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Abstract The depth of convective clouds affects vertical transport of atmospheric constituents, influencing
downstream weather and climate. Atmospheric controls on the maximum depth reached by moist convection are
investigated with radar-tracked convective cells tagged with sounding-derived atmospheric parameters from a
field campaign in central Argentina. Regression analyses show that narrow (<12-km diameter) and wide (>16-
km diameter) cell depths respond to disparate factors, where cell areas are defined using composite reflectivity
signatures. Undiluted lifted parcel indices including convective available potential energy (CAPE) and level of
neutral buoyancy (LNB) are top predictors of wide cell maximum depth while mid-tropospheric relative
humidity is the top predictor of narrow cell maximum depth. Because narrow cells are more numerous than wide
cells, the overall outcome of the full cell population does not strongly correlate with CAPE and LNB conditions.
Tracked cells and atmospheric conditions in a simulation with 3-km grid spacing covering the field campaign
produce similar results to those observed. Narrow cells that are relatively deep have a cooler and moister mid-
troposphere with weaker free tropospheric subsidence, while relatively deep wide cells have much warmer and
moister lower tropospheric conditions. These atmospheric differences are present 1 hr before cell initiation at
both a fixed observing site and variable cell initiation locations. Simulated narrow cell maximum equivalent
potential temperature decreases with height at a rate similar to the ambient vertical gradient, causing these cells
to fall short of their LNB and supporting the view that entrainment-driven dilution is a dominant control on their
depth.

Plain Language Summary The depth that storms reach impacts where the heat, moisture,
momentum, aerosols, and trace gases that they are transporting are deposited, but this depth is difficult to predict
because most storms fall short of their theoretically maximum possible depth. The reason for this shortfall is that
most storms are narrow, such that they are effectively diminished by mixing with surrounding drier air as the
storm deepens. Thus, a dominant control on the depth of these clouds is the humidity of this surrounding air.
However, wide storms are less vulnerable to destructive mixing with dry air. As a result, they more consistently
reach depths that are well predicted by theory. These conclusions were reached via analysis of over a thousand
storms over several months using field experiment measurements and a computer simulation.

1. Introduction

Moist convection is a primary pathway for vertical transport of atmospheric heat, moisture, momentum, aerosols,
and trace gases (e.g., Barth et al., 2015; Dickerson et al., 1987; Houze, 1973; LeMone, 1983; Moncrieff, 1992;
Riehl & Malkus, 1958). The heights and temperatures at which these constituents are detrained from convection
into the atmosphere are strongly modulated by the depth reached by convective clouds. These detrainment heights
further influence horizontal transport and lifetimes of such properties because of changes in winds and stability
with height.

The depth of moist convection can be estimated given an atmospheric thermodynamic profile by lifting a satu-
rated, buoyant air parcel until it becomes negatively buoyant at the level of neutral buoyancy (LNB; also known as
the equilibrium level). Convective clouds reaching or overshooting the LNB in situations where the LNB is
comparable to or higher than the tropopause is an important mechanism for mixing between the troposphere and
stratosphere (e.g., Dessler & Sherwood, 2004; Pan et al., 2014; Wang, 2003). Assumptions are required to es-
timate the LNB from a sounding. First, a parcel starting level or mixed layer needs to be chosen for lifting.
Common choices are the surface parcel, the most unstable parcel starting height, or a layer with adiabatically
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mixed properties. Irreversible pseudoadiabatic ascent assumes all condensates immediately leaves the parcel.
This leads to a different LNB height than assuming reversible ascent in which all condensates are carried with the
parcel. Inclusion of freezing further alters the LNB. Cloud-scale processes occurring during realistic ascent alter
updraft buoyancy. For example, the parcel's buoyancy and LNB are reduced via mixing with air from the sur-
rounding environment, while both are increased by the latent heat of fusion as the condensate freezes. Such
effects, which depend on updraft width (e.g., Morrison, 2017; Peters et al., 2020), condensate mass (e.g., Igel &
van den Heever, 2021), and freezing (e.g., Peters et al., 2023) properties, are often neglected in lifted parcel
convection metrics because they cannot be solely determined from a sounding. Thus, while the LNB is a good first
guess of the maximum depth that convective clouds will reach, it can be highly sensitive to assumptions made to
approximate parcel ascent.

