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Abstract

Proximity sounding studies related to convective storms primarily focus on the

Great Plains region and supercells, despite the highest percentage of deadly torna-

does and non-supercellular tornadoes occurring in the Southeast (SE) United States.

Using hundreds of observed soundings across 39 cases from recent SE-focused field

projects, we create and analyze a proximity sounding dataset for tornadic and non-

tornadic environments for various storm modes. Environmental differences between

right-moving supercell (RM) and quasi-linear convective system (QLCS) modes are

evaluated through composite profiles and statistical testing of common forecast pa-

rameters for subsets of tornadic vs. nontornadic environments and subsets of stronger

vs. weaker mesocyclone environments. We find tornadic environments for both RM

and QLCS modes have significantly higher storm-relative wind (SRW) than nontor-

nadic environments, but the largest differences in SRW are found above 1 km for RMs

and below 1 km for QLCSs. However, SRW does not significantly differentiate meso-

cyclone strengths. Our findings of higher statistical significance in the storm-relative

parameters and larger differences in the storm-relative vs. ground-relative hodographs

emphasize the importance of storm motion on a storm’s tornadic potential. We find

tornadic RMs deviate significantly more to the right of the Bunkers RM motion es-

timate than nontornadic RMs. Values of many parameters that are on the low end

of favorability for the Great Plains are the mean of the tornadic samples for the SE,

further emphasizing the benefits of a SE convective environment climatology in helping

to elucidate regional differences in environments conducive for tornadoes.

Soundings derived from mesoscale and convection-allowing numerical weather pre-

diction models are a valuable tool for assessing convective environments. Due to model
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assumptions, sounding profiles exhibit errors that can affect the computation of fore-

cast parameters. In this study, soundings from the Storm Prediction Center Mesoscale

Analysis System (SFCOA) and the High-Resolution Rapid Refresh (HRRR) model

are compared to observed proximity soundings collected during SE field campaigns in

the vicinity of RM mesocyclones and QLCS mesovortices. Prior Plains-centric work

has indicated that SFCOA tends to underestimate low-level kinematic fields, whereas

HRRR analyses more closely resemble observed soundings. Whether these findings

are transferable to the SE remains uncertain and provides the primary motivation for

this study. Relative to observations, the largest model errors are found in the low-level

wind field. The HRRR generally overestimates inflow and the v-component component

of the winds, while SFCOA underestimates these quantities. Despite these opposite-

signed biases, both SFCOA and HRRR underestimate low-level vertical wind shear.

The use of observed storm motions rather than estimated storm motions in conjunction

with modeled soundings can impact the skill of storm-relative forecast parameters. An

evaluation of parameter skill indicates that storm-relative wind fields are most skill-

ful when using observed soundings and observed storm motion. In contrast, SFCOA

exhibits the highest skill for ground-relative winds, bulk shear, and storm-relative he-

licity. These results have research implications for environmental studies that rely on

SFCOA soundings and operational implications for severe weather forecasting.
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Chapter 1

Introduction

Severe storm environments in the Southeast U.S. (SE) are particularly unique in

comparison to other regions within the continental U.S. (CONUS), especially the Great

Plains (GP). SE environments are characterized by higher moisture, lower instabil-

ity, and higher shear compared to other regions. SE environments often span the

high-shear, low convective available potential energy (CAPE) (HSLC) parameter space

(i.e., ≤ 500 J kg−1 of surface-based CAPE (SBCAPE) and ≥ 18 ms−1 of 0–6 km shear;

Schneider et al., 2006; Sherburn and Parker, 2014; Sherburn et al., 2016; Anderson-Frey

et al., 2019; Brown and Nowotarski, 2020). Favorable severe environments are more

frequent in the SE, resulting in higher frequency of tornadoes without much diurnal

or seasonal constraints (Guyer and Dean, 2010; Kis and Straka, 2010; Sherburn and

Parker, 2014; Sherburn et al., 2016; Anderson-Frey et al., 2016; Childs and Schumacher,

2018). For example, in 2004–2005, 54% of significant tornadoes occurred in HSLC en-

vironments, and 56% of that subset occurred in the cool season (November–March)

(Schneider et al., 2006). The SE is also home to a particularly vulnerable population,

due to large numbers of manufactured homes and high poverty levels (e.g., Ashley

et al., 2008; Strader and Ashley, 2018; Sutter and Simmons, 2010). These physical and

social factors contribute to the higher proportion of deadly tornadoes occurring in the

SE (Ashley, 2007; Ashley et al., 2008; Coleman and Dixon, 2014; Strader et al., 2017;

Anderson-Frey et al., 2019). Observational research efforts in the SE have been histor-

ically lacking, especially compared to efforts in the GP. However, in the past decade,
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multiple SE-focused field-based campaigns have generated a wealth of observational

data in the region. Using these observational data, we explore the forecast parameters

that characterize SE environments.

1.1 Data background

Atmospheric soundings are forecasters’ primary environmental evaluation tool, and

understanding the skillfulness of sounding-derived parameters is critical to improving

forecasting efforts. “Favorable” threshold values for severe potential come are based

on findings from sounding-based climatologies. There is often much overlap between

the range of parameter values for differing environmental subsets (e.g., tornadic vs.

nontornadic), making parameters-based ingredient forecasting an imperfect science.

On longer timescales, however, without surface, radar, or satellite observations as ad-

ditional forecasting tools, ingredient-based forecasting via soundings is the primary

environmental diagnosis tool.

Proximity soundings have been used to diagnose atmospheric conditions for nearly

a century (e.g., Showalter, 1943; Fawbush and Miller, 1952; Beebe, 1958; Darkow,

1969; Maddox, 1976; Davies and Johns, 1993; Rasmussen and Blanchard, 1998; Ras-

mussen, 2003; Craven and Brooks, 2004; Thompson et al., 2003, 2012; Parker, 2014;

Wade et al., 2018; Coniglio and Parker, 2020). Proximity has been defined in various

ways (Potvin et al., 2010, see their Table 1 for the spatial and temporal criteria past

literature has used to define a proximity sounding), and the proximity definition used

can result in statistically different parameter distributions (Potvin et al., 2010), as

environments contain small-scale heterogeneities (e.g., Markowski et al., 1998; Parker,

2014; Coffer et al., 2017; Wade et al., 2018; Flournoy et al., 2020; Markowski, 2020;

Coniglio and Parker, 2020) that can be caused by a variety of mesoscale features and
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inter-storm dynamics. These environmental heterogeneities are theorized to play a role

in varying mesocyclone strength and tornado production (e.g., Richardson et al., 2007;

Davenport and Parker, 2015; Davenport et al., 2019; Flournoy et al., 2020; Markowski,

2020). Potvin et al. (2010) statistically evaluated the impact proximity criteria has on

severe weather climatologies, and they found the “Goldilocks zone” (i.e., spatiotem-

poral distance from the storm in which the environment is representative), is 40–80

km away at 0–2 h prior (to significant tornado occurrence), or 0–40 km away at 1–2

h prior. More recent works have used 0–40 km (or 10–40 km) to define the near-field,

and 40–120 km to define the far-field environment (e.g., Coniglio and Parker, 2020). It

is unclear if the goldilocks zone from Potvin et al. (2010) found would vary for linear

systems or for a SE subset, instances where storm motions are much faster. Details on

how we define proximity and any associated limitations can be found in the subsequent

chapters.

Decades of studies have explored what environmental forecasting parameters, and

what values of these parameters, are favorable for tornadoes using observed soundings

(e.g., Fawbush and Miller, 1952; Beebe, 1958; Maddox, 1976; Davies-Jones, 1984; Johns

and Doswell, 1992; Brooks et al., 1994; Rasmussen and Blanchard, 1998; Craven and

Brooks, 2004; Parker, 2014; Wade et al., 2018; Coniglio and Parker, 2020). Large sound-

ing datasets have been compiled and analyzed specifically for field campaigns, including

but not limited to the Verification of the Origins of Rotation in Tornadoes Experiment

(VORTEX; Rasmussen et al., 1994; Markowski et al., 1998), the second field phase of

VORTEX (VORTEX2; Parker, 2014; Wade et al., 2018), Mesoscale Predictability Ex-

periment (MPEX/MiniMPEX; Wade et al., 2018), and the Plains Elevated Convection

at Night (PECAN; Hitchcock et al., 2019). The evaluation of environments through

sounding characteristics has historically been focused GP-centric and primarily focused

on supercellular environments (Parker, 2014; Coniglio and Parker, 2020; Wade et al.,
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2018).

As vertical and horizontal resolution has increased in weather models, thus greater

spatial and temporal resolution of model-derived soundings, model-based sounding

climatologies have been developed (e.g., Thompson et al., 2003, 2007, 2012; Markowski

et al., 2003; Houston et al., 2008; Nowotarski and Jensen, 2013; Anderson-Frey et al.,

2016) to increase the sample size limited in observational climatologies. Model-based

climatologies allow for higher spatiotemporal diagnosis of an ever-evolving atmosphere.

The Rapid Refresh RAP; or Rapid Update Cycle (RUC) prior to 2012, but we will refer

to it solely as “RAP” hereafter) (Benjamin et al., 2004b,a, 2016; Hu et al., 2017), the

Storm Prediction Center (SPC) mesoscale surface objective analysis (SFCOA; Bothwell

et al., 2022), and the High-Resolution Rapid Refresh (HRRR; Dowell et al., 2022)

forecast model are three commonly used models for environmental climatologies and

operational forecasting.

Both types of climatologies (i.e., observed and model-based) add insights to the

wealth of environmental, parameter-based literature. However, there are discrepancies

that exist between observed and model-based findings. The discrepancies exist for

a variety of reasons, including, but not limited to, model parameterization schemes,

inaccurate storm motion estimations, or biases in observed studies towards only the

strongest storm in a given environment. The discrepancies are mostly confined to

the relative importance that low-level kinematics has in distinguishing between tor-

nadic and nontornadic environments (e.g., Coffer et al., 2019; Coniglio and Parker,

2020; Coniglio and Thompson, 2024; Coffer et al., 2025). Further information on these

discrepancies, and discrepancies specific to the SE, can be found in Chapter 4.
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1.2 Research Background

The four main ingredients necessary for severe storms to form are moisture, insta-

bility, lift, and wind shear, which can all be found in synoptically favorable regimes

(Galway and Pearson, 1981; Sherburn et al., 2016). The ingredients are quantified

through a range of forecast parameters calculated via atmospheric sounding profiles.

Forecast parameters provide insights on how “favorable” an environment is for storm

formation, storm maintenance, and potential severe hazards. SE environments differ

greatly from the typical GP environments (e.g., Rogers et al., 2016; Anderson-Frey

et al., 2016; Lin et al., 2023). Parameters deemed “favorable” for SE severe storms in

previous literature are described in the following subsections. We explore favorability

of severe storm environments (specifically to SE environments where there is existing

literature) via various forecasting parameters, broken down by storm classifications

we use throughout this Dissertation such as storm mode, mesocyclone strength, and

tornadic potential.

Throughout, we focus on sounding-derived forecast parameters that characterize

severe storm environments. However, there are many characteristics of the storm itself

(e.g., radar structures, updraft speeds, and/or cold pool strength) that can reveal

information about a storm’s severe potential and be linked to certain environmental

conditions. These storm characteristics can be diagnosed from other observing systems

(e.g., mesonets, radar, LiDAR, etc.), but not from a single environmental sounding.

While understanding how the environment can impact storm-scale features is important

to reconcile uncertainties storm evolution and improve forecasts, our focus herein will

take and ingredient-based, forecast parameter approach and focus on what we can infer

from environmental soundings, without additional storm-scale information.
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1.2.1 Storm classification

In the creation of any environmental climatology, storms must be classified by the

characteristics the environmental climatology is designed to represent (e.g., supercell,

strong rotation, or tornadic). For example, to create a climatology of environments

supportive of supercell storms, storms of interest must be classified as supercells before

extracting proximal environmental information. In this Dissertation, we classify storms

by their storm mode, their mesocyclone strength, and their tornado production, all of

which can provide understanding on storm’s potential within a given environment.

Supercells (a term first used by Browning, 1964), or storms with a persistent, ro-

tating updraft (i.e., mesocyclone) and a coexisting downdraft, often receive the most

attention, as they are the most frequent producers of both tornadoes and large hail (e.g.,

Doswell III and Burgess, 1993; Smith et al., 2012). Specifically, supercells produce ≥

95% of EF3+ tornadoes (Smith et al., 2012). However, quasi-linear convective systems

(QLCSs), while often shorter-lived and more transient than supercell mesocyclones,

can produce both tornadoes and straight-line winds via embedded mesovortices (e.g.,

Fujita, 1978; Forbes and Wakimoto, 1983; Przybylinski, 1995; Weisman and Trapp,

2003; Atkins et al., 2004; Trapp et al., 2005; Atkins and Laurent, 2009a,b; Schenkman

et al., 2012; Lyza et al., 2017). QLCS are responsible for 18–25% of tornadoes in the

U.S. (Trapp et al., 2005), and 30–50% in the SE (Ashley et al., 2019). QLCS tor-

nado warnings, and tornado warnings in HSLC environments regardless of mode, have

higher false alarm rates (FAR), lower probability of detection (POD), and shorter lead

times (e.g., Dean and Schneider, 2008; Schneider and Dean, 2008; Dean and Schnei-

der, 2012; Brotzge et al., 2013; Davis and Parker, 2014; Anderson-Frey et al., 2016).

Specifically, Anderson-Frey et al. (2016) found the POD to be only 49% for QLCS

tornadoes, in part because 24% of the QLCS tornadoes in their dataset were nocturnal
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(e.g., Trapp et al., 2005; Kis and Straka, 2010; Ashley et al., 2019). The dynamics

necessary for tornadogenesis via supercell mesocyclones and QLCS mesovortices vary,

and, consequently, environmental conditions favorable for tornadogenesis can differ.

In this Dissertation, the Smith et al. (2012) storm mode scheme is used to categorize

storm mode, and the two main storm modes focused on herein will be “right-mover”

(RM) (i.e., supercell) and QLCS.

Understanding potential environmental controls on mesocyclone strength can pro-

vide insight on supercell evolution (e.g., Rasmussen and Blanchard, 1998; Thompson

et al., 2003) as well as tornado potential (Markowski and Richardson, 2014; Coffer and

Parker, 2015, 2017; Coffer and Markowski, 2018). Mesocyclone strength may play a

role in environmental evolution and favorability, as Faletti et al. (2026) found that

stronger supercells amplify their kinematic environments “more strongly” than weaker

supercells. Lyza et al. (2022a) found predictability in tornadic strength using max-

imum azimuth shear (AzShear) (i.e., a measure of mesocyclone strength) during the

tornadic period of each storm. They did find sensitivity in skill to distance to nearest

radar with AzShear, as with rotational velocity Vrot. Thompson et al. (2012) compared

storms of varying mesocyclone strengths, but only for composite parameters, and found

large supercell composite parameter (SCP; Thompson et al., 2003, 2004, 2007, 2012)

and the significant tornado parameter (STP; Thompson et al., 2004) were favorable

for stronger mesocyclones (see their Figs. 13–14). These composite parameters have

both thermodynamic and kinematic elements, but Flournoy et al. (2020) found peak

AzShear was more strongly correlated to kinematic parameters than thermodynamic

parameters. These findings indicate that AzShear (i.e., mesocyclone strength) may be

a valuable tool in warning operations (Lyza et al., 2022a). We explore both tornadic

and nontornadic and strong vs. weak mesocyclone environments to understand if envi-

ronments supporting strong mesocyclones are different than those supporting tornadic
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storms.

The following three sections will detail the thermodynamic (section 1.2.2), ground-

relative kinematic (section 1.2.3), and storm-relative kinematic (section 1.2.4) param-

eters and their threshold values or range of values that favor RM vs. QLCS storm

mode, strong vs. weak mesocyclone, and tornadic vs. nontornadic environments. Fur-

ther details on the criteria and specifications used to classify each storm are provided

in 2.4.

1.2.2 Thermodynamic environmental characteristics

SE environments often have higher moisture contents due to the region’s close

proximity to the Gulf of Mexico. Higher moisture contents, especially in the low-levels,

can led to a reduction in lifting condensation level (LCL) heights. Lower LCL heights

are more favorable for tornadic storms and have skill in distinguishing between tornadic

and nontornadic environments in both the SE and GP (Rasmussen and Blanchard,

1998; Thompson et al., 2003; Craven and Brooks, 2004; Wade et al., 2018; Coniglio

and Parker, 2020). Lower mixed-layer (ML)LCL heights may be more supportive

of tornadic environments due to more buoyant outflow (e.g., Markowski et al., 2002;

Kumjian, 2011; French et al., 2015) and stronger low-level mesocyclones (i.e., stronger

AzShear, Flournoy et al., 2024; Brown and Nowotarski, 2019). Low LCLs (< 1000 m)

are often coupled with HSLC environments (Schneider et al., 2006), and are lower for

QLCS tornadoes than RM tornadoes (Anderson-Frey et al., 2016).

Relatively “low” CAPE can support severe storms in the SE (Schneider et al.,

2006; Sherburn and Parker, 2014; Anderson-Frey et al., 2016; Sherburn et al., 2016;

King et al., 2017; Thompson et al., 2012), with even lower CAPE requirements in the

cool season (Childs and Schumacher, 2018) and nocturnally (Kis and Straka, 2010;

Sherburn and Parker, 2014; Ashley, 2007). Thompson et al. (2012) found 45% of
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QLCS tornado events had CAPE ≤ 500 J kg−1, but the number was only 15% for RMs

(for the entire U.S., not the SE). Anderson-Frey et al. (2016) confirmed QLCS torna-

does have significantly lower values of MLCAPE than RM tornadoes. In a subset of

just lower Mississippi Valley tornadoes QLCS tornadoes, Rogers et al. (2016) found a

“slight positive relationship” between MLCAPE and tornado rating, where MLCAPE

was > 200 J kg−1 higher for EF1+ tornadoes compared to EF0 tornadoes, though was

still not a sufficient discriminator between EF-scale rating. They also found CAPE

to be 400 J kg−1 lower for their subset of EF1+ tornadoes compared to the rest of

the CONUS. McCaul and Weisman (2001) showed that buoyancy is more likely to

influence storm intensity in low CAPE environments. However, there has been no evi-

dence that CAPE can be a significant discriminator between tornadic and nontornadic

environments (Rasmussen and Blanchard, 1998; Craven and Brooks, 2004; Thompson

et al., 2012) in the CONUS or the SE (Jackson and Brown, 2009, specifically for 0–3

km CAPE).

Convective inhibition (CIN) is often lower in the SE due the lack of an elevated

mixed-layer (EML) advected in from the desert southwest. Large CIN can act to inhibit

severe storms, as evidenced by the higher mixed-layer (ML)CIN for nontornadic QLCS

cases compared to tornadic cases (Thompson et al., 2012). Brown et al. (2021) found

HSLC (compared to HSHC) environments tended to destabilize (i.e., decreases in CIN

and increases in CAPE) later in the evening, in contrast to the late evening increasing

boundary layer stability in the GP. Lapse rates are weaker, especially in the mid-

levels, in the SE compared to the GP (Guyer and Dean, 2010) primarily due to the

lack of an EML. In creation of a HSLC-specific composite parameter, Sherburn and

Parker (2014) and Sherburn et al. (2016) found the 0–3 km and 700–500 hPa lapse rate

to be the most skillful forecasting parameter in distinguishing severe (tornado, wind,

and hail) events from non-events in HSLC environments, likely due to the release of
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potential instability. Brown et al. (2021) also found larger 0–1 km lapse rates had skill

in distinguishing tornadic and nontornadic HSLC supercells. QLCS tornadic events

also tend to have steeper lapse rates than nontornadic events (Pardun et al., 2025).

1.2.3 Ground-relative kinematic environmental characteristics

Wind shear, the change in wind speed and/or direction with height, is necessary

to support storm organization, and thus storm rotation (Rotunno and Klemp, 1982).

Without sufficient shear, the updraft, downdraft, and precipitation regions can overlap,

which inhibits a sustained updraft and downdraft region, and thus storm maintenance

(i.e., a long lived supercell) (Weisman and Klemp, 1982, 1984). It is recognized that at

least 15–20 ms−1 of 0–6 km shear is necessary for severe convection (e.g., Rasmussen

and Blanchard, 1998; Thompson et al., 2003; Craven and Brooks, 2004). Schneider

et al. (2006) found 97% of significant tornadoes in 2004–2005 occurred with ≥ 15 ms−1

of 0–6 km shear. Specifically for QLCSs, Rogers et al. (2016) found shear magnitudes to

be similar for Lower Mississippi Valley (i.e., the SE) tornadoes compared to tornadoes

in all other regions.

The amount of deep-layer shear can distinguish between RMs and QLCSs, but not

as well between their tornadic and nontornadic subsets (Thompson et al., 2012, see their

Fig. 8). Pardun et al. (2025) found the separation between 0–6 km shear for tornadic

and nontornadic mesovortices to be highest in the SE. Meanwhile, stronger low-level

shear is also associated with longer-lived supercells (Davenport and Parker, 2015). Low-

level shear is also best at discriminating between tornadic and nontornadic subsets and

different tornado strength subsets, for both RM (Markowski et al., 2003; Thompson

et al., 2012) and QLCS (Thompson et al., 2012). Specifically, for QLCSs, significant

tornado (EF-2+) environments are characterized by stronger vertical shear (mean of 40

kts) compared to nontornadic QLCS environments (mean of 21 kts, Thompson et al.,
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2012, see their Fig. 10). For RMs, Markowski et al. (2003) found low-level shear

(i.e., ≤ 500 m) is nearly double for significantly tornadic cases vs. weakly tornadic

or nontornadic cases (with little separation between these two subsets). Nocturnal,

lower-CAPE, events in the SE have been shown to have larger shear (and storm-relative

helicity; SRH) compared to daytime higher CAPE events (Sherburn et al., 2016; King

et al., 2017; Brown et al., 2021).

Other measures of wind shear, such as ground-relative winds (GRWs) have been

shown to be important for discriminating between tornadic and nontornadic super-

cell environments (Markowski et al., 2003; Nowotarski and Jensen, 2013; Coniglio

and Parker, 2020; Saba et al., 2026). Recent work has emphasized the potential

role that larger low-level GRWs may have on increasing turbulence in the boundary

layer, and thus inducing coherent vorticity streaks that could promote tornadogenesis

(Markowski, 2024; Gebauer et al., 2026).

1.2.4 Storm-relative kinematic environmental characteristics

When observed storm motions are unavailable, whether it be for forecaster’s use pre-

convection initiation (CI), or in large research studies where obtaining observed storm

motions via manual efforts is not feasible, estimates must be used. The most common

estimate of storm motion is the Bunkers estimated storm motion (Bunkers et al.,

2000). Bunkers storm motion (hereafter referred to solely as “Bunkers”) is a Galilean

invariant method which uses the wind profile to predict supercell motion (for both RM

and left-mover (LM) supercells, but our focus will be on RM supercells). Bunkers was

developed using two key components responsible for storm motion: 1) advection of

the storm by the mean wind and 2) rightward (or leftward for LM) propagation away

from the mean wind towards the vertical shear. Storms often do not follow Bunkers

exactly, especially in environments with mesoscale or storm-scale features that may
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impact storm propagation (e.g., boundaries or cell mergers), and those with large SRH

(Coniglio and Parker, 2020). It has been shown that strong supercells turn right (i.e.,

deviate to the right of the mean wind) (Newton and Katz, 1958; Rotunno and Klemp,

1982; Coniglio and Parker, 2020; Flournoy et al., 2021) due to pressure perturbations,

resulting in an increase in tornadic potential (Flournoy et al., 2021) (and maximum

hail size; Homeyer et al., 2023, 2025). The rightward turn, or the deviation from the

mean wind, results in an increase in storm-relative winds (SRWs) (especially above

500 m), which in turn increases storm-relative helicity (SRH), both of which have been

shown to increase tornado favorability (e.g., Davies-Jones, 1984; Darkow and McCann,

1977; Brooks et al., 1994; Kerr and Darkow, 1996; Thompson, 1998). QLCSs often

propagate faster than the mean wind, which can lead to underestimation of SRH. Both

elements of storm motion (i.e., speed and direction) contribute to increasing SRWs

(Bunkers, 2018; Gutierrez and Kumjian, 2021; Lin and Kumjian, 2022; Bunkers et al.,

2022; Homeyer et al., 2023, 2025).

The magnitude of the SRW (specifically a minimum of 10 ms−1 of 0–3 km) is im-

portant for prediction of storm type (i.e., supercell) (Droegemeier et al., 1993; Brandes

et al., 1988; Nowotarski and Jensen, 2013; Peters et al., 2020) and mesocyclone strength

(Droegemeier et al., 1993; Thompson et al., 2003; Peters et al., 2019, 2020). However,

minimal to no skill has been found for SRW in distinguishing tornadic and nontor-

nadic supercell environments (Thompson, 1998; Thompson et al., 2003; Markowski

et al., 2003; Thompson et al., 2007; Nowotarski and Jensen, 2013; Coffer et al., 2019;

Peters et al., 2023). Conversely, when using observed storm motions as opposed to

estimated storm motions in the aforementioned studies, Coniglio and Parker (2020)

found significance in the SRW’s ability to distinguish tornadic and nontornadic envi-

ronments. Recent studies have confirmed that the use of observed storm motions was

the main contributor to the significant skill for SRW Coniglio and Parker (2020) found
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(Coniglio and Jewell, 2022; Coniglio and Thompson, 2024; Coffer et al., 2025).

SRH (i.e., SREH) was first used as a forecast parameter by Davies-Jones et al.

(1990), specifically SRH integrated through the 0–3 km layer. Succeeding the Davies-

Jones et al. (1990) conference paper, the ability of SRH to provide information on

mesocyclone rotational properties (Droegemeier et al., 1993) and to distinguish be-

tween tornadic and nontornadic environments was explored and confirmed (Rasmussen,

2003; Esterheld and Giuliano, 2008). Multiple sounding-based studies found SRH can

skillfully distinguish tornadic and nontornadic environments (Kerr and Darkow, 1996;

Rasmussen and Blanchard, 1998; Rasmussen, 2003; Thompson et al., 2003; Markowski

et al., 2003; Parker, 2014; Coffer et al., 2019; Coniglio and Thompson, 2024). How-

ever, Edwards and Thompson (2000) and Rasmussen (2003) (by incorporating it in

the composite energy helicity index; EHI) found 0–1 km SRH was more skillful than

0–3 km SRH. Thompson et al. (2003) found the lower quartile of 0–1 km SRH for

significant tornado events to be 100 m2s−2 (and is the threshold value used in STP),

while Anderson-Frey et al. (2016) found it to be larger (see their Fig. 2), and larger in

the SE compared to other regions (Anderson-Frey et al., 2016, see their Fig. 12).

Rasmussen (2003) suggested that even shallower layers (e.g., 0-500 m SRH) could

provide more skill than 0–1 km SRH, which was confirmed by Esterheld and Giuliano

(2008) using sounding observations (however, all observations were from Oklahoma).

More recent studies also found 0–500 m SRH to be an important, skillful parameter for

predicting tornadogenesis (Parker, 2014; Coffer and Parker, 2017; Coffer et al., 2017,

2019). In their composite tornadic and nontornadic environments from VORTEX2

soundings, Parker (2014) found significantly larger 0–500 m SRH in tornadic envi-

ronments, attributing such to the environment rather than storm-induced modifica-

tions. In contrast, Coniglio and Parker (2020), using a larger dataset of GP-based field

campaigns, found deeper-layer SRH (e.g., 0–3 km) to be more skillful in distinguish-
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ing between tornadic and nontornadic environments. Coniglio and Jewell (2022) and

Coniglio and Thompson (2024) found the increased significance Coniglio and Parker

(2020) found in deeper-layer SRH was due to the use of observed storm motions (sim-

ilar to their findings of skillfulness of SRW). Larger 0–3 km SRH has also been shown

to be correlated to stronger mesocyclones (and lower MLLCL heights) (Flournoy et al.,

2024).

