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CSE-571
Robotics

SLAM: Simultaneous
Localization and Mapping

Many slides courtesy of Ryan Eustice,
Cyrill Stachniss, John Leonard

The SLAM Problem

Arobot is exploring an
unknown, static environment.

Given:
The robot’s controls
Observations of nearby features
Estimate:
Map of features

Path of the robot

SLAM Applications

Undersea

Underg‘round
//.':l: d.,.lg»

lllustration of SLAM
without Landmarks

With only dead reckoning, vehicle
pose uncertainty grows without

( % bound

Courtesy J. Leonars
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lllustration of SLAM
without Landmarks
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With only dead reckoning, vehicle
pose uncertainty grows without

Mapping with Raw Odometry

7 * bound
9 10
Repeat, with Measurements of . .
peat, [llustration of SLAM with Landmarks
Landmarks
* * e *
01 First position: two features observed } 0 Second position: two new features
( ® 7 ® observed
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[llustration of SLAM with Landmarks
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1 Re-observation of first two features
results in improved estimates for

[llustration of SLAM with Landmarks
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[ Third position: two additional
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lllustration of SLAM with Landmarks lllustration of SLAM with Landmarks
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/ 01 Re-observation of first four features /7 1 Process continues as the vehicle moves
7 » results in improved location estimates 7 ® through the environment
for vehicle and all features
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SLAM Using Landmarks

‘Odomatry Profie ofthe Robot Locations

End Paint

Stan ot

Courtesy ) Leongrd

Test Environment (Point Landmarks)

Courtesy . Leonard
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View from Vehicle

Courtesy ), Leonard

SLAM Using Landmarks

1. Move

2. Sense

3. Associate measurements with known features

4. Update state estimates for robot and previously mapped features
5. Find new features from unassociated measurements

6. Initialize new features

e sep20, tine1 61

7. Repeat

MIT Indoor Track

19
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Comparison with Ground Truth Simultaneous Localization and
T e e Mapping (SLAM)
D S : 0 Building a map and locating the robot in the map at
the same time

” 01 Chicken-and-egg problem
20
10

- oL

odometry 8 [ ST S—
-60 »F;O -40 -30 : -20 -10 0
SLAM result Coutesy L lconard Courtesy: Cyrill Stachniss
21 22

Definition of the SLAM Problem Three Main Paradigms

Given
o The robot’ s controls
ul:T:{u17u2vu37"'vuT} Grdph- qufiCIe
o Observations b ase d fi H‘e r
217 = {21,22,23, -, 2T}
Wanted
o0 Map of the environment
m

o Path of the robot

Zo.T = {il:o,wl,l’g, LR mT}

Courtesy: Cyrill Stachniss Courtesy: Cyrill Stachniss
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Bayes Filter
0 Recursive filter with prediction and correction step

0 Prediction
bel(xy) = /p(xt | ug, xe—1) bel(xi—1) dwi—q
0 Correction

bel(xy) = 1 p(z | 24) bel(we)

Courtesy: Cyrill Stachniss

EKF SLAM

0 Application of the EKF to SLAM

0 Estimate robot’s pose and locations of landmarks in
the environment

0 Assumption: known correspondences

0 State space (for the 2D plane) is

_ T
re=( ,9,0 M1z, M1y, ..., My g, Mpy)
———

robot’s pose landmark 1 landmark n

Courtesy: Cyrill Stachniss
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EKF SLAM: State Representation EKF SLAM: State Representation
o Map with n landmarks: (3+2n)-dimensional o1 More compactly
Gaussian
0 Belief is represented by LR Yipen  Mwgma Yzpm,
.r Oz Ory 020 | Ozmy, Oemy, - Oam,. Oam,,, mq EmliﬁR Emlml Emﬂnn
y Oya Oy Oy | Oymy, Oymy, -+ Om,, Oy '
0 0z Toy T66 T0m, . Tom, Tom,, Tomn,,
myz Omy .z Omy.y 00 Omy.my. Omy.my, Omy omp e Omy am,
my Omaye om‘l SO0 | Omaymie  Omaymiy it v ity M, Eman Emnml Emnmn
Mp Omp .z Omp.y 00 Omy.myz Ompomyy -+ Ompomue Omp.mu,
mnyy COmnyz ) Cimn uy/ E [Omnymrel Omaymigl o Ornnymiaie Grnnymnny H =
" z
Courtesy: Cyrill Stachniss Courtesy: Cyrill Stachniss
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EKF SLAM: State Representation

