Extended Kalman Filter
Localization

Nived Chebrolu

Slides adapted from Cyrill Stachniss at Uni. Bonn



Localization Example
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Kalman Filter

= It is a Bayes filter
= Everything is Gaussian

plx) = det(2r2) " exp (= 5 (= )78 (@ — )

= Optimal solution for linear models and
Gaussian distributions
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Kalman Filter Assumptions

= Gaussian distributions and noise
= Linear motion and observation model

v = Axy_1 + Brug + €
2y = Cyxy + 04

What if this is not the case?



Non-Linear Dynamic Systems

= Most realistic problems involve

nonlinear functions

—’515/

4

\

It = Q(Utaﬂ%—l) T € 2t = h(%ﬁ) + 5t



Linearized Motion Model

= The linearized model leads to

_1
2

p(l’t ‘ U, xt_l) ~ det (27TR75)

1
exp ( — 3 (xr — g(ug, pre—1) — Gy (x4—1 — Mt—1))T

Rt_l (xr — g(ug, pre—1) — Gy (x4—1 — ,ut—l)))

A

linearized model

» R; describes the noise of the motion



Linearized Observation Model
= The linearized model leads to
p(z | z¢) = det (20Qy) 2
exp (= 5 (= hlm) = Hy (w0 — )"

Q7 ' (2 (Mt) Hy (x4 — ,Jtl))

linearized model

= (J: describes the measurement noise



Extended Kalman Filter
Algorithm

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

2: fe = g(ue, phe—1)

3: it — Gt Zt—l G,'tr + Rt

4 K,=%, H'(H, S, HF + Q)™
5r = i + Ki(ze — h(jie))

0: Zt — (I — Kt Ht) Et

7 return [, D




EKF Localization For
Feature-based Map



Odometry As Controls

U — ((Srgtj 3 51‘,@“@715; 5?‘01‘,2)
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Motion Model

= Odometry motion model

x! L 5tranSCOS(9 -+ 57°Ot1)
y, — y _I_ 5transSin(9 —|_ 57’01;1) _|_N(07 Rt)
9, 9 57"0751 + 5rot2

V a

g(utaiﬁt—l)

= Linearization

Q(Uta xt—l) ~ g(uta Mt—l) + Gt(ﬂi‘t—l — Mt—l)
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Jacobian For Motion Model

= Compute Jacobian

Sz’ Sx’ Sx’ \
Ot —1, 5Mt—1,y 5Mt—1,6

GQ, — 5g(utaﬂt—1) . 5y’ Sy’ Sy’
t 527 o 5/1,5_1,33 6/~Lt—1,y 5/«’175—1,9
t—1 56’ 560’ 560’ /
5Mt—1,a: 5ut—1,y 5#1;—1,9

1 0 —5transsin(9 -+ 5?"0t1)
Gt =10 1 5tranSCOS(9 - 57‘0151)
0 O 1
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Observation Model

= Range-Bearing Model

i () _ [ V(M —x)2+ (mjy —y)?
Lt = (¢%) — (atanQ(ij,y —y, mj’xji .CU) . 9) _|_N(Oa Qt)

A >4

Vo

h(xs,m)

= Linearization

h(z¢,m) =~ h(fis) + Hf (x4 — Jig)
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Jacobian For Observation Model

= Compute Jacobian

_ 57’*;’2 57";: (57";’;
i OhBem) 5. e, e
t Oy o1 0%y 09

Ofit,z  Oftt,y  O[t,6

mjay_l"bt7y _mj?w_ll/tﬂ‘,‘c _1
q q

_ Mjx—Ht,a My — Mty 0
i Va V4
Ht e 17 17

where ¢ = (m;, — ﬁt,a:)z + (myjy — ﬁt,y)z
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Extended Kalman Filter
Algorithm

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

2: fie = g(ut, fg—1) +«—— Predicti
- ) ediction
3: Zt — Gt Zt—l G,'tr + Rt
4: K, =% H (H; Xy H + Q)1
5: pe = iy + K (20 — _h(/]t))
6: e =1 — Ky Hy) ¥4
7 return [y, iy \

Correction




EKF Localization Algorithm

6.

. Algorithm EKF localization (p; 1.2 1. us. 2. ¢, m):

. H = Hi-—-1.8

]_ [} _{it]_'ang__ Hil’l{ﬂ —|_ I!'5|I'121't.| :]
=0 1 5t1‘an:¢ EUH{H + ﬂl'ﬂh :]
0 0 1

|

. ll.r'rE_ = fit.rﬂ“:.; (:UE(H —+ EI"CIt]_ } Hil‘lliﬂ' -+ {irgtl } {]

1

_fit.rﬂ“:.; Hi'ﬂlil.'? + EI"I:It]_ } {:(}H(H + {irgtl } {])

Etran:-; EE"H{H + fil'ﬂ-h J
FIt = Mi—1 T '[itran:-; Hil‘l{ﬂ + fjmh ::'
ﬁl‘utl -+ Erﬂltj

. if — Gizt—l(}? —+ l’}ﬂ;{tHT

0

1

ﬂl{iﬁutl T ﬂﬂﬁtgran:-; _ 0 0
. M = 0 ﬂﬂﬁtgranﬂ + O (ﬁijtl + ﬁijtg} 0
0 0 ﬂ:]ﬁfm: T+ ﬁﬁﬁfrmm

«—— Prediction

|
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Prediction Step
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EKF Localization Algorithm

0,2 0
5 Q= ( 0 %2)

9: for all observed features z! = (v}, )’ do

10:
11:

12:

13:

14:
15:
16:
17:
18:
19:
20:
21:

J=c
q = (mja— ﬁt,:c)2 + (myjy — ﬁt,y)z
51— ( Ve i )
a’ta’n2(mj,y — Mty My e — Nt,m) — Ht,0
. _ Mo —Ht,x Mgy —Ht,y 0
Hg - ( mj,yl/gt,y mj,:c\/_gﬁt,a: 1)
q q
St = f-_’gitH{siT + Q¢
Ky =X [H [SH~
fe = [be + K%(Zt — »‘2’;")
s 1K, Expected Measurement

end for
Ht = [bt
it = 2
return p, 2

18
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EKF Localization Algorithm

0,2 0
5 Q= ( 0 %2)

9: for all observed features z; = (r;, #;)" do
10: J = ¢
11: q — (mj,g; — ﬁt,:c)Q + (mj,y o ﬁt,y)
e _ _ _
atan2(m;,y — fty, Mje — ) = Fi,0

. My — i, My — [ty 0
13: HZJ — mj,yl/gt,y _mj,:c\/_aﬁt,a: _1

| 4 !
14: S;_: Hi>H; + or
15: K =% [H{" S]]~
16: /_:Lt = [Lt + Kg(Zt —_ZA’t) -
S = (- KD, «— Correction
18: end for
19: e = /,_Et
20: Zt - Et
21: return p;, 2y

2

12:




¢ [deg]

Correction Step
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2D EKF Localization Example

22



Extended Kalman Filter
Summary

» Extension of the Kalman filter
= One way to handle the non-linearities
» Performs local linearizations

= Works well in practice for moderate
non-linearities

= |Large uncertainty leads to increased
approximation error

23



Literature

Kalman Filter and EKF

= Thrun et al.: “"Probabilistic Robotics”,
Chapter 3

= Thrun et al.: “"Probabilistic Robotics”,
Chapter 7/

= Schon and Lindsten: “"Manipulating the
Multivariate Gaussian Density”
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