Evaluating Machine Learning Updraft Retrieval Skill: Convective Case Studies
Miles S. Harmala!, Randy J. Chase®’, Peter J. Marinescu?, Daniel M. Stechman®, Alan F. Srock!

ISt. Cloud State University, St. Cloud, MN, USA; 2Department of Atmospheric Science, Colorado State University, Fort Collins, CO, USA;
SCooperative Institute for Research in the Atmosphere (CIRA), Fort Collins, CO, USA;
* Cooperative Institute for Severe and High-Impact Weather Research and Operations, University of Oklahoma, Norman, OK, USA

COLORADO STATE
UNIVERSITY

1. Motivation 5. ML Data Preparation 7. Results: Correlations

» Severe thunderstorms are life threatening and cause billions of dollars in damage yearly in the | =5 AR el e » Needed to isolate ML output domain to the supercell updraft. . Correlation to MD Max Updraft Speed 10 Correlation to MD 5ms " Updraft Are2
Unlted States(l) 30 70 --- Mean: 0.379 === Mean: 0.848
60 . .
. 2 » Supercell MD dataset consisted of a variable called -
« Thunderstorm updrafts can cause many types of severe weather®; thus, understanding storm 5o, 0 P . : 08 08
. . ) : _ ~ o  m_radars, which returned number of radars scanning each
updraft behavior is crucial to the protection of life and property. 3 a '2 B vixel
) £ S, . E
»  Updraft proxies show promise(®4% but only provide direct information about select regions of |~ oz o The ML d <olated b the multi-Donpler latitud g o " S s O
the storm updraft (e.g., overshooting tops: storm top). T ¢ ata} were i1solated by the multi-Doppler latitude- : o s 2
_ _ _ 0 longitude pair where n,., 445 = 2. 2 € = E
« Forecasters have few tools to assess the strength of convective updrafts in real time®). s T g o4 04 0 0 o
o Te = ~J
] i ] ] ] . ] ~100.5 ~100.0 99,5 ~99.0 . - - ~ Q
» Machine learning (ML) could provide timely and comprehensive quantifications of updraft Lon, ] _ ML and MD temporal resolutions differed. The 19 ML = = =
ioti Im I he MD tim wer In 021 02
characteristics. Figure 4: GridRad Severe radar ion?;i;gil\cjeozre]:;gé © t esteps ere used
.. i reflectivity, overlaid with median -
* Chase et al. 2024 showed promising ML updraft retrievals for one real world case. (MLso) 2D ML maximum vertical y y
\L/Je_I!CC):C:a/L I?xamt)le from 22:10 Analyzed tWO updraﬁ CharaCterIStICS 5 m S_l updraft area’ o MLsp Max Speed MLgo Max Speed MLgs Max Speed . MLso 5m/s Area MLgo 5m/s Area MLgs 5m/s Area
= Imestep. - . .
G Oal " P maximum vertical V€|OCIty (Wmax)- Figure 7: (left) ML w4, correlation to MD w;,,4,. (right) ML 5 m s~ updraft area correlation to MD 5 m s~ updraft area.

Test machine learning updraft retrieval techniques from Chase et al. 2024 in an . . .
. . . - Weak correlation (0.3-0.5) between ML tile w,,, ... and multi-Doppler w,, .. over th
alternate supercell case study and assess implications for forecasting severe hazards. 6. Results: ML-MD T1m€ Series Comp arisons eak correlation ( ) between ML percentile Winq, and multi-Doppler wi,q, Over the

timeseries.

o Model output: 2D max vertical velocity variability in 5 m s~1 updraft area present

