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Past hail events are identified from radar reflectivity H caused Fig. 1: Entraining Lifted Index at 500 hPa (A), standardized values via z-score standardization (B).

Machine learning (ML) methods, specifically U-Net a total economic loss of appr. EUR 3.6 billion [1] [2] = Convective parameters calculated from ERA5 with thundeR [4]

architectures, are employed to predict our hail event How climate change aitects frequency and severity = All parameters are standardized before their use in the ML model
catalogue based on convective parameters of hail events is still not well understood [3]

Radar track data on 2013-07-28
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Potential hail tracks
(PHTs) determined by
cell tracking algorithm
TRACE3D [5, 6]

Track points are

assigned to nearest grid - Fig. 3: Number of all Potential Hail Track Points (PHTPs)  Fig. 4: (A) Climatology of smoothed (3 x 3) PHTPs in summer half-year from 2005 - 2024;
ints (3x3)on a 5°E 6°E 7°E 8°E 9°E 10°E 11°E 12°F 13°E 14°E 15°E in summer half-year from 2005 — 2024 on a coarse 0.25°  (B) Trends of smoothed PHTPs from 2005 — 2024 per decade.
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regular 0.25° grid. Fig. 2. Example of radar tracks on 28 July
2013; tracks are transformed to a 0.25° grid.

U-Net Model Architecture
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Fig. 5: Basic utilized U-Net architecture. The light blue bars show the current dimensions of

the data flowing through the model, while the arrows represent different operations _ _ N

performed on the data. Dark blue arrows represent convolutional layers, grey arrows skip Fig. 6: (A) Modeled PHTP Climatology and (B) Trends of modeled PHTPs at decision Fig. 7: Modeled trends with 2 additional aerosol
connections, red arrows symbolize pooling layers and green arrows transposed convolution threshold dt=0.7. variables, see Table 1 for detailed variable
layers. The output map is evaluated against the observations to compute the loss. information.

Tem poral A Average value for each hour of the day Average value for each month

* Kk N L— Transformed Observations
* *x Transformed Observations
* *
- SRl \ O |
R * e K

ernicus B IEAVZeY[Tidle]n)

2]
I

Utilized variables in the model

Table 1: Variables used in the modeled climatology and trends (Figure 6). The two additional aerosol = Strong diurnal and
variables from CAMS global reanalysis [7] are used in the modeled trends in Figure 7. seasonal cycle in

Category Parameter Description observed PHTs
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Thermo- MU _E LI Entraining lifted index at 500 hPa (Most-unstable parcel) _

dynamic MU_E_buoy HGL Largest entraining parcel buoyancy in Hail Growth Layer (HGL) = ML model can repllcate - |

THETAE_MU_M10 Difference in theta-e between MU parcel and -10°C isotherm height - 0 1 2 3 4 3 6 7 B 5 1011 1215 14 15 16 17 18 19 20 21 22 23 or May an y g sep
M P 2 diurnal and seasonal Hour of day ¢ " Month

D ' B ff M Effecti h M | initialization heigh half of th : : : . ..
YTHmie >_efi_ MU ective shear between MU parcel Initialization height and half of the Fig. 8. Temporal evolution of observations (orange) and model predictions (blue) at decision threshold dt = 0.7 for

distance to equilibrium level height CyCIGS ) . .
Ventilation 16_km_RM | Mean wind component perpendicular to 0-500 m AGL mean inflow axis diurnal (A) and monthly (B) cycles. All ML model predictions were divided by 1.5 to match the total amount of

between 1 and 6 km AGL, for RM Bunkers vector observed values.
SRH_eff 3km_RM Effective storm-relative helicity for 3 km layer with a base at MU parcel
height, for RM Bunkers vector Dust effe Ct A Relative Frequency of PHTPs in 1200 sorted bins with 53777 values per bin B Relative Frequency of PHTPs in 1200 sorted bins with 53777 values per bin
SV_0500m_RM_G Mean streamwise vorticity between hodograph origin (0 m/s) and 500 m 30
AGL, for RM Bunkers vector o
U_wind, V_wind Zonal and meridional wind component (calculated from mean wind and dir in on hall
0-6 km)

IPV 320K Potential Vorticity on the 8 = 320K level in PVU ]
Elevation Height above sea level in m = Medium levels of dust

Moisture PRCP_WATER_eff Effective precipitable water (entire column) accounting for relative humidity are favorable for halil
Moisture_Flux_SR_eff | Mean effective storm-relative moisture flux for 500 m layer with a base at
MUML parcel height
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Aerosols duaod550 Dust aerosol optical depth at 550 nm Extreme values in lower Medium Dust in 1000 hPa (kg kg**-1) a Medium Dust in 400 hPa (kg kg**-1)

suaod550 Sulphate aerosol optical depth at 550 nm levels of the atmosphere
decrease hail probability

Fig. 9: Relative frequency of PHTPs for grid points with specific medium dust values in sorted bins that contain
equal amounts of values at 1000 hPa (A) and at 400 hPa (B). Only data within Germany were used for this figure.

MU: most-unstable parcel based on highest theta-e between surface and 3 km
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