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The SLAM Problem

A robot is exploring an
unknown, static environment.

Given:

= Therobot's controls

s Observations of nearby features

Estimate:

= Map of features
= Path of the robot



Why is SLAM difficult?

= Localization assumed map was perfectly known in the
sensor/motion

= Mapping assumed position was fully known

= Doing both jointly is hard!

Mapping Localization



SLAM Applications

Undersea
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lllustration of SLAM without Landmarks
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lllustration of SLAM without Landmarks
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Mapping with Raw Odometry




Repeat, with Measurements of Landmarks

= First position: two features
observed

Courtesy J. Leonar d



lllustration of SLAM with Landmarks

= Second position: two new features
observed
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lllustration of SLAM with Landmarks

s Re-observation of first two features
results in improved estimates for
poth vehicle and feature
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lllustration of SLAM with Landmarks

= Third position: two additional
features added to map
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lllustration of SLAM with Landmarks
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lllustration of SLAM with Landmarks
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SLAM Using Landmarks

Odometry Profile of the Robot Locations
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Test Environment (Point Landmarks)
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View from Vehicle
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SLAM Using Landmarks

MIT Indoor Track

1. Move
2. Sense

3. Associate measurements with known features

4. Update state estimates for robot and previously mapped features

time step20, time=1.61

5. Find new features from unassociated measurements
6. Initialize new features | (

7. Repeat R (A




Comparison with Ground Truth

QOdometry Profile of the Robot Locations
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Simultaneous Localization and Mapping (SLAM)

= Building a map and locating the robot in the map at the same time

s Chicken-and-egg problem

Courtesy: Cyrill Stachniss



Definition of the SLAM Problem

Given

= Therobot's controls
Ui-T — {ul, Ug2,U3, ... ,UT}

= Observations
21T — {Zl, KDy B3y e ooy ZT}

Wanted

= Map of the environment m

= Path of therobot zo.7 = {z0,z1,22,..., 27}
Courtesy: Cyrill Stachniss



Three Main Paradigms
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Bayes Filter

Recursive filter with prediction and correction step

Prediction
Bel(xy) = /p(xt|xt_1,ut_l)Bel(xt_1)dxt_1

Correction

Bel(xt) = np(z¢|z:) Bel (x;)

EKF Slam sets x to be (position of robot, position of landmarks)



EKF SLAM

Application of the EKF to SLAM

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

Assumption: known correspondences

State space (for the 2D plane) is

o T
Ty = ( :E,y,H 7m1,x7m1,y7'"7mn,a:7mn,y)
robot’s pose landmark 1 landmark n

Courtesy: Cyrill Stachniss



EKF SLAM: State Representation

= Map with n landmarks: (3+2n)-dimensional Gaussian

= Belief is represented by

A { s Ozy Ozo S i o G S \
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mTL’x O-mn,wx O-mn,wy 0-0 O-mn,:cml,:c Umn,wml,y O-mn,wmn 4B O-mn,:rmn,y
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EKF SLAM: State Representation

= More compactly

LR Za:Ra:R Z:cle Za:Rmn
i Emla:R Zmlml Zmlmn
ez Zmna:R Zmnfml Z'mnmn
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EKF SLAM: State Representation

= Even more compactly (note: xp — )
L Za:x Zzz:m
T Zm:c me
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EKF SLAM: Filter Cycle

State prediction
Measurement prediction
Measurement + Data Association

Update

Courtesy: Cyrill Stachniss



EKF SLAM: State Prediction
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EKF SLAM: Measurement Prediction h(x)
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EKF SLAM: Obtained Measurement (z)
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EKF SLAM: Difference Between h(x) and z

Courtesy: Cyrill Stachniss



EKF SLAM: Measurement Update Step
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EKF SLAM: Filter Cycle

State prediction = only affects robot mean, cross covariances
Measurement prediction
Measurement + Data association

Update = affects robot and landmark estimates but only the
particular observed landmark

Courtesy: Cyrill Stachniss



EKF SLAM: Concrete Example

Setup

= Robot moves in the 2D plane = L6

= Velocity-based motion model = L6

= Robot observes point landmarks = L7

= Range-bearing sensor = L7

= Known data association = uniquely identifiable landmarks

= Known number of landmarks

Courtesy: Cyrill Stachniss



Initialization

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

» 2N+3 dimensions

o O O O
OO O O
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Extended Kalman Filter