Tornadic QLCSs have been shown to have higher SRH than nontornadic, but was

not skillful in distinguishing between tornadic and nontornadic mesovortices (Pardun

et al., 2025). In simulated QLCSs, Marion and Trapp (2021) found larger low-level

hodographs, thus higher 0–500 m SRH to be associated with the most intense and

persistent tornado-like vortices (TLVs). Murphy et al. (2022) found rapid increases

in SRH with an approaching QLCS in north Louisiana on 12 April 2020. 0–1 km

SRH increased > 200 m2s−2 and 0-3 km SRH increased > 300 m2s−2 between 1200

UTC (sounding observation) and 1400 UTC (KSHV VWP observation) prior to the

first tornado occurrence. Murphy et al. (2022) was not able to determine if the large

increase in SRH was environmental or was storm induced. The occurrence of the

tornadoes in Murphy et al. (2022) occurred in the early morning hours, which is not

uncommon in the SE. Larger SRH has been shown to increase the risk of nocturnal

supercell tornadoes in the GP (Fischer and Davies, 2009).

Increasing SRH due to suspected storm-induced modifications has been noted in

many GP based supercell studies (Brooks et al., 1994; Potvin et al., 2010; Parker, 2014;

Coffer and Parker, 2017; Wade et al., 2018; Potvin et al., 2019; Coniglio and Parker,

2020; Flournoy et al., 2020; Britt et al., 2020; Laser et al., 2022; Faletti et al., 2026).

It has also been noted that tornadic (Parker, 2014; Wade et al., 2018; Flournoy et al.,

2020; Coniglio and Parker, 2020) and stronger (Faletti et al., 2026) supercells modify

their kinematic environments (e.g., SRH) more than nontornadic and weaker super-
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cells. Faletti et al. (2026) finds stronger supercells amplify SRH in their near-storm

environments by 1) an increase in ground-relative winds, and 2) stronger rightward

storm motion (as in Coniglio and Parker (2020)). Their findings agree with findings of

Coniglio and Parker (2020), who found increased SRH due to increasing SRW.

1.3 Research questions

This work addresses questions about Southeast U.S. severe environments and ex-

plores how environments in the region differ from the commonly studied Great Plains

using observations. To answer these questions, a dataset of observed soundings is

created. Once the dataset is created, the following research questions are explored:

1. How do SE environments compare to the commonly studied GP?

2. How do environments supporting various storm modes compare? What differ-

ences in tornadic potential and rotational potential exist for various storm modes?

3. How do observed storm motions compare to estimated storm motions?

Since observations are not always available, model-derived soundings are also used

to explore SE environments. A modeled sounding may not show the same differences

between environments (e.g., tornadic vs. nontornadic) that are evident in observed

soundings, and can also differ based on the storm motion used (e.g., observed vs.

estimated). Comparison of the observed sounding dataset to modeled soundings are

used to answer the following questions:

1. What biases are found in modeled profiles relative to observed profiles?

2. Do some forecasting parameters have more/less skill in distinguishing between

tornadic and nontornadic environments when observed profiles are used vs. mod-

eled?
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3. Does observed vs. estimated storm motions impact the biases? Does it change

the skill of storm-relative parameters?

The creation of the dataset is detailed in Chapter 2. Additional details of the

dataset will be published in a Technical Report, which is currently in preparation.

The sounding dataset is then used to create composites of varying SE environments

depending on tornadic potential, storm mode, and mesocyclone strength—which is

detailed in Chapter 3. Chapter 3 has been submitted for publication and is under review

inMonthly Weather Review. The final three research questions are answered in Chapter

4 by comparing the observed composite soundings to modeled composite soundings.

The comparison provides context for forecasters on biases present in commonly used

models. Chapter 4 is in preparation and will be submitted for publication in the near

future to Monthly Weather Review.

The research questions outlined above are specific to Chapters 3 and 4. The over-

arching theme explored is: What makes Southeast U.S. environments unique, and what

forecasting parameters show skill in distinguishing between different environmental sub-

sets? Specifically, the environmental subsets of greatest interest are: 1) RM vs. QLCS,

2) strong vs. weak mesocyclones, and 3) tornadic vs. nontornadic. If any forecast pa-

rameters are skillful in distinguishing between these subsets of environments, would

they be of value to operational forecasters?
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Chapter 2

Creating a Database of Southeast

United States Observed Soundings

2.1 Introduction

The Southeast U.S. (SE) is one of the most vulnerable regions in the U.S. to se-

vere weather hazards (Ashley, 2007; Anderson-Frey et al., 2019), for both physical

and societal reasons (Strader and Ashley, 2018). HSLC environments often result in

high nocturnal tornado risk (Simmons and Sutter, 2005; Ashley, 2007; Anderson-Frey

et al., 2019). The SE proximity to the Gulf of Mexico leads to consistently higher

moisture content—a necessary ingredient for severe storms. Tornadoes in the SE tend

to occur year-round, with less seasonality than in other regions of the U.S. (Childs

and Schumacher, 2018; Anderson-Frey et al., 2019). Socially, a large portion of the SE

lives below the poverty line and there is a high concentration of mobile homes (Sut-

ter and Simmons, 2010; Strader and Ashley, 2018), which are particularity dangerous

structures to be in during a tornado (Brooks et al., 2002).

Despite the SE being the most vulnerable region and having the highest number of

deadly tornadoes (Ashley, 2007; Anderson-Frey et al., 2019), field-based research efforts

in the Southeast U.S. (SE) have been limited until the Verification of the Origins of

Rotation in Tornadoes Experiment-Southeast (VORTEX-SE; Rasmussen, 2015, now
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VORTEX-USA) program was created via Congressional mandate following the tragic

April 27th, 2011 tornado outbreak. The lack of field efforts in the region is partially

attributable to the difficulty in observing tornadoes in the SE. There are a number

of factors that play into this, but primarily it is due to highly forested areas and

particularly fast storm motions. The forested regions make it difficult to both get a

clear visual of the storm (which is necessary for mobile operations) and clear view for

instruments that need minimal obstructions between the instrument and storm (e.g.,

mobile radar and LiDARs). In the Great Plains, mobile observing teams are often

able to follow and consistently sample the storm throughout its life cycle due to slower

storm motions, meanwhile in the SE, there is often only one chance to sample a storm

due to much faster motions.

Through the VORTEX-USA program, years of field efforts between 2016–2023 have

resulted in a wealth of observed data from the SE. Such observations have existed for

decades in the Great Plains, and have yielded the creation of large climatologies of

severe wether environments (e.g., Brooks et al., 1994; Rasmussen and Blanchard, 1998;

Craven and Brooks, 2004; Parker, 2014; Wade et al., 2018; Coniglio and Parker, 2020).

These climatologies provide reference threshold values of various forecasting parameters

that are considered “favorable” for rotating and potentially tornadic storms. Utilizing

the observations collected over the past decade in the SE, similar climatologies can now

be created for the SE. SE environments are understood to be unique in comparison

to other regions (Sherburn and Parker, 2014; Sherburn et al., 2016; Wade and Parker,

2021; Lin et al., 2023), and comparing regional differences between Great Plains and

SE environments is not possible until large, observed datasets are collected in the SE.

The goal in this Chapter is to create an observed dataset capable of quantifying the

differences in forecasting parameters threshold values (e.g., amount of CAPE or shear)

that characterize SE environments.
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The ideal observation platform to be used for such efforts are atmospheric sound-

ings for a variety of reasons. Field-observed soundings in conjunction with the National

Weather Service (NWS) provide twice daily observations. These supplement the thou-

sands of soundings that were collected in the field by several institutions across the SE

from 2016–2023. Soundings allow for quantification and evaluation of any sounding-

derived forecasting parameter desired. Thousands of sounding observations collected

during the various VORTEX-SE funded field-campaigns are retrieved and compiled

into a large database. The details of the sounding database can be found in the techni-

cal report describing the dataset (see Flournoy et al., 2026), but some necessary details

are provided throughout. The remainder of this chapter will detail the creation of a

tangential dataset—the mesocyclones, and the characteristics thereof, associated with

each sounding. We opt to focus on soundings with a mesocyclone in the vicinity for

the purpose of evaluating near-storm environments.

2.2 Data sources and case selection

2.2.1 Case selection and field campaigns

A total of 39 cases were selected for this dataset and the subsequent analysis (see

Table 2.1 for details on each case). All cases were drawn from the collection of intensive

operating periods (IOPs) from recent SE-based field campaigns, which are expanded

on in the following subsections. Inclusion of a case was dependent on severity and tor-

nadic potential of storms within the vicinity of the available observations. The main

objectives in building the dataset are to 1) explore the evolution of tornadic environ-

ments and 2) evaluate the differences between tornadic and nontornadic environments

in the SE for various storm modes. Given the objectives, cases with tornadic storms
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Table 2.1: Table of all cases used for dataset creation from VORTEX-SE (25 cases),
meso18-19 (8 cases), and PERiLS (7 cases) field projects. The first column is the case
number, the second column the time range of the first sounding associated with the
case to the last, the third column is the project and IOP, the fourth columns describes
the number of mesocyclones for the case, and the final column is the number soundings
in the dataset for that case.

Case No. Time Range (UTC) Project and IOP No. Mesocyclones No. Soundings

1 17:24:09 31 Mar 2016–02:04:00 01 Apr 2016 VORTEX-SE 2016 IOP 3 134 54

2 17:34:00 29 Apr 2016–00:00:00 30 Apr 2016 VORTEX-SE 2016 IOP 4b 7 16

3 14:26:00 30 Apr 2016–23:02:43 30 Apr 2016 VORTEX-SE 2016 IOP 4c 35 39

4 11:01:51 25 Mar 2017–20:03:00 25 Mar 2017 VORTEX-SE 2017 IOP 1a 17 34

5 11:04:29 27 Mar 2017–03:04:00 28 Mar 2017 VORTEX-SE 2017 IOP 1b 365 87

6 10:55:00 05 Apr 2017–23:30:00 05 Apr 2017 VORTEX-SE 2017 IOP 3b 94 102

7 23:00:56 26 Apr 2017–06:03:00 27 Apr 2017 VORTEX-SE 2017 IOP 4a 5 22

8 11:01:07 30 Apr 2017–03:05:00 01 May 2017 VORTEX-SE 2017 IOP 4c 31 78

9 11:01:16 19 Mar 2018–02:01:32 20 Mar 2018 VORTEX-SE 2018 IOP 1 59 40

10 11:05:51 28 Mar 2018–17:02:43 29 Mar 2018 VORTEX-SE 2018 IOP 2a 9 26

11 17:07:24 03 Apr 2018–11:08:19 04 Apr 2018 VORTEX-SE 2018 IOP 3 23 33

12 11:02:51 06 Apr 2018–11:40:46 07 Apr 2018 VORTEX-SE 2018 IOP 4 24 45

13 11:04:25 13 Apr 2018–17:15:00 14 Apr 2018 VORTEX-SE 2018 IOP 5 27 48

14 23:01:12 03 Nov 2018–17:24:46 06 Nov 2018 meso18-19 IOP 1 38 105

15 11:16:33 01 Dec 2018–11:10:13 02 Dec 2018 meso18-19 IOP 2 29 104

16 10:59:31 06 Feb 2019–18:22:13 07 Feb 2019 meso18-19 IOP 3 3 108

17 05:00:40 23 Feb 2019–06:06:46 24 Feb 2019 meso18-19 IOP 5 47 109

18 10:58:00 03 Mar 2019–23:04:52 03 Mar 2019 meso18-19 IOP 6 2 36

19 10:55:03 09 Mar 2019–11:44:49 10 Mar 2019 meso18-19 IOP 7 57 105

20 22:52:41 12 Apr 2019–15:33:35 14 Apr 2019 meso18-19 IOP 8 58 135

21 04:57:00 18 Apr 2019–11:34:50 19 Apr 2019 meso18-19 IOP 9 32 89

22 11:02:47 16 Dec 2019–11:33:41 17 Dec 2019 VORTEX-SE 2020 IOP 1 26 38

23 11:02:05 29 Dec 2019–01:13:45 30 Dec 2019 VORTEX-SE 2020 IOP 2 6 18

24 23:02:38 10 Jan 2020–20:12:50 11 Jan 2020 VORTEX-SE 2020 IOP 3 15 47

25 11:00:53 05 Feb 2020–16:29:06 06 Feb 2020 VORTEX-SE 2020 IOP 4 55 54

26 11:01:40 12 Feb 2020–11:26:23 12 Feb 2020 VORTEX-SE 2020 IOP 5 29 40

27 06:00:26 03 Mar 2020–17:09:27 04 Mar 2020 VORTEX-SE 2020 IOP 6 23 42

28 11:00:37 24 Mar 2020–23:42:04 24 Mar 2020 VORTEX-SE 2020 IOP 7 5 23

29 11:00:52 28 Mar 2020–11:38:55 29 Mar 2020 VORTEX-SE 2020 IOP 8 5 43

30 11:00:38 08 Apr 2020–11:28:53 09 Apr 2020 VORTEX-SE 2020 IOP 9 3 37

31 11:01:01 12 Apr 2020–05:01:50 12 Apr 2020 VORTEX-SE 2020 IOP 10 25 48

32 11:05:00 23 Apr 2020–23:21:31 23 Apr 2020 VORTEX-SE 2020 IOP 11 1 26

33 11:01:07 22 Mar 2022–23:44:16 22 Mar 2022 PERiLS 2022 IOP 1 133 87

34 11:01:30 30 Mar 2022–02:08:16 31 Mar 2022 PERiLS 2022 IOP 2 149 98

35 05:01:06 05 Apr 2022–23:06:16 05 Apr 2022 PERiLS 2022 IOP 3 83 61

36 11:02:29 13 Apr 2022–23:25:39 13 Apr 2022 PERiLS 2022 IOP 4 55 70

37 11:00:54 16 Feb 2023–01:13:08 17 Feb 2023 PERiLS 2023 IOP 1 75 99

38 16:56:32 24 Mar 2023–05:57:51 25 Mar 2023 PERiLS 2023 IOP 3 85 98

39 14:59:40 31 Mar 2023–11:03:37 01 Apr 2023 PERiLS 2023 IOP 4 116 153
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(or at least tornado-warned storms) were prioritized. In total, 39 of the 52 IOPs during

the 2016–2023 field campaigns were further evaluated.

2.2.1.1 VORTEX-SE

VORTEX-SE is a research program with a field component focused on understand-

ing tornadic environments and characteristics in the SE (Rasmussen, 2015). Research

efforts were focused around Huntsville, AL, but not all intensive operating periods

(IOPs) were confined to the north Alabama domain. Multiple organizations assisted

in data collection and most observational units were mobile, including sounding plat-

forms. An additional season of VORTEX-SE efforts was completed in 2019-2020. These

efforts were led by the University of Alabama at Huntsville (UAH) teams with a focus

on north Alabama. Twenty five of the 39 events in the dataset are from the VORTEX-

SE campaign.

2.2.1.2 meso18-19

Meso18-19 was a sub-project of VORTEX-SE, with similar objectives, but a dif-

ferent operations plan. Meso18-19 took place between 1 November 2018 and 30 April

2019 to capture both cool and warm season events. Participating teams (i.e., the Na-

tional Severe Storms Laboratory (NSSL), Mississippi State University (MSU), Texas

A&M University (TAMU), UAH, University of Louisiana at Monroe (ULM), and the

University of South Alabama (USA)) and NWS weather forecast offices (WFOs) within

the domain (i.e., SGF, FWD, CRP, SHV, LCH, LZK, LIX, JAN, OHX, BMX, TAE,

and FFC) launched soundings at multiple fixed sites over a 48–h window, with the se-

vere event taking place near the middle of the window. NWS WFO Memphis (MEG)

and Mobile, AL (MOB) did not launch routine soundings, but the MSU and UAH

team performed sounding launches from these sites, respectively, during operations.

21



Soundings were launched every 6 h, at 0000, 0600, 1200, and 1800 UTC from all sites.

2.2.1.3 PERiLS

The Propagation, Evolution, and Rotation in Linear Storms (PERiLS; Kosiba et al.,

2024) operations took place in the Spring of 2022 and 2023, with the goal of observing

tornado-producing QLCSs or other non-classical tornado-producing storms, though

some supercells were observed during several IOPs. The project’s goal was to sam-

ple the pre-QLCS environment, QLCS evolution, and the interaction with the local

environment (Kosiba et al., 2024). Multiple mobile-sounding platforms were active,

including windsondes launched in rapid succession of advancing convection.

2.3 Sounding quality control

There are a total of 2,497 soundings included in the sounding database—see Fig.

2.1 (Flournoy et al. 2026, Fig. 3) for a map of all sounding launch locations. There

were additional soundings associated with each case, but they were either spatially

or temporally outside of the relevant convective environment (e.g., soundings taken

multiple states away or multiple hours before convection initiation) and therefore not

considered. More information and statistics on the number and geographic charac-

teristics of the dataset are available in Flournoy et al. (2026). All 2,497 soundings

are subject to quality control (QC), but all soundings do not have convection in the

vicinity, and therefore are not used the in mesocyclone dataset detailed herein and

the subsequent analysis in Chapters 3 and 4. However, all soundings are QC’ed are

available for others’ use.

The teams involved in data collection used various sondes and receivers, meaning

there are different biases depending on hardware and software used (described in Table
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Figure 2.1: Fig. 3 of Flournoy et al. (2026), showing a map of all sounding locations
during the 2016–2023 field campaigns. Note from their caption: “For clarity, soundings
launched within 15 km of each other are binned into the same circles.”

2.2). While these biases are important to acknowledge, there is a lack of peer-reviewed

literature comparing and quantifying these biases (e.g., LeBel et al., 2024). The lit-

erature of inter-comparisons that does exist is limited (e.g., Bessardon et al., 2019;

Diedrichsen et al., 2025). Due to the large sample size used in our analysis, the biases

are likely dampened enough to not bias the findings. However, further inter-comparison

would be a fruitful avenue for future work.

In order to compare and composite soundings, they must all be interpolated to a

common grid. Since each team post-processed their data in-house, various sounding
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formats were used (i.e., different variables, units, and available metadata, as detailed

in Table 2.31). The conversions and calculations necessary to create a common format

for each sounding were time-intensive and the varying formats introduced unique chal-

lenges to the QC methods. Primarily, the lack of necessary metadata created challenges

that ultimately resulted in some data not being usable. For example, for metadata

lacking the altitude at launch site, difficulties converting to AGL arose. If the exact

sounding launch time was not provided, which is necessary whenever comparing to

time relative to a storm or tornado occurrence, the sounding could be not used. Other

issues resulted from the lack of necessary variables in some formats (especially the raw

SHARPpy output). For example, if updraft w (or ascent rate) information was not

provided, soundings that entered the updraft could not be objectively removed (more

details provided below). Additional challenges due to the lack of available variables

or data resolution in certain formats are further detailed in the following subsections.

Motivated by the formatting challenges we encountered, we strongly encourage future

field-campaigns to commit to a universal sounding format and post-prossessing meth-

ods for their publicly available data—ideally the Earth Observing Laboratory (EOL)

format used for all teams in VORTEX-SE 2016 (and by some teams in VORTEX-SE

2017).

The details of the QC are expanded on below. The thresholds chosen for what is

considered “good” and “bad” data (e.g., the w threshold where data is contaminated by

an updraft or the lapse rate values considered nonphysical) are based on peer-reviewed

literature, however, the QC algorithm was written with maximum flexibility and user-

choice. Depending on a user’s objectives, users could obtain the raw data and modify

the QC script to their research needs and produce a QC’ed dataset on a common grid

of choice.

1There is no format #6 (as that was a format that was originally used but removed from the final
dataset
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2.3.1 Windsonde composites

During the PERiLS field campaign, numerous windsondes were rapidly launched

(around 2 minutes between launches) from the same location ahead of an approaching

storm. The primary objective for the windsondes was to collect in-storm observations,

but they are also at times useful for characterizing the background environment when

they do not encounter convection or before they enter storm-modified air. The wind-

sondes were composited to obtain one profile (or multiple, depending on the number

of similarities of profiles from a launch site) at a mean time at each launch site rather

than having multiple profiles representing nearly the same environment at multiple

closely-spaced times. The compositing was done subjectively via manual inspection of

each consecutive profile. The number of profiles in each composite varied, but typically

the profiles in each composite occurred within a 30-minute or less window. An addi-

tional composite from one launch site was created if there were notable environmental

changes between windsondes or the temporal range exceeded 30 minutes. The compos-

ite profiles were then incorporated into our sounding database and the QC methods

were applied.

2.3.2 Interpolation

To account for the data resolution variance depending on sonde type, all soundings

were interpolated to a common vertical grid with the first level at 10 m (within the

Dissertation, when “surface” or “0 ” is used it is referring to the first level at 10 m AGL),

the second level at 50 m, and every 50 m thereafter until the sounding termination

point. However, due to the inaccuracies of and lack of relevance of winds above 10

km, kinematic parameters were only interpolated up to 10 km. Prior to interpolation

to a common grid, all soundings were converted to m AGL using the altitude at the
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launch location. For select NWS soundings (i.e., formats #8 and #11) where only

geopotential height was provided, height data was converted from geopotential height

to height MSL and then to m AGL. Interpolation was conducted by applying a Gaussian

function to all data points within 100 m of each level with data points required both

above and below the target interpolation level. Data was required on both sides of the

interpolation level to ensure data from higher levels were not biasing lower-level data.

The interpolation was conducted on individual variables, meaning that missing wind

data had no impact on whether the thermodynamic data was interpolated and vice

versa.

2.3.3 Surface corrections

Near-surface (< 10–m) data in soundings can contain errors due to when and where

the sonde is turned on relative to launch time (Coniglio and Parker, 2020). Errors are

almost always related to proximity to a heat source (e.g., blacktop in a parking lot),

resulting in a very shallow superadiabatic layer. Co-located surface observations from

mobile mesonets or nearby stations can be used to mitigate these errors; however, this

method is not feasible for this dataset since most sounding sites did not have a co-

located mobile mesonet or a fixed surface station nearby (Wade et al., 2018). Some

past studies (Craven and Brooks, 2004; Potvin et al., 2010) did not manually adjust the

surface observations on the soundings as the differences were believed to be insignificant

when dampened out in the statistical analysis with such a large sample. Since our

dataset is smaller than Craven and Brooks (2004) and Potvin et al. (2010), we opted to

correct the soundings deemed to have erroneous, non-physical surface observations by

removing all temperature data below 20 m where the lapse rate exceeded -15◦C km−1,

indicative of superadiabatic lapse rates likely to be unrepresentative of the surrounding

environment.
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2.3.4 Lapse rates

Additional temperature lapse rate checks were performed for the entirety of the

profile with a rolling 50 m lapse rate calculation to ensure unrealistic lapse rates were

removed while preserving as much data as possible. For example, as the sonde emerges

from cloud layers, the sensor can still be saturated and report unrepresentative cooling

due to evaporation. At all points where relative humidity dropped below 90% from a

previously saturated state, the lapse rate to the immediate level above was calculated

to ensure it did not exceed -9 ◦C km−1. If this threshold was exceeded, all temperature

data was removed from the top of the cloud layer to the level where the lapse rate was

within more representative environmental bounds. Additionally, both temperature and

dew point observations were removed if the dew point exceeded the temperature at a

level.

2.3.5 Ascent rates

Occasionally soundings, in particular windsondes, encountered storm-scale updrafts.

If w was provided or could be calculated with provided variables (see Table 2.2), a 5-

point average was calculated to determine if a point exceeded a 15 m s−1 ascent rate.

If the average was equal to or exceeded the 15 m s−1 threshold, all data recorded after

this point was removed. Furthermore, all data collected while the sonde encountered

a downdraft (negative ascent rates or increasing pressure) were removed.
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2.4 Mesocyclone identification and classification

After all soundings were cataloged and QC’ed, any mesocyclones present within

proximity to the sounding were documented. The methods used for mesocyclone iden-

tification are expanded below. As mentioned previously, the main goals in creating the

dataset is to explore tornadic vs. nontornadic environments and how they evolve in

the SE for various storm modes. Given the objectives, each identified mesocyclone was

classified by storm mode and the mesocylone’s associated tornadoes were documented

(if applicable). The data and methods used to classify and categorize each mesocyclone

are further detailed in the following subsections.

2.4.1 Storm mode

Trapp et al. (2005) evaluated tornado production for three storm modes (cell, QLCS,

and other). Grams et al. (2012) also used three categories of storm modes (discrete

cell, QLCS, and cluster), differing from Trapp et al. (2005) only in the creation of the

“cluster” category rather than “other” which was dominated by tornadic rainbands

in Trapp et al. (2005). Gallus et al. (2008) added subclassifications to their three

major classifications (i.e., cellular, nonlinear, and linear) resulting in nine storm modes

(Duda and Gallus, 2010). Storm mode classification was further expanded by Smith

et al. (2012) to include five “major storm mode classes,” or “major classifications”.

Each storm object is assigned a major classification and a subclassification. The major

classifications are: 1. QLCS, 2. linear hybrid2, 3. supercell (LM)3, 4. supercell (RM),

2In Smith et al. (2012), the two linear hybrid subclassification modes are placed into either: 1)
major classification “QLCS” with either a “line” or “bow echo” subclassification or 2) major classifi-
cation “supercell (RM)” with subclassification “cell in line”. We opted to keep “linear hybrid” as its
own major classification to see if there were any relevant environmental differences.

3We broke LM and RM supercells into two distinct major classifications, differing from Smith
et al. (2012) where LM and RM are subclassifications of the “supercell” major classification, which
results in six major classifications rather than five. However, “Supercell (LM)” was excluded from the
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5. supercell (marginal), and 6. disorganized. Each classification has two or three

“subclassifications” resulting in a total of 16 different storm modes (see Fig. 2.2 for all

subclassifications).

Figure 2.2: Flowchart of storm mode based on Fig. 2 of Smith et al. (2012).

Each mesocyclone (see the following subsection) within a storm object is assigned

a mode using the criteria detailed in 2.2. The storm mode is determined based on

the storm characteristics at the time of sounding launch (or nearest radar volume

to sounding launch). The storms are interrogated using Gibson Ridge Analyst 2.0

(GR2Analyst) software with Archived Level II WSR-88D data obtained from Amazon

Web Services (AWS). Each storm mode is assigned an identifier, using a format #-#,

where the first # is the major classification and the second # is the subclassification

(see Fig. 2.2 for the identifiers for each of the 16 modes). For example, 4-1 represents

a RM (4) that is a discrete cell (1). The criteria used to define each storm mode are

detailed in Table 2.4.

While 16 different modes is a large number, and probably not feasible for forecasters

to identify during warning operations, the large number of modes does have research

benefits. The Smith et al. (2012) classification scheme gives researchers flexibility

to use all 16 modes, focusing on just the subclassifications (e.g., compare “cell-in-

line” to ”discrete cells”) or major classifications (e.g., compare ”supercell (RM)” to

”supercell (marginal)”). Additionally, other modes can be consolidated to create larger

overarching classifications. For example, within the analysis in Chapters 3 and 4, modes

analysis since there were no LM in the dataset.
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4-1, 5-1, 4-2, 5-2, 2-2, 4-3, and 5-3 (see Fig. 2.2) are combined to create a larger RM

classification and modes 1-1, 1-2, and 2-1 (see Fig. 2.2) to create a larger “QLCS”

classification (see the last column of Table 2.4). Overall, using the Smith et al. (2012)

storm mode classifications allows for a greater range of future research questions to

be explored because of the detail, but also allows for condensation into simplified

overarching mode classifications (e.g., RM vs. QLCS).

