Kalman filter

Karel Zimmermann



Prerequisities: Conditional independence

A - student receives merit scholarship How can you measure it?

B - average grade If avg_grade<1.5 =>100%
C - full transcript of records otherwise => 0%

p(A B, C) = p(A|IB) Is this true? Why?



Prerequisities: Conditional independence

A - student receives merit scholarship How can you measure it?

B - average grade If avg_grade<1.5 =>100%
C - full transcript of records otherwise => 0%
p(A B, C) = p(A|IB) Is this true? Why?

Def: A is conditionally independent on C given Bliff p(A B} C) = p(A [B)

o Bl(average grade) is sufficient summary of study results to asses probability of A
(receiving merit scholarship)

o (C (full transcript of records) does not yield any additional information wrt{B about
probability of A (receiving merit scholarship)



Complete states
Complete states: xg,X1,...,Xt € R"

Def: A is conditionally independent on C given Biff p(A|BlC) = p(A|B)

Def: State X,—l|is complete iff future X, is conditionally independent on past given X;=¢

Conseqguences:
state-transition probability: p(x¢|x:—1,u:) = p(x X, wr, Xo:t—2, Z1:¢—1, U1:6—1)
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Complete states
Complete states: xg,X1,...,Xt € R"

Def: A is conditionally independent on C given Biff p(A|BlC) = p(A|B)

Def: State X,—l|is complete iff future X, is conditionally independent on past given X;=¢

Conseqguences:
state-transition probability: p(X¢|Xt—1, W) = p(X¢|X¢—1, Ut, X0:t—2, Z1:4—1, U1:t—1)

measurement probability: p(zt|Xt) = p(Ze \.7 X0:t—1,Z1:t—1, Ul:¢)
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Factor graph




Factor graph

There Is a recurrent algorithnm that successively estimates
bel(x:) = p(x¢|z1.+, u1.+) from this factor graph.

bel(x,)
bel(x;)




Bayes filter - derivation
Conseqguences:

measurement probability: p(zt|x¢) = p(Ze|Xt, X0:t—1,Z1:4—1, U1:¢t)
state-transition probability: p(X¢|x¢i—1,0s) = P(X¢|X¢—1, W, X0:4—2, Z1:6—1, U:t—1)

bel(x;) = p(x¢|Z1.4, u1.¢) = p(Xe |2, Z1.4—1, U1:t)

BR p(Zt‘Xth:t—laul:t) 'p(Xt|Z1:t—1>u1:t)
p(Zt‘let—la ul:t)




Bayes filter - derivation
Conseqguences:

measurement probability: p(z¢|xt) = p(Ze|Xt, X0:t—1,Z1:¢—1, U1:t)
state-transition probability: p(X¢|X:—NUt) = D(X¢|X¢—1, Ue, X0:t—2, Z1:4—1, U:t—1)

bel(Xt) — p(Xt‘letp ul:t) — p(Xt|Zt7 Z1.t—1, ul:t)

sn P(Ze|Xe; Z1g—1, Wig) - p(Xe|Z1:e—1, W) @
BR =1 - p(Zt‘Xt) ' p(Xt‘let—lv ullt)
p(Zt‘let—la ulit)




Bayes filter - derivation
Conseqguences:

measurement probability: p(zt|x¢) = p(Ze|Xt, X0:t—1,Z1:4—1, U1:¢t)
state-transition probability: p(X¢|x¢i—1,0s) = P(X¢|X¢—1, W, X0:4—2, Z1:6—1, U:t—1)

bel(Xt) — p(Xt\let, U—l:t) — p(Xt|Zt7 Z1:t—1, U—l:t)

BR p(Zt|Xt7Z1:t—17U-1:t) 'p(Xt|Z13t—17u13t) o
BR =1 - p(Zt‘Xt) ' p(Xt‘let—lv ullt)
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Bayes filter - derivation
Conseqguences:

measurement probability: p(zt|x¢) = p(Ze|Xt, X0:t—1,Z1:4—1, U1:¢t)
state-transition probability: p(X¢|Xi—1, 0z) = p(X¢|X¢—1, Ug, X0:4—2, Z1:¢—1, U1:¢—1)

bel(Xt) — p(Xt‘letp ul:t) — p(Xt|Zt7 Z1.t—1, ul:t)

BR p(Zt‘thzlzt—laulzt) 'p(Xt|Z13t—17u13t) o
— = 1 - p(Zt|x
p(Zt‘let—lv ulit)

