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Error Statistics _ Statistics

Analysed Fields

In data assimilation we must;

* Reproduce accurately observations via the observation
operators.
* Represent realistically the error statistics of all information.

Some of DARC's activities:

1. How can we best assimilate data from ENVISAT?

2. How can we use physics to better estimate uncertainties
in the background fields?
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1. How can we best assimilate data from ENVISAT?
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Observational data:

—

y . vector of retrieved profiles from satellite group,
S, : error covariance matrix of y.

Existing approach at Met Office (obsolete)
Assimilatey by interpolation
and with fixed and diagonal S,.

§ S ' PROBLEMS:

b= | 4  Retrieved profile does

< Ny not represent point

S ' values of Os.
—  Errorsare correlated and
«— profile dependent.
‘7
| e
Oz mixing ratio

DARC approach #1 (implemented)
Assimilatey by layer averaging
and with fixed and diagonal S,.

PROBLEMS:

* Retrieved profile does
not represent ssimple
layer averaged Os.

 Errorsare correlated and
profile dependent.

« Difficult to implement . |

for humidity (R.H.). Il L
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DARC approach #2 (planned) - S.Migliorini, C.Rodgers
Assimilatey by averaging kerneland withfull error statistics
Retrieved state and 'truth'’

y=AX%+({ - A)X, + er?or,
. : Ay
X . 'truth} X, : a-priori A : averaging kernek 8—;(/
t

Modification #1, assimilate

n=Y-(0-A%X (=A%),
with error covariance:

E = GRG'
where G = SK'(KSK'T + R)™
and A = GK
K : weighting function in retrieval,

S : error cov. ofx,, R : error cov. of radiances

Modification #2, assimilate prewhitened profiles
V. = AL - (1 - A%
prewhitening transformatiom™L = E™?
ENVISAT contribution tcJo:

JO:

NIl

(52 - (ALAYR)T (3, — (APLAY)

observation operator in Var.
(forward model) unit error covariance mati
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Example Averaging Kernels for MIPAS Ozone
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2. How can we use physics to better estimate uncertainties
in the backqground fields?

R.Bannister, |.Roulstone, M.Cullen, N.Nichols

Pressure-Pressure & Pressure-Theta
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Var. uses control variables, V', prewhitened according to B.
V = TX
T =A"L
L : egenvectorsof B, A : eigenvalues.

V2 -

X2 - JB JB

[ X1 1
BADLY CONDITIONED WELL CONDITIONED
(model space) (control variable space)

Part of the transformation between X and V spaces is to choose
alternative parameters.

Pragmatic approach Theoretical approach (physics)
(engineering) Choose parameters that are
« ¥, - capture most of flow - uncorrelated, spanned by
(). mutually exclusive normal
e V, - capture most of modes.
remaining part of flow - (y). * V, - 'balanced’
* V3 - capture most of streamfunction - Sow
remaining part of flow - (“p). manifold - (9).
* etc. * V, - unbalanced part of

vortical flow (Yp).
* V3 - divergent part of flow

()

Statistics are accumulated for each parameter



