'XI’
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The Innovation matrix

Egk — ( Iik I)k“p—] ) Iigj_% E{k

IXr I'XC NXn CXr Xr

A
v
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The Kalman gain matrix

IC&T:: I)k“ﬁ—] Iigf (E;k)_q_

NXr NXn NXC IXr




The covariance matrix
P,ff. — (I — K;fHk‘.)Pka—l
..... K,L;_ H;f_ Pk\k—]

NXr cXn NXn

EKF update step is O(n?)
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The mixed blessing of Covariance

1

0.9

0.8

1 0.7

1 0.6

1 0.5

104

0.3

0.2

0.1

0

e Covariance provides data association
e But the covariance matrix is full
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EKF-SLAM updates are O(n?)

Mean Time by Local Maps
0.4

]

] |0cal maps

0.35-

0.3

I

0.25

o
N

Time (seQ)

0.15

0.1

0.05

|
50 100 150 200 250
Steps




Computational Cost

ek
~B
X — :
- B
L XE,
. .
PRR PrE,
Pt = =
B B
I Prr - Prn, _

y¥ position
o

of EKF SLAM

EKF Mumber of Maps : 1, features; 16

(E ]
g |
T

[N ]
=
T

I
(8]
T

b
[
T

ik
=
T

7

=

i

Bl a i 10 15 20 25
¥ position
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Outline

1. Basic EKF SLAM
e Introduction: the need for SLAM
e The basic EKF SLAM algorithm
e [Feature Extraction
e Continuous Data Association
e The Loop Closing Problem

2. Advanced EKF SLAM
e Computational complexity of EKF SLAM
e Consistency of the EKF SLAM
e SLAM using local maps
e Sequential Map Joining
e Divide and Conquer SLAM

@ e Hierarchical SLAM




Consistency of EKF-SLAM

e Nice “convergence” properties of ng

(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
@ » see for example (Jazwinski, 1970)
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EKF-SLAM: Robot Motion

B _ _B Rj_1
xR, — XRy_q D %Ry,

Odometry model (white noise):

Rip1 _ SRk
XR, = Xp, + vy
E[Vk] = 0
T _—
Elvpvi] = 0;Qq
EKF prediction:
[ . B Ri_1 < SRr_1
329 Jan i‘;’l‘«}—L Jl@ {XRk 1’ XRk } 0
1 7 TThH 0 I
B B Fp = ,
X7 . = 'l k-1 :
k|lk—1 : 0 I
=B - Ry _
-~ XF.'!L»,. = - JQ@ {XRk 1Y XR]]: 1}
»pB _ DB Wl | N T P = 0
r"Fk'k—l — I‘k,rk,_ljl"](. T \J]{.\odk\:t]g :
0

Linearization

101




EKF-SLAM: Map Update

Feature observations:

7z, = hp(xp) + wy

Z = hk(iﬁk_l)‘FHk(XkB_iMk_l)

H, — Sig Linearization
X -
k (Xﬁk_l)

EKF map update:

& = %[ 1 +Kize — hp(R_1))

Py = I-KH)P,
K, = Pﬁk_ng(HkPﬁk_lH£+Rk)_l
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Consistency Testing

1. Normalized Estimation Error Squared NEES

p? = (! =t)" (PI) " (s - =)

True map required
- Simulations

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

D8 = o= ) (HPE BT+ ) oy 1)

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

UNIVERSIDAD DE ZARAGOZA
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EKF-SLAM: Simulation

e Simulation conditions
— Perfect data association
— ldeal 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)

104
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. : - K dat iati
EKF-SLAM: Simulation s mssmede "




EKF-SLAM: Covariance

Optimistic Violates
P lower bound
— Errar
’ — Eror I — Sigma Experimental
—  Sigma Experimental Y A — - Sigma Thearetical Y STt
LRl Sigrma Thearetical LAl | e T T T
e | 2{
1 - |
. - " .
A L VR
.IIv'Dr w&\-k
s T’Pr -
= |
= 0
e |
o5t o~
\b\-x'lﬁm%% Iy l A
H‘-I'ﬁ'l.wﬁ- s ] I A
1r H‘H,_H': *"Rmfmnd'”" S 1 !'f
- I
15} B et
_2 | | | | | _3 | | | 1 1
0 a0 100 150 200 250 0 a0 100 150 200 250
Initial uncertainty = 0 Initial uncertainty > 0O

