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Clouds are still a major source of uncertainty in projections of the future
climate because of complex feedback mechanisms and their interplay with
other atmospheric and surface properties (i.e., through solar and thermal-
infrared radiation and precipitation). In the Arctic, where the climate is
projected to warm the strongest, clouds pose a particular challenge to current
climate and weather forecast models because of the difficulties in simulating
the frequently occurring mixed-phase clouds and the sparsity of observational
data.

In this study, we aim to improve our understanding of Arctic clouds on multi-
annual time scales by performing statistical analyses of cloud states and their
transitions using cloud radar data from the research site Ny-Alesund, Svalbard.
We have gathered nine years of comprehensive cloud and precipitation
observations with the 94-GHz cloud radars, which were operated at the
German-French Arctic Research Base AWIPEV observatory in synthesis with
other in-situ and remote sensing instruments (i.e., microwave radiometers,
lidar, disdrometers, ...). The additional meteorological measurements also
allow us to study how atmospheric conditions affect the cloud states and
transitions.



Modern machine learning algorithms are well suited to analyse big data sets
and reveal features imperceptible to the human eye because of the complexity
of the problem. We train a Vision Transformer [1-3] with height-resolved cloud
radar reflectivities, Doppler velocities, ceilometer data and liquid water path-
sensitive brightness temperatures at 89 GHz in a self-supervised framework.
The Vision Transformer learns to identify distinct features in the training data
and therefore find different cloud states without direct human intervention.

Here, we present our first steps focussing on the interpretation of the machine
learning model output and fine tune the settings to better discern the cloud
states. Different cloud macro- and microphysical properties are tested to
understand the nature of each cluster the machine learning algorithm
produced.

Later, we will apply the trained machine learning algorithm to synthetic radar
data simulated with the Passive and Active Microwave radiative TRAnsfer
(PAMTRA, [4]) model based on the output of the ICOsahedral Non-hydrostatic
(ICON, [5]) model in large-eddy configuration. By comparing the observation-
based analysis with the one performed on the simulated radar data we aim to
further shed light on the strengths and weaknesses of ICON regarding cloud
states and transitions.
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