LTP

— 7] ‘p(Zt\Xt) ' /p(Xt\Xt—hZLt—hulzt
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Bayes filter - derivation
Conseqguences:

measurement probability: p(zt|x¢) = p(Ze|Xt, X0:t—1,Z1:4—1, U1:¢t)
state-transition probability: p(X¢|x¢i—1,0s) = P(X¢|X¢—1, W, X0:4—2, Z1:6—1, U:t—1)

bel(Xt) — p(Xt‘leta ul:t) — p(Xt|Zt7 Z1.t—1, ul:t)

D(BeXt, Z1.4—1,U1:4) - P(X¢|Z1.4—1, U7 cl
T t? 1:t 17 1t) ( t| 1:t ].7 ].t) :n.p(zt‘Xt) .p(Xt‘let_]_’ul:t)

bap(zi[xt) a  p(X¢|Xer 1, uy) abel(Xg 1)dXqr o



Bayes filter - derivation
Conseqguences:

measurement probability: p(zt|x¢) = p(Ze|Xt, X0:t—1,Z1:4—1, U1:¢t)
state-transition probability: p(X¢|x¢i—1,0s) = P(X¢|X¢—1, W, X0:4—2, Z1:6—1, U:t—1)

bel(Xt) — p(Xt\let, U—l:t) — p(Xt|Zt7 Z1:t—1, U—l:t)

BR p(Zt|Xt7Z1:t—17U-1:t) 'p(Xt|Z13t—17u13t) o
— —= 1) - p(zt‘Xt) ) p(Xt‘let—lv ul:t)
p(Zt‘let—la ul:t)

LTP

— 1] p(Zt‘Xt) ) /p(Xt|Xt—17 Z1.t—1, ul:t) ) p(Xt—1|Z1:t—17 ul:t)dxt—l
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Bayes filter - derivation
Conseqguences:

measurement probability: p(zt|x¢) = p(Ze|Xt, X0:t—1,Z1:4—1, U1:¢t)
state-transition probability: p(X¢|x¢i—1,0s) = P(X¢|X¢—1, W, X0:4—2, Z1:6—1, U:t—1)

bel(Xt) — p(Xt‘letp ul:t) — p<Xt|Zt7 Z1.t—1, ul:t)

BR p(Zt|Xt7Z1:t—17U-1:t) 'p(Xt|Z13t—17u13t) o
— —= 1) - p(zt‘Xt) ) p(Xt‘let—lv ul:t)
p(Zt‘let—lv ul:t)

LTP

— 1] p(Zt‘Xt) ) /p(Xt|Xt—17 Z1.t—1, ul:t) ) p(Xt—1|Z1:t—17 ul:t)dxt—l

Cl

=nNap(z¢|x;) & pX¢|Xe 1,Ur) ap(Xer 1]Z1:00 1, U1:¢ )X 1

: bel(Xt)
= L ap(z¢[x¢) @ p(X¢|Xgr 1, Ut) abel(Xer 1)dX¢r 4



bel(xt) = ép(zt\xt) a p(Xt‘Xt! 1,Ut) é.beI(Xt! 1)dXt! 1
bel(Xt)

1. Initialization: bel(xp) , t =1
2. Prediction step (new action u; performed):

@(Xt) — P(Xt[Xtr 1, ut)bel(Xtr 1)dXtr 1

3. Measurement update (new ., received):

bel(x) = ! ap(z¢|x¢)bel(x;)

4. Repeat from 2: _
t=t1+1




Initialization:

Motion:

Measurement:

Model

XO=

X1=X0+lll

X1

|
N
[

Example

Probability bel(xp)
bel(xy) = A (x,; 0,1)

01 2 3

p(Xl | X()9 ul) —

=X | Xy +uy,1)
01 2 3

p(z|x) =N(zZ| X(,2)

01 2 3



Initialization:

Motion:

Measurement:

Output:

Model

XO=

X1=X0+lll

bel(x,) = 727

Example

Probability bel(xp)
bel(xy) = A (x,; 0,1)

01 2 3

p(Xl | X()9 ul) —

=X | Xy +uy,1)
01 2 3

p(z|x) =N(zZ| X(,2)

01 2 3

What is your guess???



