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Motivation Hail reports dataset
* Hail hazard in France: Causes major damage to agriculture, vehicles, infrastructure, and solar Radar network over France and hail . 4354 samples b‘“-‘twee”z‘:'l:;"d Atigusc2023
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* Limitations of current methods: Traditional radar-based hail detection struggles to predict severe hail o s y @ | o inae g 0+ | § o3
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- Severe hail detection : Forcadell et al., AMT, 2024 used 19 radar-derived features (polarimetric e 550 DU off D pult B size (mm) lass
variables, storm severity diagnostics) to detect severe hail over 30x30 km? areas. Outperforms existing . QR A 5ZB2:samplesibetweenSepteniben2 123 and, ly T6thZb25
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- Halil size estimation: Treated as multi-class classification (medium 20-35 mm, large 35-50 mm, giant o~ £ 0] 2 )l 8 sl
250 mm) using sequences of radar images over six timesteps (~25 min) to capture storm evolution : 2 I N— e i
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* Ongoing work: Expanding datasets for 2024—2025 events to improve model generalization and validate 100 km A 2 4 e 8 10 w0 . 203 3550 50+
CNN-based hail size predictions. e e e e e e fmm e
1. Storm cells are tracked and matched to the severe 2. Radar diagnostics within 30x30 km2 areas are computed 3. Predictors (30x30 km2 images) are fed as input to CNN
hail reports from 3D radar grids for each cell centroid = predictors (Medium ConvNet, see Forcadel 2024), trained to predict the
associated hail size class
* using tobac (Heikenfeld, 2019) python library applied on Input features at time ¢,
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& 4. Temporal aggregation : the probabilities of each hail size
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Study of the predictors Performance of the CNN and comparison to MESH
2018-sept 2023 sept 2023 - 2025 2018 - sept 2023 dataset Sept 2023 - 2025 dataset
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* Scores are similar for all periods subsets

* Not improved with the addition of new reports (2023-2025)

* CNN often outperforms MESH but performance varies with
hail class size and remains limited...
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= During training and validation, the CNN model struggles to
s e reach a minimum

F1-Score by Class Training and Validation Loss for p; dataset
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