Algorithm

1:

Extended_Kalman_filter (u; 1, > 1, us, 2¢):

ﬁt—’g(ut,,ut—ﬂ

Zt — Gt Zt—l G;}r —|— Rt

Ki=% H' (H:e X H + Q)7 !
pt = iy + Ke(ze — h(fig))

Zt — (I— Kt Ht) Zt
return pis, 2

Courtesy: Cyrill Stachniss



Prediction Step (Motion)

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

= Robot motion in the plane

x! T —Zksinf + 2t sin(f + wi At)
Y’ = y |+ | Ztcost— b cos(0 + wiAl)
0’ 0 w At

\ >4
Y

9z ,y,0 (ut,($,y,9)T)

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

Courtesy: Cyrill Stachniss



Update the State Space

= From the motionin the plane

! T —Zksing + £ sin(6 + wiAt)
Y’ = y | + -cost — b cos(6 + wiAt)
(9/ 0 Wt At

= tothe 2N+3 dimensional space

x’ T T
y ) é (1) 8 88 — e gin 6 + 2 sin(f + wAl)
o' = o |+ Yt cos — 2+ cos(0 + wiAt)
0O 0 1 0...0 Wi °Z5 N
: 2Ncols !
FT
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Extended Kalman Filter Algorithm

1: Extended_Kalman filter(u:_1,>¢ 1, us, 2¢):

2: it = g(us, fi1—1) DONE

3: Zt - Gt Zt—l G;r -+ Rt

4: Ky =X Hf (He Xy HY + Q)"
3k pt = iy + Ke(ze — h(fig))

0: Zt — (I — Kt Ht) Zt

7 return iy, 2¢

Courtesy: Cyrill Stachniss



Update Covariance

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

Jacobian of the motion (3x3)

G

|
YN
o &
~ O
N

Identity (2N x 2N)
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Jacobian of the Motion

(

x
Y
0

)

—Ztsing + 2t sin(0 + wiAt)

Yt cosf —
Wt

t

“t cos(0 + wiAt)
Wi At ]
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Jacobian of the Motion

5 s —tsinf+ t sin(0 + weAt) |
= e <§)+( aremd T N T )
5 _ —Ztsind + 2t sin(0 + wiAl) _

=1 +a<x,y,9>T( et T )

Wt At
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Jacobian of the Motion

5 wa: —Ztsind + Zbosin(0 + wiAl) |
y |+ | Ztcos— 2 cos(f +wiAl)
L\ 0 wy At i

— 2t ginf + 2 sin(6 + w At)
0 ”—i‘)tcos 0 — i cos(0 + wiAt)
O(z,y,0)" “ t

0 0 —Zkcosf+ - cos(f + wiAt)
I+ 0 0 —Ztsinf+tsin(f + wiAt)
0 0

0

Wi At
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Jacobian of the Motion

5 wa: —Ztsind + £t sin(0 + wiAt) |
— y |+ | Ztcos— 2 cos(0 +wiAl)
8(:13, Y, (9) I O we At |
5 Lsinf + 7t sin(f + wiAt)
I+ — o 005 0 — b cos(0 + wAt)
8(3:7 Y, (9) Wy At

0 0 —Zkcosf+ .t cos(0 + wiAt)
I—I—(O 0 Z—isin@—ki—isin(@—ktht))

0 0

0

1

0

0
1
0
0

— Sk cos 0+ CF cos(6 + wrAt)
—Zksin 9—|—— sin(6 + w; At)
1
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This Leads to the Time Propagation

1: Extended_Kalman filter(u;_1,>: 1, us, 2¢):

2: =g ursphr=1) Apply & DONE
3P % =Gy % G + Ry
2

G 1Gl + Ry

_ Gy 0 Yez  Dam (GHYT 0
_(0 I)(Zm zmm>( o 1 )T
_( GPZe(GY) GiZem

= (et G )on
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Extended Kalman Filter Algorithm

1: Extended_Kalman filter(u:_1,>¢ 1, us, 2¢):

2: it = g(us, fi1—1) DONE

3: D= Gt %_1 G;}r -+ DONE

4 K, =%, H'(H, S HY + Q)™
3k pt = iy + Ke(ze — h(fig))

0: Zt — (I — Kt Ht) Zt

7 return iy, 2¢

Courtesy: Cyrill Stachniss



EKF SLAM: Correction Step

s Known data association

= ¢! = j: i-th measurement at time f observes the landmark with
index

= |nitialize landmark if unobserved
s Compute the expected observation h
= Compute the Jacobian of h w.r.t state x

