Machine Learning Estimation of Storm Updrafts
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Motivation Training Domain Example
Storm updrafts have been linked to tornado damage (i.e., larger updraft, more damaging Comp. Ref. and Hail > 1° " P 0
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formation (i.e., wider updraft, larger hail; Kumjian et al. 2021). Thus, there is potential in ' | 2>0 is a U-Net3+ (Huang
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Physics methods of determining updraft (i.e., multi-doppler analysis) take too much time N 175 2 connections
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o g y o g into maximum vertical velocity
40°N | i
NSSL Warn-on-Forecast System (WoFS) 5 5
* 5-min temporal resolution 0 0 2017-05-26 22:10:00
oW e 3 km horizontal grid spacing Fig. 4: An example WoFS case from the validation dataset, 2019-04-30 in Texas. (a) Composite reflectivity (color shading) and
: HAILCAST 17 hail contour. (b) Outgoing longwave infrared radiation (c) WoFS maximum vertical velocity (color shading) and g
34°N * 18-member forecast ensembles (dlﬁerent the 17 hail contour (d) Machine learning estimated maximum updraft speed (color shading) [this is the median of the predicted i A &
PBL and radiation schemes) distribution] and 1” hail contour. The video of this event can be watched using the QR code to the left. .= E e
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Fig. 1: Example WoFS domain from 2019-04-30 _ _ _ _ -
« HAILCAST (Adams-Selin and Zeigler 2016) suggests hail larger than 1" possible ———

Fig. 9: Case study from 2017-05-26 where the U-net is applied to observed 3d gridded radar data (GridRad Severe).
Plotted is the composite reflectivity with the same colorscale as Fig. 4. Contours are the updraft speeds determined by

 WoFS updrafts exceed 30 m/s

Input: 3D Radar\Reerctivity Output: 2D Max vertical velocity the U-net with speeds of 5, 10, 15 and 20 m/s. (a) is at 20:00 UTC (b) is at 20:10 UTC and (c) is at 22:20
N * ML output (median calculated from the distribution) suggests good correspondence _ _ _ L
with WoFS (truth) * The U-net updraft speeds look plausible, showing up near high reflectivity  animation here
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Fig. 2: Graphic depicting the ML idea and data flow. (a) is 3 of the total of 29 vertical levels (0.5 km — 22 km) of radar Yo o - [mio"l] o s 2. The U-net produces skillful estimates of updraft speed (median errors < + 50%)
reflectivity, units are dBZ and the colorbar is shown in Fig. 4. (b) the output label of the ML is the maximum vertical velocity Fig. 5: Pixel based eva Iué tion of ML prediction (median of
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