The further the storm is from a radar site, the more difficult the classification be-

comes. As detailed descriptions as possible were used when defining storm mode to

limit the subjectivity of the manual storm mode identification process (Table 2.4).

However, these methods are inherently subjective and will result in some bias. Smith

et al. (2012) commented on the challenges of mode classification and how the method-

ology can greatly impact the results. For example, due to the addition of contiguous

reflectivity criteria, tornadoes were classified as discrete, line, or cluster RM supercells

in their study compared to the same tornadoes being classified as QLCS in Kis and

Straka (2010). Other studies have defined storm mode using the dominant mode over

the storm’s lifetime (Gallus et al., 2008) or at the time of a specific severe report (Smith

et al., 2012). We determine mode classification for each mesocyclone by that of the

parent storm at sounding launch time, but storm mode can rapidly change, and that

can not be accounted for using these methods.

We acknowledge the inherent biases associated with storm mode classification due to

the subjective nature of the methods. However, in current forecasting operations, storm

mode identification is done subjectively by individual forecasters. While this will vary

from forecaster to forecaster, providing clear definitions of each mode is the best way

to be able to consistently reproduce similar datasets and also apply these findings to

operations. However, the development of an objective storm mode classification (alike

those of Potvin et al., 2010) could lead to increased reproducibility of studies such as
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this one and lead to improvement of our understanding of what possible behaviors and

range of outcomes we can infer from a storm’s mode.
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2.4.2 Mesocyclone identification

Each storm object (identified via the methods of Wade et al. (2018), see Section 3.3.1

for more information) was investigated to determine if a mesocyclone or mesovortex4

was present in radar observations (i.e., rotational couplet was identifiable) within 100

km of the sounding at the sounding launch time (see Fig. 2.3 for an example). Most of

the time the mesocyclones were sampled between 2–5 km above radar level, although

in some instances (e.g., HSLC environments) mesocyclones were identified closer to the

ground. The latitude, longitude, and distance and azimuth from the sounding of all

mesocyclone(s) present within an object were recorded. More than one mesocyclone can

be present within an object, especially in objects that do not fall within the “discrete

cell” sub-category.

Since all mesocyclones (i.e., a storm with a rotational couplet) were identified in the

manual phase, regardless of the mesocyclone strength (i.e., rotational velocity), another

step was necessary to remove extremely weak mesocyclones that are not of interest.

Rotational velocity (Vrot) was not chosen due to its dependence on range form the

radar. Rather, we opted to use Multi-Radar Multi-Sensor (MRMS; Smith et al., 2016)

azimuthal shear (AzShear) to have a more objective, consistent measure of mesocyclone

strength. Both 0–2–km AzShear (hereafter “low-level AzShear”), and 2–5–km AzShear

(hereafter “mid-level AzShear”) from MRMS are used (Mahalik et al., 2019). The low-

and mid-level AzShear for each mesocyclone was obtained by searching 10 km around

the manually identified mesocyclone, following the methods of Flournoy et al. (2022).

A range of 10 km was used to account for any updraft tilt and slight differences in time

from sounding launch to the closest available AzShear analysis time. Both a smaller

and larger range was tested, but did not largely impact results. A minimum low-level

4For simplicity’s sake, we use “mesocyclone” when referring generally to cyclones or vortices across
storm modes, but when specifically discussing QLCSs, “mesovortex” will be used.
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AzShear value of 0.002 s−1 was used to define a mesocyclone (slight modifications to

this threshold do not alter the results).

Since our study only considers a mesocyclone at sounding launch, the methods

to obtain storm motion differ from other studies that use mean storm motions over

longer periods (Markowski et al., 2003; Thompson et al., 2003; Coniglio and Parker,

2020). Coniglio and Parker (2020) averaged the storm motions found from a five-point

weighted average of instantaneous storm motions for three volume scans after sounding

launch time. They found their methods were better able to identify deviant motions

preceding tornadoes, where averaging storm motion over longer periods did not (e.g.,

Coniglio and Parker, 2020; Bunkers et al., 2022). Due to the importance Coniglio

and Parker (2020) found in storm-relative winds distinguishing between tornadic and

nontornadic environments, having a near-instantaneous storm motion is important to

not dampen the impact storm motion has on the storm-relative winds. The observed

average storm motion of each mesocyclone over a roughly 20 minute period was de-

termined manually using GR2Analyst using the storm motion from approximately 10

minutes before to 10 minutes after time of mesocyclone identification, or between two

volume scans before and two volume scans after the sounding time.

2.4.3 Tornadoes

The OneTor dataset (SPC, 2024) was used to identify the tornadoes associated

with each mesocyclone 5. OneTor is generated by the Storm Prediction Center (SPC)

and combines all tornado segments from the National Center for Environmental In-

formation (NCEI) Storm Data publication to document full tornado tracks and path

5There are two corrections to the OneTor dataset for tornadoes associated with soundings within
the dataset. The start time for the Blount County tornado on 01 Apr 2016 in the OneTor database
and in Storm Data is incorrect—the start time should be 01:42:00 rather than 02:42:00 UTC. The
start time for the Blount County tornado on 23 Feb 2019 in the OneTor database and in Storm Data
is incorrect—the start time should be 22:37:00 rather than 21:37:00 UTC.
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Figure 2.3: MRMS composite reflectivity at 02:00:00 UTC and the associated 02:00:00
UTC sounding from Huntsville, AL (indicated by the red star) on 1 April 2016. The
red dotted ring surrounding the sounding represents the 100–km radius where storm
objects are considered for the analysis. The black outline surrounding each storm is
the objectively identified storm object and the black dot at the center is the center
point of the object. The blue lines represent the tornadoes that occurred on the event
day with a white circle marking their start and end points.

characteristics. Quality control is performed by the SPC post segment combination.

To ensure no tornadoes were missed or miss-classified, each tornado was cross-checked

with information available in the Damage Assessment Toolkit (DAT). Track informa-

tion was extracted from the Damage Assessment Toolkit (DAT) where applicable. Not

all tornado tracks are included in the DAT, so the start and end points from OneTor

are used to estimate the tornado track for those tornadoes.
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Multiple studies have set spatiotemporal thresholds to define a “tornadic” sounding

(Potvin et al., 2010; Parker, 2014; Wade et al., 2018; Coniglio and Parker, 2020), though

these studies focus on supercell storms rather than QLCS or mixed-mode storms. These

studies also all use observed soundings from the Great Plains, and do not include ob-

servations from the SE, where storm motions are faster. Faster storm motions mean

a storm comes in contact with environment ahead of the storm faster than a slower-

moving storm. For this study, we characterized a mesocyclone as tornadic if it produced

a tornado between 40 min prior and 90 min after the sounding launch time (similar

to Coniglio and Parker, 2020). If the associated sounding occurred after a tornado,

the time between tornado and sounding was determined using the tornado end time

6. Mesocyclones that were not associated with a tornado during this time-frame were

deemed nontornadic. There are cases where both tornadic and nontornadic mesocy-

clone are associated with one sounding. In those cases, the sounding is classified as

tornadic (for more information on cases with both tornadic and nontornadic mesocy-

clones, see Section 3.5 and Fig. 3.9). Further subclassification into “pre-tornadic” and

“post-tornadic” was considered, but robust results were not able to be gathered from

this sub-setting due to a smaller, insufficient sample size. Time relative to sounding is

included in the dataset, allowing subsetting by time relative to tornado in future works

if desired.

6Tornado end time (and duration) is not a standard variable in OneTor, but is available often via
the DAT or NCEI. End time information was pulled from these sources and added to OneTor for all
associated tornadoes
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2.5 Summary and potential dataset usages

2.5.1 Summary

Atmospheric soundings collected for 39 cases during recent SE-based field cam-

paigns, including VORTEX-SE, Meso18-19, and PERiLS, are compiled into a large

sounding database. There are 2,497 soundings that fall within relevant spatial and

temporal ranges to the convection of interest for each case. The details of the entire

sounding database can be found in the Flournoy et al. (2026) technical report. For

this dataset, we only consider soundings that have an objectively identified storm ob-

ject containing a mesocyclone within a 100 km radius of the sounding at the sounding

launch time. Each storm object is investigated manually in GR2 to identify and as-

sign a storm mode to any associated mesocyclone(s) using the methods of Smith et al.

(2012). Any tornado(es) associated with a mesocyclone are identified and their time

of occurrence is logged relative to sounding launch time.

2.5.2 Potential dataset usages

The dataset detailed in this Dissertation was created with the goal of producing

a climatology of severe convective environments in the SE. The main objective is to

create composite atmospheric profiles based on a variety of storm and environmental

characteristics such as storm mode and strength. This will further the research com-

munity’s understanding of SE environments and infer the physical processes relating

environments to storm behavior. The climatology will also be useful as a reference for

real-time forecasting. The resulting composites and associated analysis are detailed in

Chapter 3. One of the main motivations for creation of this dataset, outside of creat-

ing reference hodographs, is to make an observed SE-based sounding database more
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accessible to other researchers to encourage more SE-based studies.

There are a large number of case studies completed using some of 39 cases included

in the dataset (e.g., Markowski et al., 2019; Tanamachi et al., 2019; Lyza et al., 2020;

Hill et al., 2021; McDonald and Weiss, 2021; Trier et al., 2021; Lyza et al., 2022b;

Hosek et al., 2023; LaFleur et al., 2023; Ostaszewski et al., 2025, among many others).

However, observational datasets such as this one allow for observation-based longitu-

dinal studies, which are lacking in the SE. There are such works in progress using

the dataset. First, Miller et al. (2026, in preparation), is using all soundings in the

dataset that are associated with tornadoes to explore environments supporting differ-

ent tornado characteristics (e.g., tornado path length, tornado duration, and tornado

strength). This work is one example of how SE tornado environments can be explored

with this dataset. As part of their research efforts, mesocyclone and tornado tracks

are added to the information already available in the dataset. The compilation of this

data opens many avenues of exploration for researchers. For example, questions about

HSLC environments in need of observational evidence would benefit from the content

in this dataset.

A dataset for observational-based studies in the SE was the original intent for this

work, however, we envision many other usages for these sounding observations in re-

search efforts. All observational platforms contain limitations, therefore, comparison

to the sounding dataset could serve as a necessary validation dataset for other instru-

ments. Coupling one type of observation (i.e., soundings) with others available for the

39 cases (e.g., radar, StickNets, LiDAR) can support additional analysis techniques.

For example, data assimilation, especially post-event analysis such as EnKF analysis

greatly benefit from various observational datasets (Faletti et al., 2026) such as ob-

served soundings. If not assimilated, this dataset of observed soundings could be used

as a validation or comparison source for such analyses.
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Additionally, Saba et al. (2026, in preparation) is using the composites generated

from the dataset (shown in Chapter 3) to simulate supercells in SE environments

via Cloud Model 1 (CM1). Supercells have not been initialized and simulated in an

idealized model using an observed SE environmental profile—primarily due to the

difficulty of idealized simulations in low-CAPE environments. This study opens up

the potential to further model SE environments based on various subsets of soundings

depending on the research question.

While the dataset is used in this Dissertation to evaluate near-storm environments,

there are thousands of soundings representative of environments further from con-

vection, post-convective environments, and environmental characteristics of various

research interests. More SE-based studies are necessary to fill the knowledge gap that

exists between the SE and the commonly studied Great Plains. We hope the dataset

will reduce the necessary workload for researchers who wish to use a large number of

observed soundings, resulting in more time for analysis and research output. Addi-

tionally, we envision the methods used here being applied in the future across more

soundings (for various field-projects in various regions), which could then be combined

with this dataset to generate an a larger, more widely applicable dataset.
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Chapter 3

Composite Southeast United States

Convective Environments from

Field Campaign Sounding

Observations

3.1 Introduction

The Southeast United States (hereafter, SE) has more deadly tornadoes than any

other region (Ashley, 2007; Anderson-Frey et al., 2019), including the Great Plains

(hereafter, GP)—where observational tornado research has historically been focused.

This emphasizes the need to further our understanding and forecasting abilities of tor-

nadoes in the SE. Many factors play into the differing tornado statistics in the SE, both

social and physical, including, but not limited to, a particularly vulnerable population

(Ashley et al., 2008; Strader and Ashley, 2018; Sutter and Simmons, 2010) and the

prevalence of HSLC environments that pose difficult forecast challenges including a

higher nocturnal tornado risk (Anderson-Frey et al., 2019). There have been limited

large climatological studies on SE environments (Davis and Parker, 2014; Sherburn and

Parker, 2014; Sherburn et al., 2016; Anderson-Frey et al., 2019), but with the recent
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field campaign focus shifted to the SE spurred in part by the NOAA Verification of the

Origins of Rotation in Tornadoes Experiment-SE (VORTEX-SE) project (now known

as VORTEX-USA), there now exists a wealth of high-resolution observational data in

the SE to help address this problem.

An additional complicating factor in the SE is the prevalence of QLCS events. Over

30–35% of tornadoes and 50–85% of wind reports (highest in winter) in SE states are

associated with the QLCS storm mode (Ashley et al., 2019). Storm mode can inform a

forecaster of a storm’s potential to produce severe hazards and that hazard’s severity

(e.g., hail size, maximum wind gust, or tornado intensity). Supercells are the most

common producers of severe hail (Nelson and Knight, 1987; Thompson et al., 2003;

Duda and Gallus, 2010; Grams et al., 2012; Smith et al., 2012; Dawson et al., 2014;

Blair et al., 2017; Murphy et al., 2023) and tornadoes (Doswell III and Burgess, 1993;

Moller et al., 1994). Strong vertical shear allows for storm organization and promotes

supercellular storm modes (Fawbush and Miller, 1953; Browning, 1962), specifically, at

least 15–20 m s−1 (approximately 30–40 kts) of 0–6 km shear (Markowski et al., 1998;

Rasmussen and Blanchard, 1998; Thompson et al., 2003). Linear systems that are

composed of a collection of storms in a cellular or “slabular” manner along a common

outflow most commonly produce tornadoes and severe winds. Studies estimate that

18–25% of annual tornadoes in the U.S. (and more in HSLC SE events, Anderson-Frey

et al., 2019) are associated with QLCSs (Trapp et al., 2005; Smith et al., 2012; Ashley

et al., 2019). The range of QLCS tornado intensities is generally lower compared

to supercell tornadoes (Trapp et al., 2005; Smith et al., 2012; Murphy et al., 2023)

with the distribution centered more strongly on weaker intensities for QLCSs. Given

the relatively equally distributed percentages of tornadoes that occur with QLCSs

vs. supercells in the SE, this dataset provides a novel observational insight into their

respective environments.
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Large datasets have been compiled and analyzed for various field campaigns in

the GP (Rasmussen et al., 1994; Parker, 2014; Markowski et al., 1998; Wade et al.,

2018; Hitchcock et al., 2019; Coniglio and Parker, 2020). Many observed sounding

climatologies have been created to identify skillful forecast parameters in tornadic en-

vironments across the U.S. (Fawbush and Miller, 1952; Beebe, 1958; Darkow, 1969;

Maddox, 1976; Darkow and McCann, 1977; Schaefer and Livingston, 1988; Johns and

Doswell, 1992; Brooks et al., 1994; Rasmussen and Blanchard, 1998; Thompson et al.,

2003; Rasmussen, 2003; Craven and Brooks, 2004; Parker, 2014; Wade et al., 2018;

Coniglio and Parker, 2020). While many robust storm-environment relationships have

been found, these studies sometimes reveal variations on a given forecast parameter’s

skill due to factors such as seasonality, regionality, or variability within the dataset,

thus motivating a similar large-scale examination of observed environments in the SE.

This study aims to fill a gap in the literature, as there has not been, to the authors’

knowledge, a large climatology of SE severe/tornadic environments from observed SE-

focused field campaign soundings. In addition to tornado-focused analyses, we also

use radar-derived observations of mesocyclone strength (via azimuthal shear, discussed

more in the next section) to quantify any relationships between the environment and

strength of storm-scale rotation (e.g., Warren et al., 2021) regardless of tornadic activ-

ity.

One commonality of past environmental climatologies (among many commonali-

ties, which will be expanded on later in relation to our findings) is the importance

of storm-relative helicity (SRH) (Rasmussen, 2003; Thompson et al., 2007; Markowski

and Richardson, 2014; Coffer et al., 2017, 2019; Peters et al., 2023) for tornadic po-

tential. Anderson-Frey et al. (2019) showed the importance of SRH may be higher in

the SE (see their Fig. 2b). Despite the strong correlation between SRH and tornado

potential, there is uncertainty in the most skillful layer for computing SRH. Many have
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found the highest skill using near-ground layers (e.g., 0–0.5 or 0–1 km SRH) for tornado

prediction (Markowski et al., 1998; Rasmussen and Blanchard, 1998; Markowski et al.,

2003; Rasmussen, 2003; Thompson et al., 2003; Craven and Brooks, 2004). However,

in a field-based observational study Coniglio and Parker (2020) found that deep-layer

SRH is more skillful when using observed storm motion vs. estimated Bunkers right

storm motion (Bunkers et al., 2000), as also identified in Coffer et al. (2025). Coniglio

and Parker (2020) and Coffer et al. (2025)’s findings emphasize the gap that exists be-

tween a parameter’s skill related to tornado predictability when using estimated storm

motions from environmental wind information vs. observed storm motion. To ensure

the most accurate measure of storm-motion-dependent variables (e.g., STP, SRH, etc.)

commonly used in tornado forecasting, we use observed storm motion herein. We ex-

plore the variations in observed storm motion vs. Bunkers storm motion in the SE to

compare to those in the Great Plains.

With the generation of an observed SE convective environment climatology for

various storm modes via observed soundings, we explore how: 1) SE environments

compare to those in the commonly studied GP, 2) environments supporting different

storm modes compare and the differences in tornadic and rotational potential for a

given storm mode, and 3) Bunkers storm motion deviates from observed storm motions.

The overarching goal of this study is to identify forecast parameters that could aid

forecasters in distinguishing between tornadic and nontornadic environments in the

SE.
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3.2 Data

3.2.1 Cases

A total of 39 cases were used to create a database of soundings compiled from mul-

tiple SE field projects, including the Verification of the Origins of Rotation in Torna-

does Experiment-Southeast (VORTEX-SE; Rasmussen, 2015) campaign (2016-2020),

Meso18-19 (2018-2019) (EOL, 2019), and the Propagation, Evolution, and Rotation

in Linear Storms (PERiLS; Kosiba et al., 2024) (2022-2023) projects. Tornadic cases

were prioritized, but cases with tornadic potential (i.e., mesocyclones that had ro-

tation in environments supportive of severe storms) were included (Table 2.1). The

VORTEX-SE field component was focused on understanding SE environments with

efforts generally focused around Huntsville, AL and featured several sounding plat-

forms from multiple institutions. Meso18-19 was a sub-project of VORTEX-SE, with

similar objectives, but a different operations plan in which the National Severe Storms

Laboratory (NSSL), four Universities, and several National Weather Service (NWS)

offices across most of the SE launched soundings at multiple fixed sites over a 48-h

window, every 6-h, at 0000, 0600, 1200, and 1800 UTC. PERiLS operated over multi-

ple southern states including LA, AR, AL, MS, TN, and MO, including the Mississippi

and Arkansas Delta, the “Black Belt” region of MS and AL, and the Tennessee Val-

ley regions. PERiLS included a goal to observe tornado-producing QLCSs and other

non-classical tornado-producing storms, though supercells were also observed during

several intensive operating periods (IOPs).
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3.2.2 Soundings

Most field project sounding data for this study were obtained from the National

Center for Atmospheric Research (NCAR) Earth Observing Laboratory (EOL) reposi-

tory, which was subject to quality control (QC) procedures generally outlined in Ciesiel-

ski et al. (2012). NWS sounding data were used to supplement the soundings from the

field campaigns in our dataset when they met the proximity criteria (described later).

Multiple institutions were involved in data collection using different systems and for-

mats (details in Tables 3.1 and 2.2), which complicates the implementation of quality

control (QC) methods that were performed on top of those done by EOL. Each sound-

ing was QC’d to remove minor inconsistencies or errors in the data and interpolated

to a common grid. These additional QC methods are detailed in the Appendix.

3.2.3 Radar-derived MRMS variables

Multi-Radar Multi-Sensor (MRMS; Smith et al., 2016) products are used to objec-

tively identify storms. MRMS products incorporate data from the Weather Surveillance

Radar-1988 Doppler (WSR-88D) network, satellites, and other observing platforms to

create gridded radar and radar-derived products. MRMS products used here include

composite reflectivity, 0-2-km azimuthal shear (AzShear) (hereafter “low-level AzS-

hear”), and 2-5-km AzShear (hereafter “mid-level AzShear”) (Mahalik et al., 2019).

Reflectivity is calculated on a 0.01◦ latitude and longitude grid (roughly 1 km grid) at

2-minute intervals, while AzShear products are calculated on a higher resolution 0.005◦

latitude and longitude grid (roughly 0.5 km grid) at 5-minute intervals. The MRMS

data is used for mesocyclone tracking and object identification methods (described in

the following section).
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3.3 Methods

3.3.1 Storm object identification

A modified version of the Wade et al. (2023b) storm object identification algorithm

was used to identify all storms within 100 km of each observed sounding at the MRMS

analysis time closest to the sounding launch time1 and create the storm object(s). The

storm object method uses thresholds of reflectivity to mask regions unassociated with a

storm and then generates and merges polygons based on given distance and reflectivity

thresholds to obtain storm object polygons. This method was preferred over methods

that used a dBZ threshold to identify a storm (Smith et al., 2012) given its ability to

quickly and objectively identify all candidate storms.

3.3.2 Mesocyclone identification

Each storm object was investigated to determine if a mesocyclone or mesovortex2

was present (i.e., rotational couplet was identifiable) within 100 km of the sounding at

the sounding launch time using the Gibson Ridge Analyst 2.0 (GR2Analyst) software

with Archived Level II WSR-88D data obtained from Amazon Web Services (AWS).

Most of the time the mesocyclones were sampled between 2–5 km above radar level,

although in some instances mesocyclones were identified closer to the ground (e.g.,

HSLC environments). The latitude, longitude, and distance and azimuth from the

sounding of all mesocyclone(s)3 present within an object were recorded.

Low- and mid-level AzShear for each mesocyclone was obtained by searching 10 km

1Since MRMS reflectivity data is available every 2 minutes, there is no greater than a 1-minute
time difference between the MRMS analysis time and sounding launch time.

2For simplicity’s sake, we use “mesocyclone” when referring generally to cyclones or vortices across
storm modes, but when specifically discussing QLCSs, “mesovortex” will be used.

3More than one mesocyclone can be present within an object, especially in objects that do not fall
within the “discrete cell” sub-category.
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around the identified mesocyclone, following the methods of Flournoy et al. (2022). A

range of 10 km was used to account for any updraft tilt and slight differences in time

from sounding launch to the closest available AzShear analysis time. A minimum low-

level AzShear value of 0.002 s−1 was used to define a mesocyclone (slight modifications

to this threshold do not alter the results).

The motion of each mesocyclone was determined manually using GR2Analyst and

was used as the observed storm motion. The storm motions between two volume

scans before and two volume scans after the sounding time when the mesocyclone

was identified (approximately 10 minutes before and after) are used to calculate an

average motion over roughly 20 min. Motions computed over smaller time periods (e.g.,

Markowski et al., 2003; Thompson et al., 2003; Coniglio and Parker, 2020) are more

able to identify increasingly deviant motions preceding or associated with tornadoes

(e.g., Coniglio and Parker, 2020; Bunkers et al., 2022).

3.3.3 Storm mode classification

Once mesocyclones were identified, a storm mode for each mesocyclone was assigned

using the methods of Smith et al. (2012). Recognizing that storm modes are often

complex, researchers have sought to refine storm mode-hazard relationships beyond

a simple supercell or QLCS classification (e.g. Trapp et al., 2005; Gallus et al., 2008;

Duda and Gallus, 2010; Grams et al., 2012). The flowchart shown in Fig. 2.2 illustrates

the 16 possible storm modes from Smith et al. (adapted from 2012, their Fig. 2). While

we used 16 different storm modes herein guided by past work, our analysis condenses

those storm modes into larger, overarching categories that may be more useful for

real-time diagnosis in an operational setting.

This classification method attempts to discretize the full spectrum of storm modes

and has limitations. In addition to the inherent subjectivity, distance from the closest
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radar site and rapidly evolving storm structures complicate mode identification. While

some studies identify dominant mode over the entire lifetime (Gallus et al., 2008) or at

the time of a specific severe report (Smith et al., 2012), we followed Smith et al. (2012)

and classified one mode at the sounding launch time.

3.3.4 Tornadoes associated with each mesocyclone

The SPC OneTor dataset (SPC, 2024) was used to identify tornadoes associated

with each mesocyclone. A mesocyclone was characterized as tornadic if it produced

a tornado between 40 min prior and 90 min after the sounding launch time (similar

to Coniglio and Parker, 2020). If the associated sounding occurred after a tornado,

the time between tornado and sounding was determined using the tornado end time.

Mesocyclones that were not associated with a tornado during this timeframe were

deemed nontornadic.

3.3.5 Sounding composites

Sounding composites were generated based on varying criteria (as shown in the fol-

lowing two sections). Hodographs are shown in both the ground-relative (GR) reference

frame and the storm-relative (SR) and storm-rotated (hereafter, referred to as “SR”

hodographs) reference frame. The SR hodographs were created following Coniglio and

Parker (2020), where the wind profile is rotated such that observed storm motion lies

along the positive x axis, and then shifted such that observed storm motion falls at the

origin. For a sounding to be considered proximity and included in the composites, it

must have occurred between 40◦ (left of) and -135◦ (right of) the storm motion (cen-

tered at 0◦), which represents in inflow sector (similar to Coniglio and Parker, 2020, see

their Fig. 6). Composites were created using the SHARPpy python package (Blumberg
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et al., 2017a). Incomplete profiles are included in the hodograph and skew-T compos-

ites, but are not used to calculate certain thermodynamic and kinematic parameters if

the levels needed for the calculations are missing, resulting in a varying number of pro-

files contributing to composite hodographs, composite skew-Ts, and other parameter

calculations.

A sounding was included in the SR hodograph composite more than once if one

sounding is associated with multiple mesocyclones meeting the criteria of that com-

posite (e.g., two mesocyclones that fall under the same mode classification or/and are

both either tornadic or nontornadic). This was allowed since the SR hodograph would

differ due to different storm motions for each associated mesocyclone, despite being the

same sounding. A sounding that was used more than once for the SR composite was

only allowed to be included in the composite once for the GR hodographs and skew-T

composites since there would be no differences in hodograph shape or profile for each

of the mesocyclones. We tested allowing only the mesocyclone closest to the sounding,

if there were multiple mesocyclones associated with one sounding, to contribute to the

composite. The hodograph shape remained the same using this method with minor

differences in means, but with a reduced sample size. Since the conclusions presented

did not change, we opted to use all mesocyclones in proximity to the sounding to keep

proximity criteria consistent and ensure a sufficient sample size.

3.3.6 Statistical testing

The statistical significance of the difference in means between two subsets at four

different significance levels (75%, 90%, 95%, and 99%) were determined using a two-

tailed Monte Carlo test with 10000 iterations. The variables used for statistical testing

are described in Table 3.1. Two different sample sizes for significance testing were used

in order to address possible uncertainties in the effective sample sizes. These sample
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sizes include 1) the number of unique soundings included in each subset (nsoundings),

and 2) the number of unique cases (out of 39) included in each subset (ncases). The

latter reduces the degrees of freedom to assess significance if one (aggressively) assumes

that no soundings taken during the same event are statistically independent. In most

comparisons, the resulting statistical significances are similar (e.g., both are > 95% and

“significant” or < 95% and “insignificant”). Important instances where this is not the

case are highlighted appropriately. If there is more than one mesocyclone associated

with a single sounding, as in the SR composites, each SR parameter (e.g., SRW or

SRH) derived from the same sounding was counted. This results in nsoundings being

larger for SR parameters than GR parameters.