0 Even more compactly (note: x p — )

1 %

Courtesy: Cyrill Stachniss

EKF SLAM: Filter Cycle

State prediction
Measurement prediction
Measurement

Data association
Update

Courtesy: Cyrill Stachniss
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EKF SLAM: State Prediction EKF SLAM: Measurement
Prediction
% %

TR 2iERﬂ'JR Emel Ewnmn TR EszR Eszl Ezgm"

my EmlxR mimy Emlm” my Emlzl{ Emlml Emlmn

W;" Eman Zm.nml Em;l My mn Eman Emnml Emn Moy
——— ———

Iz b)) Courtesy: Cyrill Stachniss 14 b)) Courtesy: Cyrill Stachniss
31

32




4/29/21

EKF SLAM: Obtained EKF SLAM: Data Association and
Measurement Difference Between h(x) and z

o b 4

TR EszR Eszl c. Eszn TR EERJCR Emle R Zmen
my Emle Emlml e Zmlmn my Emlmg Eml mi o Zmlmn
Mp Zmnx;g Emnml cee Zlmnmn Mn EmnocR Emnml cee Emnmn
—— ——
I b)) Courtesy: Cyrill Stachniss jZ ) Courtesy: Cyrill Stachniss
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EKF SLAM: Update Step EKF SLAM: Concrete Example

Setup
0 0 Robot moves in the 2D plane
0 Velocity-based motion model
g 0 Robot observes point landmarks
o Range-bearing sensor
TR Yrrer Sepmy -0 Szpma o Known data association

m 2 2 )
L LT Lmy el 01 Known number of landmarks

My Dipomm  Dhppatn 000  Dipoibe
——
Iz b)) Courtesy: Cyrill Stachniss Courtesy: Cyrill Stachniss
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Initialization

0 Robot starts in its own reference frame (all
landmarks unknown)

01 2N+3 dimensions
o = (000 ... 0)7

cooco
cooo
cooco
¥ ooo
cooo

Yo =

o
o
o
8

Courtesy: Cyrill Stachniss
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Extended Kalman Filter Algorithm

1: Extended_Kalman filter(p—1,%:—1,u, 21):
20 i =\g(ut,ut_1)

3: Et = Gt Et—l G? + Rt

4 K, =%, HT(H, Sy HF + Q)

5 e = [+ Ki(ze — h(fu))

6: Et = (.l - Kt Ht) Et

7 return fug, 3¢

Courtesy: Cyrill Stachniss
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Prediction Step (Motion)

0 Goal: Update state space based on the robot’s
motion

0 Robot motion in the plane

z z —obsing + 2t sin(0 + weAt)
Y = y |+ Z—: cosf — Z—Z cos(6 + wiAt)
0 [4 wy At

Ga,y,0 (e, (2,9,0)T)

o How to map that to the 2N+3 dim space?

Courtesy: Cyrill Stachniss
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Update the State Space

0 From the motion in the plane
z’ x —bsind + 2 sin(0 + wiAt)
' = y |+ L‘d—'t cosf) — i_: cos(6 + w At)
0 [4 wy At

0 to the 2N+3 dimensional space

! x 100 0.0\ | wupro o
Y y 010 0. .0 —”wtsmaﬁ—w sin(f + wi At)
4 = 0 |+ 2t cosf — 2t cos( + w At)
i ; 00 1 0... we 13' At
2Ncols

Fr

g(up,ae)

Courtesy: Cyrill Stachniss
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Extended Kalman Filter Algorithm

1: Extended_Kalman filter(us—1,3¢—1,us, 2¢):
2 i gfungar) oone
3: Et = Gt Zt—l Gt + Rt
Y 3
4: K, =%, H (H; S HF + Q)™
5. = i + Ki(ze — h(fir))
6: Et = (I - Kt Ht) Et
7 return fug, 3

Courtesy: Cyrill Stachniss
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Update Covariance

0 The function g only affects the robot’s motion and not
the landmarks

Jacobian of the motion (3x3)

Identity (2N x 2N)

Courtesy: Cyrill Stachniss
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This Leads to the Time Propagation

1: Extended_Kalman filter(u;—1, X1, u, 2¢):

2: fir = G{Upspbt=1)- Apply & DONE
3: - Zt = Gt Et_1 G? + Rt

i
[

Gtzt—laf + R,

G¥ 0 Yee  Zam G@nT o
((JI)(EM mm>( o 1)t
G0 (GHT GFpm

Courtesy: Cyrill Stachniss
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Extended Kalman Filter Algorithm

