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Ocean DA at ECMWF: NEMOVAR
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* The “NEMOVAR” assimilation system used in ECMWEF.

* En Variational DA system as a collaborative project among CERFACS, ECMWEF, INRIA and the
Met Office for assimilation into the NEMO ocean model.

* Solves a linearized version of the full non-linear cost function.
* Incremental 3D-Var FGAT running operational, 4D-Var in research model
* Background correlation model based diffusion operators

* Background errors are correlated between different variables through balance operator

* To avoid initialization shock increments are typically applied via Incremental Analysis Update (IAU)
which applies the increments as a forcing term over a period of time.



NEMOVAR background-error covariances formulation

General B formulation in NEMOVAR
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B, = KpD," C,,,D;" K},
* B,, is a modelled covariance matrix (can use multiple models to represent different scales)
B, is alocalized ensemble-based covariance matrix
* Bpgor is an EOF-based covariance matrix
* C,, Is a correlation matrix (including diffusion operator)
D,, is a diagonal matrix of variances

Horizontal correlation length-scales used in ORAS5
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Ensemble-variational DA with hybrid B

A cost-effective way to account for errors of the day is to use ensemble to estimate both
variances (D,,, -> D, ) and the Local Correlation Tensor (x,,, = k., in C,,) in a modelled
covariance matrix B,,

B, = Ky, Dl,’? C. lez KE
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Given an EDA ensemble we would like to construct an ensemble of perturbations to
estimate the parameters of the modelled B matrix to capture errors of the day.
« We address sampling errors using objective spatial filter of Ménétrier et al. (2015)

« Local Correlation Tensor (LCT) is computed using ensemble-gradient method

Being able to estimate flow dependent variances and the local correlation tensor using

EDA also allowed us to produce climatological estimates of parameters.
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Ensemble-variational DA with hybrid B
Thanks to C3S ERGO project!

NEMOVAR covariance formulation

B = KDyl Cru Dy P K,

B,, is the modelled covariance matrix; C,, is the correlation matrix (using diffusion operator k ); D,, is a block-
diagonal matrix of variances (c).

Hybrid background error std formulation (because our current ens spread is sub-optimal)

oy, = %log(ehwm"m + eWe%e — 1),
and g, = %log(ehwc% + ™% — 1)

Here w,, w,,w,, ,w, are dimensionless weighting factors for clim/param/modelled/ensemble components of variances

Hvrbid diffusion tensor formulation

— /2 2
Kh = YmKm + YeKe
— /2 2

Here v¢,Vp, Vi, Ve are 3D (+direction) weighting factors for clim/param/modelled/ensemble components of diffusion tensor



Temperature

Unbal. Salinity

Hybrid background error variances (o)

Hybrid background error variances a2 contain parameterized af, and climatology o, with option to add “error-
of-the-day” estimated from ensemble spread (o2).

Parameterized o2 Climatology o2 Hybrid o4
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Consolidate hybrid variance (o)

depth (m)

Global mean Temperature BGE std

Total BGE std

Global mean hybrid T variance in the upper ocean is tuned to be close to OCEAN5
Hybrid T variance below the thermocline is larger than OCEANS5 due to softmax hybrid formulation

Larger hybrid o}, in the WBCs mostly comes from climatological o,
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Consolidate Hybrid tensor (k;, )

e Consolidation of hybrid-B configurations with our new ocean EDA system has been completed.

* Among all tested configurations, using a retuned hybrid horizontal diffusion tensor (parameterized
tensor in tropics + climatological tensor in extra-tropics) together with an ensemble-based vertical
diffusion tensor that updates every cycle gave the best performance
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Direct SST DA with Ocean EDA
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Assimilation of SST with ocean EDA and hybrid-B

Key developments for SST assimilation:

— Flow dependent vertical correlation scales is critical, thanks to the factorized formulation of
normalization factors;

— Replaced randomized approximate estimation of vertical normalization factors with exact,
much more efficient direct computation;

 SST DA performance
IS much worser than
SST nudging with
parameterized
diffusion tensor (as in
OCEAND)

< ECMWF

Changes in O-B RMSE: SST DA — SST nudging
verified against all in-situ observations
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SST assimilation with EDA: Gulf Stream

» Assimilation of L4 SST with parameterized tensor increased SST biases in the Gulf Stream region

» Using an ensemble-based V-tensor in hybrid-B has greatly reduced SST biases, especially in the Gulf
Stream regions where the ¥ degree NEMO model has persistent bias.

month=1 hgku_cci2_sosstsst_sosstsst 20202020 rlx1_bias_12.nc
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SST biases in the GS region after 1-months of DA

SST Nudging (O5-like)
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SST DA (hybrid tensor)

month=1 hran_cci2_sosstsst_sosstsst 20202020 _r1x1_bias_12.nc
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SST assimilation with EDA: diurnal cycle

* Nudging to daily mean SST damps SST diurnal cycle (switched off in coupled
DA)
» Direct assimilation of L4 SST with Ocean EDA system enhance the diurnal

cycle (~15%) of analysis SST

SST diurnal range (in K, 5-day mean)

SST nudging SST DA

hpyz hourly sosstsst detrend std (K): 20201106_20201110 hq2t hourly sosstsst detrend std (K): 20201106_20201110
=
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SST DA — nudging (norm)
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SST assimilation: impact of BC

The BC scheme used in ECMWF ODA system includes a-priori biases with seasonal variations

« With direct assimilation of SST, SST bias is visible in surface temperature increments, and can be included

when constructing a-priori T bias term

* BC can further improve the GS performance

SST DA (hybrid-B)

Surface T bias including SST increments

Annual mean surface T offline bias unit=K/day
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SST assimilation with EDA

« Warm biases are noticeable with SST DA, which is related with pre-processing of L4 SST data. This warm bias
can be reduced by assigning different Local Solar Time (LST) to SST obs.
« Work is on-going to explore L2 SST, and L1 radiance data through a coupled DA approached at ECMWF.

SST biases after 2-months of DA

different obs pre-processing
SST Nudging (O5-like) SST DA (hybrid-tensor) LST10:00 — LST06:00

hqgku-cci2_sosstsst_202002 (Kg/m2/s) hqgxz-cci2_sosstsst_202002 (Kg/m2/s) hr3o-hgxz_sosstsst_202002 (Kg/m2/s)
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Summary

« ECMWEF is developing the 6% generation of ocean and sea-ice ensemble reanalysis-analysis
system — OCEANG6; major updates include a new Ensemble based variational DA system with a
hybrid-B approach.

* Compared to SST nudging, direct assimilation of SST data improves the SST diurnal cycle. This
approach also greatly reduces the SST biases in the Gulf Stream regions, but only when an
ensemble based vertical diffusion tensor is used in the EDA system.

* This has been found that SST performance is also very sensitive to the forward model used in
observation operator, as well as observation data quality control and pre-processing strategy.

e Other on-going ocean DA developments at the ECMWF: 4D EnVar, weak constraint/model error
correction; new ensemble generation methods; multi-scale B; correlated observation errors; etc.
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Hybrid diffusion tensor (x,

Parametrized L11 Climatological (DJF) L11 Hybrid L11 with climatological equatorial weight = 0.0
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