3.4 Results

We condense storm mode into two overarching subsets of “RM” and “QLCS” (see

caption of Fig. 3.1 for each mode included in the two subsets) to examine differences

in tornadic and nontornadic environments in the SE via composite profiles (Figs. 3.1

and 3.2) and statistical analysis (Fig. 3.3 and 3.4) for the two mode subsets. RM and

QLCS allow only RM or only QLCS modes, respectively, to be present in the inflow of

the sounding to be characterized as RM or QLCS. A third subset called “RM+QLCS”

includes all soundings where both a mesocyclone(s) of a RM mode and QLCS mode

is present in the inflow. The creation of RM+QLCS allows for comparison of environ-

ments that support both RM and QLCS modes, which is a common occurrence in the

SE. The RM+QLCS subset also removes any potential bias from the RM and QLCS

subsets (e.g., if QLCS dynamics influence the evolution of a RM mesocyclone).

To be included in the tornadic bin in the following analysis, all mesocyclones as-

sociated with the sounding (e.g., in the inflow and within the 100 km search radius)
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Table 3.1: Table of all variables used, with their abbreviations and their definition.

Abbreviation Definition

SH#### Bulk wind difference (BWD) (ms−1), a vertical wind shear proxy, between 0–
100 m (SH100m), 0–250 m (SH250m), 0–500 m (SH500m), 0–1 km (SH1km),
0–3 km (SH3km), 0–6 km (SH6km), 3–6 km (SH3-6km), 6–10 km (SH6-10km),
and effective layer (SHeff)

SRH#### Storm relative helicity (SRH) (m2s−2) between 0–100 m (SRH100m), 0–250
m (SRH250m), 0–500 m (SRH500m), 0–1 km (SRH1km), 0–3 km (SRH3km),
and effective layer (SRHeff)

CRIT Acute angle (º) between the storm-relative wind at the surface and the shear
vector over the lowest 500 m

SRW#### Storm relative wind (SRW) (kts) between 0–100 m (SRW100m), 0–250 m
(SRW250m), 0–500 m (SRW500m), 0–1 km (SRW1km), 0–3 km (SRW3km),
0–6 km (SRW6km), 3–6 km (SRW3-6km), and 6–10 km (SRW6-10km)

GRW#### Ground relative wind (GRW) (kts) between 0–100 m (GRW100m), 0–250 m
(GRW250m), 0–500 m (GRW500m), 0–1 km (GRW1km), 0–3 km (GRW3km),
0–6 km (GRW6km), 3–6 km (GRW3-6km), and 6–10 km (GRW6-10km)

MLCAPE Convective available potential energy (CAPE) (Jkg−1) using a lowest 100 hPa
mixed-layer (ML)

#CAPE Convective available potential energy (Jkg−1) in the 0–3 km (3CAPE) and 0–6
km (6CAPE) layers

DCAPE Downdraft convective available potential energy (Jkg−1)

MLCIN Convective inhibition (CIN) (Jkg−1) using a lowest 100 hPa mixed-layer parcel

MLLCL Lifted condensation level (LCL) (m) using a lowest 100 hPa mixed-layer parcel

LR#### Lapse rate (◦C km−1) between 0–100 m (LR100m), 0–250 m (LR250m), 0–500
m (LR500m), 0–1 km (LR1km), 0–3 km (LR3km), and 3–6 km (LR36km)

LLMIX Low-level (0–1 km) mean mixing ratio (g kg−1)

PWAT Precipitable water (inches)

FZL Height (m) of the freezing level

WBZ Height (m) of the wet bulb zero (WBZ) level

STP Significant Tornado Parameter (STP) (unitless) from Thompson et al. (2012)
using the effective inflow layer

SCP Supercell composite parameter (SCP) (unitless) from Thompson et al. (2004)
using the effective inflow layer

SHERB Severe hazards in environments with reduced buoyancy parameter (unitless)
from Sherburn and Parker (2014)

must be either tornadic or there must be at least one tornadic mesocyclone present if

there are multiple mesocyclones. If there are multiple mesocyclones associated with a

sounding, and at least one mesocyclone is nontornadic, the nontornadic mesocyclone
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is not included in this composite. To be considered nontornadic, the mesocyclone, or

all mesocyclones if there are more than one, associated with the sounding must be

nontornadic.

We also include statistical analysis of tornadic and nontornadic environments when

only considering strong mesocyclones (AzShear ≥ 0.01 s−1). This is due to a bias noted

in the Coniglio and Parker (2020) study of GP field soundings, specifically that the

nontornadic sample is biased toward the stronger end of the nontornadic spectrum.

This is because operations are typically only conducted in environments supportive

of tornadoes, whereas nontornadic storms also often occur in environments known to

have very little tornado potential. The same bias is probably in our SE dataset, but is

likely mitigated somewhat by including some more marginal events (due to extended

forecast/decision-making processes) and including all mesocyclones near the soundings

rather than just a single, strong target storm.

Finally, we include comparison of environments of varying mesocyclone strength

(i.e., AzShear) via the same analysis methods (see Figs. 3.5 and 3.6 for composites and

Figs. 3.7 and 3.8 for statistical analysis). The environmental features seen when binned

by mid-level AzShear yielded similar results (not shown) as when binned by low-level

AzShear. For this reason, and because many of the mesocyclones included in this

dataset are shallow due to the often low-topped nature of SE convection, we focus on

low-level AzShear. Three AzShear bins are used: “weaker” where AzShear ≥ 0.002 s−1

and < 0.01 s−1 and “stronger” where AzShear ≥ 0.01 s−1. As previously mentioned,

there often is more than one mesocyclone associated with a sounding. To avoid a

sounding contributing to more than one composite, a sounding is only used for the

mesocyclone with the strongest AzShear value if there is more than one mesocyclone.
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Figure 3.1: Composite hodographs of (a, d) RM, (b, e) QLCS, and (c, f) RM+QLCS
for (a-c) tornadic and (d-f) nontornadic mesocyclones. The soundings included in the
RM composite requires only RM modes present within the search radius and inflow
of the sounding, the QLCS composite requires only QLCS modes present, and the
RM+QLCS composite required at least one mesocyclone of a RM mode and QLCS
mode to be present. The modes in RM consist of storm modes 4-1, 5-1, 4-2, 5-2, 2-2,
4-3, and 5-3 (see Fig. 2.2) and modes in QLCS consist of storm modes 1-1, 1-2, and
2-1 (see Fig. 2.2). The nsoundings is displayed for both ground-relative (GR) and storm-
relative (SR) composites while and ncases remains the same for both. The thin lines
on each individual plot are all individual SR hodographs included in the composite,
and the thicker lines are the composite (mean) of all individual hodographs, where
the color-filled line with a white line on top and outlined in grey is the GR composite
hodograph and the color-filled line with a black outline is the SR composite hodograph.
The number of hodographs making up each composite is found in grey text in the
bottom left corner of each plot. The hodograph coloring follows the standard National
Weather Service (NWS) colors, where 0–3-km is red, 3–6-km is lime green, 6–9-km is
dark green, and 10-km and greater is purple, with additional resolution within the red
0–3-km layer due to its relevance for tornado-related processes and forecasting.
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Figure 3.2: Composite skew-Ts of (a, d) RM, (b, e) QLCS, and (c, f) RM+QLCS for
(a-c) tornadic and (d-f) nontornadic mesocyclones. The mode classifications are the
same as in Fig.3.1. The thin red and green lines are each temperature and dew point
profile, respectively, included in the composite. The thicker red and green lines with a
black outline and a white line through the middle are the composite temperature and
dew point profile, respectively.
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RM tornadic vs.  
RM nontornadic 

statistical 
significance

statistical 
significance 

(AzShear ≥ 0.01)

statistical 
significance in 

Coniglio and 
Parker (2020)

tornadic mean
tornadic mean 

(AzShear ≥ 0.01)
non-tornadic 

mean

non-tornadic 
mean       

(AzShear ≥ 0.01)

difference in 
means                   

(% difference) 

difference in 
means                    

(% difference)    
(AzShear ≥ 0.01)

SH100m NS NS > 75% 3.79 4.01 3.37 3.65 0.42 (12.6%) 0.36 (9.8%)
SH250m NS NS > 75% 7.66 8.04 6.81 7.44 0.85 (12.5%) 0.60 (8.0%)
SH500m NS NS > 75% 12.72 13.41 11.32 12.34 1.40 (12.4%) 1.07 (8.7%)
SH1km >75% >75% > 95% 19.15 20.10 16.48 17.17 2.66 (16.2%) 2.94 (17.1%)
SH3km >75% >75% NA 26.15 26.91 23.17 24.15 2.97 (12.8%) 2.76 (11.5%)
SH6km NS NS > 95% 31.68 31.59 30.48 30.73 1.20 (3.9%) 0.87 (2.8%)

SH3-6km NS NS NA 9.90 10.06 11.33 11.40 -1.42 (-12.6%) -1.34 (-11.7%)
SH6-10km NS NS NA 15.90 14.94 13.36 13.96 2.54 (19.0%) 0.98 (7.0%)

SHeff NS NS > 75% 19.28 19.76 17.31 17.46 1.97 (11.4%) 2.31 (13.2%)
SRH100m NS NS > 90% 39.74 45.66 35.62 32.48 4.12 (11.6%) 13.17 (40.6%)
SRH250m NS NS > 90% 93.39 102.98 79.81 75.69 13.57 (17.0%) 27.29 (36.1%)
SRH500m >75% >75% > 95% 191.06 208.05 133.22 133.38 57.84 (43.4%) 74.67 (56.0%)
SRH1km >95% >95% > 99% 328.42 356.81 189.67 192.24 138.74 (73.1%) 164.57 (85.6%)
SRH3km >99% >99% > 99% 472.72 520.41 241.51 259.71 231.21 (95.7%) 260.70 (100.4%)
SRHeff >99% >99% > 99% 373.30 410.24 173.66 183.66 199.64 (115.0%) 226.58 (123.4%)

CRIT >95% >95% NA 66.38 67.15 48.08 50.93 18.30 (38.1%) 16.22 (31.9%)
SRW100m >95% >99% > 95%* 19.46 19.76 15.79 14.87 3.68 (23.3%) 4.89 (32.9%)
SRW250m >95% >99% > 95%* 19.43 19.76 15.18 14.32 4.25 (28.0%) 5.44 (38.0%)
SRW500m >99% >99% > 95%* 19.11 19.50 14.20 13.49 4.91 (34.5%) 6.01 (44.6%)
SRW1km >99% >99% > 95%* 17.68 18.30 12.51 12.16 5.17 (41.3%) 6.14 (50.5%)
SRW3km >99% >99% > 95%* 11.98 12.44 8.06 8.31 3.92 (48.6%) 4.12 (49.6%)
SRW6km >99% >95% NA 10.94 11.44 7.31 7.53 3.63 (49.7%) 3.91 (51.9%)

SRW3km-6km >90% >75% NA 14.38 14.25 11.77 12.02 2.61 (22.2%) 2.23 (18.5%)
SRW6km-10km >75% >75% NA 20.68 21.62 17.54 18.01 3.14 (17.9%) 3.60 (20.0%)

GRW100m >75% >75% > 75%* 8.62 8.58 7.27 7.42 1.35 (18.5%) 1.16 (15.7%)
GRW250m >90% >75% > 75%* 10.90 10.99 9.08 9.35 1.82 (20.0%) 1.64 (17.5%)
GRW500m >90% >75% > 90%* 13.66 13.95 11.39 11.83 2.27 (20.0%) 2.12 (17.9%)
GRW1km >95% >90% > 99%* 17.36 17.93 14.40 14.93 2.96 (20.6%) 3.00 (20.1%)
GRW3km >90% >95% > 99%* 22.47 23.25 19.16 19.48 3.31 (17.3%) 3.76 (19.3%)
GRW6km >90% >90% NA 25.82 26.43 22.78 23.04 3.04 (13.4%) 3.38 (14.7%)

GRW3km-6km >75% >75% NA 31.94 32.20 29.13 29.43 2.81 (9.6%) 2.77 (9.4%)
GRW6km-10km >90% >90% NA 39.07 40.14 33.79 33.89 5.28 (15.6%) 6.25 (18.4%)

MLCAPE NS NS NA 723.10 717.44 645.27 673.16 77.83 (12.1%) 44.28 (6.6%)
3CAPE NS NS > 75% 55.86 55.49 56.54 65.29 -0.68 (-1.2%) -9.79 (-15.0%)
6CAPE NS NS NA 381.75 377.79 373.04 396.19 8.71 (2.3%) -18.40 (-4.6%)
DCAPE NS NS NA 485.22 454.04 502.99 517.10 -17.78 (-3.5%) -63.06 (-12.2%)
MLCIN NS NS > 90% -30.30 -31.90 -41.24 -40.01 10.94 (-26.5%) 8.10 (-20.3%)
MLLCL >75% >75% > 99% 814.27 825.55 933.15 988.64 -118.88 (-12.7%) -163.09 (-16.5%)

LR100m NS NS NS 7.02 6.83 5.35 4.78 1.67 (31.2%) 2.05 (42.9%)
LR250m >75% >75% NS 7.43 7.29 5.56 5.18 1.87 (33.6%) 2.11 (40.8%)
LR500m >75% >75% NS 6.93 6.78 5.58 5.29 1.34 (24.1%) 1.50 (28.3%)
LR1km NS NS NS 6.34 6.32 5.98 5.93 0.36 (6.0%) 0.39 (6.6%)
LR3km NS NS > 95% 6.48 6.47 6.51 6.65 -0.02 (-0.4%) -0.18 (-2.7%)

LR3-6km NS NS NA 6.43 6.42 6.33 6.33 0.10 (1.6%) 0.08 (1.3%)
LLMIX NS NS > 99% 12.04 11.94 11.63 11.42 0.41 (3.5%) 0.52 (4.5%)
PWAT NS NS NA 1.28 1.26 1.36 1.27 -0.07 (-5.3%) -0.01 (-0.7%)
FZL NS NS NA 3513.73 3477.15 3518.70 3436.55 -4.97 (-0.1%) 40.60 (1.2%)

WBZ NS NS NA 3158.99 3136.86 3186.55 3101.63 -27.56 (-0.9%) 35.23 (1.1%)
STP >99% >95% > 99% 1.80 1.89 0.66 0.78 1.14 (173.7%) 1.11 (142.8%)
SCP >99% >95% NA 7.49 8.06 2.99 3.78 4.51 (150.7%) 4.28 (113.0%)

SHERB >90% >75% NA 1.46 1.51 1.21 1.26 0.25 (20.6%) 0.25 (19.6%)
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Figure 3.3: Table showing all variables listed in Table 3.1 and their statistical signifi-
cance for RM tornadic vs. RM nontornadic. Each box is color-coded and labeled for
the significance value, where green is ≥ 75%, yellow is ≥ 90%, red is ≥ 95%, purple
is ≥ 99%, and white with a “NS” means no statistical significance. The percentage in
each box is the level of significance using ncases (refer to 4.24.2.5 for more detail). If the
percentage stating the level of significance is bold, that means there is statistical signif-
icance (≥ 95%) based on nsoundings. Column titles in white contain values for the entire
subset, and column titles in grey contain values just where the associated mesocyclone
has an AzShear ≥ 0.01 s−1. The “tornadic mean” and “nontornadic mean” is the mean
value for each variable for tornadic and nontornadic, respectively. The “difference in
means” column represents the tornadic mean minus the nontornadic mean with the
percentage difference of the difference in means in parentheses. Therefore, positive
values indicate that the tornadic value is larger, and negative values indicate that the
nontornadic value is larger. The bold outlined column in the middle is the significance
level for that variable from Coniglio and Parker (2020) for the right-moving supercells
in the Great Plains. The box is grey with “NA” in it if that variable is not included in
both this analysis and Coniglio and Parker (2020). The asterisk (*) next to the SRW
and GRW are placed because Coniglio and Parker (2020) used the SR and GR wind
speeds at that level in their study, whereas we used a layer-average, therefore it is not
a one to one comparison.

3.4.1 RM environments

The composite RM tornadic GR hodograph (Fig. 3.1a) shows the largest differ-

ences from the nontornadic (Fig. 3.1d) above 1 km. All measures of GRW show weak

significance, but GRW1km is significantly larger (and GRW3km for cases with AzShear

≥ 0.01 s−1) for tornadic (17.36 ms−1) than nontornadic (14.40 ms−1) RM environments

(Fig. 3.3). Others (e.g., Markowski et al., 2003; Nowotarski and Jensen, 2013; Coniglio

and Parker, 2020; Saba, 2024) have found that larger low-level GRW is a characteristic

of tornadic environments, similar to our findings. GRW did not show as much sig-

nificance when distinguishing between stronger and weaker mesocyclone environments

(Fig. 3.7).

The shear vector is longer for tornadic (Fig. 3.1a) than nontornadic (Fig. 3.1d)

in the upper-levels (above 6 km), but there are not significant differences in shear
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QLCS tornadic vs. 
QLCS nontornadic 

statistical 
significance

statistical 
significance 

(AzShear ≥ 0.01)
tornadic mean

tornadic mean 
(AzShear ≥ 0.01)

non-tornadic 
mean

non-tornadic 
mean       

(AzShear ≥ 0.01)

difference in 
means                   

(% difference) 

difference in 
means                    

(% difference)    
(AzShear ≥ 0.01)

SH100m NS NS 4.34 4.72 3.66 4.26 0.68 (18.7%) 0.45 (10.6%)
SH250m NS NS 9.12 9.17 7.67 8.89 1.45 (18.9%) 0.28 (3.1%)
SH500m >75% NS 14.27 14.99 11.96 13.80 2.31 (19.3%) 1.19 (8.6%)
SH1km >75% >75% 21.29 22.40 17.55 19.21 3.74 (21.3%) 3.19 (16.6%)
SH3km NS NS 26.81 27.03 23.95 24.98 2.85 (11.9%) 2.05 (8.2%)
SH6km NS NS 30.33 31.05 28.12 28.54 2.21 (7.9%) 2.51 (8.8%)

SH3-6km NS NS 8.96 8.89 8.90 9.01 0.06 (0.7%) -0.12 (-1.3%)
SH6-10km NS NS 13.51 13.60 12.48 12.48 1.03 (8.2%) 1.12 (9.0%)

SHeff NS NS 18.42 19.47 16.49 18.05 1.93 (11.7%) 1.41 (7.8%)
SRH100m NS NS 71.33 75.50 56.42 61.06 14.91 (26.4%) 14.43 (23.6%)
SRH250m NS NS 154.99 146.56 126.24 139.66 28.75 (22.8%) 6.89 (4.9%)
SRH500m NS NS 246.62 236.46 205.36 223.48 41.26 (20.1%) 12.98 (5.8%)
SRH1km NS NS 399.12 382.04 310.53 360.18 88.59 (28.5%) 21.86 (6.1%)
SRH3km NS NS 532.50 499.76 423.83 480.84 108.67 (25.6%) 18.92 (3.9%)
SRHeff >75% >75% 449.90 459.46 315.02 330.85 134.88 (42.8%) 128.61 (38.9%)

CRIT NS NS 64.98 61.70 55.70 60.28 9.28 (16.7%) 1.41 (2.3%)
SRW100m >95% >95% 22.56 22.44 18.89 18.99 3.67 (19.4%) 3.44 (18.1%)
SRW250m >95% >95% 22.27 21.92 18.20 18.48 4.07 (22.4%) 3.44 (18.6%)
SRW500m >95% >90% 21.78 21.28 17.33 17.77 4.45 (25.7%) 3.51 (19.7%)
SRW1km >95% >90% 20.59 20.16 16.01 16.47 4.58 (28.6%) 3.69 (22.4%)
SRW3km >75% NS 15.08 14.64 12.35 12.96 2.73 (22.1%) 1.67 (12.9%)
SRW6km >75% NS 14.03 13.75 11.34 12.43 2.68 (23.7%) 1.32 (10.6%)

SRW3km-6km >75% NS 15.57 15.40 12.65 13.64 2.92 (23.0%) 1.76 (12.9%)
SRW6km-10km NS NS 14.81 14.78 13.76 16.08 1.05 (7.7%) -1.29 (-8.0%)

GRW100m NS NS 8.71 8.17 7.63 7.56 1.08 (14.1%) 0.61 (8.0%)
GRW250m NS NS 11.17 10.62 9.69 10.03 1.47 (15.2%) 0.59 (5.9%)
GRW500m >75% NS 14.34 13.94 12.30 13.03 2.04 (16.6%) 0.91 (7.0%)
GRW1km >75% NS 18.70 18.68 15.93 16.95 2.77 (17.4%) 1.73 (10.2%)
GRW3km >75% NS 24.45 24.20 21.40 22.29 3.05 (14.2%) 1.91 (8.6%)
GRW6km >95% >90% 27.87 27.90 24.13 24.49 3.74 (15.5%) 3.41 (13.9%)

GRW3km-6km >95% >90% 33.17 33.23 28.46 29.12 4.71 (16.5%) 4.11 (14.1%)
GRW6km-10km NS NS 34.45 34.20 31.59 33.39 2.86 (9.0%) 0.81 (2.4%)

MLCAPE NS NS 326.69 309.69 430.03 541.21 -103.34 (-24.0%) -231.53 (-42.8%)
3CAPE NS NS 35.95 32.68 45.44 47.52 -9.49 (-20.9%) -14.84 (-31.2%)
6CAPE NS NS 255.88 235.09 237.18 249.86 18.71 (7.9%) -14.77 (-5.9%)
DCAPE NS NS 392.26 359.84 452.92 453.71 -60.65 (-13.4%) -93.87 (-20.7%)
MLCIN NS NS -35.99 -40.81 -44.13 -37.11 8.14 (-18.5%) -3.70 (10.0%)
MLLCL NS NS 836.67 820.86 941.95 853.34 -105.27 (-11.2%) -32.49 (-3.8%)

LR100m NS NS 6.44 6.13 4.11 2.43 2.33 (56.6%) 3.70 (152.2%)
LR250m NS NS 6.34 5.99 5.07 3.45 1.27 (25.0%) 2.54 (73.7%)
LR500m NS >75% 6.65 6.31 5.65 4.14 1.01 (17.8%) 2.17 (52.5%)
LR1km NS >75% 6.74 6.50 6.17 5.23 0.57 (9.3%) 1.26 (24.2%)
LR3km NS NS 6.29 6.21 6.42 6.24 -0.12 (-1.9%) -0.03 (-0.4%)

LR3-6km NS NS 6.08 6.18 6.18 6.16 -0.10 (-1.6%) 0.02 (0.4%)
LLMIX NS NS 11.88 11.76 11.51 12.03 0.37 (3.2%) -0.27 (-2.2%)
PWAT NS NS 1.31 1.29 1.32 1.39 -0.02 (-1.4%) -0.10 (-6.9%)
FZL NS NS 3623.34 3572.80 3538.27 3624.09 85.07 (2.4%) -51.29 (-1.4%)

WBZ NS NS 3296.92 3301.56 3219.32 3298.18 77.60 (2.4%) 3.37 (0.1%)
STP NS NS 1.20 1.23 1.04 1.18 0.15 (14.7%) 0.06 (5.0%)
SCP NS NS 6.03 7.54 4.98 6.04 1.05 (21.1%) 1.50 (24.8%)

SHERB >75% >75% 1.30 1.33 1.15 1.15 0.16 (13.8%) 0.18 (15.9%)

Figure 3.4: Table showing all variables listed in Table 3.1 and their statistical signifi-
cance as in Fig. 3.3 but for QLCS tornadic vs. QLCS nontornadic.

at those levels, or any level (Fig. 3.3). There is greater statistical importance in

shear below 3 km for different AzShear strengths. For example, SH500m is larger

(23.3%) for stronger mesocyclones (12.7 ms−1) than weaker mesocyclones (10.3 ms−1),
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Figure 3.5: Composite hodographs of (a, d) RM, (b, e) QLCS, and (c, f) RM+QLCS
storm modes for (a-c) weaker LL AzShear ≥ 0.002 s−1 and < 0.01 s−1 and (d-f) stronger
LL AzShear ≥ 0.01 s−1. The details of the hodograph composites are the same as in
Fig. 3.1.

with statistical significance at ≥ 90% (Fig. 3.7). Lower level shear such as SH100m,

SH250m, and SH500m do show greater % difference in the means between different

mesocyclone strengths than for tornadic vs. nontornadic mesocyclones. Despite shear

having a more consistent relationship to mesocyclone strength (i.e., rotational poten-

tial) than tornado potential, it is likely resultant of shear values not being supportive

of rotational potential. Overall, however, these cases all show relatively strong shear

without large statistical differences, likely because field project operations typically

occur when there is strong shear that would support tornadic environments. The dif-

ferences that do emerge between differing AzShear bins are more subtle compared to

the well-documented differences that separate tornadic (e.g., strong SRH and low LCL

heights) from nontornadic RMs.

The SR hodograph shows greater differences than the GR hodograph for tornadic

(Fig. 3.1a) and nontornadic (Fig. 3.1d) RMs, mostly due to significantly larger SRW

60



Figure 3.6: Composite skew-Ts of (a, d) RM, (b, e) QLCS, and (c, f) RM+QLCS storm
modes for (a-c) weaker LL AzShear ≥ 0.002 s−1 and < 0.01 s−1 and (d-f) stronger LL
AzShear ≥ 0.01 s−1. The details of the Skew-T composites are the same as in Fig. 3.2.

for tornadic RMs (Fig. 3.3). SRW statistically differentiates RM tornadic and nontor-

nadic environments for the SE field project soundings, as it does for GP field project

soundings (Coniglio and Parker, 2020, see comparison to their findings in Fig. 3.3).