J.A. Castellanos, J. Neira, J.D. Tardos, Limits to the Consistency of
EKF-based SLAM, 5th IFAC Symposium on Intelligent Autonomous
Vehicles, Lisbon, July 2004
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Outline

1. Basic EKF SLAM
e Introduction: the need for SLAM
e The basic EKF SLAM algorithm
e [Feature Extraction
e Continuous Data Association
e The Loop Closing Problem

2. Advanced EKF SLAM
e Computational complexity of EKF SLAM
e Consistency of the EKF SLAM
e SLAM using local maps
e Seqguential Map Joining
e Divide and Conquer SLAM

@ e Hierarchical SLAM




Local submaps
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Local map building
e Periodically, the robot < EKF approximates the

starts a new map, conditional mean:
relative to its current g By IR -
- o1l ~ 1 1...kq 1...k1|
location: S = B | DT W
igo = 0 ] t= 33.700s
PB —_— O V.
Fo
¥ P2
- Given measurements: yE}e/ ="
[0S X y R1
1.ky x
D 1 = {111 Zl...ukl Zkl} odl

-2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5 3 3.5

UNIVERSIDAD DE ZARAGOZA
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Local map building
e Second map: pkiTl.ka — {uk1_|_1 Zl141 - - U, Zkz}

e No information is
shared:

Maps are uncorrelated

e Common reference:

Bs = Ry

o
o
T

-0.5

-1.5[

_2 1 1 1 1 1 1 1 1 L 1 1
-2 -1.5 -1 -0.5 0 0.5 1 1.5 2 25 3 3.5
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Map Joining: Example

P et
t
ok «
"B2Y % X
aT
o0y 05 v
V2 (N B 31 N WOy
1 S3
1 y 14
15 1 05 0 05 1 15 2 25 3 35 15 1 05 0 05 1 15 2 25 3 35
3 t= 48.492s €| t= 48.492s
2. e 2.5
1.5 1.
T p2 1
- - + P2y 4
* 81 ° 'B1
T y y R2, q y R2
0. -0.%
y Yy y
1 B | - 1 Py s3 .
15 /\y S3 S5 oy y !

15105005115225335

15105005115225

Joined map After inatchmg and fu5|on

J D Tardads, J. Neira, P.M. Newman and J.J. Leonard, Robust
and Localization in Indoor Environments usm Sonar

in
Da ap T

e Int. Journal of Robotics Research, Vol.

S 2002, pp 311 —330

4, April,
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Map Joining
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Map Joining Step

e New state vector:

—

XA

—

X A4+B = .

e New covariance matrix:

_ | Py O 0 O
Pars = 0 0]+[0 Py
P = P 4
nxn Nnixnl
n=nl+n2
Pg
n2xn2
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Matching and Fusion Step

e Matching function:

wa(X) =0
e Joint matching function for the hypothesis:
- f15,(x) ]
fH(X) — : ~ th + HH(X — f() =0
i fmjm(X) i

e Map update using EKF:
__ T

~
X
]

;l—I—B (SH)_l
(I-KyHy) Py

I-U
I
_|_
N
]

A+B
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The Innovation matrix

— T
537{ — II7{ A+B II?{

rXr rxc nxn CXI

115



The gain matrix

Kn = Pats HI,  (Sy) !

