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Introduction

X, . State vector
Xy = fy 1 (X4, Vy) state equation Y, . measurement vector
Y = hk (Xk ; Wk) measurement equation V| . process noise vector

W, . measurement noise vector

X: position and speed of a car, Yy : sensor measurement

X: sea and sediment sound speed profile, y : acoustic measurement
X: position of Katrina, Yy : seismic measurement

X: atmospheric refractivity profile, y : radar clutter measurement

X: number of whales in the region, vy : visual and acoustic measurements

Bayesian framework

X Yk Vi » W random variables
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Kalman Framework KT
Xy = fk—l (Xk—l’ Vk) state equation
Y = hk (Xk ; Wk) measurement equation
X, = F X4 + Vv, state equation X, Vi Vi » W, - Gaussian

Y = Hka + W,  measurement equation F. , H,: Linear

Optimal Filter = Kalman Filter 1963
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A Single Kalman Iteration e
X, =F X+ v,
Y = Hyx, +w, 1. Predict the mean X,,_, using previous history. -
Xk ~ N Xy Pige) p(x, | x,,) I';PI
O
X|<||< B E{Xk | X, 1} .[Xk p(x, | x,_)dx, (;I)
2 X
X, 1 k|k—1
kG0 Predict the covariance Py _; using previous history.
P(Xy | Xy 1, Xy 5+, Xg) / Oxk
1
P Y Yia o Y1)
k 1k k-1 1 ) 0 o Xk—z
0] :
0 3. Correct/update the mean using new data y, -
o\
X, |Y, Y
0 previous PO, [ Yi) :(U>
states X = Eix, |Y,}= ka p(x, | Y, )dx, I'_II'I
o) 4. Correct/update the covariance Py usingy,

=P | Yey) = p(x [ Y ) = p(x [ Y )=

PREDICTOR-CORRECTOR DENSITY PROPAGATOR
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x, =F X, + v,

Y = H x, +w,
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Nonlinear Non-Gaussian

x, = f . (x 0 vy)

Y = h (x,, w,)
Now What?

— 1Y =hX) —

* h() linear
Gaussian x = Gaussian y

* h(.) non-linear
Gaussian x = non-Gaussian y
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~3 Extended Kalman Filter (EKF)

If Nonlinear > LINEARIZE! -
X, = fa(Xea vi) X, = fia (%) + v
i =N (x, W, ) Yi = h(x,) +w,

l

x, = f(x)+vie=F_x, +v,

Y =h(x)+w, =H x, +w,

where  H, _ o &F, , =
0).¢

i k

x, =F X, +Vv,

Oty 4

Gaussian and Linear
Y = Hyxy +w, again! - now use KF
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y=hx) —

~N(nP)

EKF stinks! ——

EKF

X \ y X y

— Y=HX —— —y=h(X) —
~ N (n,P) ~ N (n,P) ~N(n,P) ~N(n,P)

AN

Only first order accurate! o o UKF
Statistical linearization
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Determine the mean and covariance of y propagating a
minimal number of particles called sigma points through the
nonlinear function and reconstruct using the UT.

the unscented
transform

From : E.A. Wan
and R. van der

p(X) Merwe
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Actual (sampling) Linearized (EKF) Sigma—Point

From : E.A. Wan
and R. van der

sldma points
) ';l F‘ -\\;‘h Merwe
Doy aErgance

Lo

I
Yi=glX;)
|

weighted sample mean
ind covanance

t

e.___.-—- trarsformed
gigma ponls
SP rmean Lo

@

SP covariance

-y T
-t

are mean and cov.