SRW is significantly larger for all RM tornadic mesocyclones as well as for just strong

RM tornadic mesocyclones (i.e., those with AzShear ≥ 0.01 s−1). The percentage dif-

ference increases for successively deeper SRW layers where the tornadic mean SRW6km

(10.9 ms−1) is 49.7% higher than the nontornadic mean (7.3 ms−1). There is increasing

SRW with increasing mesocyclone strength (Fig. 3.5a,d) but differences are minor and

lack statistical significance (there is weak significance between mesocyclone strength

for SRW6km and SRW6km–10km, see Fig. 3.7). These findings suggest SRW has a

stronger relation to tornadic potential versus rotational potential.
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RM AzShear statistical 
significance 

AzShear ≥ 0.002 
and < 0.01 mean 
(weaker AzShear)

AzShear ≥ 0.01 
mean                

(stronger AzShear)

difference in 
means (% 

difference)     
(weaker - stronger)

SH100m NS 3.09 3.77 0.68 (22.1%)
SH250m >75% 6.18 7.66 1.47 (23.8%)
SH500m >90% 10.31 12.71 2.40 (23.3%)
SH1km >75% 15.76 18.31 2.55 (16.2%)
SH3km >75% 22.31 25.21 2.90 (13.0%)
SH6km NS 30.28 31.10 0.82 (2.7%)

SH3-6km NS 11.09 10.80 -0.29 (-2.6%)
SH6-10km NS 13.14 14.59 1.45 (11.0%)

SHeff NS 17.14 18.31 1.17 (6.8%)
SRH100m NS 39.92 44.63 4.70 (11.8%)
SRH250m NS 84.83 100.18 15.34 (18.1%)
SRH500m >75% 136.96 183.71 46.75 (34.1%)
SRH1km >75% 205.62 286.34 80.72 (39.3%)
SRH3km >75% 263.88 383.78 119.90 (45.4%)
SRHeff >75% 197.33 284.80 87.47 (44.3%)

CRIT >75% 49.15 58.88 9.73 (19.8%)
SRW100m NS 17.10 17.87 0.77 (4.5%)
SRW250m NS 16.54 17.57 1.03 (6.2%)
SRW500m NS 15.45 16.85 1.40 (9.1%)
SRW1km NS 13.36 15.24 1.88 (14.1%)
SRW3km NS 8.43 10.08 1.64 (19.5%)
SRW6km >75% 7.41 9.34 1.93 (26.0%)

SRW3km-6km NS 11.73 13.37 1.64 (14.0%)
SRW6km-10km >75% 16.60 19.40 2.80 (16.8%)

GRW100m NS 7.39 7.85 0.46 (6.3%)
GRW250m NS 9.09 9.98 0.89 (9.8%)
GRW500m >75% 11.20 12.63 1.44 (12.8%)
GRW1km >75% 14.09 16.05 1.96 (13.9%)
GRW3km NS 19.04 20.82 1.78 (9.4%)
GRW6km NS 22.63 24.23 1.60 (7.1%)

GRW3km-6km NS 28.98 30.48 1.50 (5.2%)
GRW6km-10km NS 33.66 35.91 2.24 (6.7%)

MLCAPE NS 623.41 692.45 69.04 (11.1%)
3CAPE NS 47.14 61.69 14.55 (30.9%)
6CAPE NS 349.23 393.96 44.74 (12.8%)
DCAPE NS 507.61 491.15 -16.46 (-3.2%)
MLCIN NS -41.19 -36.20 4.99 (-12.1%)
MLLCL NS 864.06 914.91 50.84 (5.9%)

LR100m NS 6.04 5.83 -0.22 (-3.6%)
LR250m NS 6.20 6.16 -0.04 (-0.7%)
LR500m NS 6.07 5.97 -0.10 (-1.6%)
LR1km NS 6.07 6.10 0.03 (0.4%)
LR3km NS 6.35 6.58 0.23 (3.6%)

LR3-6km NS 6.34 6.37 0.03 (0.4%)
LLMIX NS 11.95 11.66 -0.29 (-2.5%)
PWAT >75% 1.45 1.27 -0.18 (-12.3%)
FZL >75% 3636.73 3454.61 -182.12 (-5.0%)

WBZ >75% 3292.42 3116.16 -176.26 (-5.4%)
STP NS 0.81 1.17 0.36 (43.9%)
SCP >75% 3.43 5.39 1.97 (57.4%)

SHERB >75% 1.16 1.35 0.19 (15.4%)

Figure 3.7: Table showing all variables listed in Table 3.1 and their statistical sig-
nificance for RM with two different LL AzShear ranges, with those being “weaker”
(AzShear ≥ 0.002 s−1 and < 0.01 s−1) and “stronger” (AzShear ≥ 0.01 s−1). The
statistical significance color-coding and bolded values follow the same formulation as
in Fig. 3.3. The “difference in means” columns represents the “weaker” bin minus the
“stronger” bin, therefore, positive values indicate that the “weaker” bin has a larger
value, and negative values indicate that the “stronger” bin has a larger value.
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SRH1km, SRH3km, and SRHeff (for all mesocyclones and those with AzShear ≥

0.01 s−1) are significantly larger for tornadic RMs compared to nontornadic (Fig. 3.3).

Shallow, near-ground measures of SRH including SRH100m, SRH250m, and SRH500m

are larger for tornadic than nontornadic RMs, but not significantly larger—differing

from the GP (Coniglio and Parker, 2020). SRHeff does the best in differentiating

environments, with the percent difference in means for tornadic (373 m2s−2) and non-

tornadic (173 m2s−2) being 115% (Fig. 3.3). The SRH1km RM tornadic mean of

328 m2s−2 (357 m2s−2 for mesocyclones with AzShear ≥ 0.01 s−1) is very similar to

Anderson-Frey et al. (2019)’s findings of SRH1km of 334 m2s−2 for all SE tornado

events and 355 m2s−2 for HSLC SE tornado events, indicating that the samples ob-

tained by the field projects do not stray much from the larger distribution of low-level

shear for tornadic SE events.

Tornadic RMs have a CRIT closer than nontornadic RMs to 90◦, with a mean of

66◦ and 48◦ for the two populations, respectively (Fig. 3.3). The tornadic CRIT closer

to 90◦ indicates a larger streamwise vorticity component than crosswise component

below 500 m (Esterheld and Giuliano, 2008). CRIT increases with AzShear, but not

significantly (Fig. 3.7). Wade et al. (2018) and Parker (2014) found CRIT to be largely

different for tornadic and nontornadic storms (although the studies showed disparate

results on which category had CRIT closer to 90◦). Coniglio and Parker (2020) pointed

out that the distance and azimuth of the sounding from the storm could impact the

CRIT due to spatial variability in the inflow sector, and is part of the reason Wade

et al. (2018) and Parker (2014) find differences in CRIT. However, as in Coniglio and

Parker (2020), we do not find large differences in the distributions of distance and

azimuth between the tornadic and nontornadic subsets, ruling that out as a reason for

the CRIT differences.

All measures of CAPE are slightly larger for the nontornadic subset than the tor-
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nadic subset (Figs. 3.3 and 3.2a,d). This differs from the GP where larger CAPE

tends to coincide with tornadic environments, but the differences in our study are not

significant so we do not comment on this further. We did not compare between tor-

nado intensity because of an insufficient sample size, but Anderson-Frey et al. (2019)

found much larger CAPE for (E)F4+ tornadoes, but very little differences in MLCAPE

for (E)F0-(E)F3 tornadoes compared to nontornadic cases. These findings differ from

others who have found increasing MLCAPE with increasing severity (Rasmussen and

Blanchard, 1998; Thompson et al., 2003). However, MLLCL heights are lower (≥ 75%

significance level) for tornadic RM (and tornadic RM with AzShear ≥ 0.01 s−1), as in

the Great Plains (Coniglio and Parker, 2020) and in past literature (Rasmussen and

Blanchard, 1998; Thompson et al., 2003).

LR250m and LR500m both have weakly significantly steeper lapse rates for the

tornadic subset than the nontornadic (Fig. 3.3). Lapse rates over deeper layers (e.g.,

LR1km, LR3km, LR3–6km) have little difference in means between tornadic and non-

tornadic subsets. There is little to no difference in lapse rates with different AzShear

bins. Coffer et al. (2019) and Coniglio and Parker (2020) found LR3km was smaller for

tornadic supercells, and Coniglio and Parker (2020) mentioned the smaller lapse rates

for GP tornadic supercells might not hold for the SE. Steeper mean nontornadic lapse

rates are only seen for LR3km, and the difference is negligible (.02 ◦C km−1). There-

fore, their finding does not hold true in the SE. Lapse rates overall are approximately

1 ◦C km−1 lower in the SE than the GP, which is probably linked to overall greater

moisture content and/or more large-scale ascent associated with a greater occurrence

of kinematic cool-season systems.

Finally, for RMs with AzShear ≥ 0.01 s−1, the mean SCP is 3.4 for nontornadic and

5.4 for tornadic (150.7% increase), similar to the findings of Thompson (2023). STP

is higher for RM tornadic (1.17) than nontornadic (0.81), but it is worth noting how
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much smaller these values are in the SE compared to those Coniglio and Parker (2020)

found for the GP, where tornadic was 4.6 and nontornadic was 1.8. SHERB (Sherburn

and Parker, 2014), designed for HSLC environments, similarly has larger values for

tornadic RMs as STP and SCP do, but with a smaller percent difference in the means.

All the mentioned composite values show weak significant differences between tornadic

and nontornadic RMs.

3.4.2 QLCS environments

There are far fewer parameters of significance that distinguish QLCS tornadic

and nontornadic environments compared to RM environments (Fig. 3.4). The SR

hodographs show more variation than the GR counterparts, with significantly larger

low-level SRW (SRW100m, SRW350m, SRW500m, and SRW1km) for tornadic QLCS

environments (Fig. 3.1b and Fig. 3.4). The percent difference in means between tor-

nadic and nontornadic environments is largest for SRW1km, which is 28.6% higher

(SRW100m) for tornadic QLCS environments (Fig. 3.4). For mesovortices with AzS-

hear ≥ 0.01 s−1, only the lowest levels of SRW (SRW100m and SRW250m) show sig-

nificance between tornadic and nontornadic (Fig. 3.4). SRW6km and SRW6km–10km

is significantly larger for stronger mesocyclones than weaker mesocyclones (Fig. 3.8).

This implies that low-level SRW could be more important for tornadic potential and

upper level may be more important for rotational potential. SRH, at all levels, shows

greater significance between weaker vs. stronger AzShear than tornadic vs. nontor-

nadic for QLCS environments. Again, this links SRH importance to be closer tied to

rotational potential vs. tornadic potential. However, there are many more significant

parameters when comparing weak and strong AzShear for QLCS mesovortices (Fig.

3.8), which could be due to a smaller sample size compared to other statistical anal-

ysis. Therefore, we do suggest further testing of our findings relating to rotational
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potential for QLCS mesovortices.

The SRH1km mean for tornadic QLCS environments is 399 m2s−2, which is higher

than the 341–372 m2s−2 (depending on CAPE) that Anderson-Frey et al. (2019) found.

This discrepancy is likely due to their use of estimated storm motion (to be explored

later), but could also be due to our dataset being on the higher end of low-level shear

present in SE environments. These findings are based solely on the motion of the

mesocyclone, not the system (i.e., the QLCS) as a whole or the motion of reflectiv-

ity cores embedded in the system, so the increased SRW could be a result of the

deviant motion of localized surges in the line. However, we recognize the motion of

the mesocyclone rather than the associated line segment likely does not give us the

whole picture. Further work would be needed to explore how in a line-relative, or

system-relative framework, the flow towards the mesocyclone varies for tornadic and

nontornadic mesocyclones.

The SRW difference in means between tornadic and nontornadic environments is

less for QLCS mesovortices with AzShear ≥ 0.01 s−1 than all QLCS mesovortices, but

not drastically less (e.g., SRW1km 22.4% vs. 28.6%, respectively) (Fig. 3.4). However,

the difference in means for SRH is much lower for mesovortices with AzShear ≥ 0.01

s−1 compared to all mesovortices, especially above 1 km (e.g., SRH1km vs. 6.1%

vs. 28.5%, respectively) (Fig. 3.4). Simply put, the difference in values of deeper-

layer SRH between tornadic and nontornadic QLCS mesovortices is minimal when

only considering strong mesovortices, but large differences in SRW values between

tornadic and nontornadic mesovortices is still present when only considering strong

mesovortices. This means that SRW appears to have a stronger relationship to QLCS

tornadic potential, and SRH (especially above 1 km) has a stronger relationship to

rotational potential.

All layers of GRW above 500 m show weak significance between between weaker and
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stronger mesocyclones (Fig. 3.8), where all percent differences are ≥ 9.9% higher for

stronger AzShear mesocyclones. GRW6km and GRW3–6km are significantly larger for

tornadic and nontornadic environments (Fig. 3.8). Shear parameters only show signifi-

cance for stronger mesovortices vs. weaker (Fig. 3.8), not for tornadic vs. nontornadic

(Fig. 3.4) (there is weak significance for tornadic to have larger shear for SH500m

and SH1km). This points towards upper-level shear being important for mesocyclone

strength in QLCS as it seemingly was for RM.

While not significant, buoyancy measures (MLCAPE and 3CAPE) are larger for

nontornadic environments (Figs. 3.2e and 3.4) than tornadic (Figs. 3.2b and 3.4)

environments, which is consistent with the findings of Thompson et al. (2012, see their

Fig. 5 and Table 3). The differences are much less between stronger and weaker

mesocyclones (Fig. 3.8). Similarly, low-level lapse rates (LR100m, LR250m, LR500m,

LR1km) are insignificantly steeper for tornadic environments, but above 3 km (LR3km

and LR3-6km) are insignificantly steeper for nontornadic environments (Fig. 3.4). It

therefore seems like steeper lapse are not necessarily characteristic of tornadic QLCS

environments in the SE, and a range of low-level thermodynamic profiles can still

support tornadic mesovortices.

3.4.3 RM+QLCS environments

While statistics were not computed for RM+QLCS environments due to a limited

sample size (especially for ncases), there are some interesting features in the RM+QLCS

tornadic vs. nontornadic mesocyclones (Fig. 3.1c,f and 3.2c,f) and RM+QLCS stronger

vs. weaker AzShear mesocyclones (Fig. 3.5c,f and 3.6c,f). The tornadic RM+QLCS

composite hodograph has larger low-level shear and curvature and appears closer in

shape to the QLCS tornadic hodograph than the RM. The nontornadic (Fig. 3.1f), as

well as the weaker AzShear composite hodograph (Fig. 3.5f) have the 3–10 km shear
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vector pointing almost directly perpendicular to the storm motion, which is character-

istically different from any other composite hodograph in the analysis. While we can

not draw definite conclusions from the RM+QLCS composites, they do represent envi-

ronments where QLCS dynamics may be impacting the evolution and hazard potential

of RMs.

3.4.4 Storm motion impact on environments supporting both

tornadic and nontornadic mesocyclones

We find storm-relative parameters often show the most significant differences be-

tween tornadic and nontornadic mesocyclones leading us to hypothesize that differing

storm motions are the main differentiator between a tornadic and a nontornadic meso-

cyclone in a similar environment (i.e., a tornadic environment since there is a tornadic

mesocyclone). To further explore this hypothesis, we composite all soundings that are

in the inflow sector of at least one of both a tornadic and a nontornadic mesocyclone for

RM (Fig. 3.9a) and QLCS (Fig. 3.9b). Composite SR hodographs are generated for all

mesocyclones (black hodographs in Fig. 3.9), tornadic mesocyclones (red hodographs in

Fig. 3.9), and nontornadic mesocyclones (blue hodographs in Fig. 3.9), drawn from the

same number of GR soundings. We evaluate any resulting storm-relative differences be-

tween the three composite hodographs. There are negligible differences in mean storm

motion and minimal differences in the RM hodograph shape with the only visually

apparent difference being between 3–6 km. For QLCS, the tornadic storms do have

a larger storm motion and thus larger low-level SRW, however, these differences are

relatively minor. There are no statistically significant differences between tornadic and

nontornadic mesocyclones in the same tornadic environment resulting from differences

in storm motion for RM or QLCS. This finding tells us that the significant differences
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in SRW and other storm-relative parameters between tornadic and nontornadic envi-

ronments are not there when comparing tornadic vs. nontornadic mesocyclones both

in similar tornadic environments. Therefore, these storm-relative parameters may not

dictate tornadogenesis.

3.5 Environmental parameter dependence on storm

motion

3.5.1 RM storm motion

Despite the lack of difference in mean storm motion between tornadic and non-

tornadic mesocyclones in similar environments, the use of observed storm motions do

impact storm-relative parameters. We hypothesize that some differences in our findings

from prior literature are due to our use of observed storm motion, motivating quan-

tification of the differences between the Bunkers right-moving estimated storm motion

(hereafter, “Bunkers”) and observed storm motions. The differences between the mean

wind (i.e., GRW6km) and observed storm motion (Fig. 3.10a,c,e) as well as between

Bunkers and observed storm motion (Fig. 3.10b,d,f) for tornadic and nontornadic RMs

are shown in Fig. 3.10. This subsection focuses on RMs (“all RM”) (Fig. 3.10a-b), but

RMs are subset by those that have linear characteristics (“linear RM”) (Fig. 3.10c-d)

and those that do not have linear characteristics (“non-linear RM”) (Fig. 3.10e-f). See

the caption of Fig. 3.10 for modes included in each subset. Fig. 3.10 is plotted in

storm-motion-relative space, where u′ and v′ indicate observed motion perpendicular

and parallel to the reference motion (either the mean wind or Bunkers), respectively.

Observed storm motions are to the right of and slower than the mean wind for

both tornadic and nontornadic mesocyclones in all three groups: RMs (Fig. 3.10a),
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non-linear RMs (Fig. 3.10b), and linear RMs (Fig. 3.10c). This mean-wind-relative

deviance is expected given updraft interactions with the generally westerly shear pro-

files (populating the upper right quadrant of the hodograph) (e.g., Davies-Jones, 1984)

and our focus on mature portions of the storm lifecycles as opposed to earlier periods

(e.g., Flournoy et al., 2021).

We find observation motions are slower (i.e., v′ is negative) for both tornadic and

nontornadic samples, differing from Coniglio and Parker (2020) and Coffer et al. (2025)

who found faster observed motions compared to Bunkers. The tornadic sample deviates

more right of Bunkers (i.e., u′ is larger) than the nontornadic sample in the three subsets

(Fig. 3.10b,d,f). The non-linear (linear) RM mean u′ is -0.12 ms−1 (11.12 ms−1) for

tornadic and -6.80 ms−1 (1.78 ms−1) for nontornadic (Fig. 3.10e,f), implying linear

RM generally deviate more right of Bunkers than non-linear RMs. For non-linear RMs

(Fig. 3.10e), noting that nontornadic storms are typically left of Bunkers and tornadic

storms are right of Bunkers in the GP (Bunkers, 2018; Coniglio and Parker, 2020;

Flournoy et al., 2021; Coffer et al., 2025) could be useful for forecasting in the SE.

The timing of the initial rightward turn of RMs in relation to tornado occurrence (i.e.,

pre- or post-tornado) is an important consideration, as Flournoy et al. (2021) found

tornadic supercells deviated more to the right of Bunkers than nontornadic after the

initial right turn. We were not able to quantify if deviance was greater in pre- or

post-tornadic phases due to insufficient sample sizes. Deviance can also be dependent

on the timescale over which storm motion is calculated (Coniglio and Parker, 2020)

and is worth further exploration in the SE, but would require additional storm motion

calculations than used herein, which is beyond the scope of this study.
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3.5.2 QLCS storm motion

Our findings of larger storm-relative winds for tornadic QLCSs differ widely from

those in the literature (Thompson et al., 2012; Anderson-Frey et al., 2019), likely due

to our use of observed storm motion rather than Bunkers. When there is high SRH

and strong clockwise low-level hodograph curvature, Bunkers largely underestimates

SRH because of the importance of linear forcing and storm propagation in those su-

percell cases (Bunkers, 2018)—one of the many reasons Bunkers is not used for QLCS

mesocyclone motion. We compared to Bunkers here though for consistency with the

RM analysis and for context of our results with previous literature.

QLCS tornadic mesovortices deviate to the right of (≥ 75% confidence interval) and

have slower speeds than the mean wind compared to nontornadic ones (Fig. 3.11a).

QLCS tornadic mesovortices also deviate more to the right of Bunkers (Fig. 3.11b)

than nontornadic mesovortices. The difference in u′ from the mean wind is much larger

for QLCSs (Fig. 3.11a) than RMs for both the tornadic and nontornadic subsets. The

bearing-relative deviance from Bunkers is positive for both tornadic (u′ of 10.88 ms−1)

and nontornadic (u′ of 5.79 ms−1), unlike for non-linear RM where only tornadic storms

deviated right of Bunkers (Fig. 3.10e). The larger u′ for QLCSs is likely due to the

mean wind being less representative of the advection on the mesovortex motion due to

their shallow nature (similar to what Flournoy et al. (2021) found for the initial phase

in supercells). There is large spread in v′ for both the deviance from the mean wind

(Fig. 3.11a) in the tornadic and nontornadic subsets and from Bunkers (Fig. 3.11b) in

the tornadic subset. Due to the large spread, it is difficult to draw further conclusions

about differences between tornadic and nontornadic mesovortex speeds.
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3.6 Discussion

Understanding the physical process(es) that lead to increased SRW for tornadic

mesocyclones is important if SRW could aid forecasting efforts (e.g., monitoring deviant

motions of modeled or ongoing storms). Coniglio and Parker (2020) attributes the

stronger SRW for RM tornadic storms in the GP to larger GRW and larger deviant

storm motions. In our dataset, larger deviant storm motions seem to play a larger role

rather than GRW (though the role of GRWs cannot be discounted). Therefore, the

key to understanding why larger SRW exists for SE tornadic environments is likely tied

to understanding what causes more deviant storm motions in the first place. Coniglio

and Parker (2020) states that strong SRW (due to increased deviant motion) could be

increasing tornado potential by contributing to a stronger, wider updraft (Peters et al.,

2020) and/or hydrometeor size sorting (Brooks et al., 1994; Kumjian and Ryzhkov,

2012) that leads to less undercutting of the mesocyclone by cold air or a more favorable

inflow-outflow balance that helps vertically align the low- and mid-level mesocyclones.

That leads us to ask: what is the cause of larger storm relative winds? Is it something

we can forecast? Which factors mentioned by Coniglio and Parker (2020) could the

increased SRW be contributing to factors that increases tornado probability?

Trapp et al. (2017) found increased near-surface vertical vorticity (and stronger

mesocyclones) associated with increasing updraft width in various sheared environ-

ments. While large SRW is one of the main contributors to increased updraft width,

many works succeeding Trapp et al. (2017) have found no link between near-surface

vertical vorticity and increased updraft width (Coffer and Markowski, 2018; Fischer

and Dahl, 2020; Goldacker and Parker, 2021). Sessa and Trapp (2023) also found

mesocyclone width and mesocyclone intensity did not discriminate between tornadic

and nontornadic storms. Brown and Nowotarski (2019) found the intensification of
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near-ground rotation (i.e., increased tornado potential) is a function of mesocyclone

alignment rather than mesocyclone strength. Alignment is a function of the low-level

wind profile, which then influences the magnitude of SRW opposing the gust front

(Brown and Nowotarski, 2019).

The “ZDR arc” (i.e., increased ZDR values along the forward-flank reflectivity gra-

dient) (Kumjian and Ryzhkov, 2008) and “KDP foot” (i.e., increased KDP values col-

located with the precipitation core) (Romine et al., 2008) are often separated due to

hydrometeor size sorting (Kumjian and Ryzhkov, 2009; Dawson et al., 2014; Loeffler

and Kumjian, 2018). Crowe et al. (2012) found larger separation for tornadic storms

over nontornadic (Crowe et al., 2012) in the SE, and Loeffler and Kumjian (2020) found

the distance and direction of the separation is correlated to the SRW in the sorting

layer (i.e., layer where SRW are strong enough to advect hydrometeors). Very strong

mid-level SRW (i.e., what is seen commonly in SE tornadic environments) decreases

the amount of rain downstream of the updraft in the forward flank, which leads to

less intense outflow and a slow to develop low-level mesocyclone (less susceptible to

undercutting; Brooks et al., 1994).

Cold pool intensity is also controlled the evaporation of rain (Mallinson and Lasher-

Trapp, 2019), which decreases in environments with low LCL heights (Brown and

Nowotarski, 2019), which in turn lead to less negatively buoyant outflow which is more

favorable for ingestion into the updraft via low-level dynamic accelerations. Too strong

a cold pool can cause displacement of the near-surface rotation away from the strongest

dynamic lifting (Markowski and Richardson, 2014) due to a tilted updraft (Guarriello

et al., 2018), further emphasizing the importance of alignment. It is possible the

SRW and their control on hydrometeors have a large impact on the development and

strength cold pools in the SE compared to other cold-pool generation processes (e.g.,

melting of hail; Snook and Xue, 2008). Meaning, the SRW impact on mesocyclone
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alignment could greatly influence tornado potential. This is only a hypothesis and

warrants further exploration on what processes in the SE are most controlling of cold

pools, and ultimately updraft alignment, as this might hold clues to tornadic potential.

For example, if SRW is larger in the sorting layer, or the sorting layer is deeper in the

SE (which would be possible due to strong SRW at all layers) compared to the GP,

that would be another indicator that SRW might have more control on cold pool

development in the SE. Given our findings of increased SRW in all layers for tornadic

storms, this finding supports our emphasis on the importance of size sorting in the SE.

3.7 Summary and conclusions

The overarching motivation for this work was to explore the climatology of SE

convective environments, which has not received nearly as much attention as environ-

ments in the Great Plains. The goal was to develop a climatology that is useful as a

baseline for understanding the tornadic potential of convection within an environment

typical of the SE compared to other parts of the U.S. To address this goal, we created a

database of quality-controlled radiosonde observations (soundings) over 39 cases from

the VORTEX-SE, Meso18-19, and PERiLS field campaigns to evaluate environments

of different storm modes, strengths, and tornado production in the Southeast US.

Mesocyclones (including mesovortices) within 100 km of each sounding were identified

and assigned a storm mode based on Smith et al. (2012). Mesocyclone motion, any

associated tornadoes, the distance and azimuth from the sounding, and mesocyclone

MRMS AzShear were recorded. Soundings were then composited based on a variety of

information such as storm mode and tornadic potential and compared to find consis-

tent differences in their environments. The largest differences in environments between

modes were found when combining all linear modes and right mover modes into two
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generalized storm mode categories we referred to as “QLCSs” and “RMs”. Within

these two modes, environmental differences for tornadic potential and varying meso-

cyclone strength were explored. Since storm-relative variables showed significance and

often Bunkers is used in forecasting, we explored the differences between the two storm

motions. Our key findings are summarized as follows:

• The environmental differences across the six storm mode major classifications

were far less evident than the differences found among tornadic vs. nontornadic

storms, which means tornadic potential could have greater predictability via en-

vironmental characteristics leading up to an event than storm mode. Therefore, a

forecaster’s confidence in tornadic potential should not be hindered by confidence

in storm mode.

• There is greater separation between tornadic and nontornadic environments in

the GP than the SE. Many variables considered on the low end of favorable for

the GP are actually the mean of the tornadic sample for the SE (e.g., STP, SCP,

lapse rates, etc.). Most studies creating parameter-based climatologies are biased

to the GP, and using those values in forecasting could lead to an biased estimation

of tornadic potential in SE environments.

• Few stark thermodynamic differences exist between RM and QLCS tornadic vs.

nontornadic environments in the SE. Differences in thermodynamic parameters

show insignificant or only weakly significant differences between tornadic and

nontornadic mesocyclones. The kinematic parameters are much more statisti-

cally meaningful for both RM and QLCS in differentiating both tornadic vs.

nontornadic and stronger vs. weaker mesocyclones.

• The most significant kinematic difference between tornadic and nontornadic RM

and QLCS environments is the larger SRW for tornadic environments. SRW is
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still significantly larger for tornadic mesocyclones than nontornadic when only

comparing strong, mature mesocyclones (e.g., those with AzShear ≥ 0.01 s−1).

This emphasizes the importance of observed storm motion in identifying storm-

relative parameters for forecasting. However, for tornadic environment where

both a tornadic and nontornadic mesocyclone(s) is present, we found no signifi-

cant differences between the mean storm motion of the tornadic mesocyclone and

nontornadic mesocyclone. This finding indicates that there is more to tornadoge-

nesis potential than storm-relative parameters, as the significant differences found

between tornadic environments and nontornadic environments is not found when

comparing tornadic and nontornadic mesocyclones both present in similar tor-

nadic environments.

• Deeper-layer GRW was also a significant differentiator of tornadic and nontor-

nadic RM environments as in Coniglio and Parker (2020) and Saba (2024). How-

ever, the parameters showing the largest (however, only weakly significant) kine-

matic differences in environments supporting varying mesocyclone strengths for

RMs (in addition to SRW) were SRH above 500 m, GRW500m, GRW1km, and

various shear parameters (SH250m, SH500m, SH1km, SH3km). These results led

us to consider the impacts storm-motion (and storm-motion dependent variables)

have on tornado potential, and the impact other variables (e.g., GRW or shear)

have on potential mesocyclone strength.

