LUDWIG-

LMU

MAXIMILIANS- ECMWF
UNIVERSITAT ANNUAL SEMINAR
MUNCHEN 2026, READING

EUMETSAT

NWP SAF

@
O
Deutscher Wetterdienst ..\[{ Hans-Ertel-Zentrum

hegd Wetter und Klima aus einer Hand ® fiir Wetterforschung

EXPLOITING CLOUD AND MOISTURE INFORMATION
FROM SOLAR SATELLITE CHANNELS

Leonhard Scheck'?, Stefano Franzoni', Christopher Biilte', Phillip Gregor', Bernhard Mayer’, Christian Keil', George Craig', Christina Stumpf?, Olaf Stiller?, Pascal Raisig? Christina Kopken-Watts?
1) Hans Ertel Centre for Weather Research / LMU Munich 2) German Weather Service

MOTIVATION

 Solar satellite channels contain a wealth of information on
clouds, aerosols and humidity, which is complementary to
the information in the widely used thermal infrared channels

 Exploiting this information for data assimilation and model
evaluation / improvement requires forward operators to
compute synthetic observation from the numerical weather
prediction / earth system model state

« Doing this with standard radiative transfer methods requires
high computational effort, but machine learning approaches
can be used to reduce the effort strongly

* Here we report on MFASIS-NN, a neural network-based
forward operator for solar satellite channels that has been
integrated in NWP SAFs RTTOV package and supports how
nearly all solar channels on the current generation of imagers,
including water vapor sensitive channels on MTG / MetOpSG.

« We tried also to quantify the joint information content of

multiple solar channels using a distributional regression
network, which provides a full uncertainty covariance matrix.

SOLAR CHANNELS

Standard visible and near-infrared channels: Reflectance for
water / ice clouds (fixed height) with varying water / ice paths.
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Water vapour sensitive solar channels (e.g. on MTG FCI):

Reflectance for thick water clouds (optical depth 100) with
varying cloud top pressure and two different droplet sizes in a
moist atmosphere (water vapor content 50mm) and a dry
atmosphere (water vapor content 5mm)
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« 0.9um: significant wv absorption — sensitive to (mostly low-level) WV

« 1.4pum: Stronger effective radius sensitivity + very strong absorption by water
vapor — sensitive to moisture and clouds in upper part of troposphere only

RTTOV INTEGRATION

MFASIS-NN for clouds has been integrated in the widely used
RTTOV package (developed by NWP SAF). In version 14.1
(released in February) instrument

dscovr_1_epic A e & o = RTTOV 14.0
nearly all channels slnods | esee @ o @ °« - e
with A < 2.5um are NnOW  womsiom| oo o .
oes_16_abi - ] @ @ » ®
supported. e I o N o I e : .
goes_18_abi - ® ° ® » *
Since version 14.1also  wem| o . . .
an aerosol version is o0 ol g e o T ’
H I d d rt' metop_2_avhrr - e . @ AII rEd
Inc u e (Suppo Ing metop_3_avhrr 4 L L [ dots
metopsg_1_metimage - e & &9 @9 ] . ® ®
Only a few ChaHHEIS at msg_1_seviri L . -] are now
the moment). gyl B D : or
msg_4_seviri - ® . e g reen in
mig1fci{ e @ ' . #
Green  =small errors (like 0.6pm) o 2041 |—pod-o a0 . . . 141! s
- acceptable errors noga_21 virs4 @®9@® ® (9 @ @ L L ] ®
Red = errors too hlgh 04 05 06 07 0.8 09 1.0 11 12 13 14 15 16 17 1.8 19 20 21 22 23

wavelength [pm]

MODEL EVALUATION / METEOSAT FCI RGB COMPOSITES

MFASIS-NN WITH NEW WATER VAPOUR

INPUT VARIABLES

Basic approach (1) Replace complex NWP model profiles by idealised profiles, which can be described by few parameters (features)
for MFASIS-NN: (2) Compute reflectances (using RTTOV DOM) for these idealised profiles for random parameter combinations
(3) Train a deep neural network that estimates the reflectances from the idealised profile parameters / features

Constructing suitable idealised profiles (which lead to nearly the same reflectances as the original profiles) = “feature engineering”.
“Harmless” channels (e.g. 0.6um visible, see Scheck, 2021) only four cloud parameters (optical depths and effective particle radii) are
sufficient. For channels with more complicated dependencies (e.g. 1.6pm NIR, see Baur et al. 2023) additional parameters are required.