2 C S d . 20 M 2019 *Full 3D convolutional U-Net (3d) performed poorly, and thus all analysis that follows was _ _ _ »
. aSe dStu Y° ay conducted on 2D Convolutional U-Net3+ (2d24f). « Strong co_rrelatlo_n (0.8-0.9) between ML percentile and multi-Doppler 5 m s~ updraft areas
L Vere Weather Outiook | s oo Huereh Maximum Updraft Velocity Figure 5: (top) Time series of maximum updraft velocity for alll over the time series.
_ij-[severgg";:;hggf;ﬂ°°k] - e N\ { ¢ Severe weather outbreak unfolded across Kansas 60 ] +++ NSSL Multi-Doppler i datasets (w.,...). Time of tornadogenesis plotted with black
G L Cwen | : KS). Oklahoma (OK). Texas (TX). and == 2d247 MLso i dashed line. (bottom) Time series showing maximum updraft . - - - : :
L (KS), ) L (OK), (TX), 1o} — 22at i ety o ion Tromn eIt Do e ML products using reflectivity data may be better suited for estimating updraft area, as
- YR et surrounding reglons. — 604 | | | Opposed 1o updraft magnItUde' Correlation to Area with Severe Hail
| . . . n K : ° I I I H0 ---- Mean: 0.530
> <% » Severe reports: Tornado (38), wind (92), and hail g o] | Rt | MLos best predicted the time series of Wyqy. |
o | d 90 > N TR, o In part due to the strong vertical * Modest correlation (0.5-0.6) between the MD
NI - (%0), | %tk §| e om it i |
) —L | | 5 ‘\?%;/u R T velocities within supercells. and ML 5 m s~ updraft area with area of -
- A5 e ws~ | < Asupercell developed in North TX and tracked into % 30 ) nd severe hail, which was derived from radar
B W Seitanud Southwest OK, impacting Mangum, OK at ~ 22:00 = 1o > g ANy - »  All machine learning percentiles (ML, product maximum expected hail size (MESH)
- A a=d t o S UTC. N b= oo | MLgy, MLgc) captured temporal variability in (13),
I ’ v eati _. | ti,:.....,,m._,..m.;r - - - ] ' [ ' : ._ % i}
Gl on [ woserse D3 evnces = stone_ B waroner Ll e[| @ The TORUS ) field campaign allowed for high- 0 | | | - | | NSSL multi-Doppler wy,qx. _ _ _ o € oa- 5 0 5 5
(F:.gg\zclnvitm Eéi%cru;g I\(j:;tg(r)llgoo UTC Day 1 quality radar data collection on the supercell. 030 200 230 200 T 2230 2300 o - | . * Correlation of area Wlth severe halil are similar ; g o g
&0 Max Updraft Speed Deviation from Multi-Doppler ISS_e ona Slgnl Icant_lncrease In _ between maChIne Iearnlng and mUItI-DOppIer' 02 E L?: LE E
multi-Doppler w,,, ., prior to tornadogenesis - A =t 8 S
S
(22:12 UTC). = :
7: 0 Figure 8: ML, MD 5 m s~! updraft area correlation to area with severe hail 00,
. - o Superce“ radar data was ana|yzed with National Severe E N 5ms-1 Updraft Area (hail diameter > 1 inch). MD 5m/sArea  Misp5misArea Ml 5mi/sArea Mo 5 mJs Area
. ) Storms Laboratory (NSSL) Multi-Doppler Analysis % 2000 {1+ | NSSL Multi Doppler | /5 8 C 1 .
| ' System(® to compute vertical velocity values (w). g o 1750 | —— 24241 MLgo | ;e . onciusions
T o w computed using mass continuity equation on o S | N S A s y . . . .
= = hase veplocity datf(g,lo) Yy 5 . T i\ ;- « Reflectivity-based, machine learning updraft models can skillfully quantify supercell
< v 2 | 2 = 12501 | R A R S updraft properties.
'-05.; 20 ] ] ] s _40 v | ) - .‘: - - -1 .
T "« 250 m horizontal resolution, 19 timesteps (20:24 UTC % 1000 o Most skillful for 5 m s~ updraft area and less skillful for updraft speed.
N 0 - 23:24 UTC, 10-min average temporal resolution). 60l | | | | 1B 7 -  Modest relationship between 5 m s~1 updraft area and area with severe hail for both
- 20:30 21:00 21:30 22:00 22:30 23:00 <i : _ _ i
) o MD data later resampled to 3 km resolution to Time, [UTC] 500 o\ i multi-Doppler and machine learning.
, | equal that of the ML output. + 5m st updraft area increased over time in | QPaN | . .
o s e i datasetf with a local maximum around 1 ¥R i » Increase in updraft area near tornadogenesis in both ML and MD datasets.
Figure 2: Vertical CrOISS section of case study storm * MD vertical VeIOCIty data were Compared to ML updraft tornado en’eSiS ® 2030 21:00 21:'3_0 22:00 Tor 22:30 23:00
updraft region. Reflectivity (2) (iill, upward vertical oredictions to evaluate retrieval skill g . Time, [UTC] * The 3D model performed poorly (not shown) and should be reevaluated. The 2D model
velocity (w) (contour, fill). 5ms~! Updraft Area Deviation from Multi-Doppler performed better, but different percentiles may be needed for different updraft
° I —1 —— 50 - - -
MLg, best predicted values of 5m s 10| T 7 20241 | | | | characteristics (e.g., MLs, underpredicted updraft strength and area).
updraft area. — —  2d24f MLs; P 7—< . _ .
o MLgg overpredicts; ML, £ 1 o \,_\00__0 I | * Next steps: conduct similar anal)_/3|s on non-supercell case studies. A QLCS case study
ot 3D RedarRefletvy e meceiaos o Models used: 2D Convolutional U-Net3+ underpredicts. g /o.o--J \>____<; t———— will be presented on 14 January in the Symposium on Radar Research to Operations.
b : o ‘
) ) (2d24f) and full 3D convolutional U-Net (3d)®). g ?mﬁ
. - . . 0O Pl ™
. o Model input: 3D radar reflectivity * Al ML percentiles captured temporal : T Sves AN N A References
5

