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Bayes’ theorem
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To obtain the posterior:
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Simple importance sampling
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Proposal densities
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The implicit particle filter (Chorin et al, 2010…)

Modified weak-constraint 4DVar, as 
suggested by van Leeuwen 2009
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The implicit particle filter (Chorin et al, 2010…)

Weights Implicit equation

Posterior representation
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The targeted implicit particle filter

Posterior representation

Map:

Jacobian:

(similar to van 
Leeuwen, Chorin)
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The targeted implicit particle filter

Solution to make 

Simple case: 
1 step, Gaussian obs and model error.
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Solutions in the mod/obs Gaussian 1-step case
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A simple linear system
Synder et al (2010)

Evolution and observation

System parameters
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Effective sample sizes
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Expansion parameter values
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400-variable 
Lorenz 1996
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400-variable 
L96 , M=10
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Conclusions

Our new particle filter has the following characteristics:
- Explores regions of high posterior probability.
- Has equal weights by construction*.

Next steps: 
- Explore the full 4D-Var density (i.e. do not observe and 

assimilate every step).
- Implement the 2-layer quasi-geostrophic model.
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