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BACKGROUND

Diagnosing storm mode (linear vs isolated) is crucial to all severe weather
forecasts (Smith and Thompson et. al. 2012).

Isolated modes are associated with greater potential for significant (EF2+)

tornadoes and very large (2°+) hail, while linear modes are associated with
greater potential for widespread straight-line wind damage.

Common forecasting tools for diagnosing storm mode are Convection Allowing
Models (CAMs) and High Resolution Ensemble Forecasts (HREFs).

- Run 48 to 60 hours in the future

- Accuracy often decreases quickly with increasing lead-time (Stratman and
Coniglio et. al. 2013)

- Subject to chaotic behavior (Schwartz and Wong et. al. 2020)



RESEARCH GOAL AND APPROACH

GOAL: Develop a framework for predicting storm mode that only depends on
synoptic scale variables.

- Can be incorporated into models at any scale (including global models)

- Can produce a forecast at any time range any numerical models cover

- Can provide a “second opinion” to what CAMs and HREFs predict

- Intended to improve medium-range forecast skill and motivate more
thorough forecasting of potentially significant severe weather events

APPROACH: Translate a storm-scale perspective into a formulation that is
purely dependent on synoptic scale variables.

- Situation 1: Storms that initiate along or near boundaries (theoretical)
- Situation 2: Storms that do not initiate along boundaries (stochastic)



STORM-SCALE PERSPECTIVE
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PERSPECTIVE TRANSLATION

Metric Storm Scale Synoptic Scale
Storm Position (Xi, Vi) Derived from initiation zone and Po
Storm Velocity V LCL-EL mean wind vector
Initiation Axis OF Calculated from Theta-E field

Storm Size Empirically estimated mean

Initiation Zone Geometry Empirically estimated mean

Storm Mode Graphical discriminant function

Initiation Probability Po Estimated from 1nstability and forcing



STORM STATISTICS

Level |l radar data from severe weather events with at least an Enhanced
(Level 3) Risk from the Storm Prediction Center (SPC) were 2016-2019 obtained

Selected base reflectivity images that showed purely isolated storms or
purely linear storms (192 images in total, one image per event).

Objective analysis identifies individual cells, estimates the largest contiguous
length of reflectivity over 40 dBZ (then becomes As) and the central point of
each cell. The distance parameter D was also calculated for each cell.

- 463 total storms identified (35 isolated, 418 linear)

- Mean storm cold pool width (As) calculated to be ~35.8 km

- Sample mean and standard deviation used to derive probability
distribution functions (PDFs) for linear (or isolated) as a function of D



STORM STATISTICS

Graphical Discriminant Functions
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STORM STATISTICS

Graphical Discriminant Functions
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STORM STATISTICS

Graphical Discriminant Functions
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STORM STATISTICS

Xlinear —

1

Graphical Discriminant Functions

Viinear —

Olinear\| 2T J‘D =P (

D—-D isolated

1.0 —
@
-
§ 0.8 4
- /
o l
O /
g I
w 0.6 1 /
c [
S ;
- i
D 0.4 - !
(=) /
2 :
© / : .
g 0. - \\ / = = Linear Derived CDF
3 ' ; - Linear Observed CDF
EA} - = |solated Derived CDF
J \\\ Isolated Observed CDF
0.0 T | p— = T = o T T T T
-40 =20 0 20 40 60 80 100
Distance Parameter D (km)
o0 ~ 2 D
D — Dlinear B 1 -
dD Xisolated — CXp
\/ 2 Olinear Oisolated"\| 2T oo
Xlinear o Xisolated
X 100 % Visolated —

Xlinear T Xisolated

Xlinear T Xisolated

\/ 20 isolated

x 100 %

2
an



STORM STATISTICS

Graphical Discriminant Functions
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DISTANCE PARAMETER CALCULATION