. . —500 - Y Y - (1) Smith, A. B., 2024: 2023: A historic year of U.S. billion-dollar weather and climate disasters. NOAA Climate Service, Accessed 19 July 2024, https://www.climate.gov/news-features/blogs/beyond-

29 % ML ] i _ IN Mu Itl = DOpp I er data \/ \ data/2023-historic-year-us-billion-dollar-weather-and-climate-disasters
vertical % _) —> 3 km horlzontal Output reSOI utlon 5_m In o \ (2) Browning, K.A. and Foote, G.B. (1976), Airflow and hail growth in supercell storms and some implications for hail suppression. Q.J.R. Meteorol. Soc., 102: 499-533.

evels (o N , \\ https://doi.org/10.1002/q}.49710243303

I Figure 6: (top) Time series of 5 m s~ 1 updraft area for all datasets. ~1000 4 | | | | | \ (3) Trapp, R. J., G. R. Marion, and S. W. Nesbitt, 2017: The Regulation of Tornado Intensity by Updraft Width. J. Atmos. Sci., 74, 4199-4211, https://doi.org/10.1175/JAS-D-16-0331.1.

l temporal reso I Utl on. Time of tornadoaenesis blotted with black dashed line \3 (4) Kumjian, M. R., K. Lombardo, and S. Loeffler, 2021: The Evolution of Hail Production in Simulated Supercell Storms. J. Atmos. Sci., 78, 3417—-3440, https://doi.org/10.1175/JAS-D-21-0034.1
05k _ g i P i 1 T . . . . . . (5) French, M. M., and D. M. Kingfield, 2021: Tornado Formation and Intensity Prediction Using Polarimetric Radar Estimates of Updraft Area. Wea. Forecasting, 36, 22112231,

A A~ / e P tri - techni ith ML (bottom) Time series showing 5 m s~ updraft area deviation from 20:30 21:00 21:30 22:00 22:30 23:00 https://doi.org/10.1175/WAF-D-21-0087.1.

N ; %gi\"“ arametric reg ression tec nlque ran wi muIti-DoppIer 5ms ! updraft area output. Time, [UTC] (6) Chase, R. J., A. McGovern, C. R. Homeyer, P. J. Marinescu, and C. K. Potvin, 2024: Machine Learning Estimation of Maximum Vertical Velocity from Radar. Artif. Intell. Earth Syst., 3, 230095,
N AP . - - https://doi.org/10.1175/AIES-D-23-0095.1.
O N / mOde IS AI I Owed fOF a d IStI’IbUtIOﬂ Of MaxX (7) Houston, A. L., B. Argrow, M. C. Coniglio, E. W. Frew, E. N. Rasmussen, C. C. Weiss, and C. L. Ziegler, 2020: Targeted observation by radars and UAS of supercells (TORUS): Summary of the 2019

field campaign. Field Observations of Physical Processes to Understand Severe Storms, Boston, MA, Amer. Meteor. Soc.,

updraft velocities. 50t , 80, and 95t percentiles

Figure 3: Graphic depicting the ML idea and data flow. ML input: 29 - -
vertical GridRad levels. ML output: max vertical velocity in column, used In this StUdy (MLSO’ MLSO’ ML95)-

