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growing positive bias
and better recall
Consequence of

As the climate warms, the consequent moistening of
the atmosphere increases extreme precipitation.

= W. Zhang et al. (2024)
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Neural Networks in
Precipitation Nowcasting

Model Architecture

3D U-Net that processes the 4D data (3D volume + time) as independent evaluation 3Drao Nowcast 40 mn
Precipitation Nowcasting altitude-wise 3D volumes (horizontal 2D slices + time) methodology - 7Y
Nowcasting is a kind of forecasting: Outputs altitude-wise horizontal motion fields that are stacked into a pseudo estimating

3D motion field (no vertical component)
Processes all altitudes in parallel as a single batch - rapid inference

altitude-wise motion
fields independently,
combined with the
evaluation on
vertically pooled
products

with high local detail
over a period from the present to six hours ahead
including a detailed description of the present weather
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Usage of Convolutional Neural Networks

Weather radar stations observe precipitation particle reflectivity
The precipitation maps can be processed by common computer vision
models — nowcasting is analogous to video prediction
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Strong inter-altitude correlations throughout the radar volumes across the
dataset

The strongest inter-altitude correlations during the warm season
A 7 Independent altitude-wise motion field estimation yields no clear benefit in
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Existing approaches mostly operate on two-dimensional radar composites
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performance remains

unclear Volumetric approach does not reduce MAE and MSE, growing positive bias

Improvement in Recall and ETS without a substantial loss in Precision (but
mostly gained from non-physical cell-splitting artifacts)
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