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Prediction �lter and likelihood function
�

Prediction �lter
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Evolution of the optimal �lter
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Appr oximate �lter s
�

Anal ytical method

� Kalman Filter optimal in the linear Gaussian case

� Extended Kalman Filter weakl y nonlinear and unimodal cases

�

Numerical methods

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

Small dimension (

!

�

�

)

�

Monte Carlo methods

� Partic le �lter Del Moral, Rigal et Salut (92)

� Bootstrap �lter or SIR Gordon, Salmond et Smith (93)

� Monte Carlo �lter Kita gawa (96)

Independent of the dimension and of the nonlinearity of the problem
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The Tracking Problem
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Application to mathematical �nance
�
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Description of the model
�

Multifactor model on the spot price
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Three appr oaches
�

Filtering

� Estimate

�

�

�

�

�

given the price obser vations �

�

Filtering + Maxim um likelihood (Martin Barlo w)

� 0. Initializ e

�
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� 1. Estimate � given � by �ltering

� 2. Estimate

�

by Maxim um likelihood given � and go back to 1.

�

Recur sive maxim um likelihood
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Principle of the Interacting Partic le Filter (IPF)
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Interacting Partic le Filter (IPF)
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“Inf ormation of the transition”
�

Prediction

�

�




�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

Forgets the past

�

Correction
�

�

�




�

�

�

�

�
�

�

�

���

�

�

�

�

�

�

� Adds inf ormation

Y
n

 <---------------- VRAISEMBLANCE

 <--------- PREDICTION

Y
n

 <---------------------- VRAISEMBLANCE

 <--------- PREDICTION

Precise Obser vation /

�

�

	

��


�

Incoherent Obser vation /

�

�

	

��


�



2.2 Interacting Partic le Filter 14

Weaknesses of the IPF
�

Weak state noise (
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Evolution operator of the optimal �lter
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Stability of the appr oximation
�

Optimal �lter

�

�

�

�

�

�

�

� � � � �

� �

�

�

Appr oximate �lter

�

�

�

�

�
� � � �

�

�

�

�

Decomposition of the global error

�

�

�

�

�

�

p p

p'

'

1

2

p'3

p p'

p'1

p1 2 30

R (

3

2

2 

   )

R (   )

p

�

�

�

�

�

�




�

�

�

�

$

�

�

�

&

�

�

�

�
�

�

�

�

�

�

�

�

&

�

�

�

�

�

�

�

���

�

�

�

� � �

'



2.3 Some theoretical results 17

Convergence of the Interacting Partic le Filter
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Unif orm convergence in time ?
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How to built a robust appr oximate �lter
�

Robusti�cation of the transitions
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Intr oduction of numerical appr oximations
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Regularization
�

Regularization kernel (of order 2) �
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Regularization and robusti�cation
�

Optimal filter
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In�uence of the dynamical noise (1)
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In�uence of the dynamical noise (2)
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RPF / EKF : Range and Bearing Tracking
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RPF / EKF : Bearing onl y trac king
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RPF / IMM : manœuvering target (1)
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RPF / IMM : manœuvering target (2)
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