Regardless of the choices for LNB definition, many convective clouds stop short of reaching it, producing a level
of maximum detrainment lower than the LNB height (Mullendore et al., 2013; Takahashi & Luo, 2012; Wang,
Giangrande, et al., 2020; Wang, Jensen, et al., 2020). A primary cause of clouds falling short of reaching the LNB
is mixing of updraft air with surrounding cooler and drier air that lowers buoyancy. Idealized modeling studies
have shown that the depth reached by convective clouds decreases as updraft width decreases (e.g., Grabowski
et al., 2006; Khairoutdinov & Randall, 2006; Kuang & Bretherton, 2006; Morrison, 2017; Morrison et al., 2020,
2022; Nelson et al., 2022; Peters et al., 2020; Powell, 2024; Rousseau-Rizzi et al., 2017; Schlemmer & Hohe-
negger, 2014) and free tropospheric relative humidity (RH) decreases (e.g., Chaboureau et al., 2004; Derbyshire
et al., 2004; Hannah, 2017; Morrison, 2017; Morrison et al., 2020, 2022; Nelson et al., 2022; Peters et al., 2020;
Rousseau-Rizzi et al., 2017) due to their regulation of entrainment-driven dilution. Observational studies have
also shown this to be the case (e.g., Brown & Zhang, 1997; Marquis et al., 2021, 2023; Nelson et al., 2021;
Takahashi et al., 2021; Takemi et al., 2004; Zhang & Klein, 2010). The ability for an updraft of a given width and
ambient environment to continue rising further depends on the vertical distribution of CAPE because more
positively buoyant parcels can withstand more dilution and condensate loading before becoming negatively
buoyant (e.g., Giangrande et al., 2023; Houston & Niyogi, 2007; Lucas et al., 1994; Wu et al., 2009). Lastly,
vertical wind shear may also modulate the magnitude and spatial distribution of entrainment (e.g., Zhao &
Austin, 2005) with complex alteration of updraft dilution. However, shear effects on cloud deepening can be net
positive or negative depending on updraft width, low-level updraft inflow, vertical pressure gradients, and
condensate unloading (e.g., Kirshbaum & Straub, 2019; LeBel & Markowski, 2023; Markowski et al., 2006;
Nelson et al., 2022; Peters et al., 2019, 2022a, 2022b; Tian et al., 2021).

Much of the understanding about convective deepening in relation to updraft width, entrainment, and ambient
atmospheric conditions has been derived from modeling. This is partly due to the ability to set up models in ways
that carefully control for atmospheric and cloud states. Such setups also allow for comparisons to theoretical
solutions and have shown that moist convective updrafts can take the form of an isolated shedding thermal, a
chain of thermals, or a plume depending on the width of the updraft and the ambient atmospheric state (Her-
nandez-Deckers & Sherwood, 2016; Kirshbaum, 2011; Morrison et al., 2020; Moser & Lasher-Trapp, 2017;
Peters et al., 2020; Romps & Charn, 2015; Sherwood et al., 2013), which is supported by observed cases (e.g.,
Blyth et al., 1988; Blyth et al., 2005; Damiani et al., 2006). Such morphologies influence how ambient air is
entrained into and interacts with the updraft. Simulations only form thermals if they are sufficiently resolved,
which typically requires model grid spacing of hundreds of meters or less (e.g., Bryan et al., 2003; Bryan &
Morrison, 2012; Lebo & Morrison, 2015). Under-resolved convective updrafts are biased wide (Prein et al., 2021;
Tang & Kirshbaum, 2020; Varble et al., 2020; Wang, Giangrande, et al., 2020; Wang, Jensen, et al., 2020), which
can lead to more plume-like behavior with biased perturbation pressure, buoyancy, and entrainment-driven
dilution (Varble et al., 2014). Unfortunately, three-dimensional simulations with O(100-m) horizontal grid
spacing covering domains that are hundreds of kilometers across are computationally expensive and thus pri-
marily limited to case studies. Though valuable, case studies require context from the vast spectrum of known
convective cloud properties and atmospheric conditions. Thus, kilometer-scale simulations in which convective
clouds are not parameterized and also not fully resolved remain essential because of their ability to run over large
domains and long periods of time. Such simulations are currently central to regional weather prediction
(Benjamin et al., 2018) and soon will be central to climate prediction (Stevens et al., 2019).

