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1.1 Optimal Iter and approximate Iter s

General framework

State process (signal)

Markov chain Ex :

Obser vation process

Optimal lter

with




1.1 Optimal Iter and approximate Iter s

Prediction Iter and likelihood function

Prediction lter

Likelihood function




1.1 Optimal Iter and approximate Iter s

Evolution of the optimal Iter

Prediction Correction

Prediction

Correction




1.1 Optimal Iter and approximate Iter s

Appr oximate lter s

Analytical method
Kalman Filter optimal in the linear Gaussian case

Extended Kalman Filter weakly nonlinear and unimodal cases

Numerical methods
Fixed or adaptive grid Kushner, Dupuis (92) / Cai, Le Gland, Zhang (95)

Small dimension ( )

Monte Carlo methods
Particle lter Del Moral, Rigal et Salut (92)
Bootstrap Iter or SIR  Gordon, Salmond et Smith (93)
Monte Carlo lter Kitagawa (96)

Independent of the dimension and of the nonlinearity of the problem




1.2 Some applications

The Tracking Problem




1.2 Some applications

Application to mathematical nance

Aim : To t a model on the spot price
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1.2 Some applications

Description of the model

Multifactor model on the spot price

Aim : To estimate




1.2 Some applications
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Three approaches

Filtering

Estimate given the price obser vations

Filtering + Maximum likelihood (Martin Barlo w)
0. Initializ e
1. Estimate given by Itering

2. Estimate by Maximum likelihood given and go back to 1.

Recur sive maxim um likelihood




2.2 Interacting Particle Filter
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Sampled

Prediction

Sampled Prediction

_ Z with
Correction

Z with

Principle of the Interacting Particle Filter (IPF)

Correction




2.2 Interacting Particle Filter 12

Interacting Particle Filter (IPF)

Correction
Sampled

Prediction

(1.a) Sampling

(1.b) Evolution

(2) Correction




2.2 Interacting Particle Filter
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2.2 Interacting Particle Filter

14

Weaknesses of the IPF

Weak state noise ( ) Weak obser vation noise ( )
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2.3 Some theoretical results

Evolution operator of the optimal

Integral operator

Normaliz ed operator

De nition

Filter evolution

Notation

lter

R
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2.3 Some theoretical results

Stability of the approximation

Optimal Iter
Appr oximate lter

Decomposition of the global error
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2.3 Some theoretical results

Convergence of the Interacting Particle Filter

Optimal Iter
Particle lter

Result

What about ?

Transpor t coef cients
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2.3 Some theoretical results

Uniform convergence In time ?

Mixing assumption

[R] with and

Result

[R] and imply
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2.3 Some theoretical results

How to built a robust approximate lIter

Robusti cation of the transitions

Introduction of numerical approximations

Robust approximate Iter

EX : Regulariz ed Particle Filter
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2.4 Improvements with robusti cation
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Regularization

Regularization kernel (of order 2)

Scaled kernel —
Regularization

w3
wa
W5 <------ POIDS

W2

wi

® ) @ O<—- ECHANTILLON

<-------- DENSITE ESTIMEE

-\ NoYAUX

<-4 BEHANTILLON




2.4 Improvements with robusti cation
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Regularization

Optimal filter

Prediction

Regulariz ed lter

Modi ed Prediction

Regulariz ed Particle lter

Modi ed and Sampled

Prediction

and robusti cation

Correction

Correction

Correction




2.5 Simulation results

In uence of the dynamical noise (1)
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2.5 Simulation results

RPF / EKF : Range and Bearing Tracking
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2.5 Simulation results
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9000 -

RPF / EKF : Bearing only tracking

— POST-RPF
-~ BCR

10000
8000 9000 |-
|
I
7000 8000 '
|
7000 [
6000
@ \
£ § 6000
< 5000 Z
= w
w w5000
0 =
< 4000 c
o E 4000
Q
3000 w
3000
2000
2000
1000 1000
0 | | | | | I | | 0 | | | | |
0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100
TEMPS (s) TEMPS (s)
Bias on Standar d deviation on

160 180 200




2.5 Simulation results
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RPF / IMM : manceuvering target (1)
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2.5 Simulation results
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RPF / IMM : manceuvering target (2)
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