• Tornadic RMs deviate significantly right of Bunkers compared to the nontor-

nadic storms, which typically deviate left of Bunkers. There is still uncertainty

in the use of deviance from Bunkers for predictability because tornadic classifi-

cation in our dataset ranges from 40 minutes pre-tornadogenesis to 90 minutes

post-tornado. This uncertainty could be addressed through additional subsetting
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(e.g., time before or after tornado). While conclusions were not drawn from this

analysis due to a limited sample size, the “pre-tornadic” period (40 to 10 min-

utes prior to tornadogenesis) does not greatly differentiate from the entire RM

tornadic subset in 1) deviance from Bunkers and 2) hodograph shape. Thus, the

signal seen in the entire tornadic subset is likely also present in the pre-tornadic

period and could be useful for tornado prediction.

• Coniglio and Jewell (2022) and Coffer et al. (2025) found that when using ob-

served storm motions instead of motions estimated from the background wind

field, the magnitude of differences in SRW between tornadic and nontornadic

samples increases. This yields increased importance of deeper-layer SRH. Our

findings support this, as across many subsets, deeper-layer SRH (e.g., 0–1 km in

depth and above) showed significance where shallower layers did not. Therefore,

similar to how our understanding in the GP has evolved, it seems that deeper

layers of SRH exhibit more skill in discriminating RM tornadic vs. nontornadic

environments in the SE than shallower layers of SRH.

The significance of storm-relative variables in distinguishing tornadic and nontor-

nadic environments explain how small-scale storm and environmental evolution can

impact the outcome(s) of different storms in similar environments. Our study shows a

snapshot in time, and does not explore the environmental evolution (e.g., rapid desta-

bilization) that often occurs prior to severe convection in the SE (King et al., 2017; Lin

et al., 2023). It would be worthwhile for future work to explore how the most signifi-

cant variables found herein (e.g., SRW) evolve preceding tornadogenesis and how the

evolution changes with varying deviance from Bunkers storm motion. With a larger

mesocyclone dataset than we have herein, it would be of interest to bin mesocyclones

by AzShear (or rotational velocity) strength and within each AzShear bin subset by
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tornadic and nontornadic mesocyclones (and subset by pre- and post-tornadic meso-

cyclones) to further explore if the storm-relative variables are still most significant in

differentiating tornadic potential for different ranges of mesocyclone strengths. An

analysis of this kind could give us information on how much tornadic potential can

be predicted via storm-relative variables for a given mesocyclone strength (or if meso-

cyclone strength is relevant for tornado predictability). Objective methods for storm

mode classification (like those of Potvin et al. (2010)) could help increase dataset size,

and lead to larger, more complete climatologies across different regions, environments,

seasons—all of which could lead to improvement of our understanding of what possible

behaviors and range of outcomes we can infer from a storm’s mode and mesocyclone

strength.
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QLCS AzShear statistical 
significance 

AzShear ≥ 0.002 
and < 0.01 mean 
(weaker AzShear)

AzShear ≥ 0.01 
mean                

(stronger AzShear)

difference in 
means (% 

difference)     
(weaker - stronger)

SH100m >75% 2.96 4.50 1.53 (51.8%)
SH250m >90% 6.42 9.31 2.90 (45.2%)
SH500m >95% 9.91 14.62 4.71 (47.6%)
SH1km >99% 15.56 21.15 5.59 (35.9%)
SH3km >75% 22.74 26.42 3.68 (16.2%)
SH6km NS 27.05 30.11 3.06 (11.3%)

SH3-6km NS 8.48 9.25 0.76 (9.0%)
SH6-10km NS 12.97 12.60 -0.36 (-2.8%)

SHeff >75% 14.50 18.84 4.34 (29.9%)
SRH100m >75% 40.55 69.47 28.92 (71.3%)
SRH250m >90% 90.06 149.31 59.25 (65.8%)
SRH500m >90% 144.25 238.74 94.48 (65.5%)
SRH1km >95% 216.19 390.22 174.03 (80.5%)
SRH3km >75% 328.81 531.34 202.53 (61.6%)
SRHeff >90% 217.47 389.78 172.31 (79.2%)

CRIT >75% 51.16 61.83 10.67 (20.9%)
SRW100m NS 18.76 20.28 1.51 (8.1%)
SRW250m >75% 17.96 19.86 1.90 (10.6%)
SRW500m >75% 16.94 19.44 2.50 (14.8%)
SRW1km >90% 15.39 18.46 3.07 (20.0%)
SRW3km >90% 10.72 13.96 3.24 (30.3%)
SRW6km >95% 8.87 13.04 4.17 (47.1%)

SRW3km-6km >95% 11.07 14.75 3.68 (33.3%)
SRW6km-10km >90% 10.24 16.39 6.15 (60.1%)

GRW100m NS 8.08 8.06 -0.02 (-0.3%)
GRW250m NS 9.80 10.57 0.77 (7.8%)
GRW500m >75% 11.97 13.78 1.81 (15.2%)
GRW1km >90% 15.17 18.15 2.97 (19.6%)
GRW3km >75% 20.68 23.68 3.00 (14.5%)
GRW6km >75% 23.88 26.25 2.37 (9.9%)

GRW3km-6km >75% 28.19 31.27 3.08 (10.9%)
GRW6km-10km >75% 29.47 34.52 5.05 (17.1%)

MLCAPE NS 338.46 453.50 115.03 (34.0%)
3CAPE NS 42.90 41.49 -1.41 (-3.3%)
6CAPE NS 243.63 242.97 -0.66 (-0.3%)
DCAPE NS 459.02 408.96 -50.06 (-10.9%)
MLCIN NS -44.67 -38.59 6.08 (-13.6%)
MLLCL >90% 1007.19 832.50 -174.69 (-17.3%)

LR100m NS 6.17 4.32 -1.85 (-30.0%)
LR250m >75% 6.96 4.73 -2.23 (-32.0%)
LR500m >75% 7.30 5.28 -2.02 (-27.7%)
LR1km >75% 7.20 5.90 -1.30 (-18.1%)
LR3km NS 6.59 6.23 -0.36 (-5.4%)

LR3-6km NS 6.18 6.13 -0.05 (-0.8%)
LLMIX NS 11.26 11.90 0.64 (5.7%)
PWAT NS 1.28 1.34 0.06 (5.0%)
FZL NS 3521.08 3603.05 81.97 (2.3%)

WBZ NS 3170.86 3300.12 129.25 (4.1%)
STP NS 0.83 1.27 0.44 (53.5%)
SCP >75% 3.63 6.61 2.97 (81.9%)

SHERB NS 1.15 1.24 0.08 (7.1%)

Figure 3.8: Table showing all variables listed in Table 3.1 and their statistical signifi-
cance as in Fig. 3.7 but for QLCS.
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Figure 3.9: Composite SR hodographs of (a) RM and (b) QLCS environments where
both a tornadic and nontornadic mesocyclone are present in the inflow of the sound-
ing. The RM and QLCS mode classifications are the same as in Fig. 3.1. The solid
black line “all” is the composite SR hodograph using all mesocyclones present in the
mixed tornadic and nontornadic environment. The blue hodograph is created using
the nontornadic mesocyclones and the red hodograph is for the tornadic mesocyclones.
The colored dots to represent the height levels are the same as in Fig.3.1 and shown
in the legend, with all mesocyclones having a black outline, tornadic having a red
outline, and nontornadic having a blue outline. The mean storm motion (SM) is plot-
ted on the hodograph with a star and color coded as the hodographs are. The ncases

and nsoundings (GR) will remain the same, as each sounding is required to have both a
tornadic and nontornadic mesocyclone. The nsoundings (SR) varies because there may
be multiple tornadic and/or nontornadic mesocyclones associated with one sounding.
The SR nsoundings included in the tornadic composite is shown in red and the nsoundings

included in the nontornadic composite is shown in blue.
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Figure 3.10: Kernel Density Estimation plots of tornadic (reds with no fill) and nontor-
nadic (color-filled blues) observed storm motion deviation from the a,c,e) mean wind
(GRW6km) and from b,d,f) Bunkers right storm motion for a,b) all RMs, c,d) non-
linear RMs (modes 4-1, 4-2, 5-1, and 5-2 in Fig. 2.2) and e,f) linear RMs (modes 2-2,
4-3, and 5-3 in Fig. 2.2). The x-axis is the deviation in v (v′) and the y-axis is the
deviation in u (u′), therefore, points within the upper (lower) quadrants have a faster
(slower) observed storm motion than the mean wind or Bunkers, and points in the
left (right) quadrants have a more leftward (rightward) observed storm motion than
the mean wind or Bunkers. The values for nsoundings and ncases for tornadic (red) and
nontornadic (blue) are in the top right quadrant of each subplot. In the bottom right
quadrant is the mean value for u′ and v′ in red for tornadic and blue for nontornadic.
The value in parentheses is the significance of u′ and v′ between the tornadic and
nontornadic subsets using ncases.
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Figure 3.11: KDE plots of tornadic (reds with no fill) and nontornadic (color-filled
blues) observed storm motion deviation from the a) mean wind (SH6km) and from b)
Bunkers right storm motion for all QLCS modes (modes 1-1, 1-2, and 2-1, see Fig.
2.2). The other aspects of the plot are the same as the panels described in Fig. 3.10.
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Chapter 4

Comparison of Model Sounding

Profiles to Field-Project Soundings

in the Southeast United States:

Implications for Southeast U.S.

Environmental Studies
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4.1 Introduction

Soundings, whether observed of model-derived, are a valuable tool for assessing

severe weather potential via environmental conditions. Historically, observed sound-

ings are routinely launched at 0000 and 1200 UTC daily from select National Weather

Service (NWS) locations, although many sites in the Great Plains and Intermountain

West now launch at 1800 UTC instead of 1200 UTC. Special soundings are possible

if hazardous weather is expected. During intensive operating periods (IOPs) of field

projects, additional soundings are launched for research purposes, but are also dissem-

inated to operational forecasters. However, the vast majority of convective storms are

not sampled by routine or special (NWS or research) soundings. Thus, forecasters rely

on gridded analyses from numerical weather prediction models to diagnose the ambi-

ent environment. Sounding profiles generated from gridded analyses allow for more

detailed temporal and spatial diagnosis of the environment. For a model to run within

reasonable bounds of computational expense and time, assumptions and approxima-

tions must be made about atmospheric processes that are not fully understood. Many

of these assumptions are tied to different boundary layer, microphysics, and radiation

parameterization schemes unique to the model, which have shown sensitivity in the

SE (e.g., Cohen et al., 2017). Understanding potential systematic and case-dependent

biases of the various parameterization schemes provides context to forecasters when in-

corporating model output into the forecast process. This study uses field observations

to quantify environmental characteristics during severe weather events; but given their

temporal and spatial confines, we evaluate output from higher-resolution model analy-

ses that forecasters might incorporate into storm-scale prediction: the Storm Prediction

Center (SPC) mesoscale surface objective analysis (SFCOA; Bothwell et al., 2022) and

High-Resolution Rapid Refresh (HRRR; Dowell et al., 2022) forecast model.
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The RAP/RUC (will refer to it solely as “RAP” hereafter) is an analysis and forecast

system frequently used in operations. The RAP assimilates available observations

(e.g., NWS rawinsonde observations (RAOB), surface station, and aircraft) to generate

hourly analyses of current environmental conditions and short-term forecasts (21-51

hours). RAP soundings have previously been used to create tornadic vs. nontornadic

storm, storm mode, or storm report-based environmental climatologies (Thompson

et al., 2003, 2012; Grams et al., 2012; Smith et al., 2012; Coffer et al., 2019). SFCOA

assimilates observations and replaces the RAP 2-m temperature, humidity, and wind,

and the 10–m wind with current surface observations via a two-pass Barnes analysis.

Given that SFCOA is essentially the RAP with a more realistic depiction of surface

conditions, SFCOA has been found to produce smaller mean errors in commonly used

forecast parameters (Coniglio, 2012). However, SFCOA near-ground winds have been

found to be too slow compared to observations, which can bias calculations of forecast

parameters such as storm-relative helicity (SRH) (Coffer et al., 2019). In this study,

we focus on SFCOA analyses to diagnose severe environments in the SE.

The HRRR is a convection-allowing model (CAM) run every hour, resulting in

analyses every hour. The frequent HRRR cycles are a useful tool for forecasters in

fast-evolving environments. The convection-allowing nature of the HRRR allows for

the HRRR to capture small-scale storm-induced environmental modification (Coffer

et al., 2025), whereas SFCOA cannot. However, profiles extracted for the HRRR can

be convectively contaminated, so caution must be taken to ensure profiles represent

the ambient environment. Primarily, the HRRR is used as an operational forecasting

tool. Few environmental climatologies use the HRRR (Katona et al., 2016; Coffer

et al., 2025), but the findings of Coffer et al. (2025) make it an appealing alternative

to RAP/SFCOA based climatologies.

Both Coniglio and Jewell (2022) and Coffer et al. (2025) used large supercell
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datasets to explore potential biases in soundings from gridded analyses, the down-

stream impacts on environmental parameter calculations, and skillfulness of some of

the more commonly used parameters. Coniglio and Jewell (2022) used a Great Plains

field project sounding dataset (Coniglio and Jewell, 2022) to compare observed pro-

files to SFCOA profiles. The dataset featured 902 observed soundings launched in the

vicinity of 216 different supercells on 109 unique days. Coffer et al. (2025) used a larger

supercell dataset (n = 6397/8637 nontornadic, 764/9114 weakly tornadic, and 255/1890

significantly tornadic supercells, for HRRR/SFCOA, respectively) spanning the entire

U.S., obtained via objective tracking using the GridRad-Severe dataset (Murphy et al.,

2023), to compare SFCOA and HRRR profiles. Despite including supercells outside of

the Great Plains, Coffer et al. (2025) mentioned their sample (especially for nontor-

nadic supercells) could be lacking in SE cases due to a weakness of the GridRad storm

tracking algorithm in capturing low-topped supercells. As a result, how applicable

the environmental analyses from these two studies are to SE convective environments

remains an open question. This is a primary motivation for this study.

Creation of a database of observed field-project and National Weather Service

(NWS) soundings from Southeast-focused field projects is detailed in Chapter 2. The

database includes 2497 soundings from 39 different events in the SE during field cam-

paigns from 2016–2023. We use this dataset to compare observed sounding profiles to

both SFCOA and HRRR profiles. We also compare environments for both RMs and

QLCSs, rather than just RMs as in Coniglio and Jewell (2022) and Coffer et al. (2025).

A primary finding in Chapter 3 was that tornadic storms were characterized by sig-

nificantly higher SRW than nontornadic ones, regardless of storm mode—corroborating

Coniglio and Parker (2020)’s finding of larger low- and mid-level SRW for tornadic

supercells. These conclusions were reached using observed soundings with observed

storm motions; this differs from RAP-based studies that used Bunkers storm motion
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(Bunkers et al., 2000) and found minor, insignificant differences in SRW between tor-

nadic and nontornadic storms (e.g., Thompson et al., 2003; Markowski et al., 2003;

Nowotarski and Jensen, 2013; Coffer et al., 2019). While Coniglio and Jewell (2022)

found large kinematic errors in SFCOA/RAP profiles, they concluded the errors were

not the reason for why they found SRW to be significantly higher for tornadic storms.

RAP/SFCOA based climatologies do not register storm-induced or mesoscale (e.g., out-

flow boundaries) environmental modifications as observed soundings can, but Coniglio

and Jewell (2022) concluded environmental modification is also not the sole reason

Coniglio and Parker (2020) found larger SRW in tornadic environments. Coniglio and

Thompson (2024) further explored potential causes for the discrepancies between tor-

nadic and nontornadic SRWs, including: 1) regionality, seasonality, and time of day,

2) field-campaign bias (i.e., the sample consisting of mostly stronger, nearly tornadic

storms), or 3) use of observed rather than Bunkers storm motion impacting the skill

of SRW. They found both the field campaign bias (e.g., sampling the stronger part of

the nontornadic supercell distribution) and the use of observed storm motions played a

role in why SFCOA/RAP SRWs were significantly different in tornadic vs. nontornadic

environments in Coniglio and Parker (2020).

Coniglio and Parker (2020) found that deviation of tornadic storms to the right

of the mean wind (which tends to be enhanced using observed storm motions) results

in greater SRWs aloft (e.g., above 500 m AGL). This yields enhanced deeper-layer

SRH while low-level SRH remains more constant (Coniglio and Parker, 2020, see their

Fig. 11). This finding motivated Coniglio and Jewell (2022) and Coffer et al. (2025)

to further investigate discrepancy between past works finding shallower layers of SRH

to be more skillful in tornado forecasting (Rasmussen, 2003; Esterheld and Giuliano,

2008; Nowotarski and Jensen, 2013; Parker, 2014; Coffer et al., 2019) vs. the more

recent findings that deeper layers of SRH may be more skillful when using observed
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storm motion (Coniglio and Parker, 2020). The dataset created by Coffer et al. (2025)

was designed to negate the field-campaign bias that is present in Coniglio and Parker

(2020), so they could confidently conclude the use of observed storm motions are the

likely cause of deeper-layer SRH being more skillful. The Coffer et al. (2025) study

further affirmed the importance of observed storm motion on deeper-layer SRH found

in Coniglio and Jewell (2022). In the Coniglio and Thompson (2024) exploration of

the difference between Bunkers storm motion and observed storm motion on skill of

storm-relative parameters, they found 0–500 m SRW, 0–1 km SRW, 0–1 km SRH, 0–3

km SRH, and effective SRH were much more skillful when observed storm motions

were used.

Our motivation is to determine if the results from Coniglio and Jewell (2022),

Coniglio and Thompson (2024), and Coffer et al. (2025), which are generally Plains-

centric, are applicable in SE environments. In particular, we explore if incorporating

observed storm motions emphasizes the importance of SRH in the 1–3 km layer and if

the HRRR is more similar to the observations than SFCOA (e.g. Coffer et al., 2025).

This will yield information about the biases of the HRRR and SFCOA in the SE,

which can then be used as precautionary information for forecasters during operations.

Despite the HRRR being retired in the coming years, more climatologies are using the

HRRR over SFCOA/RAP, further motivating its usage herein. There has been work

done to evaluate HRRR biases in the SE, however, these studies have primarily focused

on near surface conditions (Lee et al., 2019, 2023; Wade et al., 2023a). Since SFCOA

and HRRR are used operationally for real-time diagnostics prior to convective initiation

when storm motion information is unavailable, quantifying biases in Bunkers storm-

motion-derived parameters is essential for evaluating tornado potential. Comparing

the observed sounding dataset in the Southeast from Chapter 3 to SFCOA and HRRR

profiles, we will explore the following for both RM and QLCS storm modes:
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1. What are the biases found in SFCOA/HRRR profiles relative to observed profiles?

2. Does the skill of various forecasting parameters in distinguishing between tornadic

and nontornadic environments change for SFCOA/HRRR vs. observed profiles?

3. Does the skill of various storm-relative parameters change if observed storm

motions or Bunkers storm motions are used? Does the skill of storm-motion-

dependent parameters change for SFCOA/HRRR vs. observed profiles?

4.2 Data and methods

4.2.1 SFCOA and HRRR data

SFCOA has 36 vertical levels (every 25 hPa) on a 40–km horizontal grid across the

CONUS. SFCOA has only three levels below 500 m, which Coniglio and Jewell (2022)

mentioned could be a contributor to the SFCOA near-surface negative bias in ground-

relative wind speed. The native RAP has more vertical levels (51) and is on a 13–km

grid, but it has not been used in climatological studies as much as the SFCOA has

been—warranting comparison of SFCOA to observations rather than the native RAP.

Coniglio and Jewell (2022) found no systematic differences between 40–km SFCOA

and 13–km RAP data, but did find modest improvement in RAP for some cases in the

lowest 500 m.

The 00-h HRRR analyses are used for the HRRR soundings. The HRRR has 51

vertical levels (as in the native RAP) and 3–km grid spacing. The vertical spacing

in the lowest levels is 15–30 m, increases to approximately 400 m in the troposphere,

and approximately 700 m near the tropopause (Dowell et al., 2022). As with SFCOA,

the HRRR also uses 2–m temperature and dew point field and 10–m winds as surface

values, however, these are not obtained via the same observational data assimilation
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techniques in SFCOA used to improve the accuracy of the near-surface values. The

HRRR has been updated throughout our dataset period (2016–2023) (see Fig. 1 of

James et al. (2022) for a timeline of HRRR modifications and Table 4 of Dowell et al.

(2022) for details of the changes). Katona et al. (2016) noted large, possibly nonphysical

variability due to HRRR updates between 2015–2016, however, any variability within

our dataset would come from the configuration updates in 2018 and 2021. There is

no systematic fix to account for the configuration updates, but we acknowledge the

limitation.

4.2.2 Interpolation

To directly compare the observational dataset (hereafter, this dataset will be re-

ferred to as “OBS”) from Chapters 2 and 3 to HRRR and SFCOA, we first create

a single representative HRRR and SFCOA profile for each OBS profile. First, the

HRRR and SFCOA profiles are obtained for the four surrounding grid points of each

OBS sounding (i.e., the grid points that make up the 3–km × 3–km or 40–km × 40–km

box that encloses the OBS sounding). Profiles are obtained for both the time before

and after OBS launch—totaling up to 8 profiles each for HRRR and SFCOA that will

be used for interpolation (Fig. 4.1). Before interpolation of the profiles to one repre-

sentative sounding, all 16 profiles must be regridded to the OBS height grid (i.e., 10

m surface, 50 m for the second level, and then every 50 m up to 10 km for the winds).

SFCOA is interpolated using a Gaussian-weighted vertical interpolation function (see

Chapter 3) with a σ = 100 m. Since HRRR is on native levels, distance between height

levels increases with increasing height, so to ensure consistent interpolation across all

levels, a height-dependent σ was applied to scale with increasing distance between

available levels: 50 m below 500 m, 100 m from 500 m to 1 km, 300 m from 1—6 km,

and 500 m above 6 km. Upscaling the SFCOA and the HRRR profiles allows for direct
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comparison of the modeled profiles and OBS (as in Coniglio and Jewell, 2022).

The eight profiles can then be combined into a single representative profile using

a Gaussian weighting function in both space and time. The spatial weighting uses

σ = 28 km for SFCOA σ = 2 km for HRRR. We explore two different methods for

the temporal interpolation, where 1) the two spatial interpolated profiles are tempo-

rally interpolated at the hour before and after sounding time and 2) only the spatially

interpolated profile at the hour prior to sounding time is used. The second method

follows Coffer et al. (2025) and Thompson et al. (2012), who expressed concern that

using profiles after a storm event (here, after sounding launch time since mesocyclone

characteristics are recorded relative to sounding launch time) could result in an un-

representative profile due to either storm contamination or capturing an undesired

post-storm environment. However, this method could also lead to unrepresentative

environments because of how rapidly environments can evolve in one hour. A majority

of these soundings were launched within a 10-minute period on either side of the top of

the hour. Therefore, we do not want soundings that are intended to represent the 1800

UTC environment but were launched at 1802 UTC to be represented in this dataset by

the 1900 UTC sounding1. Since both methods we tested had negligible differences, we

opted to interpolated temporally using a temporal σ = 30 min. This spatial-temporal

interpolation yielded a model profile representative of the observed sounding location

and launch time.

4.2.3 Spatial and temporal criteria

Coniglio and Jewell (2022) did not include soundings within 10 km of an updraft

because 1) many soundings within 10 km of the updraft entered the updraft and

1There are occurrences where neither the hour immediately before or after were available, and in
that case, the analysis time 2-hr prior is used. For example, if a sounding occurred at 20:12:19 UTC,
but the 20Z and 21Z were both unavailable, the 19Z is used for the time prior.
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Figure 4.1: Schematic illustrating the grid point selection method for HRRR (purple
squares, 3–km grid) and SFCOA (green triangles, 40–km grid) model profiles relative
to two example OBS sounding locations (black stars). For each OBS sounding, profiles
at the four surrounding model grid points are extracted at the hour before and after
the OBS time. Dashed lines connect each sounding location to its four surrounding
model grid points.

sampled the storm itself, and 2) storm-induced modification would likely be sampled

within 10 km (Potvin et al., 2010). Since our quality control process removes any part

of the sounding profile that entered an updraft—and we wish to retain any storm-scale
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modifications present in the HRRR—we do not impose a 10–km threshold. Other

studies have defined near-field and far-field representative soundings (e.g., Coniglio

and Parker, 2020). For the purposes of this study, we focus on mean 0—100–km

soundings to define tornadic vs. nontornadic and RM vs. QLCS environments, as the

entire 0–100–km subset shows little variation compared to the smaller far-field subset

(not shown).

4.2.4 Composite profiles

Composite hodographs are generated for SFCOA and HRRR as they are for OBS,

following the methods described in Chapter 3 and are briefly described herein. Both

the ground-relative (GR) and storm-relative storm-rotated (SR) hodographs are com-

posited. The SR composites are often comprised of a greater number of hodographs

because a single sounding can be used more than once if it samples the environment of

multiple mesocyclones (with different motions). The tornadic, nontornadic, RM, and

QLCS subsets are the same as in Chapter 3. A mesocyclone is characterized as tornadic

if it produced a tornado between 40 min prior to and 90 min after the sounding launch

time (similar to Coniglio and Parker, 2020). The tornadic bin includes all tornadic

storms in the inflow, including 1) if there are multiple tornadic storms or 2) if there

is also a nontornadic storm(s) present. Nontornadic is defined as only a nontornadic

storm, or multiple nontornadic storms, present in the inflow. RM is defined as only

RM storm(s) being present in the inflow, and QLCS as only QLCS storm(s) present

in the inflow. Cases where there are both RM and QLCS storms present in the inflow

are deemed “RM+QLCS” in Chapter 3, but will not be further explored here due to a

limited sample size of such cases. There are a few number of cases (9 for RM nontor-

nadic and 14 for QLCS nontornadic) where either HRRR and/or SFCOA profiles were

not available. To perform a direct comparison between OBS, SFCOA, and HRRR,
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soundings where all three are not available are discarded, ensuring a missing case does

not bias the results.

4.2.5 Statistical analysis

OBS is compared to SFCOA and HRRR directly by calculating the mean error

(ME), which is defined as SFCOA or HRRR minus OBS. The ME provides information

on SFCOA and HRRR bias with information on the direction of overestimation (i.e.,

warm/fast bias) or underestimation (i.e., slow/cool bias). The mean absolute error

(MAE) is calculated, and gives a measure of HRRR and SFCOA accuracy (using OBS

as truth) without considering the direction of bias. A two-tailed Monte Carlo test is

performed to determine the 95% confidence interval on the MEs and MAEs (represented

by shading in subsequent figures).

To understand if certain forecast parameters show significance between tornadic

and nontornadic samples as well as between OBS, SFCOA, and HRRR, we perform

significance testing following the methods described in Chapter 3 (as done for tornadic

vs. nontornadic for OBS). The variables used in the significance testing are shown in

Table 3.1. The statistical significance of the difference in means between two subsets

at four different significance levels (75%, 90%, 95%, and 99%) is determined using a

two-tailed Monte Carlo test with 10000 iterations. Two different effective sample sizes

are used in Chapter 3, including the number of soundings in a subset (nsoundings) and

the number of cases in a subset (ncases). Since they primarily focused on results using

ncases, we only use ncases as the effective sample size for statistical testing. As with

the composites, when comparing different data sources (e.g., OBS vs. SFCOA or OBS

vs. HRRR), if a sounding is unavailable for one source, it is excluded from the other

maintain a one-to-one comparison.
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4.3 Results

We evaluate errors in SFCOA and HRRR composite environments for the tornadic,

nontornadic, and combined (tornadic+nontornadic) subset for both RM and QLCS.