Observations are required to assess how well models represent convective deepening processes such that
modeling studies can be properly interpreted, but several factors have limited observational results. First, the real
world produces a spectrum of cloud depths arising from variability in updraft width and near-cloud atmospheric
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conditions due to factors such as mesoscale heterogeneity, complex terrain, and interactions between neighboring
clouds (e.g., Liu et al., 2023; Marquis et al., 2021, 2023; Nelson et al., 2021) that are neither accounted for in
idealized simulations nor adequately sampled by routine measurements. Second, individual convective cells need
to be tracked in space and time, typically by radar or satellite methods with strengths and limitations in their
ability to accurately retrieve the convective cell life cycle properties. Lastly, updraft width, speed, buoyancy, and
microphysical properties are rarely observed with sufficient accuracy and resolution for studying cloud growth
processes. Exacerbating these issues, updrafts do not share a singular definition across observational studies due
to retrievals with variable resolution and uncertainty. Contiguous vertical wind speed objects in space or time
using a threshold minimum vertical wind speed of 02 m s are a common definition in the limited situations in
which vertical wind speed retrievals are possible (e.g., Varble et al., 2014; Wang, Giangrande, et al., 2020; Wang,
Jensen, et al., 2020). Thus, even though models contain biases, they are often required to connect processes and
properties in ways that inform accurate interpretation of observations.

In this study, we use both a regional convection-permitting simulation and observations collected during the 6.5-
month-long Cloud, Aerosol, and Complex Terrain Interactions (CACTI) field campaign (Varble et al., 2021) to
track convective cell properties across a diversity of meteorological conditions. The objectives of this study are
twofold. One objective is to determine whether updraft width across many cases and variable conditions regulates
the response of convective cloud depth to atmospheric conditions as suggested in past idealized modeling studies
and observational cases. Our overarching hypothesis is that relatively narrow cells have narrow updrafts with
maximum depths more regulated by entrainment-driven dilution than their undiluted potential. In contrast,
relatively wide cells have wide updrafts that reach depths well predicted by undiluted CAPE and LNB metrics.
The other objective is to assess the ability of a regional convection-permitting simulation with 3-km horizontal
grid spacing to reproduce observed relationships between cell width, depth, and atmospheric conditions. Section 2
describes observational and modeling data sets used, while Section 3 describes the study methodology. Results
are presented in Section 4 with conclusions in Section 5.

2. Data Sets
2.1. Observations

Measurements of convective cell and atmospheric properties are obtained from the U.S. Department of Energy
Atmospheric Radiation Measurement (ARM) CACTI field campaign, which occurred between October 2018 and
April 2019 over the Sierras de Cérdoba range of central Argentina (Varble et al., 2021). This region supports
frequent initiation and growth of deep convection (Mulholland et al., 2018, 2020; Rasmussen & Houze, 2011,
2016; Singh et al., 2022) across a wide variety of atmospheric conditions (Schumacher et al., 2021). Data were
collected in conjunction with the National Science Foundation led Remote sensing of Electrification, Lightning,
and Mesoscale/microscale Processes with Adaptive Ground Observations (RELAMPAGO) field campaign
(Nesbitt et al., 2021). Several studies have already leveraged RELAMPAGO-CACTI data sets to investigate
processes including mechanical and thermal orographic flow effects on cumulus convection (Lareau et al., 2024),
aerosol and turbulence effects on warm cloud precipitation (Borque et al., 2022), deep convection initiation
(Marquis et al., 2021, 2023; Nelson et al., 2021, 2022), convective cloud microphysics and lightning (Casanovas
et al., 2021; Elkins & Hence, 2024; Lang et al., 2020; Medina, Carey, Bitzer, et al., 2022; Medina, Carey,
Deierling, & Lang, 2022; Rivelli Zea et al., 2021; Rocque et al., 2024), deep convective upscale growth and
evolution (Feng et al., 2022; Lombardo & Kumjian, 2022; Trapp et al., 2020; Zhang et al., 2021, 2024), and
aerosol effects on convective clouds (Medina, Carey, Bitzer, et al., 2022; Medina, Carey, Deierling, &
Lang, 2022; Ross & Lasher-Trapp, 2024; Veals et al., 2022).

Radar reflectivity from the C-band Scanning ARM Precipitation Radar (C-SAPR?2) is used to define and track
observed convective cells and their properties (see Figure 1 and Section 3). C-SAPR2 performed a repeating 15-
min scan sequence that included a plan position indicator (PPI) scan volume with elevation angles between 0.5°
and 33° (Hardin et al., 2018). PPI data are missing from late December through January 20, in mid-February, and
after March 2, resulting in about 3.5 months of cell tracks used here. The radar was calibrated with on-site
measurements and comparisons with other radars (Hardin, Hunzinger, et al., 2020) with further data process-
ing performed with Taranis software (Hardin, Bharadwaj, et al., 2020) (see Feng et al. (2022) and Hardin
et al. (2024) for more details). Radial radar data are Cartesian gridded with Cressman weighting and a range-
dependent linearly increasing radius of influence using default settings in the Python ARM Radar Toolkit
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Figure 1. A topographic map showing the observing (CSAPR2 and radiosonde) site (red diamond) and the cell initiation
locations (blue dots) for observations (left) and WRF (right).

