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ensemble Kalman particle filter stochastic particle

filter (bootstrap with flow filter
resampling)
1. prediction of Monte Carlo Monte Carlo Monte Carlo
ensemble of particles (particle flow in (particle flow in (particle flow in
in time (forecast) time) time) time)
2. measurement Kalman filter Bayessd rulkRaygssd ru
update of the formulas for mean multiplication (prior  particle flow from
conditional probability & covariance times likelihood) the prior to the
density (analysis) matrix updates posteriori
3. suffers from no yes no
particle degeneracy?
4. suffers from curse no yes (even for linear no for certain
of dimensionality? Gaussian problems)  smooth nowhere
vanishing densities

5. resample particles no yes no
to mitigate particle
degeneracy?
6. optimal accuracy no yes yes for certain
(with large enough N) smooth nowhere

for nonlinear & non-

vanishing der}sities
Gaussian problems?
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BayesoOoO rul e usin
stochastic particle flow:

- [ =)

approximation for Gaussian prior and likelinood (similarto
Ensemble Kalman filter but for continuous time measurements
for each particle x):

~y

— 0(—) Y (0 —w)+—

P = sample covariance matrix from set of particles
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Median Dimension Free Error
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Mean Error (pixels)

Prediction Emror vs. Number of Particles
Following first observation gap

particle flow filter

standard
particle

filter
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Nima Moshtagh, Jonathan Chan, Moses Chan, ﬁHomotopy Particle Filter for Ground-
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nonlinear filter problem*

dynamicamodelof state
eédx=F(xt)dt+G(x,t)dw or
[ X(Ler) = F (), b W)

X(t) = statevector at timet

w(t) = processioisevectorat timet

Z, = measuremervectorat timet,

= H(x(t ).t v )
V, = measurememoisevectorat timet,

p(x,tk\Zk) = probability densityof x at timet, given Z
Z, =setof allmeasuremes
Z, ={2,2,.2,}

*" The Oxford handbook of nonlinear filtering," edited by Dan Crisan and
Boris Rozovskij Oxford UnlverS|ty Press 2011.



curse of dimensionality for classic particle filter*
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*Daum & Huang, IEEE AES Big Ski Conference, March 2003.



nonlinear filter*

prediction of
conditional
probability
density from
t,,tot,

measurements

v

*Yu-ChiHo & R. C. K.Lee, "A Bayesian approach to problems in stochastic estimation
andcontrol,” IEEE Transactions on autgmatic control, pages3333 October 1964. 9



particle degeneracy*

orior likelihood
- h(x)
\—
o—®@ o—@ ~

\ particles to represent the prior
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particle degeneracy*

likelihood
h(x)

\_

J

\ particles to represent the prior

X
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chicken & egg problem
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l nduced fl ow of par

prior = g(x) posterior = g(x)h(x)/K( 1)

‘ flow of density ‘
>
log p(x,/) =logg(x) +/ logh(x) - logK(/)

&= continuous parameter

S;”;{:;ﬁf“’m (like time)

flow of particles

dx= f(x,/)d/ +dw
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Initial probability distribution of particles:

Angle Rate (deg/sec)
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Angle Rate (deg/sec)

Time =1, Frame 2

flow of particles (forone noisy measurement of glpvi t h
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Angle Rate (deg/sec)

Time =1, Frame 2

flow of particles (forone noisy measurement of glpvi t h
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flow of particles (forone noisy measurementof sihpjvi t h Bayes 0

Time =1, Frame 3
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flow of particles (forone noisy measurementof sihpjvi t h Bayes 0

Time =1, Frame 4
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flow of particles (forone noisy measurementof sihpjvi t h Bayes 0

Time =1, Frame 5
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flow of particles (forone noisy measurement of glpvi t h

Angle Rate (deg/sec)

Time =1, Frame 6
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flow of particles (forone noisy measurement of glpvi t h

Angle Rate (deg/sec)

Time =1, Frame 7
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flow of particles (forone noisy measurementof sihpjvi t h Bayes 0

2=0.8
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