Only variable that matters is the distance parameter D

D(1) =~ (xi = x)* + (i = y))* — L Asi- lASJ

2 2
Xi = Xi, + Vit cos 6, Xj = Xj, T vjtcos b
Vi = Vi + v; £ sin 6; Vi = Yig +vjtsin (9]'

Assumptions:

- Cold pool width and temperature is constant with time

- All cold pools are treated as ellipses with identical major and minor axes
- All cells have the same constant velocity (speed and direction)

- Cells that initiate along a boundary are evenly spaced

- Cells that do not initiate along a boundary are randomly distributed



DISTANCE PARAMETER CALCULATION

At t = t*, the distance parameter D attains its minimum value D*, which is the
minimum distance two given cold pools are from each other

Xiy — X; Yig =Y
0 70 0 70
cos 6, +

Vi Vi

(%=

sin (9]'
This expression is obtained by the taking the first derivative of the function
for D and solving for time .

Distance parameter D plugged in a graphical discriminant function, which
probabilistically models storm mode as a function of time



BOUNDARY IDENTIFICATION

Given a grid of 1000 mb temperature and 1000 mb moisture measurements,
a derived grid of 6. was calculated.

From the derived grid, |V6&.| is calculated and local maxima are highlighted
as “key points”.

Linear regressions of the “"key points” were performed on 1000 km x 1000 km
subsections, the arctangent of the best-fit slope then becomes 6.

m=——=tan Or Or = tan! (m)
Ax




RONT IDENTIFICATION
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FRONT IDENTIFICATION
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RONT IDENTIFICATION
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RONT IDENTIFICATION
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INITIATION ZONE IDENTIFICATION

Mean values for AX and AY obtained by examining 7204 radar base reflectivity
iImages taken from events with at least an Enhanced (Level 3) Risk from SPC

AY for each radar image Is calculated by the following algorithm:

1)  Estimate the coordinates (x;, y;) and width (As) of each storm depicted

2)  Perform a linear regression on the points from (1)

3) Calculate “errors™ (¢) between each individual storm and the line (2)

4)  Calculate z-score for each “error”

5) Examine all storms that are within two standard deviations of the line (2)
6) AYisthe maximumvalueof2-e+2 - As

/) AXis the value of AY divided by the tangent of the best fit line’s angle

The means of AXYand AY are used in the forecast tool



INITIATION PROBABILITY (Po)

Estimated initiation probability based on forecast soundings and vertical wind w
Determine critical values of 7, and w:

- Tv:  Minimum virtual temperature the 100mb mixed layer air parcel must
have to reach the tropopause for the predicted vertical velocity

- w.  Minimum vertical velocity the 100mb mixed layer air parcel must have
to reach the tropopause for the predicted virtual temperature

Pr - mﬁjw((ﬁ; >z> T P- Wjex%-%:v >z> v

1



INITIATION PROBABILITY (Po)

Air parcel traces conducted using the following algorithm:

NO OTVh~, WN -
N N N N N N

Calculate ambient temperature at parcel height (linear interpolation)
Calculate ambient pressure at parcel height (linear interpolation)
Calculate change in acceleration (buoyant force)

Calculate change in vertical speed using acceleration from (3)
Calculate change in parcel height from (4)

Calculate temperature decrease from (5)

If air parcel is unsaturated:

- Calculate new value of r; using (6)

- Check if r > r; to determine whether the air parcel is saturated
Repeat steps (1) - (7) until the air parcel is stable or reaches the
tropopause



INITIATION PROBABILITY (Po)

Air parcel traces conducted using the following algorithm:

1)

2)

3)

4)
5)

6)

_ Ti— T,
T=< /

)(Z—Z;‘) + 7

P = < ki )(Z—Z;‘>—|—Pi

Zj — Zj

Zj — Zj

T’
An+1 — an—l_gO( — _1>At
T

Wnp+1 — Wy + AdAn+1 At

Zutl = Zn T+ W1 At

Th1 = Tn—’y<Zn+1—Zn>

1; = Temperature measurement just above z
I: = Temperature measurement just below z
z; = Height measurement just above z

z; = Height measurement just below z

P; = Pressure measurement just above z

P; = Pressure measurement just below z

if the air parcel is saturated: y=1n(T’, P)
if the air parcel is unsaturated: y =14y