(Helmus & Collis, 2016) with 500-m horizontal and vertical grid spacing out to a horizontal range of 110 km and
vertical depth of 20 km above the radar altitude (1,141 m). Radar reflectivity is then averaged in linear units to 3-
km horizontal grid spacing to match the grid spacing of model output described in Section 2.2.

Satellite Cloud and Radiation Property System (SatCORPS) Geostationary Operational Environmental Satellite
16 (GOES-16) cloud products (Minnis et al., 2021; Smith & Thieman, 2019; Trepte et al., 2019; Yost et al., 2021)
are used to quantify top-of-atmosphere infrared brightness temperature (TOA IR T,). These retrievals have a
resolution of approximately 2 km and 15 min. They are parallax corrected and converted back to a regular grid
using a nearest neighbor approach in scikit-learn (Pedregosa et al., 2011) and choosing values associated with the
coldest cloud top pixel for overlapping irregular points (Varble, Thieman, et al., 2024). They are then colocated
with the radar data using the nearest neighbor method in xXESMF (Zhuang, 2020).

Radiosondes were launched at the observing site (Figure 1) between 12:00 (09:00 local time) and 00:00 (21:00
local time) UTC with 3-hourly frequency on days in which deep convection was forecasted and 4-hourly fre-
quency on other days. These soundings were inputted to the ARM Interpolated Sounding product (Fairless &
Giangrande, 2018; Fairless et al., 2021) that linearly interpolates atmospheric state variables to a 1-min resolution
at 332 constant height levels using microwave radiometer retrieved total column water vapor (TCWYV; Turner
et al., 2007; Gaustad et al., 2011). Computed atmospheric parameters follow Nelson et al. (2021) and Marquis
et al. (2023) with a subset chosen based on their potential to impact convective updraft width, depth, and intensity
(Table 1). These measurements are matched in time with the 15-min radar and satellite data sets. Analyzed
pseudoadiabatic most unstable (MU) lifted parcel metrics include convective available potential energy
(MUCAPE), convective inhibition (MUCIN), MU-lifted condensation level (LCL) height and temperature, MU
level of free convection (LFC), and MU level of neutral buoyancy (LNB). Reversible ascent metrics not including
fusion were also computed, but pseudoadiabatic parameters are used because they generally exhibited slightly
higher correlation coefficients with cell depths. The MU parcel starting height and the water vapor mixing ratio
were also assessed but removed from analyses because of high correlation with MU LCL height and temperature.
Bulk wind difference (BWD) in the 0-3 and 0-6 km AGL layers are used as metrics of vertical wind shear.
TCWYV and 5-km ASL relative humidity (RH) are computed to characterize ambient moisture. RH at other height
levels were also tested but exhibited weaker correlations with cell depth. Lastly, the CAPE, mean RH, and BWD
in the active cloud bearing layer (ACBL) are assessed where the ACBL is the 1.5-km deep layer with the MULFC
height as its lower bound, following Lock and Houston (2014). This is the layer where lifted MU parcels are first
positively buoyant and potentially particularly susceptible to entrainment-driven buoyancy dilution.
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Table 1
Convective Cell and Atmospheric Variables Used in This Study

Convective cell properties

Max Diameter
Max 10-dBZ ETH
Min TOA IR T,

Max Reflectivity

Lifetime

Cell lifetime-maximum diameter
Cell lifetime-maximum 10-dBZ echo top height

Cell lifetime-minimum top-of-atmosphere infrared brightness
temperature

Cell lifetime-maximum radar reflectivity

Cell lifetime

Sounding-derived pseudoadiabatic most unstable lifted parcel parameters

MU LNB Level of neutral buoyancy

MUCAPE Convective available potential energy

MUCIN Convective inhibition

MU LCL Height Lifted condensation height level above ground

MU LFC Height Level of free convection height above ground

MU LCL Temp Lifted condensation height level temperature

ACBL CAPE Active cloud bearing layer convective available potential

energy

ACBL RH Active cloud bearing layer relative humidity

ACBL BWD Active cloud bearing layer bulk wind difference
Additional sounding-derived atmospheric parameters