Initialization: ) X bel(x,) @
bel(x)) = #(Xy; 0,1) = eXp, =
\/ 27 ( 2)

0 1 2 3



Initialization: 1 2
bel(xy) = S (xp; 0,1) = eXp , ——
\/ 27 ( 2)

1 X, — (Xy+ 1)
= eXp B —

Vo 2 )

Prediction step (action u; performed):

— 1
bel(x) =  D(X; | X, u)bel(xy)dXx,) = |
' A/ 27
1 1 —Xg— 1)* + X3
=—,exXp,6 ——" (Xl 20 ) 0 dXO_ — , €X
2n ( 2 2 )
1 (Xl T 1)2 Xl — 1
= —exp -— exp  — X, —
7 R G N R O




Initialization: 1 2

b@l(XO) — /V(XO, O,l) — \E exp( _7)
JT

Prediction step (action , performed):

bel(x)) = | p(x; | Xy, upbel(x,)dx,
p(z, =21x)) = N(2]|Xx,2)

1 (X — 2)°
= eEXp B —
\/ 21 ( 4 )
Measurement update (hew 4t received): , ,
bel(x,) = 17 - p(z;|x;) - bel(x)) =17 exp | 2 L exp, =)
C — . o — . — . —
: S 1 4z 4 ) War 4 )
— 7)2 _1)2 1 1 1
_p——exp, IO =y ——exp o~ 15 -
Var 4 ) V4r 2 :
1 1 1 ,
=17 - -exp( ~3) -exp( —E(X1 — 1.5) )
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—
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Initialization: 1 2

b@l(XO) — /V(XO, O,l) — \E exp( _7)
JT

Prediction step (action , performed):

bel(x)) = | p(x; | Xy, upbel(x,)dx,
p(z, =21x)) = N(2]|Xx,2)

1 (X — 2)°
— EXp  —
\/ 21 ( 4 )
Measurement update (hew 4t received): , ,
bel(x)) = 1 - plzy | %,) - Belxy) = - ——exp, L Ly D
e — . . — . — . —
: e : (4 ) ar (4 )
— )2 _1)2 1 1 1
=1 - : eXp  — & =2+ - D = exp( ——(x; — 1.5)" = ?)
Var 4 ) Vér : ;
1 1 1
=17 - : exp( 3) exp( —E(X1 — 1.5)2) = N (xq; 1.5, 1)

Nz

—

n/



Initialization: ) X bel(x,) @
bel(xy) = N (xy; 0,1) = eXp , — -
\/ 27 ( 2)

Prediction step (action u; performed): 01 2 3
_ bel(x,)
bel(xl) — | p(Xl ‘Xo,ul)bél(XO)dXO — /V(Xl; 1,2)
Measurement update (new 4t received): 0 1 2 3
_ . 012 3
bel(x,) = 71 - p(z, | xy) - bel(x,) bel(x)) = A (xy; 1.5, 1)
Repeat forever J\
t=t+1 0123
bel(x:) = p(Xt|z1:t1 1,U1:t) ... prior belief (prob. distr. of current state without
considering the current measurement z)
bel(x¢) = p(x¢|z1:4,u1:t) ... posterior belief (prob. distr. of current state with

considering the current measurement z))



1D example

bel(x)
Moael Probabillity
Initialization: X, = bel(x,) = ' (Xy: 0,1)
Motion: X, = X, + U p(X; | Xg, ) =

= N (x| xg+uy,1)

Measurement: X, = Z, p(zy|x)) = N(z;] x1,2)

Output: bel(x)) =777 =W/ (x;; 1.5, 1)




Initialization:

Motion:

Measurement:

Initialization:

Motion:

Model

1D example

Probability
bel(xy) = A (x,; 0,1)

pz,|x)) =N (z| x,,2)

Linear system:

Model

Probability
bel(xy) = A (xy; 0,1)

pX[x,_,u) = V(x; Ax,_; +Bu, R)



Initialization:

Motion:

Measurement:

Initialization:

Motion:

Measurement:

Model

1D example

Probability
bel(xy) = A (x,; 0,1)

pz,|x)) =N (z| x,,2)

Linear system:

Model

1, = CtXt

Probability
bel(xy) = A (xy; 0,1)

pX[x,_,u) = V(x; Ax,_; +Bu, R)
p(Zt ‘ Xt) — '/V(Zt; CtXt, Qt)



Linear system with Gaussian noise:

Gaussian
1. Initialization:Del(xo) , t >

2. Prediction step (new dction ot performed).  pej(x ) = #(x; I, X))
_ _ !_l‘ — Atl —1 + Btut

p(x|x,_,u) = V(x5 Ax,_;+Bu, R)
pz.|x,)=N(z; Cx, Q)

el(x:) = Xt | X+ bel(X; dX; _
(Xt) P(Xt Xt )pel(Xe 1)dXir 1 Zt=AtZt_1A:+Rt
3. Measurement upgdate (new ,, received): bel(x,)) = NV (x,; !, %)
, S K=XClcZC'+Q)!
Del(xt) = | &p(z:[x:)bel(x) = Kz Cum)