We compute statistics on the tornadic vs. nontornadic subsets within OBS, HRRR,

and SFCOA to understand if one data source shows greater differences between their

tornadic vs. nontornadic environments. The RM analysis for OBS vs. SFCOA can be

compared to the findings of Coniglio and Jewell (2022), who used similar methods to

compare OBS vs. SFCOA in the Great Plains. Since they subset their data by far-

field and near-field, it is not a one to one comparison, but our results are most similar

to their far-field results. Understanding how SFCOA biases may differ in the SE

compared to the GP is one of the main motivators of this work. We are also motivated

by Coffer et al. (2025) in examining HRRR environments. The thermodynamic results

are explored in section 4.3.1 and ground-relative wind results explored in section 4.3.2.

The storm-relative results are detailed in section 4.3.3. For storm-relative winds

and associated parameters, the statistics on the tornadic vs. nontornadic subsets

within OBS, HRRR, and SFCOA are calculated using both observed storm motions

and Bunkers estimated storm motion to answer the third question outlined in the Intro-

duction. For both storm-relative wind calculations, the OBS soundings with observed

storm motion are used as the subtrahend (i.e., the truth) whenever calculating the

errors.

4.3.1 Thermodynamic errors

Below 850 hPa, SFCOA/HRRR both overestimate dewpoint (Figs. 4.3a,c and 4.4),

with greater overestimation in tornadic environments. MLLCL heights are significantly

lower for the tornadic subset in SFCOA (673 m) and lower in HRRR (724 m) compared
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to OBS (814 m) (Fig. 4.5a). Coniglio and Jewell (2022) did not find much variation

in low-level moisture below 850 hPa between OBS and SFCOA (and HRRR) like we

find in the SE, and consequently found little variation in MLLCL heights. Comparing

MLLCL heights for tornadic vs. nontornadic environments within each data source,

SFCOA has the largest (and most significant) difference between MLLCL heights for

tornadic vs. nontornadic (673 m vs. 875 m, respectively) followed closely by HRRR

(722 m vs. 900 m) and then OBS (814 m vs. 931 m) (Fig. 4.6a). Lower MLLCL heights

for tornadic storms is well documented (Rasmussen and Blanchard, 1998; Thompson

et al., 2003; Craven and Brooks, 2004; Wade et al., 2018; Coniglio and Parker, 2020),

but the fact that SFCOA/HRRR shows greater significance for MLLCL heights than

OBS is worth noting—and is likely due to SFCOA and HRRR overestimating low-level

dewpoints (Fig. 4.4c). Up to 1 km, QLCS dewpoints have minimal error, with the

exception of HRRR tornadic having a less than 1 ◦C warm bias (Fig. 4.4d). The lower

discrepancy in low-level moisture for QLCS compared to RM tornadic and nontornadic

environments results in no significant difference in MLLCL heights for QLCSs (Figs.

4.5b and 4.6).

Temperature errors are minimal for both HRRR and SFCOA for RM with MAEs

not exceeding the 0.75 ◦C to −1 ◦C range (Fig. 4.4a) through 6 km, evident also via the

skew-Ts (Fig. 4.3a and c). Albeit small errors, SFCOA and HRRR do underestimate

low-level temperatures, agreeing with the cooler tornado inflow Wade et al. (2023a)

found for a suit of CAMs in the SE. Given the relatively small low-level temperature

and dewpoint errors for RM, 3CAPE (and 6CAPE) shows no significant differences

between data sources (Fig. 4.5a). 3CAPE tells a different story for QLCS, having

larger values for OBS (Fig. 4.5b), likely due the QLCS warm temperature bias peak at

2 km (i.e., decreasing the CAPE) (Fig. 4.4b). The 1–4–km warm bias does exist, but

is less pronounced for RM (Fig. 4.4a) compared to QLCS (Fig. 4.4b). 3CAPE is not
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a significant distinguisher between tornadic and nontornadic environments (Fig. 4.6a)

like it is in the Great Plains (Coniglio and Jewell, 2022).

MLCAPE for both RM and QLCS tells a different story, with significantly larger

values for SFCOA compared to OBS (55–65% for RM and 70–80% for QLCS) (Fig.

4.5a–b). More positive temperature biases in the HRRR compared to SFCOA (Fig.

4.4a–b) results in lower MLCAPE for HRRR compared to SFCOA. The larger ML-

CAPE than OBS in both SFCOA/HRRR is likely resultant from an increasing low

dewpoint (Fig. 4.4c–d) bias with height (e.g., Benjamin et al., 2004b; Coniglio, 2012;

Evans et al., 2018; Coniglio and Jewell, 2022; MacDonald and Nowotarski, 2023), re-

sulting in larger MLCAPE for SFCOA/HRRR with increasing height. The reason why

HRRR is more similar to OBS for MLCAPE than SFCOA for both RM and QLCS

is likely because HRRR overestimates temperature in the 1–4–km range for tornadic

and nontornadic subsets (e.g., increasing temperature and decreasing CAPE), whereas

SFCOA does not (Fig. 4.4a–b). Coffer et al. (2025) contributes the larger warm bias

in the 1–4–km range for HRRR to mid-level latent heating not captured by coarser

horizontal resolution models (i.e., SFCOA). MLCAPE for QLCS is also much larger for

QLCS for SFCOA/HRRR compared to OBS (with HRRR being larger than SFCOA)

due to the large cool bias in dewpoints aloft (Fig. 4.3b,d). Using observations from the

Atmospheric Emitted Radiance Interferometer (AERI; Knuteson et al., 2004; Turner

and Blumberg, 2019) (which compares well to radiosonde observations Blumberg et al.,

2017b), Wagner et al. (2019) found HRRR CAPE lagged CAPE AERI observations

by 2–4 h due to HRRRv1 constraint on resolving subgrid scale clouds leading to an

overestimation in surface temperatures, which has since been improved in later versions

(Lee et al., 2019), leading to less overestimation, especially in the cool season.

LR100m has the greatest difference in means between OBS and SFCOA/HRRR,

where for RM OBS is larger than SFCOA for tornadic (7.0 ◦C km−1 OBS, 3.6 ◦C km−1
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SFCOA) (significantly so) and nontornadic (5.8 ◦C km−1 OBS, 3.1 ◦C km−1 SFCOA)

(Fig. 4.5a). OBS is also 65–80% larger than HRRR for both the tornadic and non-

tornadic subsets (Fig. 4.5a). For QLCS, LR100m shows a similar difference in means

for OBS vs. SFCOA/HRRR (Fig. 4.5b). The ME profiles indicate HRRR/SFCOA

are underestimating temperature at the surface for RM and QLCS (Fig. 4.4a–b), but

OBS may actually be underestimating in this instance. A near-surface lapse rate check

was employed in the QC (see Chapter 2 for more information) to remove erroneous

near-surface data, which is commonly found in observed soundings. The near-surface

lapse rates have the most significant errors for the tornadic subset (see the triangles

for LR100m in Fig. 4.5), which are likewise the largest errors in Coniglio and Jewell

(2022). Despite more significant errors in the tornadic subsets, the difference in means

for LR100m between the tornadic and nontornadic subsets for SFCOA (3% RM, 9%

QLCS), HRRR (36% RM, ≤1% QLCS), and OBS (32% RM, 58% QLCS) (Fig. 4.6) are

insignificant and smaller than between data sources. We can not confidently conclude

LR100m are physically much larger for OBS vs. HRRR/SFCOA.

All other lapse rates (LR250m, LR500m, LR1km, and LR3km) show minor, in-

significant differences for OBS vs. SFCOA/HRRR (not shown) for both RM and

QLCS, with the one exception of LR3km-6km (Fig. 4.5). Given temperature errors

show an increasingly cool bias between 3–6 km compared to OBS for RM (Fig. 4.4a)

and QLCS (Fig. 4.4b), and the largest MAEs are near 6–km, HRRR/SFCOA have

larger LR3km-6km than OBS. Despite the small difference in means for LR3km-6km

the HRRR nontornadic subset (6.8 ◦C km−1 RM, 6.6 ◦C km−1 QLCS) is significantly

larger compared to the OBS nontornadic subset (6.3 ◦C km−1 RM, 6.2 ◦C km−1 QLCS)

(Fig. 4.5). When comparing tornadic vs. nontornadic within data sources neither OBS,

SFCOA, or HRRR for either RM or QLCS, have significant differences in any lapse

rates (Fig. 4.6).
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Figure 4.2: Composite ground-relative (GR) hodographs of (a) RM tornadic, (b) QLCS
tornadic, (c) RM nontornadic, and (d) QLCS nontornadic mesocyclones. The sound-
ings included in the RM composite requires only RM modes present within the search
radius and inflow of the sounding and the QLCS composite requires only QLCS modes
present. The modes in RM consist of storm modes 4-1, 5-1, 4-2, 5-2, 2-2, 4-3, and 5-3
and modes in QLCS consist of storm modes 1-1, 1-2, and 2-1 (see Fig. 2.2 and the
associated text in Chapter 2 for more information on each storm mode). The number
of hodographs making up each composite is found in gray text in the bottom left corner
of each plot. The colored-coded circles indicate certain height levels, as shown in the
legend.

99



Figure 4.3: Composite skew-Ts of (a) RM tornadic, (b) QLCS tornadic, (c) RM non-
tornadic, and (d) QLCS nontornadic mesocyclones. The soundings included in the RM
and QLCS modes are as described in Fig. 4.2. Since there are no SR thermodynamic
parameters, the nsoundings and ncases will match the GR values in Fig. 4.2. The grey
outlined lines are the temperature (T) and dew point (Td) for OBS. The SFCOA T is
shown in maroon while HRRR T is shown in pink. The SFCOA Td is shown in dark
green while HRRR Td is shown in lime green.
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➕ values → 
HRRR/SFCOA 

overestimating; 
OBS is smaller;
warm/fast bias

➖ values → 
HRRR/SFCOA 

underestimating; 
OBS is larger;
cool/slow bias

thermodynamic errors (SFCOA/HRRR – OBS) 

Figure 4.4: The SFCOA and HRRR mean errors (ME) and mean absolute errors
(MAE) for a,c) RMs (left) and b,d) QLCSs (right) for a-b) temperature (◦C) (top) and
c-d) dewpoint (◦C). The errors are obtained by subtracting either SFCOA (blue and
red lines) or HRRR (cyan and pink lines) from OBS. The red/pink lines are for the
tornadic subset and the blue/cyan lines are for the nontornadic subset. Positive MEs
mean HRRR/SFCOA are overestimating, or OBS is smaller, indicative of a warm/fast
bias. Negative MEs mean HRRR/SFCOA are underestimating, or OBS is larger,
indicative of a cool/slow bias.
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OBS vs. HRRR/SFCOA differences – thermodynamics  
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Figure 4.5: The percent difference in means between OBS and SFCOA/HRRR for var-
ious thermodynamic parameters for (a) RM and (b) QLCS storm modes. The thermo-
dynamic parameters included are (from bottom to top): 3CAPE, 6CAPE, MLCAPE,
MLCIN, MLLCL, LR100m, and LR3-6km. There are three subsets used to compare
OBS vs. HRRR and OBS vs. SFCOA represented by different shaped symbols, includ-
ing tornadic storms (triangles), nontornadic storms (squares) cases and both tornadic
and nontornadic combined (circles). The fill color denotes statistical significance from
Monte Carlo permutation testing, where significance at a confidence interval ≥ 75% is
green, ≥ 90% is yellow, ≥95% is red, ≥ 99% is purple, and no significance has no fill
(white). Black edge coloring on the symbol represents the OBS vs. SFCOA compar-
isons and gray edge coloring represents the OBS vs. HRRR comparisons. The numbers
to the left of the symbol represent the means of the two subsets that are being com-
pared. For all points, the “O =” represents OBS, and “H =” is used when comparing
to the HRRR and “S =” is used when comparing to SFCOA. The text is displayed in
bold if it is significant at ≥ 95% or 99%. Positive percent difference values (right of 0)
indicate the OBS mean is larger than HRRR/SFCOA and a negative percent difference
(left of 0) means the HRRR/SFCOA mean is larger than the OBS mean.
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tornadic vs. nontornadic differences – thermodynamics  
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Figure 4.6: The percent difference in means between the tornadic and the nontornadic
subset for various thermodynamic parameters for (a) RM and (b) QLCS storm modes.
The thermodynamic parameters included are (from bottom to top): 3CAPE, 6CAPE,
MLCAPE, MLCIN, MLLCL, LR100m, and LR3-6km. The difference in means between
tornadic and nontornadic is compared for all three data sets, with each being repre-
sented by different shaped symbols, OBS (starts), SFCOA (diamonds), and HRRR
(pentagons). The fill color denotes statistical significance from Monte Carlo permu-
tation testing, where significance at a confidence interval ≥ 75% is green, ≥ 90% is
yellow, ≥95% is red, ≥ 99% is purple, and no significance has no fill (white). The
numbers to the left of the symbol represent the means of the two subsets that are
being compared (i.e., tornadic vs. nontornadic). For all points, the “T =” represents
the tornadic mean and “N =” represents the nontornadic mean. The text is displayed
in bold if it is significant at ≥ 95% or 99%. Positive percent difference values (right
of 0) indicate the tornadic mean is larger than the nontornadic mean and a negative
percent difference (left of 0) means the nontornadic mean is larger than the tornadic
mean.

4.3.2 Ground-relative kinematic errors

The GR zonal of the wind (u) has relatively small errors for RM (MEs ≤ 2 m s−1

and MAEs ≤ 5 m s−1, see Fig. 4.7a) with the HRRR tornadic/nontornadic having a

slow bias below 2 km and SFCOA tornadic/nontornadic having a fast bias below 2 km

(Fig. 4.7a). For QLCS, errors in u resemble those of RM below 2 km and above (Fig.

4.7b). The fast bias above 2 km for QLCS (Fig. 4.7b) is much larger than RM (Fig.

4.7a), with QLCS nontornadic SFCOA/HRRR MEs between 1–2 m s−1 and tornadic

MEs between 2–5 m s−1 (Fig. 4.7b). RM SFCOA/HRRR tornadic MAEs are larger

than the nontornadic (and significantly so between 0–3 km for RM), whereas tornadic

MAEs are only consistently larger for QLCS above 3 km (Fig. 4.7b). The tornadic

errors are larger for tornadic than nontornadic in u throughout the atmosphere for

RM, but not as consistently for QLCS.

For RM, the GR meridional of the wind (v) has a fast bias below 2 km for SF-

COA/HRRR tornadic and HRRR nontornadic while SFCOA nontornadic has a slow
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bias (Fig. 4.7c). Above 2 km, both SFCOA/HRRR and tornadic/nontornadic samples

have a slow bias for RM peaking between 4–5 km (Fig. 4.7c). For QLCS, HRRR and

SFCOA are largely different in low-level v, with SFCOA tornadic/nontornadic under-

estimating below 500 m and HRRR tornadic/nontornadic largely overestimating (Fig.

4.7d). Above 2 km, both SFCOA/HRRR tornadic/nontornadic have an increasing slow

bias with height (Fig. 4.7d).

The layer averaged GRWs show differences for SFCOA/HRRR vs. OBS for GRW100m

and GRW250m, but there is less than a 10% difference between the means of SF-

COA/HRRR vs. OBS for all subsets, for both RM and QLCS for all layers of GRW

(Fig. 4.8). OBS is larger than SFCOA but HRRR is larger than OBS for GRW100m,

GRW250m, GRW500m, and GRW1km (Fig. 4.8). The OBS larger GRWs compared

to SFCOA can be partially attributed to the low-level slow bias of SFCOA in v (with

the exception of RM tornadic) (Fig. 4.7c–d). This results in smaller SFCOA low-level

hodographs below 1 km (Fig. 4.2) (e.g., Coniglio and Jewell, 2022, albiet the slow

bias they find in low-levels for SFCOA is much larger). For both RM and QLCS,

HRRR has much stronger inflow (see the starting point of the hodograph compared to

OBS/SFCOA in Fig. 4.2) and overestimates v in the low-levels (Fig. 4.7c–d). These

errors results in larger GRWs (Fig. 4.8) and hodographs (Fig. 4.2) in the low-levels

compared to OBS (also evident in Coffer et al., 2025). SFCOA inflow is more similar

to OBS, likely due to the SFCOA surface point being derived from observations.

GRWs have been shown to be a skillful discriminator between tornadic and non-

tornadic environments (Markowski et al., 2003; Nowotarski and Jensen, 2013; Coniglio

and Parker, 2020; Saba et al., 2026; Pounds et al., 2026). All GRW layers starting

at the surface show some level of significance between tornadic and nontornadic envi-

ronments for OBS, SFCOA, and HRRR for both RM and QLCS (Fig. 4.9). For RM

and QLCS, SFCOA shows the greatest difference in means and highest significance
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between tornadic and nontornadic for GRW100m (e.g., Saba et al., 2026), GRW250m,

and GRW500m (Fig. 4.9a). Both SFCOA and HRRR show significant differences be-

tween the tornadic and nontornadic (RM and QLCS) subset for GRW1km, GRW3km,

and GRW6km (Fig. 4.9a). For the upper-level GRWs, GRW6km-10km is not signifi-

cant for RM or QLCS, but GRW3km-6km is still significant for QLCS (Fig. 4.9). To

summarize, for both RM and QLCS, SFCOA shows the greatest significance in most

layers, and greatest in the low-levels, while HRRR shows increased significance between

1–6 km. Since HRRR overestimates inflow, it is reasonable those errors are washed

out with increasing layer depth, explaining why HRRR shows more significance in the

mid-levels.

As in the GRWs, significant differences in shear between OBS and SFCOA/HRRR

are only present in the lowest levels for RM and QLCS (Fig. 4.10). However, SH100m

is significantly larger for OBS than for SFCOA and HRRR (Fig. 4.10a–b, for both RM

and QLCS) (as in Coniglio and Jewell, 2022), differing from the GRWs where OBS is

only significantly larger for SFCOA (and OBS is smaller compared to HRRR, see Fig.

4.8). Since HRRR overestimates the surface and low-level GRWs, the surface point in

hodograph space is more similar to the 100 m and 250 m point, reducing the magnitude

of the low-level shear vectors, resulting in an underestimation of low to mid-level shear

(with significant underestimation for the combined tornadic and nontornadic subsets

for RM and QLCS for SH500m, see Fig. 4.10). Coffer et al. (2025) found larger shear for

HRRR compared to SFCOA, whereas that is not the case herein. The reasoning for the

underestimation of SH100m for SFCOA differs, with the underestimation attributed to

the slow bias in v (Fig. 4.7c–d), as with the underestimation of GRWs. Coniglio and

Jewell (2022) mentions multiple reasons for the under-representation of near-ground

wind speeds and ≤ 500 m errors in SFCOA vs. OBS (as this was also one of their

findings). First, the difference in vertical resolution could be a factor, where there are
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not enough data points below 500 m to accurately represent the near-surface winds.

Secondly, they mention the deficiencies in depicting subgrid turbulent mixing in the

RAP/SFCOA leading to near-ground wind speed errors, especially in strong synoptic

regimes (which are more common in the SE than in the Great Plains, especially for

late May-early June in the Great Plains when most field campaigns take place).

For RM, low to mid-level shear (i.e., SH100m–SH3km) shows higher significance

between tornadic and nontornadic subsets in SFCOA and HRRR compared to OBS

(Fig. 4.11a). For RM, tornadic means compared to OBS in SH500m, SH1km, SH3km,

and SH6km are significantly higher for SFCOA, and tornadic means in SH1km and

SH3km are significantly higher for HRRR (Fig. 4.11a). SH1km and SH3km are the

only shear parameters that show significance with QLCS, and only for SFCOA (Fig.

4.11b). In other words, shear is a more significant distinguisher between tornadic and

nontornadic environments in HRRR/SFCOA than OBS in the low and mid-levels for

RM, but only in the mid-levels for QLCS.

For upper-level shear, SH3–6km is significantly larger for RM and larger for QLCS

for nontornadic than tornadic for HRRR and SFCOA (Fig. 4.11). There is notable

backing aloft, between 3–6 km, which is more prevalent in the tornadic (Fig. 4.12a–b)

environments (Fig. 4.12c–d). The backing results in a reduced 3–6 km shear vector

in OBS, which is why SH3–6km in OBS is larger than in SFCOA and HRRR for the

tornadic subset (triangles on Fig. 4.10). While HRRR/SFCOA do not depict this

backing, the 3–6 km shear vector is shorter for the tornadic subsets than nontornadic

(significantly so for RM), as it is in OBS (Fig. 4.11).

On the other hand, the HRRR has larger GRWs than OBS and larger low-level

hodographs, attributable to the overestimation of v in the low-levels (Fig. 4.7c–d).

However, both SFCOA and HRRR significantly underestimate SH100m. The under-

estimation of low-level shear for SFCOA can be traced back to the smaller GRWs.
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Since smaller GRWs in the HRRR is not the reason for the underestimation of low-

level shear, there must be another cause. HRRR underestimates SH250m and SH500m

while SFCOA is much closer to OBS (for QLCS) (Fig. 4.10), providing insight into

why the HRRR leads to underestimation of shear. With increasing layer depth, HRRR

continues to underestimate because the surface point on the HRRR is overestimated,

making the difference between the 100 m and 250 m point smaller.

➕ values → 
HRRR/SFCOA 

overestimating; 
OBS is smaller;
warm/fast bias

➖ values → 
HRRR/SFCOA 

underestimating; 
OBS is larger;
cool/slow bias

ground-relative wind errors (SFCOA/HRRR – OBS) 

Figure 4.7: Same as Fig. 4.4, but for the errors in the ground-relative a-b) u component
of the wind (ms−1) and c-d) v component of the wind (ms−1).
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OBS vs. HRRR/SFCOA differences – GRW  

Figure 4.8: The same as in Fig. 4.5, but for GRW. The GRW parameters included
are (from bottom to top): GRW100m, GRW250m, GRW500m, GRW1km, GRW3km,
GRW6km, GRW3km-6km, and GRW6km-10km.
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tornadic vs. nontornadic differences – GRW  

Figure 4.9: The same as in Fig. 4.6, but for GRW. The GRW parameters included
are (from bottom to top): GRW100m, GRW250m, GRW500m, GRW1km, GRW3km,
GRW6km, GRW3km-6km, and GRW6km-10km.
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OBS vs. HRRR/SFCOA differences – shear  

Figure 4.10: The same as in Fig. 4.5, but for shear. The shear parameters included are
(from bottom to top): SH100m, SH250m, SH500m, SH1km, SH3km, SH6km, SH3km-
6km, SH6km-10km, and SHeff.
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4.3.3 Storm-relative kinematic errors

The SR u-component of the wind (ustm) has a different shape to the MEs than

for u, but similar magnitudes in the MAEs for both RM and QLCS (Figs. 4.13a and

4.14a). Conversely, there are minor difference in the shape of the MEs in v (Fig. 4.7c–

d) and the SR v-component of the wind (vstm) for both RM/QLCS (Figs. 4.13d and

4.14d). Meaning, the errors in v between OBS and SFCOA/HRRR do not change, but

the errors in u do change when converted to a storm-relative reference frame.

The use of Bunkers storm motion amplifies the biases (increases in MAEs) in both

ustm and vstm for RM (Fig. 4.13c,f) and more dramatically for QLCS (Fig. 4.14c,f)—

note the increase in the x-axis from Fig. 4.13 to Fig. 4.14. Using observed storm

motion, SFCOA/HRRR ustm overestimates for the RM tornadic subset, and underes-

timates (MEs ≤ 2 m s−1) for the RM nontornadic subset (Fig. 4.13a). When Bunkers

storm motion is used to calculate ustm, the SFCOA/HRRR tornadic MEs shift left

(Fig. 4.13b), resulting in lower overestimation below 1 km and underestimation above

1 km. The nontornadic MEs shift right (Fig. 4.13b), leading to an underestimation

of ustm. To summarize, the use of Bunkers storm motion rather than observed storm

motion to calculate ustm for RM storms results in a decrease of the slow bias in low-

levels and an increasing fast bias aloft for tornadic storms, and a transition from a slow

bias to a fast bias for nontornadic storms. For QLCS (Fig. 4.14c), Bunkers increases

the biases for ustm, but has minor impacts on the sign of the MEs (Fig. 4.14a–c). For

QLCS, there is an increasing slow bias in vstm when Bunkers is used for the HRRR tor-

nadic/nontornadic subsets and the SFCOA tornadic (SFCOA nontornadic has minimal

change) (Fig. 4.14d–f).

For Bunkers calculated vstm, there are significant differences in errors between the

tornadic SFCOA/HRRR and nontornadic SFCOA/HRRR subsets, opposed to sep-
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aration between SFCOA tornadic/nontornadic and HRRR tornadic/nontornadic, as

seen for observed calculated vstm (Figs. 4.13b and 4.14b). For RM, tornadic SF-

COA/HRRR errors in Bunkers calculated vstm are minimal, so the large separation

between tornadic and nontornadic subsets must come from the nontornadic subset

having a large fast bias only when Bunkers is used (MEs of 2–4 ms−1, Fig. 4.13e).

The separation of the low-level vstm MEs between SFCOA tornadic/nontornadic and

HRRR tornadic/nontornadic (Figs. 4.13d and 4.14d) are a key contributor to the larger

storm-relative flow in the HRRR (Coffer et al., 2025, see their Fig. 7), and thus larger

SR hodographs for the HRRR (Fig. 4.12). Coniglio and Jewell (2022) found OBS and

Coffer et al. (2025) found HRRR to both have faster storm-relative flow than SFCOA,

again, resulting in a larger SR hodograph for OBS and HRRR compared to SFCOA

(Fig. 4.12). The ustm and vstm errors in Coffer et al. (2025, their Fig. 9) resemble (at

least in sign) Coniglio and Jewell (2022, their Figs. 3 and 7). However, we do notice

differences in sign in the errors, particularly in low-level vstm (Figs. 4.13d and 4.14d).

Both Coniglio and Jewell (2022) and Coffer et al. (2025) found a low-level slow bias in

vstm, whereas, vstm has a low-level fast bias in HRRR, however the bias is faster for

RMs than QLCSs (Figs. 4.13d and 4.14d).

There is an underestimation bias for all subsets in vstm aloft for both RM/QLCS

(Figs. 4.13a and 4.14a), as seen in the Great Plains (Coniglio and Jewell, 2022). Despite

little difference between observed and Bunkers vstm for RM tornadic storms (difference

in MAEs of 1 ms−1, see Fig 4.13f), the vstm MEs between 4–5 km do reach the −3 to

−4 ms−1 range for observed (Fig. 4.13d) and −4 to −5 ms−1 range for Bunkers (Fig.

4.13e). These are much larger than the MEs at the same level for nontornadic storms,

despite nontornadic storms having the most variation with Bunkers usage.

The differences in means between OBS and SFCOA/HRRR for various SRW mea-

sures increase, although insignificantly, with increasing layer depth (Fig. 4.15) for both
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RM and QLCS. While not significant, OBS has larger SRW values than SFCOA for

all SRW layers. The HRRR is more similar to OBS, with slightly larger (insignificant)

values at deeper-layers (i.e., SRW1km and SRW3km). The HRRR overestimates vstm

below 2 km and SFCOA underestimates vstm in both RM (Fig. 4.13d) and QLCS (Fig.

4.14d) causing these differences in SRW compared to OBS. These results are consistent

with HRRR underestimating and SFCOA overestimating the GRWs compared to OBS

(see Fig. 4.8 or Section 4.3 4.3.2). These differences in SRWs between data sources are

small, but the differences in tornadic and nontornadic SRW means remain significant

(as in Chapter 3) whether HRRR or SFCOA are used (with observed storm motions)

(Fig. 4.16).