NXr NXn CXr IXr
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The update
Payp = (I -KyHy) P,

A+B
T e KH HH PA"‘B
NXr 'XC NnXxXn
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Cost of Map Joining per step

Mean Time by Local Maps
0.4~

] |0cal maps

0.35 == 8 |0cal maps

0.3
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o
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Time (seQ)
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0.1

0.05

50 100 150 200 250
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Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-

Time (segQ)

| | | |
50 100 150 200 250
Number of Features

119



Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-

Time (segQ)

/

| | |
150 200 250
Number of Features

|
50 100
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Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-

Time (segQ)

o

—t
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50 100 150 200 250
Number of Features
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Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-

Time (segQ)

| | |
50 100 150 200 250

Number of Features
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Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-
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| | |
50 100 150 200 250

Number of Features
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Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-

Time (segQ)

50 100 150 200 250
Number of Features
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Total SLAM with Map Joining

Mean Time by Local Maps

14-
12-

10-

Time (segQ)

| | |
50 100 150 200 250

Number of Features
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Total SLAM with Map Joining

Mean Time by Local Maps

[ERN
=

[EEN
i

[EEN
e

®

Time (segQ)

_ %

|
50 100 150 200 250
Number of Features

There is an optimal submap size
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Optimal local map size

Mean Final Time
16-
p=14 _
N =128 —#A— Local Map Size p

14

12

10

Time (segQ)
@

| | | |
0 50 100 150 200 250
Local Map Size p

127



Consistency Testing

1. Define the consistency index CIl as:

D2
Cl = ——,
Xﬂl—&

2. When CI < 1, the estimation is consistent with
ground truth

3. When CI > 1, the estimation IS inconsistent

UNIVERSIDAD DE ZARAGOZA
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Mean feature location

4.5

—— EKF
al SRREEE Mapjgining

index value

Number of Fearures
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Underwater SLAM

150

100

—100 _150
X (m)

D. Ribas, P. Ridao, J. Neira, J.D. Tardés, SLAM in Partially Structured
Underwater Environments, To appear in Journal of Field Robotics, 2008

UNIVERSIDAD DE ZARAGOZA
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Underwater SLAM
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Underwater SLAM

D. Ribas, P. Ridao, J. Neira, J.D. Tardés, SLAM in Partially Structured
Underwater Environments, To appear in Journal of Field Robotics, 2008

UNIVERSIDAD DE ZARAGOZA
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Map Joining is a
'more for less’
algorithm:

e |t improves the consistency of the resulting map
e |t reduces the computational cost

Limitations:
e Map joining is still O(n?)
e Environment size must be known

Overcoming limitations:
e (Can we have EKF-SLAM updates in O(n)?

UNIVERSIDAD DE ZARAGOZA
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Outline

1. Basic EKF SLAM

Introduction: the need for SLAM
The basic EKF SLAM algorithm
Feature Extraction

Continuous Data Association
The Loop Closing Problem

2. Advanced EKF SLAM

UNIVERSIDAD DE ZARAGOZA

Computational complexity of EKF SLAM
Consistency of the EKF SLAM

SLAM using local maps

e Sequential Map Joining

e Divide and Conquer SLAM

e Hierarchical SLAM
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D&C SLAM: Map Hierarchy

Number of Maps : 2

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 1

(w)uonisod A

X position(m)

O
™
-




D&C SLAM

Number of Maps : 2

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 3

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 2

(w)uonisod A

SiP

)

X position(m)

(9))
™
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D&C SLAM

Number of Maps : 1

(w)uonisod A

X position(m)

@)
4
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D&C SLAM

Number of Maps : 2

(w)uonisod A

SiP

X position(m)

—
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D&C SLAM

Number of Maps : 3

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 2

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 3

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 4

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 3

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 2

y position(m)

X position(m)
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D&C SLAM

Number of Maps : 1

y position(m)

X position(m)
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D&C i1s ~1/7 of EKF total time

149



Computational cost per step

Time (s)

0.95

0.87

0.7/

0.67

0.57

0.41

0.37

0.27

O(n?)
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Amortized cost per step

................. EKF |
0.6 D&C
0.5 P
. D&C SLAM is O(n) per step
éo.s O(nz) * |
0.2 A
i
0.1_ T O(n)

50 100 150 200 250
Step

- Tthe full map can be recovered at any time in a single O(n?)
step

‘9 e But no part of the algorithm or process requires it
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D&C SLAM Is more consistent!
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Improved Consistency over EKF
SLAM