> =I-KC)X
4. Repeat from 2: = Co=

{=1+1



Intuition behind prediction step

Linear system:
Xl‘ — AZ‘XZ‘—I —+ Btllt

_1 + B,

-----------------& -------------

=AX

X




Intuition behind prediction step

Linear system with Gaussian noise:
pX[x,_j,u) = V(x5 Ax,_; +Bu, R)

_1 + B,

- mmmm NS o EEEEEEEEEEEE -

=AX

X

bel(x 1)




Intuition behind prediction step

Linear system with Gaussian noise:
pX|x_,u) =H(X,; AX, 1+But, R)

U N e

Atl 1

bel(x,_;) :: N (X_15 Hemps 242)

{y) =

Expectation IS linear mapping

F{AXx+ b} =AE{x}+b=AXx+Db

Covarlance IS as follows:

¢ Hy-yoy-y'}

= E{'
- [E{'

IE{A(x —R)(x-%)TAT }
A[E{ x-D)X-%)7 }AT

(AX +b) — (AX + b)] [(Ax +b) — (AX + b)] T}

Ax — i)] [A(x _ i)] ! }

ACA'

See section 3.2.4 in the
probabillistic robotics book
for the full derivation.



Linear system with Gaussian noise:

Gaussian
1. Initialization: Del(Xo) | t 3

p(x|x,_,u) = V(x5 Ax,_;+Bu, R)
pz.|x,)=N(z; Cx, Q)

2. Prediction step (new dction ot performed).  pej(x) = #(x; [, T)

F=A!_+Bu,
Y =AX A'+R

3. Measurement upgdate (new ¢£; received): bel(x) = A (x,; !, %)

bel(x) = ! ap(z¢|x¢)bel(x;)

4. Repeat from 2:
t=t1+1

K, = ftc;r (thtc;r T Qt)_l
He = M + Kt(Et L Ciy)
2 =I1-KC)x,




Initialization: bel(x,)

bel(xy) = N/ (Xp; 0,1) = py=0,2,=1 @
X1=X0+u1 $At:1’Bt=1’Rl‘=1

X1 =14 = (,=1,Q,=12

Prediction step (action u; performed):

!_tzAt!t—l_l_Btut =1.0+1.1=1 O 1 2 3

- - » » - , 012 3
X =AX A'+R =1L1L1+1=2 bel(x,) = 4 (x;; 1.5, 1)

Measurement update (new «; received): 01 2 13
K=XC/'(CZC'+Q)'=2-1-1:-2-14271=0.5

L = [+ Ky(z! Ci)=1+05-2—1-1)=15 Do blackboard
Y =(I-KC)T, =(1-05-1)-2=1 example -

Kalman gain: high values => trust to the new measurement



1. Initialization:
bel(xo) = N (X¢; Mo = o !







10 1 0
P(X¢|Xtr 1,Ut) = N Xy; 0 1 Xt1 1Tt 0 1 Ut,
$_%& $_%&
A B, 4
’ 1 0 02 0\
$_%0&' $_%&
1. Initialization: Ct 0
bel(xp) = N (X¢; Hg = 0 P

2. Prediction step (hew action uy):

bel(xt) = Ny, (I, ! )
Hi = AtHy 1+ Brug

L= Ayl 1A'tl + Ry




(Xt]|X u)—NIX' ! Oﬂx + ! Oﬂu !
p t t! 1,4t) — ts O 1 t! 1 O 1 i O
$_%&' $_%&' %
Ay By * R+
1 0 02 0\

P(zZt[Xt) = N Zt, 0 1 Xt 1, 0 1

$%0& E_%&"
1. Initialization: Ct ” Q¢ 0o G 2-
bel(Xo) = N (X¢; Lo — 0 I o = O

2. Prediction step (hew action uy):

bel(xt) = Ny, (I, ! )
Hi = AtHy 1+ Brug

L= Ayl 1A'tl + Ry

New measurement recelved

consistent
measurement




1 0O 1 0O

PXe[Xer 1, U) = N Xes g Xea+ g0y
$%0&! $%0&!
, LA e
| 1 0 0.2 0
$%0&! $ &
1. Initialization: Ct 9 Q. 0o 0
bel(xo) = N(Xo; Ho= o ' 0= 5 ;)

