Department of Meteorology and Data Assimilation Research Centre (DARC) University of
N %

A weak-constraint 4DEnsembleVar ~ ("8

Javier Amezcua (j.amezcuaespinosa@reading.ac.uk) | Michael Goodliff | Peter Jan van Leeuwen

Summary

We formulate a 4DEnsembleVar for the weak-constraint data assimilation problem. Namely, we take into
consideration (and make use of) the presence of model error. This formulation partially alleviates the problem
of statically localised 4D cross-time covariances, which affects strong-constraint 4DEnsembleVar.
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The following figure illustrates the structure of cross covariances

which can be solved (for a convex function) by equating the gradient _ : _ _
between time 0 and time t, as well as covariances at time t. A

to zero: _ ; _ _ tme
T sample estimator would be quite noisy and require localisation, so
VJI(x") =B (x" = x"0) =) pf(MOHTH R (yo! — h(m®7t(x"))) we provide the localised versions as well.
t:1/4 \
|ndIC6ltOI’ fUﬂCtIOﬂ 1 |f there Tangent Iinear Observatlon ) t=0 steps t=1 steps t=5 steps t=10 steps t=15 steps
i ] B{] MD—H. T O
Tangent linear evolution model ( ) glo- 0.0225
(adjoint after transpose) 7 — — 0.0200
9y} . : ; : : : ' : :
e - . - AT E B 0.0175
The adjoint models have the role of communicating observational B’ (M" "*)T-CEL 5t :
impacts at time t back to time 0. (SC)4DEnsembleVar uses sample Lo 210 \ 0.0150
cross-time covariances to do this job. = _— 00195
(Moﬁt)THT Three Stages of 4DEnVar ‘E W 0 0100
= hKE i - .
0\~ po/nf0—t\TyT Model M B (M )T § A
(P ) P (M ) H Trajectories g 10 i ’ 10.0075
(@)]
(P%) "' XO (XO)T(MO%)THT * . f0.0050
W .
B A AN\ T MD—}LBG(MD—H T+ . N,
(PO) 1 X" (Xt> H* Update o ) 'E‘_ Sf r@ H B e " 1 10.0025
(P°) X (V) 5 N LN L NN DT . 'IEAVAS
5 10 5 10 5 10 5 10 5 10

\ gridpoints gridpoints gridpoints gridpoints gridpoints
Sample estimators e 1
are often noisy and Viethod y . . . .
Y * As time progresses, most of the information in the cross-time

need to be localised. : > : . .

covariances lie in the region killed by localisation. The
<0/ (50(v\ T o1 | ocalizat g | A the f covariances at time t, however, are more diagonal dominant, so
(Y') - ( (Y') ) °Lx-oy=: LOCAlIzation needs to evolve with the TloW 15t jnformation remains even after localisation. The WC

formulation allows for increments to be applied at these times.

What is the structure of Lx=o0y=t 2 Not an easy answer since it is flow
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Models are seldom perfect, since they contain unresolved processes,
missing physics, numerical integration errors, etc. A 1-model-step model
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