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What about continuous states?

* We will assume that the dynamics model is linear.

Lt — AZUt_l -+ But —+ €

X1t Ui ¢

T2 ¢ U2 ¢
Lt = Ut —
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What about continuous states?

* We will assume that the dynamics model is linear.

Lt — AZUt_l -+ But —+ €

1 1
p(xe|ug, Tp_1) = det(ZWR)_ﬁeXp{—i(:ct — Azs 1 — But)TR_l(xt — Axy_1 — Buy)}



Sensor Model

Lt — Ci[’t -+ 0
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C is an k x n matrix
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Sensor Model
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How is information propagated?

 Initial belief of x_O:
1

b(z0) = det(ZWZQ)_%exp{—i(

To — po)’ Bg (zo — o)}

* Propagation of mean
Hit+1 = E[Aﬂ?t -+ B’U,t_|_1 -+ E]
— E[Ailft] -+ E[But+1] + E[G]
= AFE|x¢] + Buii1 + Elé
= Apy + Bugyq
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How is information propagated?

 Initial belief of x_O:
1

b(z0) = det(ZWZQ)_%exp{—i(

To — po)’ Bg (zo — o)}

* Propagation of Covariance

dip = E[(ZEt — Mt)(il?t — Ut)T]

Ty — e = Axe_1 + Bug + € — iy

= Axy_ 1+ Bu; + € — Apy_1 — Buy
= A(wp—1 — pe—1) + €



Propagation ot covariance
T — b = Axi—1 + Bug + € — iy

= Axy_ 1+ Buy + € — Apy_1 — Buy
= A(wg—1 — pg—1) €

¥ = Bl(xy — ) (xy — Nt)T]



Propagation ot covariance

T — b = Axi—1 + Bug + € — iy

= Axy_ 1+ Buy + € — Apy_1 — Buy
= A(wg—1 — pg—1) €

(2 — pu) (T — Nt)T]

= E[(A(z—1 — pre—1) + ) (A(zr—1 — p—1) +€)"]
(A(xr—1 = pe—1) + ) (w1 — 1) AT + )]

= ElA(zi—1 — pre—1) (-1 — Mt—l—)TAT

+ A(xi_q — ,ut_l)eT +e(wp_q — ,ut_l)TAT + eeT]

— E[A(%—l — Mt—l)(xt—l — ,ut—l)TAT]

+ B[A(zi1 — pe—1)€’ ] + Ble(zi—1 — pe—1)" AT] + Elee’ |




Propagation ot covariance

E[A(let—l — Mt—l)(il?t—l — Mt—l)TAT] — AE[(ZUt—l — Mt—l)(iUt—l — ,Ut—l)T]AT
— AEt_lAT

E[A(Zlft_l — ,ut_l)eT] =0
E[E(CCt_l — ,ut_l)TAT] =0

Elee'| =R



Propagation ot covariance

St = El(ze — pe)(xe — )"
— AZt_lAT —|— R



Propagation of mean and covariance
pe = Ape—q1 + Buy
Zt — AZt_lAT -+ R



Kalman Filter

Algorithm Kalman_filter(;; 1,21, u¢, 2¢):
e = Ar pe—1 + By uy
Nt = Ay Xi_1 A + Ry
K, =3, CtT(Ct >, C;F + Q)7 !
pe = iy + Ky (2¢ — Cy fig)
Y= — Ky Cy) 34
return fuz, 2
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K, = Kalman Gain
Q,; = Measurement Noise (Covariance)

If Q¢ — oo, how does K, change?



Kalman Filter

Algorithm Kalman_filter(;; 1,21, u¢, 2¢):
e = Ar pe—1 + By uy
Nt = Ay Xi_1 A + Ry
K, =3, CtT(Ct >, C;‘F + Q)7 !
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K, = Kalman Gain
Q,; = Measurement Noise (Covariance)

What about () — 07?



Non-Linear Systems

The linear system assumptions are rarely met in practice!
vy = g(u, Te—1) + €

t — h(ﬂft) -+ 0



Linearity Assumption
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Linearity Assumption
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Linearity Assumption
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Linearization

We construct a linear approximation using function ¢’s value and slope.

Tt = g(ut, $t—1) + €



First-order Taylor Expansion

f(x)
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First-order Taylor Expansion

f(x)

f(x) = f(a) + f'(a) (x — a)
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Linearization

We construct a linear approximation using function ¢’s value and slope.

Tt = g(ut, 33t—1) + €

O0g(us, xe—1)
0xt_1

Slope: ¢ (ut, T¢—1) =

g(ut, il?t—l) ~ g(uta,ut—l) N g/(uta,ut—l) x (3315—1 — ,th—l)

~ g(utaﬂt—l) L Gt(uta ,Lét—l) x (%—1 — ,ut—1)
1

5
(e — g(ue, pre—1) — Ge(ug, pu—1)(@e—1 — pu—1)}

p(xe|ug, xe—1) :det(QWR)_%eXP{— xy — g(ug, 1) — Ge(ug, pre—1) (w41 — py—1))  R™!



Measurements
t — h(ﬂ?t) -+ 0



Measurements
t — h(ﬂ?t) -+ 0

We construct a linear approximation using function h’s value and slope.

h(ze) ~ h(jte) + H(pe) (T — i)



Kalman Filter

Algorithm Kalman_filter(;; 1,21, u¢, 2¢):
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Extended Kalman Filter

Algorithm Extended_Kalman _filter(..; 1,21, us, 2¢):
it = g(ug, pe—1)
it — Gt Et—l G? + Rt
Ky =%, H' (Hy 3y H' + Q)"
pe = fir + Ki(ze — h(fie))

Et — (I— Kt Ht) Zt
return fi¢, i
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Example
Ty = Ty—1 + Vi1 * Dy

[ |

Ut = Ut—1

\Lht — ht—l

/ Tt:\/$%+h?

v
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Example
Ty = XTp—1 + V1 ¥ Dy

/ i Ut = Ut—1

: he = hi—1

Tt = ZE‘%‘Fh%

L1t = Lt - y - 1 T -
L1,¢ 1 Ay O L1,t—1

T2t = Ut rot| = |0 1 Of-|z2t-1
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Are the dynamics linear?



Example

g(xt—laut) ~ g(uta,ut—l) + Gt(utaﬂt—l) X (ZCt—l — ,ut—1)
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Example

N ¢ Ty = Ti_1 + Vi1 * Dy
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Are the measurements linear?
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+ Tiy1 = Ty + Ut ¥ Ay
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We will linearize at the mean!
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