@ D&C SLAM is always more consistent
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6DOF SLAM

e Experimental setup

A bumblebee, a laptop

@ and a firewire cable
154




Pure Stereo SLAM

180m indoor loop, CPS, Zaragoza
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Pure Stereo SLAM

150m outdoor loop, public square,
Zaragoza 156
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6Dof Stereo SLAM, Indoors
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6Dof Stereo SLAM, outdoors
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Outline

1. Basic EKF SLAM
e Introduction: the need for SLAM
e The basic EKF SLAM algorithm
e [Feature Extraction
e Continuous Data Association
e The Loop Closing Problem

2. Advanced EKF SLAM
e Computational complexity of EKF SLAM
e Consistency of the EKF SLAM
e SLAM using local maps

e Sequential Map Joining

e Divide and Conquer SLAM

e Hierarchical SLAM
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Hierarchical SLAM

e Global level: adjacency graph and relative
stochastic map
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Hierarchical SLAM

e Local maps:

- o BT i B B

xR Pr Prr,
B — : - P = : -
T T T | ps B

e Global relative map:

i: X3

Block diagonal
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Hierarchical SLAM

e Global relative map before loop closing:

)
1

Xit1

Xj

e After loop closing:

o

e 0 O O

|0 Py 0 O

0 0 0

0 0 0 P

: 0 0 0

O Piy1 Pig14 O

P?—I—l,zg P@] 0
0 0

0 0 0

o O OO0
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Imposing loop constraints

20+
401
60|

-80 -

-100 -

! !
-60 60

h(x) =x1 XD - DxX,—1 D Xn
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Nonlinear constrained
optimization

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

min %(x ~ TP 1(x — %)
h(x) =0
e Sequential Quadratic Programming (SQP) :

|
—1 -

Rit1 = % — P;PyN(% — %o) — PoH/ (H;PoH/) b,

» Iterate until convergence

Oh
aX]_

oh

5\(3' 8X2

oh

f(i axn— 1

oh

|

—1
P, Py — PoH/ (H,PoH} )~ H,Pg
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Nonlinear constrained
optimization

e A more efficient version:
. - —1 R R N
R;+1 = Xo+PoH] (HPoH]) ~ (H; (%; — Xo) — hy)

» Iterate until convergence

e Complexity:
— P, 1s 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 ZAR
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Nonlinear constrained
optimization

e Generalization to closing several loops
simultaneously:

hj(x) =xj; x5, & &%, X, =0

nj—l

by -
ho

| hy
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Iterated Extended Kalman
Filter

e Jacobian of the measurement function:

oh
8X1

oh

ii aXQ

oh

iz’ axn— 1

oh

.. OX A.]
X3 nX’t

|

e |terated EKF equations:

~1
P; = Po—PoH] |H;PoH/ +P:| H;Po

~ ~ _ - R -1 ~

%41 = % —P;Pyl(% —%0) + PoH{ <Hz'P0H¢T + Pz) (Z — hi)

e With exact loop constraint, z = 0 and P, = O, IEKF
IS equivalent to nonlinear optimization with SQP
C. Estrada, J. Neira, J.D. Tardds, Hierarchical SLAM: real-time

accurate map-ping of large environments. IEEE Transactions on
Robotics, 2005
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Experiment
e Double blind review experimental set

L. Clemente, A. Davison, |. Reid, J. Neira and J.D. Tardoés
Mapping Large Loops with a Single Hand-Held Camera
2007 Robotics: Science and Systems, June 27-30, Atlanta, USA




Keble College, Oxford
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Seguence of local maps

15 maps with 1505 features

=150 =100 ] o] 50 100 150 1 _250
- —200
. q_150
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100+~

a0 —

60—

40 -

20—

20—

40+

—B0 —

Sequence of local maps

15 maps with 1505 features

a0

100

150
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Loop closing

15 maps with 1505 features
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Results

e Local Map building In real-time @30Hz
—60 features per map using inverse depth
—Bigger maps if converted to (X,y,z)

e Loop optimization takes 800ms (6
Iiterations)

e The scale drifts along the map
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Conclusions

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




Recommended Readings
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INFORMATION

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/
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