INITIATION PROBABILITY (Po)
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INITIATION PROBABILITY (Po)

T,=294.6 K, Pr=0.072



INITIATION PROBABILITY (Po)

T,=294.6 K, Pr=0.072
Ww=7.14ms", P,=0.000



INITIATION PROBABILITY (Po)

T,=294.6 K, Pr=0.072
Ww=7.14ms", P,=0.000
Po=0.036



MODEL ILLUSTRATION
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MODEL ILLUSTRATION

Non-Fronta! Convection




VERIFICATION — RADAR REANALY SIS

Accuracy of formulation assessed by two methods (1/2):
1)  Re-analysis of radar data (post-event analysis)

- 3-hour timeframes of radar base reflectivity data obtained from events
with at least an Enhanced (Level 3) Risk from SPC

- Used individual radar data (instead of a composite, this is to avoid
inconsistencies that can result from compositing radar data)

- Py calculated by dividing total storm coverage by initiation zone area

- Mean wind vector obtained from nearest observed RAOB



VERIFICATION — RADAR REANALY SIS
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VERIFICATION — RADAR REANALY SIS
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VERIFICATION — RADAR REANALY SIS

Storms moving out of radar range
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VERIFICATION — RADAR REANALY SIS
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VERIFICATION — RADAR REANALY SIS
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VERIFICATION — RADAR REANALY SIS
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VERIFICATION — RADAR REANALY SIS
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RADAR REANALYSIS RESULTS

Key evaluation statistics:

- Mean Error: 21.1 %
- Median Error: 8.0 %
- Bias: + 1.9 % Linear

Large mean error primarily caused by cases that involved a prediction for purely
iIsolated modes but actually involved largely linear modes (caused by
observational error?)



VERIFICATION — MODEL ANALY SIS

Accuracy of formulation assessed by two methods (2/2):

2)

Analysis of model output from 0.5° Global Forecast System (GFS) and

0.5° Global Ensemble Forecast System (GEFS)

- When SPC issues a Day 4+ outlook area (15% or 30

%), a convective

mode forecast is produced using the 00Z model suite (last suite a

forecaster would have seen just prior to issuing the C

ay 4+ area)

- Py estimated from temperature and vertical velocity fields

- Point forecast soundings used to determine mean wind vector

- Data assimilation scheme from Wang et. al. 2004 (ensemble member
dressing) used to more accurately estimate forecast model error

- Plot storm mode prediction for minimum distance parameter value D*

- Only determines storm mode; not severity or structure



VERIFICATION — MODEL ANALY SIS

CoMPS Forecast 03-28-2021 127
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VERIFICATION — MODEL ANALY SIS

CoMPS Forecast 03-28-2021 157

System predicting isolated
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VERIFICATION — MODEL ANALY SIS

CoMPS Forecast 03-28-2021 217

' i Orographic lift or other terrain
{\\d ' influences improperly resolved?




VERIFICATION — MODEL ANALY SIS
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MODEL ANALYSIS RESULTS

3-hour time slots of radar base reflectivity data used as verifying observation

Objective analysis of radar data determines percentage of isolated modes
and linear modes that were observed

. Evaluation Plot For 03-28-2021
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MODEL ANALYSIS RESULTS

- Objective analysis only identified embedded heavier cores of precipitation

- Misidentified as isolated modes
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MODEL ANALYSIS RESULTS