Wrong mean and cov.
Accurate mean and cov.

enough?
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Poor Man's Monte CARLO

By J. M. HAMMERSLEY

Lectureship in the Design and Analysis of Scientific Experiment, University of Oxford:
and Consultant, Afemic Energy Research Establishment, Harwel]

. 1954

K. W. MortoN
Atomic Energy Research Establishment, Harwell

...... but we shall show that Monte Carlo
methods can also serve poor man, who cannot
afford such machinery......
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X, = fk—l(Xk—1’ Vk) f, h : nonlinear

hk (Xk ; Wk) Xi» Yi Vi » W hon-Gaussian

<
Il

EKF

measurement Update (“Correct™)

PF

i IN
T 113 Siet?? ~ I p
Time Update (“Predict™) (1) Compute the Kalman gain p (XO ) {ZO }I =1
(1) Project the state ahead _ p yT T 7y !
s Ky = P (H P HE + VIR VL) , N
Y, = j():k 1o Ups 0) ) . -~ ! "
(2) Update estimate with measurement z;, p X k y k-1 Zk'k -1 1
. . ~ A" = I =
(_2) Project the error c’(‘warlance ahead ) X= %+ Kk(zk — h(xk’ ()))
Pk = Ak Pk 1 AI‘: + Wk Qk 1 W'{ (3) Update the error covariance ( | ) { i }N p
k_/ fi T T ROn, P X1 Y Zklk i—1

e g P N
Initial estimates for X, _, and F [

from
Greg Welch
Gary Bishop
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Can be
approximated using
linearization

=

. KF: Linear & Gaussian

. EKF: Non-linear & Gaussian

(Linearize using Jacobian)

* UKF: Non-linear & Gaussian
(Assume Gaussian input — Gaussian output)

. PF: Non-linear & Non-Gaussian



Radar PPI Screen for Evaporative and Surface-Based Ducts

13 m evaporation duct
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Spatial and Temporal Tracking

. A Height (m)
Using EKF, UKF and PF m = [m,m,m, ... m ]
top layer slope
0.118 M-units/m
ST [
inversian inversion thickness, h,
slope, ¢,
ls)ﬁ)sp: o4 base height, h,
». M=Profile
" (M units)
M-profile model parameters

(slopes, layer thicknesses)

/

X, =X, TV,

Clutter Power — ¥, = h(xk) T W,

a

Sea surface radar
Cross section

Parabolic Equation
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Fadiosonde Station, BEahrain

Tracking Atmospheric Refractivity

(b}

Mean M-profile
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Particle Filter (PF)
—

RMS Error After 30 min. RTAMS Average %
Method cq | o hi ‘ ha Avg. Error | Average cq ‘ co h1 ‘ hao Improvement
(M-units/km) {(m) (%) 1 (%) (M-units/km) (m) Over EKF
EKF 12.7 20.5 3.36 11.01 14.2 3 11.7 18.8 3.03 9.48 -
UKF 8.5 16.0 2.33 T7.64 9.9 12 6.5 11.9 1.87 6.98 36
PF—-200 5.5 2.6 0.71 3.72 4.7 30 4.9 2.7 0.73 3.50 71
PF—-1000 3.1 1.9 0.38 0.97 2.3 58 3.6 2.2 0.59 1.96 79
PF—-5000 2.0 1.7 0.23 0.96 1.6 77 2.9 2.2 0.46 1.20 84
vCRLB 2.0 1.0 0.21 0.57 1.4 100 2.1 1.0 0.24 0.67 90
Average RTAMS Divergent Track Percentage After
Method M-units/km m 10 muin. 20 mun. 30 mun.
EKF 84.2 2.9 47 69 90
UKF 41.8 3.3 0 29 37
PF—-200 27.7 0.9 0 17
PF—1000 16.2 0.5 0 2
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» EKEF: very easy and fast but not for highly nonlinear and non-Gaussian

» UKEF: can handle higher order nonlinearities but still very high nonlinearity and non-Gaussianity is

a problem.

» PF: no assumptions. for nonlinear, non-Gaussian problems.

Gaussian sum filters, multiple model filters (interactive MM, static MM, MMPF), Higher-order EKF,
IEKF, EnKF, RPF, PF-MCMC, RBPF, SIR, ASIR, HMM filters-Viterbi, and many more.....

THANKS...



Basic Definitions

Bayesian MSE = E[(xk -X, )2]

MMSE estimator
~ MMSE

k|k E[Xk |yk’yk 11 ¥Yk2"" 1y1]: E[Xk |Yk]

= jxk p(x, | Y, )dx,
X MSE =E[x, | Y]

k|k 1
MAP estimator

itl’LAP =argmax p(x, |Y,)
Xy

Ve

Xklk = E[Xk | Yk] From now on we will use Bayesian MMSE estimator