1: Extended Kalman filter(u;_1, 31, u¢, 2¢):

2: frt-=-G(Upsfht=1)- DONE

3: it - Gt Zt_]_ G’i[‘ -+ Rt DONE

4: Kt = it H;T(Ht it HtT +Qt)_1
51 = fip + Kz — h(j))

6: Et = (I - Kt Ht) Et

7 return fug, 3y

Courtesy: Cyrill Stachniss
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EKF SLAM: Correction Step

o Known data association

oci=j: i-th measurement at time t observes the
landmark with index j

o Initialize landmark if unobserved

o Compute the expected observation

0 Compute the Jacobian of h

0 Proceed with computing the Kalman gain

Courtesy: Cyrill Stachniss

Range-Bearing Observation

o Range-Bearing observation zi = (ri, ¢!)7

0 If landmark has not been observed

Biw \ _ ( e\ 4 7 CQS(¢§ + fitp)
Hiy Hty ry sin(¢} + fit,0)

)

observed estimated relative measurement
location of robot’s
landmark j location

Courtesy: Cyrill Stachniss

51 52
Jacobian for the Observation Jacobian for the Observation
5 _ 61 _ ﬂj,m*ﬁt,l’ .
0 Based on 3y fjy — fity 0 Use the computed Jacobian
7 = ) low pri l _\/‘?5% —\/ﬁéy 0 +\/55w \/5511
5 — Vi i q by —0y —q¢ =0y 0
t atan2(dy, 8;) — fit,0
o Compute the Jacobian 0 map it to the high dimensional space
owgi _ Ohlan) Hj = ""VH] Frj /1000000 0-0
¢ Oy 0100000 0---0
001 0000 0---0
= l( _‘({qé’” _‘?5” 0 +‘/§5’” ‘/géy) Fei=10 00 0010 0.0
q Y 0z TT Ty @ 00000001 0---0
—— ——
2j—2 2N —2j
Courtesy: Cyrill Stachniss Courtesy: Cyrill Stachniss
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Next Steps as Specified...

1: Extended_Kalman filter(us—1,3¢—1,us, 2¢):
2 fir = g(uzr. jtt—1) DONE

3: Y =Gy X1 GtT +-R; DONE

4w K, =5, HT (H, S, HY + Q;)!

5. e =+ Ki(ze — h(ju))

6: Et == (I - Kt Ht) Et

7 return fug, 3

Courtesy: Cyrill Stachniss
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Extended Kalman Filter Algorithm

—

A I

Extended _Kalman filter(p—1,X:—1,u, 21):

fit = g(ut, f11—1) DONE
Et = Gt Et—l G? -+ Rt DONE

K= it HE(HL‘ St HtT == Qt)71 Apply & DONE
por-=fr (2 —h{ftr)) Apply & DONE
: Y= —KrHy) ¢
: mmp return pug, 3¢

Apply & DONE

Courtesy: Cyrill Stachniss
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EKF SLAM Complexity

o Cubic complexity depends only on the measurement

dimensionality

o Cost per step: rlnr'rz\inqted by the number of

landmarks: O (n

0 Memory consumption: O(nZ)

1 The EKF becomes computationally intractable for

large maps!

Courtesy: Cyrill Stachniss
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Online SLAM Example

=gl b @%

68
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EKF SLAM Correlations

o In the limit, the landmark estimates
become

> Estimated robot

M Estimated landmark

Courtesy: Dissanayake

EKF SLAM Correlations

Blue path = true path Red path = estimated path Black path = odometry

0 Approximate the SLAM posterior with a high-dimensional
Gaussian (smith & cheesman, 1986] ...

0 Single hypothesis data association

69

70

Courtesy: M. Montemerlo

Data Association in SLAM

% ¥ % %

AY 4
\ 4

o *—__Robotpose __—" o

uncertainty

pAs
©

4
4

I

o In the real world, the mapping between observations and
landmarks is

o Picking wrong data associations can have
consequences
EKF SLAM is brittle in this regard

o1 Pose error correlates data associations

Loop-Closing

0 Loop-closing means recognizing an already
mapped area

0 Data association under
high ambiguity
possible environment symmetries

o Uncertainties after a loop-closure (whether
the closure was correct or not)

71

Courtesy: Cyrill Stachniss

72
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Before the Loop-Closure
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Courtesy: K. Arras