The difference in tornadic and nontornadic means are more similar between OB-

S/SFCOA/HRRR for Bunkers calculated SRWs (Fig. 4.16, gray outlined symbols)

compared to observed calculated SRWs (Fig. 4.16, black outlined symbols), in part

due to the similarities of tornadic similarities of nontornadic errors in SFCOA/HRRR

in Bunkers calculated ustm and vstm (Figs. 4.13b,e and 4.14b,e). Conversely, when

using observed storm motion, OBS has the highest difference in means between tor-

nadic and nontornadic environments for nearly all layers of SRWs for RM and QLCS

(Fig. 4.16, black outlined symbols). This differs from Coniglio and Jewell (2022), who

found when using SFCOA, the difference in means between tornadic and nontornadic

SRWs are larger than for OBS. The difference in means for Bunkers calculated SRW

decreases between tornadic and nontornadic environments with increasing layer depth

(Fig. 4.16)—only showing significance in layers below 250 m for QLCS (Fig. 4.16b)

and below 1 km for RM (Fig. 4.16a). In brief, Bunkers decreases the skill SRW has in

distinguishing tornadic environments from nontornadic when observed storm motion

is used.

Much like for GRWs and shear, only low-level SRH (i.e., SRH100m) shows no-

115



table difference in means between OBS and SFCOA/HRRR, where OBS is larger for

RM, and significantly larger for QLCS (Fig. 4.17). The underestimation in low-level

shear (Fig. 4.10) is likely the main contributor to the underestimation of SRH100m

for SFCOA/HRRR. Deeper-layer SRH (i.e., SRH500m, SRH1km, and SRH3km) has

greater statistical importance and greater difference between the means of tornadic vs.

nontornadic environments (Fig. 4.18) (Coniglio and Jewell, 2022; Coffer et al., 2025,

Pounds et al., 2026). For RM, SFCOA using observed storm motions has the largest

difference in means and is significant between tornadic and nontornadic environments

for all layers of SRH shown (Fig. 4.18a). Using Bunkers, SFCOA is also the most

significant data source compared to OBS/HRRR (when using Bunkers, see Fig. 4.17).

For both RM and QLCS, using observed storm motion compared to Bunkers results

in higher differences in means between tornadic vs. nontornadic environments for OB-

S/SFCOA/HRRR (Fig. 4.18), consistent with Coniglio and Jewell (2022) and Coffer

et al. (2025). Bunkers motion underestimates the tornadic vtsm (Figs. 4.13 and 4.14),

and thus having small separation in the Bunkers calculated SRWs between tornadic

and nontornadic storms could contribute to smaller differences in means for Bunkers

calculated SRH (Fig. 4.18).
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tornadic vs. nontornadic differences – shear  

Figure 4.11: The same as in Fig. 4.6, but for shear. The shear parameters included are
(from bottom to top): SH100m, SH250m, SH500m, SH1km, SH3km, SH6km, SH3km-
6km, SH6km-10km, and SHeff.
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Figure 4.12: Same as in Fig. 4.2, but for SR hodographs, using both observed storm
motion and Bunkers storm motion. The nsoundings is displayed for both ground-relative
(GR) and storm-relative (SR) while and ncases remains the same for both. While there
is no GR hodograph plotted, this number tells us the number of unique hodographs
in each composite. The SR nsoundings minus the SR nsoundings gives the number of
hodographs that are used more than once, but for a different mesocyclone (with a
different storm motion). The solid colored lines represent the composite mean SR
hodographs using observed storm motion, and the colored hodographs with white
dashes overlaid are the SR hodographs using Bunker storm motion.
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RM
storm-relative wind errors (SFCOA/HRRR – OBS) 

➕ values → 
HRRR/SFCOA 

overestimating; 
OBS is smaller;
warm/fast bias

➖ values → 
HRRR/SFCOA 

underestimating; 
OBS is larger;
cool/slow bias

Figure 4.13: The SFCOA and HRRR mean errors (ME) and mean absolute errors
(MAE) for the RM (a–b) SR u-component (ustm) (ms−1) and (d–e) SR v-component
(vstm) (ms−1) using a,d) observed storm motion and b,e) Bunkers estimated storm
motion. The errors are obtained by subtracting either SFCOA (blue and red lines) or
HRRR (cyan and pink lines) from the OBS sounding (using observed storm motion
for all). The red/pink lines are for the tornadic subset and the blue/cyan lines are for
the nontornadic subset. The errors using the observed storm motion (b,e) are then
subtracted from the errors using Bunkers storm motion (a,d) to obtain the difference
in errors (c,f) when using Bunkers rather than observed storm motion. Positive MEs
mean HRRR/SFCOA are overestimating, or OBS is smaller, indicative of a fast bias.
Negative MEs mean HRRR/SFCOA are underestimating, or OBS is larger, indicative
of a slow bias.
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QLCS
storm-relative wind errors (SFCOA/HRRR – OBS) 

➕ values → 
HRRR/SFCOA 

overestimating; 
OBS is smaller;
warm/fast bias

➖ values → 
HRRR/SFCOA 

underestimating; 
OBS is larger;
cool/slow bias

Figure 4.14: The same as in Fig. 4.13, but for QLCS.
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OBS vs. HRRR/SFCOA differences – SRW  

Figure 4.15: The same as in Fig. 4.5, but for SRW. The SRW parameters included
are (from bottom to top): SRW100m, SRW250m, SRW500m, SRW1km, SRW3km,
SRW6km, SRW3km-6km, and SRW6km-10km.
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tornadic vs. nontornadic differences – SRW 

Figure 4.16: The same as in Fig. 4.6, but for SRW. The SRW parameters included
are (from bottom to top): SRW100m, SRW250m, SRW500m, SRW1km, SRW3km,
SRW6km, SRW3km-6km, and SRW6km-10km. The one addition here from the con-
tents in Fig. 4.6 is an additional set of symbols representing the means using Bunkers
storm motion since SRW is a storm-relative parameter. Black edge coloring on the
symbol represents the tornadic vs. nontornadic comparisons when observed storm mo-
tion is used and gray edge coloring represents the tornadic vs. nontornadic comparisons
when Bunkers storm motion is used.
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OBS vs. HRRR/SFCOA differences – SRH  

Figure 4.17: The same as in Fig. 4.5, but for SRH. The SRH parameters included are
(from bottom to top): SRH100m, SRH250m, SRH500m, SRH1km, SRH3km, SRHeff,
and CRIT.
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4.4 Conclusions and discussion

Motivated by the wealth of Great Plains climatological studies (e.g., Parker, 2014;

Wade et al., 2018; Coniglio and Parker, 2020; Coniglio and Jewell, 2022) and rela-

tive lack of understanding of SE environments, we examined the depiction of observed

(OBS) SE environments in SFCOA and HRRR analysis fields. SFCOA—the most

commonly used gridded-analyses for environmental climatologies—does not capture

storm-induced environmental modification due to the coarse, 40–km grid spacing. The

HRRR—most commonly used in real-time operational forecasting—can at least par-

tially depict storm-environmental influences (e.g., Coffer et al., 2025). In evaluating

biases in OBS vs. SFCOA and OBS vs. HRRR (for both RM and QLCS storm modes),

we find:

• SFCOA and HRRR both have an increasingly negative dewpoint bias with height,

resulting in an increasing overestimation of CAPE compared to OBS with increas-

ing height. The HRRR does not overestimate MLCAPE as much in SFCOA

because the HRRR has a mid-level warm bias that acts to decrease CAPE and

offset the increases due to the low dewpoint bias.

• The HRRR overestimates inflow at the surface for both RM and QLCS, which

is why there is an overestimation of low-level GRWs and an underestimation

of low-level shear. The HRRR overestimates v and vstm, resulting in an slight

overestimation of SRWs—but SRWs that are most similar to OBS (as in Coffer

et al., 2025).

• SFCOA has an underestimation bias in the ground- and storm-relative wind

component orthogonal to storm motion (i.e., v and vstm) for both RM (e.g.,

Coniglio and Jewell, 2022) and QLCS, resulting in underestimation of low-level
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GRWs, shear, and SRWs.

• Despite different signs and magnitudes of kinematic errors for SFCOA and HRRR,

as found in Coffer et al. (2025), we found HRRR was more similar to SFCOA

than either SFCOA or HRRR are to OBS for common severe weather indices.

The near-surface layers (i.e., 0–100 m and 0–250 m) are where the most kine-

matic discrepancy exists between OBS profiles and SFCOA/HRRR profiles. Both

Coniglio (2012) and Coffer et al. (2019) found that the low-level winds were too fast

in RUC/RAP soundings, whereas SFCOA mitigates near-surface biases in comparison.

Since the surface layer in the HRRR is model-derived, it overestimates the true surface

conditions. The impact of overestimation of GRWs in the HRRR and underestimation

in SFCOA is an important bias for forecasters to be aware of, given recent studies

relating environmental, near-surface flow characteristics to supercell tornado produc-

tion. Markowski (2024) noted the influence of coherent vorticity streaks in the inflow

environment in seeding simulated tornadogenesis. They have since been observed by a

mobile lidar platform in the inflows of tornadic and nontornadic supercells (Gebauer

et al., 2026).

We also wanted to understand how the skill of various forecast parameters in dis-

tinguishing tornadic and nontornadic environments and if the skill changed when using

SFCOA or HRRR compared to OBS. We found:

• SFCOA/HRRR both overestimated low-level dewpoints, with a larger warm bias

for tornadic storms. This resulted in higher significance of MLLCL heights be-

tween RM tornadic and RM nontornadic environments in SFCOA/HRRR than

in OBS.

• The GRWs are more skillful in distinguishing tornadic and nontornadic envi-

ronments using SFCOA rather than OBS/HRRR in both RM and QLCS en-

125



vironments. This is a testament to the success of incorporating surface wind

observations into SFCOA.

• In RM environments, HRRR and SFCOA showed more significant differences

than OBS between tornadic and nontornadic environments in low-level shear

(i.e., layers shallower than 3 km).

• The 3–6 km shear magnitudes are smaller for nontornadic than tornadic in OBS,

SFCOA, and HRRR. For OBS, the smaller, but insignificant 3–6 km shear is due

to backing from 3–6 km (evident in the tornadic hodographs), but this backing

is not depicted in the composite SFCOA/HRRR hodographs. Due to the lack of

backing, the 3–6 km shear in SFCOA/HRRR significantly smaller for tornadic

RMs than nontornadic RMs.

• SRWs exhibit more skill in distinguishing tornadic vs. nontornadic RM and

QLCS environments in OBS than in SFCOA or HRRR.

• SFCOA has increased skill for GRWs, shear, and SRH compared to OBS/HRRR

in distinguishing tornadic and nontornadic RM environments.

Given the primary usage of modeled profiles for forecasting (i.e., prior to ongoing

convention), interpretation of the storm-relative variables in the SFCOA/HRRR sound-

ings are calculated using Bunkers storm motion as well as observed storm motion. The

differences are relevant to forecasters who use Bunkers from both OBS soundings and

model soundings prior to convection initiation (i.e., before there is an ongoing storm)

when an observed storm motion cannot be calculated. Studies in the Great Plains

(e.g., Coniglio and Jewell, 2022), across the entire U.S. (e.g., Coffer et al., 2025), and

in the SE (Chapter 3) find that observed storm motions for tornadic storms are slower

and to the right of Bunkers. However, unique to the SE, nontornadic storms are also
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slower than Bunkers (and to the left, as found in other studies in different regions).

Storm motions in the SE are much faster than in the Great Plains on average and

the previously mentioned studies were unable to conclude if their findings would hold

in the SE. The motivating studies for this work have confirmed that observed storm

motion results in an increase in skillfulness of deeper-layer SRW and SRH, as seen here

(Coniglio and Parker, 2020; Coniglio and Jewell, 2022; Coniglio and Thompson, 2024;

Coffer et al., 2025). Coniglio and Thompson (2024) noted that near-ground variables

did not show higher skill when observed storm motion was used rather than Bunkers,

and that holds true in our dataset for RMs, but not for QLCSs. We find larger signif-

icance in low-level (0–100 m and 0–250 m) SRW and SRH for QLCS when observed

storm motions are used.

Coffer et al. (2025) mentions that forecasters may be better off using SRH500m

rather than the more skillful SRH3km when forecasting hours to days in advance.

Without observed storm motion and observed soundings, SRH shows similar skill

across layer depths. However, we agree with their recommendation, because when

using Bunkers storm motion estimates and SFCOA/HRRR profiles, the difference be-

tween tornadic and nontornadic means is closest to the difference in means when using

observed soundings and observed storm motions. Coffer et al. (2025) also mentions

that the skill increase in the deeper-layer SRH is due to deviant motion (i.e., tornadic

storms have a larger SRH due to increased rightward motion compared to Bunkers)

that could be due to internal storm dynamics and cannot be readily anticipated prior

to convection initiation.

The significant difference in HRRR and SFCOA bias between tornadic and nontor-

nadic storms was not present whenever Bunkers storm motion was calculated for each

individual sounding. We found the use of Bunkers storm motion leads to a large faster

bias in ustm and vstm for nontornadic storms and a small slower bias for tornadic
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storms compared to the use of observed storm motion. These biases led to smaller

differences in the means of storm relative parameters (e.g., SRW and SRH) when using

Bunker storm motion. Various SRW layers that are significant in OBS still show sig-

nificance when using SFCOA/HRRR profiles for both QLCS and RM. However, when

Bunkers storm motion is used, significance of SRW and the difference in means between

tornadic and nontornadic subsets decreases with increasing layer depth, rather than

increase as it does when observed storm motion is used.

Another unique aspect of our study is the comparison for QLCS, whereas previous

studies have focused on supercells. Primarily, we find QLCS environments have much

higher environmental variability and thus larger errors than RM environments. The

variability present in QLCS environments is more pronounced when using Bunkers

storm motion over observed. This finding is not surprising, as the Bunkers estimate is

not designed to be used on QLCS MVs, despite it being done in some cases due to the

absence of any other method (e.g., Thompson et al., 2012; Anderson-Frey et al., 2019).

Our findings highlight the need for storm motion estimation based on a given wind pro-

file from QLCS MVs, as exists for RMs (e.g., Bunkers et al., 2000). A QLCS-specific

storm motion estimate would allow for reduction in errors storm-relative parameters

calculated from model data (e.g., SFCOA or HRRR, among many other models). Re-

duction of these errors would greatly improve accuracy of storm-relative variables such

as SRW, which have significant skill in distinguishing between tornadic and nontornadic

environments for QLCSs (Chapter 3).
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tornadic vs. nontornadic differences – SRH  

Figure 4.18: The same as in Fig. 4.6, but for SRH. The SRH parameters included are
(from bottom to top): SRH100m, SRH250m, SRH500m, SRH1km, SRH3km, SRHeff,
and CRIT. Both Bunkers storm motion and observed storm motion mean calculations
are included as in Fig. 4.16.

129



Chapter 5

Conclusions

5.1 Conclusions

The overarching motivation for this Dissertation was to answer questions about

Southeast U.S. (SE) severe storm environments—primarily questions that have been

addressed in the Great Plains (GP) but not in the SE. Tornadic environments in the

SE can happen at all hours of the day, year-round, rather than being more confined to

late afternoon and evening hours in the late Spring months. The larger temporal range

of tornadic activity in the SE, combined with the increased vulnerability of the popu-

lation make it one of the most deadly regions for tornadoes—on top of being one of the

most understudied. Recent field campaigns in the SE provided the necessary data to

further explore what forecast parameters have skill in distinguishing between various

SE environments (e.g., RM vs. QLCS, weak vs. strong mesocyclones, and tornadic vs.

nontornadic). As detailed in Chapter 2, we created a database of observed soundings

in the SE from recent (2016–2023) field campaigns. Atmospheric soundings in prox-

imity (0–100 km) to an existing mesocyclone were used to characterize environments

by classifications such as storm mode, mesocyclone strength, and tornado production

in Chapter 3. The varying environments were evaluated for possible significance of

common forecast parameters. Complementing efforts of Coniglio and Jewell (2022)

and Coffer et al. (2025), we compared the findings of observed soundings to SFCOA
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and HRRR soundings in Chapter 4.

The main goal of this work was to provide forecasters with insights on which fore-

tasting parameters are most skillful in the SE, and to provide researchers with a baseline

SE climatology to guide future efforts to improve forecasting skill in the region. With

the goal in mind, and in combining the research questions we addressed in each chapter,

the overarching questions we sought to answer in this Dissertation and their associated

findings are as follows:

Understanding the differences between the SE and the GP was the primary motiva-

tor for the first question: How do observed SE environments compare to the commonly

studied Great Plains? Do SFCOA/HRRR soundings (and their associated errors) dif-

fer greatly in the SE? Overall, we found larger separation between tornadic and non-

tornadic environments in the GP compared to the SE. Some parameters, primarily

thermodynamic variables, on the low end of favorable in the GP were more similar to

the mean tornadic value in the SE. This particularly applies to composite parameters,

as CAPE is a large component of STP and SCP. Since SE tornadic events often occur

in HSLC regimes, CAPE is much lower, skewing composite parameters to the lower

end of favorable, despite a conducive environment. For example, the STP nontornadic

mean in the SE is 0.7 and the tornadic mean is 1.8, but in the GP, 1.8 is the nontor-

nadic mean and 4.6 is the tornadic mean (Coniglio and Parker, 2020, their Fig. 8).

Additionally, lapse rates for tornadic storms can be an entire ◦C km−1 steeper in the

SE compared to the GP. Biases of SFCOA/HRRR compared to OBS do also differ

in some aspects in the SE compared to the GP. Primarily, the overall magnitude of

kinematic errors between OBS and SFCOA/HRRR are larger in the SE compared to

the GP. This could be in part due to the overall faster storm motions and faster winds

throughout the troposphere for SE tornado events.

A large proportion of severe/tornado climatologies focus primarily on supercells
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rather than linear modes as well, motivating our second question: How do the environ-

ments for RM and QLCS storm modes vary? Are some forecasting parameters more

skillful for one storm mode? Does this vary for SFCOA/HRRR profiles? Deeper-layer

SRH shows much higher skill in distinguishing between RM tornadic and nontornadic

environments than QLCS. Deeper-layer SRW is more skillful in distinguishing between

tornadic and nontornadic environments for RM modes, while shallower layers of SRW

are more skillful for QLCS modes. These results remain true for SFCOA/HRRR pro-

files, but skill of shallow-layer SRH in distinguishing QLCS tornadic and nontornadic

environments and skill of all layers of SRH in distinguishing tornadic and nontornadic

RM environments increases when using SFCOA/HRRR compared to OBS.

A large proportion of severe/tornado climatologies focus primarily on tornadic vs.

nontornadic environments, as we do as well. Our third question is as follows: What

forecast parameters are the most skillful distinguishers of tornadic and nontornadic

environments in the SE? Does this change for SFCOA/HRRR profiles? For both

RM and QLCS storm modes, the SRWs and GRWs were the most significant distin-

guishers between tornadic and nontornadic environments. Even when only considering

strong mesocyclones, SRW and GRWs still showed significant differences between en-

vironments. These results do change for SFCOA/HRRR profiles. Specifically, when

using observed storm motion, SRWs exhibit more skill in distinguishing between tor-

nadic and nontornadic environments for SFCOA/HRRR compared to OBS. For SRH,

SFCOA shows more skill in distinguishing between tornadic and nontornadic environ-

ments compared to OBS/HRRR.

A large proportion of severe/tornado climatologies focus primarily on differences in

tornadic vs. nontornadic environments, as mentioned above, but fewer explore differ-

ences in environments supporting strong vs. weak mesocyclones. Our third question is

as follows: What forecast parameters are the most skillful distinguishers of strong vs.
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weak mesocyclone environments in the SE? When comparing weak and strong mesocy-

clones, we find there are more significant differences between the two subsets for QLCSs,

most notably in upper-level SRW. This question was not explored for SFCOA/HRRR

profiles given the minor differences found in Chapter 3 and a limited sample size.

Coniglio and Jewell (2022), Coniglio and Thompson (2024), and Coffer et al. (2025)

found storm-relative variables, and their skill in distinguishing between tornadic and

nontornadic environments, increase when using observed storm motions rather than

Bunkers estimated storm motion. To confirm whether their findings are applicable to

the SE, we ask: How do observed storm motions vs. estimated storm motions impact

the overall skill of various forecasting parameters? Does it change the skill when using

SFCOA/HRRR profiles? Much like in the GP, when using observed storm motions,

deeper-layers of SRW and SRH were more skillful in distinguishing between tornadic

and nontornadic environments for RM. Bunkers storms motion reduced the skill of

storm-relative parameters, especially for parameters calculated over deeper-layers.

5.2 Forecasting implications

The overall goal of this Dissertation was to provide forecasters with information that

could improve their forecasting capabilities in the SE. This goal is motivated by the

fact that HSLC environments—–most prevalent in the SE—–are associated with lower

probability of detection (POD) and higher false-alarm ratios (FAR) tornado warnings

(Dean and Schneider, 2008; Schneider and Dean, 2008; Brotzge et al., 2013; Dean

and Schneider, 2012; Anderson-Frey et al., 2016, 2019). The mean values of various

forecasting parameters detailed throughout provide forecasters with reference values

and associated significance in differentiating between environments (e.g., tornadic vs.

nontornadic) in the SE. As is, the composite profiles presented in this dissertation can
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serve as reference hodographs for forecasters when evaluating an environment’s severe

potential. We are working towards the composite hodographs being implemented in

NSHARP, the workflow used by forecasters at the Storm Prediction Center.

I recognize that this dissertation contains copious amount of information, much of

which is not directly pertinent to routine operational forecasting. Instead, a significant

portion of the findings are intended to inform and guide future research efforts, and

it is hoped that these insights will be considered and incorporated in future studies.

Acknowledging this, we conclude by highlighting five operationally-relevant findings

for forecasters to takeaway from this work. These are:

1. The three variables with the largest significant difference in means between tor-

nadic and nontornadic RM environments in the SE are: 0–3 km SRH (473 m2s−2

vs. 242 m2s−2), effective layer SRH (373 m2s−2 vs. 174 m2s−2), and 0–6 km SRW

(10.9 ms−1 vs. 7.3 m s−1).

2. The three variables with the largest significant difference in means between tor-

nadic and nontornadic QLCS environments in the SE are: 0–250 m SRW (22.3 m

s−1 vs. 18.2 m s−1), 0–500 m SRW (21.8 m s−1 vs. 17.3 m s−1), and 0–1 km SRW

(20.6 m s−1 vs. 16.0 m s−1). These values are less significant for SFCOA/HRRR

and when using Bunkers storm motion rather than observed storm motion.

3. Composite values such as STP (0.7 nontornadic vs. 1.8 tornadic) and SCP (3

nontornadic vs. 7.5 tornadic) are great predictors of RM tornadic environmental

favorability. However, it is worth noting the STP and SCP values are much

different than the favorable values in the GP. In the GP, mean nontornadic is

STP is 1.8 (which is mean tornadic in the SE) and mean tornadic is 4.6 (Coniglio

and Parker, 2020).
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4. GRWs are skillful in distinguishing between tornadic and nontornadic environ-

ments, and more so when using HRRR/SFCOA profiles. When using observed

profiles with observed storm motions, SRWs are more skillful.

5. Near surface shear and SRH are underestimated and MLCAPE is largely overes-

timated in the HRRR/SFCOA in the SE.

5.3 Future work

The differences we find between tornadic and nontornadic environments answer the

question of, “is this environment supportive of tornadic or nontornadic storms” rather

than if a storm in a given environment will produce a tornado. As previously men-

tioned, small environmental heterogeneities could be responsible in part for varying

mesocyclone strength and tornado production (e.g., Richardson et al., 2007; Daven-

port and Parker, 2015; Davenport et al., 2019; Flournoy et al., 2020; Markowski, 2020)

and can exist in similar environments (Markowski et al., 1998; Parker, 2014; Coffer

et al., 2017; Wade et al., 2018; Flournoy et al., 2020; Markowski, 2020; Coniglio and

Parker, 2020). One of the most prolific tornado outbreaks in the SE, occurring in an

extremely volatile environment, 27–28 April 2011, had supercells that were significant

tornado producers and supercells that had dormant periods in close spatiotemporal

proximity (Lyza et al., 2022a). We found that the differences in storm motion did

not result in large differences in the hodographs (and thus storm-relative parameters

such as SRW and SRH) between tornadic and nontornadic storms occurring in the

same environment. Even with small environmental heterogeneity, Anderson-Frey et al.

(2016) mentioned the difficulties in determining which storm in similar environments

may become tornadic. Additionally, inter-storm structure may also play a role in if

a storm will/will not produce a tornado. While some of these inter-storm structures
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(e.g., updraft shape or tilt, precipitation distributions) may be controlled by the en-

vironment, further investigation was beyond the scope of this study, but would be an

advantageous avenue for future research. Specifically, if inter-storm characteristics and

their environment controls can be identified, it would be of interest to see if any of

those characteristics can be inferred from the environment.

As mentioned in Chapter 3, it would be worthwhile to explore what the main con-

tributing factors to increased SRW are. Further, it would be interesting to further

explore how increasing SRW contributes to increasing tornado probability. As men-

tioned in the prior paragraph, storm characteristics such as updraft shape and tilt

may depend on the environment. Specifically, stronger SRWs have been shown to in-

crease updraft width (e.g., Peters et al., 2020, 2023) and updraft tilt (e.g., Brown and

Nowotarski, 2019) (see Chapter 3 for further discussion). However, the controls on

increasing SRW are not as clear. While deviate storm motions are a control, increasing

GRWs can also increase the SRWs. Given GRWs are larger in the SE, especially near

the surface, their impact should be further explored. Thus, it is possible exploration

of why larger GRWs exists in some environments could provide clues to why SRWs are

larger as well.

However, storm motion also plays a role in the strength of the SRWs and other

storm relative parameters. Analysis in both Chapters 3 and 4 explored differences in

observed storm motion vs. Bunkers storm motion. Our finding reveal that Bunkers

storm motion is too fast in the SE compared to observed storm motions for both

tornadic and nontornadic mesocyclones. However, nontornadic storms have observed

storm motions left of Bunkers and tornadic storms have observed storm motions right

of Bunkers, with the difference in means between tornadic and nontornadic storm mo-

tions being significant. While, Bunkers is not as accurate as observed storm motions, if

we use the information we have on how Bunkers compares to observed, it has potential
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to be used as a forecast tool. For example, if a forecaster can in real-time compare the

observed storm motion to Bunkers storm motion, and they see that a storm is left of

Bunkers, they could possibly infer that that storm is less likely to be tornadic. This

potential operational usage could be further explored in future works. For example,

we could take a large sample of tornado warnings in the SE, use the associated ob-

served storm motions, and compare to the estimated Bunkers motion via the nearest

observed sounding or a SFCOA/HRRR sounding. If the tornado warned storms that

are verified are consistently right of Bunkers and unverified warnings are consistently

left of Bunkers, then that quick calculation could have operational relevance.

While the deviation from Bunkers might provide useful information on tornadic

potential, Bunkers still has limitations. In strong SRH environments (i.e., those seen

in the SE and herein), and environments with strong clockwise low-level hodograph

curvature, Bunkers underestimates SRH (Bunkers, 2018). As shown in Chapter 4,

Bunkers does lead to underestimation of SRH in the SE, especially for deeper-layer SRH

(and mostly for RMs). Additionally, Bunkers is not designed to be used on QLCSs,

but is used in some climatologies due to the absence of a better estimate. Future work

should explore other methods of storm motion calculations, as mentioned in Chapter

3. While Bunkers is based on the wind profile, certain wind profiles, such as those of

QLCSs or with high SRH, may benefit from modifications to Bunkers. Improvement to

storm motion estimates could lead to improvement in calculations of parameters such

as SRH and SRW, which have significant skill in distinguishing between tornadic and

nontornadic environments.
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