2. Prediction step (hew action uy):
bel(x) = Ny, (I, 1)
Hi = AtHy 1+ Brug
= Al 1A'tl + Ry

3. Measurement update (new < ):

bel(x;) = Ny (11, ! o) bel(x,)

My = By + Ke(Ze ! City)
| . = (]| KtCr)!_t

p(Xl

Kt — |_th'[ (Ctl_tC'l[ + Qt)" 1

Ut,

4

1
0
&%

R7

consistent
easurement

\xg, \11>




1 0O 1 0O \

| 1 0 :
p(Xt‘X’[! 1; Ut) — N Xt1 O 1 Xt! 1 + O 1 Ut, O 1 Where IS
S-%& %L S N& the most prob x2?
- - A . B ‘T Rt New measurement|received
: \ . .
0(z:|X:) = N z; (1) (1) Xi1 1, O(')Z (1) ) fz iInconsistent
AR & 0H8" measyrement
1. Initialization: Ct 5 Qe 05 0 2-
— : — | — ' ,
Del(xo) = N (Xo; K, o' ° 0 1) H consistent
2. Prediction step (hew action uy): easurement
bel(Xt) = Ny, (F¢,! t)
Hi = AtHy 1+ Brug

= Al 1A'tl + Ry
3. Measurement update (new < ):

bel(x) = Ny, (! o)
Ky =1 tCi (Ct!_tci + Qy)
e = B+ Ke(ze! Ciy)

| . = (]| KtCr)!_t



(Xt]|X u)—NIX' ! O”x + ! Oﬂu 1 0"
P(Xt Xt 1,Ut) = t g 1 Xt'1 0o 1Y o 1
$_%0&' $_%& $_%&'
: . At . \Bt : R+
pzilx)= N 2 o 3 Xu1 o o 3 incongistent
A 08" measurement
1. Initialization: Ct 5 Qt 0o 0 : |
2. Prediction step (hew action uy): easurement
bel(X{) = Ny, (Ft,! t)
He = Aty 1 T Brug : 4

= Al 1A'tl + Ry
3. Measurement update (new < ):

bel(xc) = Ny, (! o)

K¢ =1 tCi (Ct!_tci + Q) *
e = By + Ke(ze ! Cety)

| . = (]| KtCr)!_t




1 0O

0 1
$_%&'
A ¢

P(Xt|Xtr 1,Ut) = N Xi; Xtr 1 T

1 0 02 0\

P(zt]|Xt) = N Z; 0 1 Xt1 1, 0
$_%0&' f_0%&

1. Initialization: Ci 5 Qt

bel(X()): N(XO; U, = 0 1o =
2. Prediction step (new action uy):
bel(x) = Ny, (I, 1)
Hi = AtHy 1+ Brug
= Al 1A'tl + Ry
3. Measurement update (new < ):

bel(x) = Ny, (! o)

Ky =1 tC{ (Ct!_tC'![ + Qy)
He = Hy + Ke(ze ! Coty)

| . = (]| KtCr)!_t




KF example: state = (x ... position, v ..

.velocity)

11 1 0 001 S
p(xt‘xt! 1,Ut) — NXt O 1| Xt! 1+ O 1| Ut, 001 [O]
$_%& $_%& $_%&_ What happens after
A Bt Rt the prediction step?
p(z¢|x:)= Nz, 1 0 Xy 1, 0.3 Only position
$—Z/°& $:2/°& measured bel(x,)

2. Prediction step (new action Ut performed):
Hi = AtHy 1t B t Ut
!_t = Al ¢ 1A + R;

bel(x:) = Ny, (I, T 1)

;
|
#
{
i
#




KF example: state = (x ... position, v ...velocity)

(X, |X ) = N ] 1”X N 1 O”u 001 o \
P(X¢t Xt 1,Ut) = Ny, 0 1 Xt'1 o 1 Yt 001
$_%&' $_%&' $_%&_
A ¢ B + R ¢
p(z¢|X¢) = N, 1 O?xt! 1, 0.3#\ Only position
S-& $%& measured bel(x,)
Ct Qt 1

2. Prediction step (new action Ut performed):
Hi = AtHy 1t B t Ut
!_t = Al ¢ 1A + Ry

bel(x:) = Ny, (I, T 1)




KF example: state = (x ... position, v ...velocity)

