Reaching far and wide: accounting for spatially correlated S ECMWF
errors in an E4DVAR system

lvo Pasmans®’, Elias Holm', Massimo Bonavita'!, Rishabh Bath?, Sarah Dance?
(1) European Centre for Medium-Range Weather Forecasts (ECMWF); (2) University of Reading; (*) ivo.pasmans@ecmwf.int

Data assimilation (DA) combines prior information with observations to estimate the true state of the atmospheric (the analysis). In
4DVAR, the analysis is obtained by minimising a cost function over a time window. The weighting of the prior (the background) and the
observations is controlled by the background-error covariance B and observation-error covariance R.
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For computational efficiency, R is often assumed diagonal in operations. Ignoring spatial observation-error correlations introduces THe | [ -?ﬁ_'—'-- W«%} ? = Bt ensemble background variance B
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To address this, we are implementing horizontally correlated observation errors in ECMWF's E4DVAR for AMSU-A and SATOB: _ ‘& 800 @ h *;\ 14 500 @ ; A 800 ©  _ou SATOB  --a- SATOB-+AMSUA
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* Phase 2 (later this year): include correlated-error structure directly in the 4DVAR minimisation through R. . . . . .
* Inclusion of spatial correlations generally increases background variance by 2-
4% (Fig. 4) Level 137 Level 137
. . Level 137
Ensemble Qf 4DVARS (E4 DVAR) * Increase predominantly caused by correlations in the SATOB perturbations as a
large fraction of the AMSU-A perturbations is uncorrelated (Fig. 4).
* 10 ensemble members with perturbed observations and perturbed physics + 1 control run without perturbations. + Increase due to AMSU-A correlations uniformly distributed over the atmosphere
« Forecasts/backgrounds are produced by the 25-39km global IFS atmosphere-land-ocean model every 12 hours. (Fig 4,5).
* Spatially filtered ensemble members are used to estimate B. » Increase due to SATOB correlations largest over the ocean, especially in the
, . _ tropics where ample clouds are available to track (Fig. 5, centre column).
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- Errors due to calibration and radiative model. - Errors due to mistakes in tracking and incorrect height assignment. T nosity wind — s to experiment REF near the surface for different variables and experiments.

- Errors are dominated by the spatially uncorrelated part « Height errors dominate and give rise to erroneous velocities over o In-situ temperature - neruwinayv gl OATOB-AMSUA
(see Fig. 2). large (800 km) areas!©. 1o = °_

200} - i N
channel 11. channel 12. AMSUA SATOB | | | y /7 .
1.0 1.0 " Figure 3: Horizontally 2o ol nmiipl Conclusions
c 500 averaged observational T 200} 1 % 138: 2§ ] : : : :
.% 121 - error standard deviations £ £ sl % « Perturbations are added to the observations in the E4ADVAR ensemble members prior to
05 0.5 101 £ oo for AMSU-A (left) and 2 r 1 3 awp '/‘/= . assimilation to account for uncertainty introduced by observational errors. The E4ADVAR
S 2 g % SATOB (right) & S0 1 & 338 \VAl ] system has been modified to add physically realistic horizontally correlated perturbations
0.0 | s | 0 0 | —————— 5 @ 600 observations as a function o { o - for AMSU-A and SATOB observations.
: ! ! : | i O 6 / § 500 \ i . : - .
0 500 1000 0 500 1000 2 of the vertical coordinate. a50}- 1 7o) \\g . Inclusion of the correlations increases background ensemble spread due to horizontal
. . fud 800 - 850 - . . . . .
distance [kml distance [kml ) = oop | e Ll A ] correlations with 2% (AMSU-A) to 4% (SATOB) with the latter dominating.
' . 1 1 ' 98.5 99.0 99.5 100.0 100.5 101.0 : : . : . - L - -

Figure 2: Estimated observational error correlation as a 20 10001 Background s, dev. %, normalised] B2 sadaoudel i o romateed] The increased ensemble spread has no or a small positive impact on the quality of the

function of distance for AMSU-A channels 11 and 12 using 3 s 20 3 p background/forecast.

the Desroziers method?" (black crosses). Also shown is the avg. std. dev. [K] avg. std. dev. [ms~1] « No statistically significant improvement (at 95%
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Experlments *  Addition of horizontal correlations does improve the Extend experiment period to obtain statistically significant results
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Table 1: observational error covariance parameters.


https://doi.org/10.1002/qj.2582
https://doi.org/10.1175/2009MWR3017.1
https://doi.org/10.1080/17415977.2012.712527
https://doi.org/10.3402/tellusa.v65i0.19546
https://doi.org/10.1002/qj.5026
https://doi.org/10.1002/qj.3183
https://doi.org/10.1256/003590002320373337
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/MWR-D-21-0273.1
https://doi.org/10.1175/1520-0450(1993)032%253C1206:OCMWFM%253E2.0.CO;2
https://doi.org/10.1175/1520-0450(1993)032%253C1206:OCMWFM%253E2.0.CO;2
https://doi.org/10.1175/1520-0450(1993)032%253C1206:OCMWFM%253E2.0.CO;2
https://doi.org/10.1175/1520-0493(2003)131%253C0706:TSSOOE%253E2.0.CO;2
https://doi.org/10.1175/1520-0493(2003)131%253C0706:TSSOOE%253E2.0.CO;2
https://doi.org/10.1175/1520-0493(2003)131%253C0706:TSSOOE%253E2.0.CO;2
https://doi.org/10.1256/qj.05.108

