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MOTIVATION MFASIS-NN WITH NEW WATER VAPOUR INPUT VARIABLES

* Forward operators compute synthetic observation from the Basic approach (1) Replace complex NWP model profiles by idealised profiles, which can be described by few parameters (features)
numerical weather prediction / earth system model state for MFASIS-NN: (2) Compute reflectances (using RTTOV DOM) for these idealised profiles for random parameter combinations

- They are essential for using real observations to improve (3) Train a deep neural network that estimates the reflectances from the idealised profile parameters / features
predictions, either by reducing errors in the initial state (data Constructing suitable idealised profiles (which lead to nearly the same reflectances as the original profiles) = “feature engineering”.
assimilation) or by reducing model errors (model evaluation “Harmless” channels (e.g. 0.6um visible, see Scheck, 2021) only four cloud parameters (optical depths and effective particle radii) are
and improvement) sufficient. For channels with more complicated dependencies (e.g. 1.6um NIR, see Baur et al. 2023) additional parameters are required.

« Generating synthetic observations with standard methods

can require high computational effort, in particular when NEW: Idealised profiles with additional parameters for strongly water-vapor sensitive channels (e.g. MTG FCI 0.9um and 1.38um)
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M O D E L E VA L UAT I O N / M E T E O SAT F C I RG B C O M P O S I T E S 13km ICON forecast with 2-mont sc_hfee,njoified cloud cover settings

Operational 13km ICON forecast (1-moment scheme) : FCl observation ;” b
Solar satellite channels provide i S o AL it

high-resolution information on
clouds, aerosols and humidity
MFASIS for clouds supports now
all of these channels — they can
be used for model evaluation
Comparing observed and
synthetic RGB composites (see

FCI observation

full disk FCI examples to the
right) is often the first step in the
evaluation

The “cloud phase” composite can

. “True colour”
already be generated with RTTOV RGB composite

14.0 and contains also (R=0.6pm, EUMETSAT cloud type RGB composite

. . . .. G=85% 0.5um + 15% 0.8um, (R=1.3pm, G=0.6um, B=1.6pm)
information on effective radii B=0.4ym) High clouds are red to yellow

The “cloud type” composite uses

the 1.38um now available in 14.1 EUMETSAT cloud phase RGB composite (R=1.6pm, G=2.2um, B=0.6pm)

Water clouds are pink to yellow, ice clouds are blue to turquoise (depending on particle size)