After the Loop-Closure
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Courtesy: K. Arras
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Example: Victoria Park Dataset

Victoria Park: Data Acquisition

Courtesy: E. Nebot
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Victoria Park:

EKF Estimate

Courtesy: E. Nebot
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Victoria Park: EKF Estimate

200 e
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Courtesy: E. Nebot
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Victoria Park:

Landmarks

4

Courtesy: E. Nebot

Victoria Park: Landmark
Covariance

1 12 14 16 18 2 22 24 26 28 3
states

79

Courtesy: E. Nebot
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Andrew Davison: MonoSLAM

Sub-maps for EKF SLAM

[Leonard et al 1998]

81 82
EKF SLAM Summary Literature
Quadratic in the number of landmarks: O(n?) EKF SLAM
c A | | “Probabilistic Robotics”, Chapter 10
. . - |
an I n.on neartties qre. aree Smith, Self, & Cheeseman: “Estimating Uncertain
Have been applied successfully in large-scale . . .. .
- Spatial Relationships in Robotics
environments.
Aporoximations reduce the comoutational complexit Dissanayake et al.: “A Solution to the Simultaneous
PP P plextty: Localization and Map Building (SLAM) Problem”
Durrant-Whyte & Bailey: “SLAM Part 1” and “SLAM
Part 2" tutorials
Courtesy: Cyrill Stachniss
83 84
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Graph-SLAM
¢ Full SLAM technique
® Generates probabilistic links
e Computes map only occasionally

e Based on Information Filter form

Information Form

® Represent posterior in canonical form

Q=YY" Information matrix

£=3"u Information vector
® One-to-one transform between

canonical and moment representation
="'

u=Q7¢

85

86

Information vs. Moment Form

Information matrix

Correlation matrix

15 =G0 )1 R L = g, )] =
[, ~ himy, )T Q™' [z, ~ him, )] i"k

Graph-SLAM Idea

0 Q% 1= g 3))" R L, = g1, 3,)] L2y~ (g x) T Q7 [23 iy, 3,)]

...... Y
a2t

[, = g ()" R LN\ 8t x)]
E .

& 2y = hmy 5T Q' (2, ~ h(myy )]

L2y =h(m, x)) Q' [z, —h(m,, x,)) /"

1%, = 8y, )T R [, = g ey, x)]

Sum of all constraints:

st =% Qo %+ 2 1%, = 8, x ) R [x, ~ g, %, )1+ X[z, ~h(m, . x)I Q7' [z, ~h(m, ,x)]

87

88
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Graph-SLAM Idea (1)

[N E

Xy
m, « [l

Graph-SLAM Idea (2)

X X m

m‘* 2 .:
%f—/ml. u

89 90
Graph-SLAM Idea (3) Graph-SLAM Inference (1)
*mz x1 1 =3, =3 4§
N my  my X
NP
SN~ =
e —b—p
X X X3 X8 om,
91 92
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Graph-SLAM Inference (2) Graph-SLAM Inference (3)

X X X X X Xy X X,

X | X
X

\ :

b — Y y —p—b—p

X, X, X3 X4 my | OO X, X, X3 X4
93 94

Mine Mapping Mine Mapping: Data Associations
M
-
B
e

95 9%
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Efficient Map Recovery

e Information matrix inversion can be
avoided if only best map estimate is
required

® Minimize constraint function Jsraphsiam
using standard optimization

techniques (gradient descent, Levenberg
Marquardt, conjugate gradient)

3D Outdoor Mapping

108 features, 10° poses, only few secs using cg.

97
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Map Before Optimization

Map After Optimization

99

100

21



4/29/21

Robot Poses and Scans (.. and wiiios

1997]

e Successive robot poses
connected by
odometry ,=D,+0,

e Laser scan matching
yields constraints
between poses

e |oop closure based on
map patches created
from multiple scans

Loop Closure

e Use scan patches to detect loop closure

e Add new position constraints

e Deform the network based on covariances of
matches

Before loop closure After loop closure

101

102

Mapping the Allen Center

Graph-SLAM Summary

e Adresses full SLAM problem
e Constructs link graph between poses and
poses/landmarks

e Graph is sparse: number of edges linear in number
of nodes

e Inference performed by building information
matrix and vector (linearized form)

e Map recovered by reduction to robot poses,
followed by conversion to moment representation,
followed by estimation of landmark positions

e ML estimate by minimization of Jsrapnsiam
e Data association by iterative greedy search

103

104

22