(X;|X u) = N 1 1”X N 1 O”u 001 o \
P(X¢t Xt 1,Ut) = Ny, 0 1 Xt'1 o 1 Yt 001
$_%&' $_%&' $_%&_
A ¢ B + R ¢
p(z¢|X¢) = N, 1 Q#xt! 1, 0.3#\ Only position
S-& $%& measured bel(x,) +
Ct Qi 2

2. Prediction step (new action Ut performed):
Hi = AtHy 1t B t Ut
!_t = Al ¢ 1A + Ry

bel(x:) = Ny, (I, T 1)




KF example: state = (x ... position, v ...velocity)

(X, |X ) = N ] 1”X N 1 O”u 001 o \
P(X¢t Xt 1,Ut) = Ny, 0 1 Xt'1 o 1 Yt 001
$_%&' $_%&' $_%&_
A ¢ B + R ¢
p(z¢|X¢) = N, 1 Q#xt! 1, 0.3#\ Only position
S-& $%& measured bel(x:) +
Ct Qt 3

2. Prediction step (new action Ut performed):
Hi = AtHy 1t B t Ut
!_t = Al ¢ 1A + Ry

bel(x:) = Ny, (I, T 1)




KF example: state = (x ... position, v ...velocity)

(X¢|Xt1 1,Ut) = N - 1”x s 0 Oﬂu 001 0

p t t! 1, 4t) — Xt O 1 tl 1 O 1 () 001 -
$_%&' $_%0&' $_%&_ Can you explain

A 5 Rt the gaussian skew?
p(z:|xt) = N, 1 0 xu 1, 0.3  Only position
$_%& $%0& | .
c. o, measured bel(x,)
2. Prediction step (new action Ut performed): [

Hi = Atly 1+ Brug
!_t—AItI]_A + R;

bel(x:) = Ny, (I, T 1)




KF example: state = (x ... position, v ...velocity)

i Ix = N 11 _ 1 0 ] 001 0" \Posmonszassurement
$_%0&' $_%0&' $_%&_ What happens after
Al Bt Rt the measurement step?
' 1 tH\ e
p(z:|x:) = N, 1 0 xu 1, 0.3  Only position
S %& $%& | .
c. o measured bel(xs)
2. Prediction step (hew action Ut performed): |
He = Aty 1+ Brug {

Fe= A o 1A't' + Ry
bel(x:) = Ny, (I, 1)
3. Measurement update (hew Lt received):
Ky =11Ci (Ct! (Cy + Q) °
He = Ut"'K (Zt! Ctli)
L= (1D KeCy)!
bel(xt) = Ny, (K¢, ! t)




KF example: state = (x ... position, v ...velocity)

_ 1 1 1 0 0. 01 o \ _ 5
NI A N $ 0o, Velocity = (x5-x0)/5
A, B R = (5-3)/5=0.4
Zi[X¢) = N | 1 O#x 1, 0.3#\ Only position
Pz = N, % T S%&  measured " r
Ct Q¢ |
2. Prediction step (hew action Ut performed): [
Hi = Atly 1+ Brug |

Fe= A o 1A't' + Ry
bel(x:) = Ny, (I, ! t)
3. Measurement update (new <4t received):
Kt = !_tCi (Ct!_tci + Qy)
My = By + Kie(ze ! Ciry)
L= (1D KeCy)!
bel(xt) = Ny, (K¢, ! t)




Summary Kalman Filter
Bayes filter is optimal state observer for complete states that recurrently

estimates state pdf from measurements and actions.

Kalman filter is Bayes filter where measurement and
transition probabillities are linear-gaussians .

Kalman filter is optimal recurrent state observer  for linear systems under
zero-mean Gaussian noise for complete states

Kalman can also estimate previous states via Kalman smoothing.

Kalman nicely scales to higher dimension but the linearity
and gaussianity yields significant limitations

e Example 18-dimensional state space
e Dicrete bel: Each dimension 10 discrete values => 1018 parameters
e (Gauss. bel: var+mean continuous Gaussians ===> 18/2+18=342 params

Measurement step always decrease variance.
Prediction step usually Increase variance.

Extended Kalman filter removes the linearity assumption
but loses the optimality.




System model

Linear system with Gaussian noise: Non-linear system with Gaussian noise:
P(X¢|Xtr 1,Ut) = Ny, (AtXer 1+ Brug, Ry) P(X¢|Xtr 1,Ut) = Ny (T (X1 1,Ut), Ry)

P(zZt[Xt) = Nz (CiXt, Qt) P(zZt|Xt) = Nz (h(Xt), Qt)
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