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Introduction
" WIVERN (WInd VElocity Radar Nephoscope) is -
one of two candidate mission concepts for the
ESA Earth Explorer 11 mission. WIVERN will fill 240 20

a significant gap Iin global wind profile
observations by providing the first space-based
measurements of in-cloud wind. It will also
observe cloud micro- and macro- physical
properties.

" WIVERN will provide 3D profiles of these
variables at high spatial resolution and at a
global scale, which cannot be provided by
cloud-top-observing geostationary systems

such ase.g., MSG, MTG, GOES, or Himawatri.

® There is strong complementarity between WIVERN and such cloud-top-observing geostationary satellites (GEOs) which offer high temporal resolution.
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® This research investigates the potential of employing machine learning to integrate WIVERN and MSG/SEVIRI data to reconstruct WIVERN Level-2B products in
areas not sampled by WIVERN at each WIVERN range gate. This 3D reconstruction of WIVERN data can be used to fill spatial gaps within the swath or to provide
estimates before or after a WIVERN overpass. The primary focus lies on ice water content (IWC) whose spatial distribution within clouds significantly impacts the
Earth’s energy budget and hydrological cycle.

Methods T, Hidden Layers
" The WIVERN IWC reconstruction method utilizes an artificial neural network (NN) trained on simulated
data generated from outputs of the ICON NWP model. Simulated WIVERN IWC and SEVIRI brightness
- temperatures (T,) are spatially and temporally
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®" The trained models are able to successfully recreate IWC at each WIVERN sampling altitude. Retrieval accuracy is inputs, explore alternate network
Imited for high IWC pixels. Additionally, accuracy decreases with increasing distance from the cloud top. architectures (e.g., CNN) and
ntra-swath gap-filling models trained utilizing interpolated IWC as an additional input achieve the overall best refine the workflow.
nerformance (R Score on test set: 0.843).
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