Linear Observed Not Observed
Forecasted a b
Not Forecasted ¢ d
Linear Observed Not Observed
Forecasted a b
Not Forecasted ¢ d

ar +dp

Aw

A

ar + br+ cr+ dr

arw + drw

Isolated Observed Not Observed
Forecasted a b
Not Forecasted c¢ d
Isolated Observed Not Observed
Forecasted a b
Not Forecasted c¢ d

ar + dj

ar+ br+ cr+ d;

amw + dmw

arw + brw~+ crwt drw

Unweighted accuracy: 49 %
Weighted accuracy: 54 %

amw + bow+ crwt dmw

+1.16 % bias towards isolated modes

Median Error: 24.39 %



MODEL ANALYSIS RESULTS

Weighted Monthly Accuracy (2x2 Table) Weighted Monthly Accuracy (3x3 Table)
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Overall forecast accuracy was highest during the spring months
Poor accuracy in the summer likely attributable to the chaotic nature of summer

events, which are heavily driven by mesoscale and microscale features



MODEL ANALYSIS RESULTS

Overall Evaluation
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STRENGTHS

The forecasting tool performed well in the following situations:

- Synoptically-driven events where mesoscale and/or microscale features are
either insignificant or non-existent

- Dry line setups in the Great Plains

- Cold front setups in the Deep South, cold fronts in the Plains were poorly
modeled by the GFS/GEFS

- Non-frontal convection where observed storm width is comparable to As

Cold fronts have a tendency to trend slower on subsequent model runs, which
can allow a dry line to form in the Plains before the cold front hits the warm
sector

Dry lines are very rare in the Deep South, effectively eliminating this errant trend



WEAKNESSES

The forecasting tool performed poorly when storm-scale processes significantly
affected the larger-scale environment. Examples include:

- Outflow boundaries

- Localized weakening of inversions

- Localized destabilization of the boundary layer (typically an overnight
phenomenon)

- Remnant mesoscale convective systems (MCSs)

- Mesoscale convective vortices (MCVs)

Global models, at their current grid resolution, simply cannot resolve these
processes with any degree of consistency or reliability

Significant errors in GFS/GEFS output also lead to poor forecast accuracy



SUMMARY

Primary goal was to establish proof of concept, which has arguably been
fulfilled

Forecast tool performed well in some situations and performed poorly in some
situations, though the performance was generally positive

Gained insight into potential weaknesses and shortcomings, which are
important for forecasters to know

Established a theoretical framework that can be fine-tuned in future studies



FUTURE WORK

Attempt to relate storm geometry to ambient conditions (assumed an ellipse
with roughly equivalent major and minor axes)

Better modeling for storm cold pools (accounting for the rate of expansion
of strong heating and weakening in the presence)

Time-dependent modeling for right-moving and left-moving supercells that
deviate from mean wind vector (essentially factoring in hodograph shape)

Alternative classification schemes for linear and isolated (used graphical
discriminant function here, but other potentially relevant techniques exist)

Research to more directly relate Py and storm size As to ambient environment



FUTURE WORK

Compare this theoretical and statistical approach to a pure machine learning
approach

Evaluate forecasts for different global models (e.g. ECMWF, GDPS, UKMET)

Alternate schemes for parcel tracing algorithm (e.g. accounting for drag,
mixing, pressure perturbations, wind shear destroying/enhancing updrafts)

Accounting for elevated convection, using a 100mb mixed layer parcel can
underrepresent or entirely disregard the potential for elevated cells

An evaluation of how much skill is added (or lost) when forecasters use this
tool
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STOCHASTIC MODEL
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OBJECTIVE ANALYSIS (ISOLATED)
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OBJECTIVE ANALYSIS (LINEAR)




MODEL ERROR ANALY SIS

Temperature Error Analysis Vertical Velocity Error Analysis
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EXTENDED OUTLOOK DATA

Day 4+ Outlook Rate by Month

Rate (%)
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LINEAR ERROR PROBABILITY SPACE

Forecast and Observation Probability Distribution Functions (PDFs)
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LINEAR ERROR PROBABILITY SPACE

LEPS Analysis
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