1. Motivation and research questions

3. Results continued
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consistent and homogeneous results around the world. Following

research questions are addressed: nEtWOrk ensemble for ground-

1. How accurately can a neural network ensemble retrieve cloud

classes from ground based RGB images to compensate for gaps in ba SEd C I 0 u d C I a SS Ifl Cat I O n S * Distributions of Precision, Recall, and MCC are well outside random

prediction samples for each class (cf. Fig.2)
* Highest values in augmented classes (light shading in Fig. 2)

2. How can we overcome biases due to observation imbalances? Markus Rosenbergerl, Manfred Dorningerl, Martin Weissmann! * Reliability diagrams indicate excellent reliability and resolution but
underconfidence in least abundant classes
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Figure 2. Distributions of precision scores of ensemble members (red boxes) and of 10 000 random
forecasts (empty boxes). The patch on the right shows the distribution of weighted macro averages.

human cloud observation coverage?

3. How reliable are the predicted probabilities of cloud class 1) Department of Meteorology and Geophysics, University of Vienna, Vienna, Austria
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occurrence?
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