1.3, https://ams.confex.com/ams/2020Annual/meetingapp.cgi/Paper/369999.
C nO ‘ N 7 e ments (8) Hosek, M. J., C. L. Ziegler, M. 1. Biggerstaff, T. A. Murphy, and Z. Wang, 2023: Relation between Baroclinity, Horizontal Vorticity, and Mesocyclone Evolution in the 6-7 April 2018 Monroe,
Louisiana, Tornadic Supercell during VORTEX-SE. Mon. Wea. Rev., 151, 2949-2976, https://doi.org/10.1175/MWR-D-22-0313.1.

(9) Armijo, L., 1969: A Theory for the Determination of Wind and Precipitation Velocities with Doppler Radars. J. Atmos. Sci., 26, 570-573, https://doi.org/10.1175/1520-

. . . . . . 0469(1969)026<0570:ATFTDO>2.0.CO:2.
Multi-Doppler analysis data provided by Dan Stechman of the Cooperative Institute for Severe and High-Impact Weather (CIWRO). (10) Marinescu, P. J., P. C. Kennedy, M. M. Bell, A. J. Drager, L. D. Grant, S. W. Freeman, and S. C. van den Heever, 2020: Updraft Vertical Velocity Observations and Uncertainties in High Plains

Supercells Using Radiosondes and Radars. Mon. Wea. Rev., 148, 4435-4452, https://doi.org/10.1175/MWR-D-20-0071.1.

* ML models trained on NSSL Warn-On-Forecast System WRF model reflectivity and vertical

Vel OClty data(ll) Al tools ChatGPT: https://chatgpt.com/, Blackbox Al: https://www.blackbox.ai/. (11) Stensrud, D. J., and Coauthors, 2009: Convective-Scale Warn-on-Forecast System. Bull. Amer. Meteor. Soc., 90, 1487—1500, https://doi.org/10.1175/2009BAMS2795.1.
" (12) Murphy, A. M., C. R. Homeyer, and K. Q. Allen, 2023: Development and Investigation of GridRad-Severe, a Multiyear Severe Event Radar Dataset. Mon. Wea. Rev., 151, 2257-2277,
This work has been supported by the National Science Foundation Research Experiences for Undergraduates Site in Earth System Science at Colorado State https://doi.org/10.1175/MWR-D-23-0017.1.

(13) Murillo, E. M., C. R. Homeyer, and J. T. Allen, 2021: A 23-Year Severe Hail Climatology Using GridRad MESH Observations. Mon. Wea. Rev., 149, 945-958, https://doi.org/10.1175/MWR-D-20-

« Trained models applied to GridRad Severe radar dataset for the 20 May 2019 case (12, University under the cooperative agreement No. AGS-1950172. 0178.1



https://www.climate.gov/news-features/blogs/beyond-data/2023-historic-year-us-billion-dollar-weather-and-climate-disasters
https://www.climate.gov/news-features/blogs/beyond-data/2023-historic-year-us-billion-dollar-weather-and-climate-disasters
https://doi.org/10.1002/qj.49710243303
https://doi.org/10.1175/JAS-D-16-0331.1
https://doi.org/10.1175/JAS-D-21-0034.1
https://doi.org/10.1175/WAF-D-21-0087.1
https://doi.org/10.1175/AIES-D-23-0095.1
https://ams.confex.com/ams/2020Annual/meetingapp.cgi/Paper/369999
https://doi.org/10.1175/MWR-D-22-0313.1
https://doi.org/10.1175/1520-0469(1969)026%3c0570:ATFTDO%3e2.0.CO;2
https://doi.org/10.1175/1520-0469(1969)026%3c0570:ATFTDO%3e2.0.CO;2
https://doi.org/10.1175/MWR-D-20-0071.1
https://doi.org/10.1175/2009BAMS2795.1
https://doi.org/10.1175/MWR-D-23-0017.1
https://doi.org/10.1175/MWR-D-20-0178.1
https://doi.org/10.1175/MWR-D-20-0178.1
https://chatgpt.com/
https://www.blackbox.ai/

	Slide 1