= Compute Kalman Gain

Courtesy: Cyrill Stachniss



Range-Bearing Observation

s Range-Bearing observation 2! = (rf, )"

s If landmark has not been observed

Biz \ [ Mtz ry cos(@y + [itp)
1y )\ Ay ) T\ ri sin(d) + o)
Hi,y Mty Ty SIN(Qy T [t 0
observed estimated relative
location of robot’s measurement
landmark j location

Courtesy: Cyrill Stachniss



Jacobian for the Observation

= Basedon 5 - ( 2 ) _ ( fjw — fit )

5y Hjy — Mty
g = 616
3 = Va
t atan2(d,,0,) — [it.p

Landmark estimate

s Compute the Jacobian (wrt ¢,z it o Ht,0 L,z 5,y )

position
' Oh(pi)
low 777
H —
t Ofit
1/ =4 —/q0, O +,/q0. +/q0,
q 0y —0, —q  —0y 0y
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Jacobian for the Observation

= Use the computed Jacobian

owpi _ L =@ i, 0 +/@. /@b,
t d\ 0, =& —q =0, &

= map it to the high dimensional space

. low gyt '
Ht — Ht F:w (1 0 0 0---0 0 O 0...0\
‘1, 01 0 0---0 0 0 0---0
P 0 0 1 0---0 0 0 0---0
37~ 1 0 0 0 0---0 1 0 0---0
0 0 0 0---0 0 1 0---0
N——" N——"
\ 2j—2 2N —2j

Courtesy: Cyrill Stachniss



Next Steps as Specified...

1: Extended_Kalman filter(u:_1,>¢ 1, us, 2¢):

23 Mt — g(uty,ut 1) DONE
Gt D 1G -+ DONE

» Kt I(H; 2y H + Q)1
= [t + Kt (2t — h(.ut))
6: = (I — Ky Hy) >4

7 return bty 23t

Courtesy: Cyrill Stachniss



Extended Kalman Filter

Algorithm

Extended_Kalman_filter (u; 1, > 1, us, 2¢):

= G(Utspht=1) DONE

dip = Gt dip_1 G;}r -+ DONE

Kt = it HtT(Ht it Hér == Qt)_l Apply & DONE
=+ 2—h{H+))— Apply & DONE

Zt = (I—Kt Ht) Zt

. » return pis, 2

Apply & DONE

Courtesy: Cyrill Stachniss



Online SLAM Example

(a) (b)
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Data Association in SLAM

o — Robot pose — o

uncertainty

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

Picking wrong data associations can have
consequences

= EKF SLAM is brittle in this regard

Pose error correlates data associations 60



Loop-Closing

= Loop-closing means recognizing an already mapped area

s Data association under
= high ambiqguity

s possible environment symmetries

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

Courtesy: Cyrill Stachniss



Before the Loop-Closure
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After the Loop-Closure
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Example: Victoria Park Dataset

Courtesy: E. Nebot



Victoria Park: Data Acquisition
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Victoria Park: EKF Estimate
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Victoria Park: Landmarks
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Victoria Park: Landmark Covariance
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Andrew Davison: MonoSLAM




Maps for EKF SLAM

” X K T
pot W x

X X d K X xXx

X x» x| [ A x| x
X X x)‘:' x| X )(\. W X
b § W xx X )'(\ )
X xX| 7

X X .
o e B Bl I Y Y R
¢ w XXX o e

[Leonard et al 1998]



EKF SLAM Summary

Quadratic in the number of landmarks: O(n?)

Can if nonlinearities are large!

Have been applied successfully in large-scale
environments.

Approximations reduce the computational
complexity.
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Literature

EKF SLAM
= “Probabilistic Robotics”, Chapter 10

= Smith, Self, & Cheeseman: “Estimating Uncertain Spatial
Relationships in Robotics”

= Dissanayake et al.: “A Solution to the Simultaneous
Localization and Map Building (SLAM) Problem”

= Durrant-Whyte & Bailey: “SLAM Part 1" and “SLAM Part 2"
tutorials

Courtesy: Cyrill Stachniss



