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Background

#® BSc, Honour s Physics, Univ of British Columbia,
May 1999
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funding from DAReS and GSP
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Motiv ation

® Data assimilation: Optimal combinations of prediction models and

obser vations

® Ensemble data assimilation: Powerful algorithms developed over

last 10+ years

» Smoother s: Use past and future obser vations to obtain precise

estimates of atmospheric state
Potential application: Re-analysis

Ensemb le smoother s literature: Van Leeuwen 2001, Evensen and

van Leeuwen 2000
Statistical issues: Sampling errors in realistic model applications

My contrib ution: Implementation in DART, application to GCM,

examination of sampling error impacts
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Talk outline

1. Filtering Equations: Notation
2. Lag K Smoother Equations
3. What's in DART?

4. Lorenz 1996 Experiments

5. Atmospheric General Circulation Model
Experiments
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Replace distributions with samples: use EnKF based
update method: State space localization
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Next ...

1. Filtering Equations: Notation
2. Lag K Smoother Equations
3. What's in DART?

4. Lorenz 1996 Experiments

5. Atmospheric General Circulation Model
Experiments
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Replace distributions with samples: use EnKF based
update method: Extended state space localization
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Next ...

1. Filtering Equations: Notation
2. Lag K Smoother Equations
3. What's in DART?

4. Lorenz 1996 Experiments

5. Atmospheric General Circulation Model
Experiments
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Filtering

Filtering: ens_handle(1)

Prior: ens i ens_i+1]i Prior_Diag.nc

Posterior: ens_i|i ens_i+1]i+1 Posterior_Diag.nc

I —— 1 — p.9/17




Prior:

Posterior: ens_i|i

Smoother

Lag k Smoother: ens_handle(1 + k)

ens_|i ens_i+1|i
[ ens_i [ ens_ii
ens_|i ens_l|i
ens_i+1|i+1
[ ens_|i ens_ii+1
ens_ili  ens_i|i+1

ens_i+2|i+1

ens_i+1]i+1
ens_iji+1

ens_i|i+1

ens_i+2|i+2

ens_i+1[i+2
ens_i|i+2

ensi|i+2

ens_n+1|n Prior_Diag.nc

ens_n|n
ens_n-1|n

ens_n-k+1|n

ens_n+1|n+1l Posterior_Diag.nc

ens_n|n+1
ens_n-1|n+1

Posterior_Lag_0001.nc
Posterior_Lag_0002.nc

éns_n-k+1|n+1 Posterior _Lag_k.nc

k assimilation steps

(num_steps-k)lag 1, ..., k
smoothed ensembles
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Next ...

1. Filtering Equations: Notation
2. Lag K Smoother Equations
3. What's in DART?

4. Lorenz 1996 Experiments

5. Atmospheric General Circulation Model
Experiments
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Experiments in an atmospheric "toy model
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Ensemb le smoother In DART: Lorenz 1996

GLOBAL TIME MEAN RMS

10 20 30 40 50 60 70 80
LAG TIME: INTERVALS OF 6 HOURS

N = 200 No in ation/localization, H = |,
Rii = (0:36)

Research question: What are the impacts of
realistic ensemble sizes?
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Experiments In asimplied GCM
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Run an EAKF with N = 40 ensemble
members (with localization and no in ation) In
a Held-Suarez con gur ation of an AGCM
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Experiments In asimplied GCM
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Experiments In asimplied GCM
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Temperature gradient drives a baroclinically
unstable o w in the mid-latitudes
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Atmospheric models: Surface pressure (PS)
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Ensemb le Smoother in DART: Simplied GCM
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Research questions: Sampling errors?
Spatial variation? Optimal time-scales?
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