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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Left: Profile simplification/idealization
strategies. For strongly WV-sensitive
channels not only the optical but also the
geometric thickness of the clouds must be
taken into account and the WV contents of
all layers in and between the clouds are
required as input parameters.

Evaluation of profile simplification error
with NWP SAF dataset (5000 IFS profiles)
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The profile simplification error (reflectance
computed for idealized profile minus reflectance
computed for original profile) distribution for the
strongly WV-sensitive MTG FCI 0.9um channel is
significantly improved with the new approach

Networks: Training & Inference

« Small (=fast) deep feed
forward NNs are trained with

synthetic training data using
Tensorflow

 Typically, 8 hidden layers and
15 — 50 nodes per layer are
used (depending on channel)

« A vectorized Fortran code
(Including an adjoint version)
requires less than 1psec per

sample for most channels on
standard CPUs

 The total reflectance error
(simplification and imperfect
training) is typically < 0.01

Next steps:

« Automatic feature detection

« 3D radiative effects

« Improved aerosol version

JOINT INFORMATION CONTENT OF MULTIPLE SOLAR CHANNELS

Many solar channels are now supported by MFASIS-NN. What is the best way to assimilate them and what can we potentially gain?

Two important problems: Observation impact of reflectances is limited by nonlinear dependence on model state (— less effective error
reduction in LETKF) and ambiguity (different model states lead to same reflectance — one may improve reflectance, but not state).
Using multiple channels should reduce ambiguity (but which improvements can we expect?) and retrievals are more linearly related to

model state (but often characterizing their errors is problematic)...

Can we quantify the potential joint impact of multiple solar channels (independent of a specific DA system and its deficiencies)?
Can we design a cloud property retrieval that provides uncertainty information suitable for DA?

— Two address both questions we developed a “backward operator” based on distributional regression network
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* NN structure: MLP, 4-8 hidden layers with 256 neurons

 Inputs: MTG FCI reflectances

for six solar channels (0.4pm,

0.5pm, 0.6pym, 0.8um, 1.6um, 2.2um), corresponding albedos,

sun and satellite angles

 Outputs: 6 variables (cloud optical thickness 7, cloud fraction
y, ice fraction fi, effective radii for water and ice clouds, ref
and rg;) assumed to follow multivariate gaussian distribution
and the associated 6 x 6 error covariance matrix

* Cost function: Energy Score ('

‘strictly proper” score,

multivariate generalization of CRPS, see Gneiting and Raftery
(2007) “Strictly Proper Scoring Rules, Prediction, and
Estimation) yielded best results

 Training data: One month of ICON-D2 forecasts and synthetic
images generated for them for six solar MTG FCI channels
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Predicted uncertainties of the retrieved cloud properties for different situations.

« Covariance structure in training data is well reproduced

« Adding more (strongly correlated) channels still improves results
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Operational 13km ICON forecast (1-moment scheme)

Solar satellite channels provide
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% 0.8ym (R=1.3y1m, G=0.6y:m, B=1.6m)

information on effective radii B0, 4um) * 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=1.6pym, G=2.2pm, B=0.6pum)

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

assimilation in OSSEs (R = covariance matrix
from DRN + representivity term)

See Franzoni et al. 2026, ,Using Distributional Regression Networks to
RMSE of the output variables and Energy Score for different channel combinations.  Retrieve Cloud Properties from Solar Satellite Channels for Data Assimilation

13km ICON forecast with 2-moment scheme, modified cloud cover settings
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