TCWV Total column water vapor

5 km RH 5 km above sea level relative humidity

0-3 km BWD 0-3 km above ground level bulk wind difference

0-6 km BWD 0-6 km above ground level bulk wind difference

2.2. Model Setup and Output

The Weather Research and Forecasting (WRF) model V4.1.1 (Skamarock et al., 2019) was used to perform a 6.5-
month long simulation covering the entire CACTI field campaign over a 1,800 km X 1,500 km region (see Zhang
et al. (2021) and Sasaki et al. (2024) for further details). The simulation uses 3-km horizontal grid spacing with 80
vertical levels that maintain 250 m or less vertical grid spacing below 5-km altitude to better resolve temperature
inversions. Initial and boundary conditions are provided by the European Centre for Medium-Range Weather
Forecasts Reanalysis v5 (ERAS; Hersbach et al., 2020) with no nudging applied. The Thompson aerosol-aware
microphysics scheme (Thompson & Eidhammer, 2014) is used with aerosol number concentrations nudged to the
Goddard Chemistry Aerosol Radiation and Transport (GOCART) model (Ginoux et al., 2001) based climato-
logical data set described in Thompson and Eidhammer (2014). Additional physics parameterizations used
include the Mellor-Yamada-Nakanishi-Niino (MYNN) level 2.5 eddy diffusivity mass flux scheme (Nakanishi &
Niino, 2006, 2009), the Noah land surface scheme (Tewari et al., 2004), the Eta surface layer scheme
(Janji¢, 1994; Monin & Obukhov, 1954), and the Rapid Radiative Transfer Model for General Circulation Models
(RRTMG; Iacono et al., 2008) with aerosol interactions included.

To match the observational temporal frequency, 15-min model output is used. Simulated radar reflectivity is
computed from predicted hydrometeor size distributions assuming Rayleigh scattering, following Smith (1984).
Top-of-atmosphere infrared brightness temperature (TOA IR T,) is computed from outgoing broadband long-
wave radiation using the empirical relationship in Yang and Slingo (2001). Atmospheric sounding parameters are
computed at both the observing site and at the cell initiation (CI) locations of individual tracked convective cells
using methods consistent with the calculated parameters from observed soundings.
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Figure 2. (a) Observed and simulated probability distributions of MU LNB at each cell's initiation time prior to filtering of
samples for full life cycles and MU LNB > 6.5 km. (b) Observed and simulated probability distributions of cell lifetime-
maximum diameter following filtering of samples with narrow and wide cell definitions shown based on the area-equivalent
circle diameter.

3. Methodology

Observed and simulated convective cells are defined and tracked using PYFLEXTRKR (Feng et al., 2023) applied
to composite (i.e., column-maximum) radar reflectivity in a consistent manner following Feng et al. (2022) with
parameters tuned to work with 3-km horizontal grid spacing. Methodological details of how cells are identified
and tracked are provided in Text S1 in Supporting Information S1. Many cell track statistics are saved for each
time in a cell's life cycle including location, area, depth, and a range of radar-derived variables. Cell width is
defined as the diameter of a circle with area equivalent to that of the cell mask. Cell depth is defined using two
proxies: (a) 10-dBZ echo top height (ETH) and (b) minimum TOA IR T,. The atmospheric parameters in Table 1
computed from observed soundings and simulated vertical profiles at both the observing site and CI locations are
tagged to each cell track at the CI time and for the 60 min prior to it. Although it would be ideal to track at-
mospheric conditions surrounding each cell as it evolves in time, the limited temporal resolution of observations
fixed at a single site does not allow this. Tracking of conditions along tracks in simulations is left for future work
to determine how spatiotemporal sampling of atmospheric conditions relative to evolving cells affects the
maximum depth that they reach.

Some cells are removed from analyses for various reasons. Cells to the west of 64.9°W are excluded due to low-
level radar blockage by the mountains (Figure 1); 38.9% of observed cells and 41.6% of simulated cells are
removed. In addition, cells with MUCAPE = 0 or MU LNB < 6.5 km ASL at the observing location are excluded,
which removes another 7.2% of observed and 4.9% of simulated cells. MU LNB = 6.5 km is chosen as a lower
threshold because it is a relative minimum in the MU LNB probability distributions, where values greater than it
allow for the potential of deep convection (Figure 2a). To ensure complete cell life cycles, cells that begin as splits
from a preexisting cell or end by merging with another cell are also excluded. This removes an additional 22.8% of
observed and 28.2% of simulated cells, such that ~31% of the initial observed and ~25% of the initial simulated
cell populations are retained. Retained cells are partitioned into narrow (<12 km) and wide (>16 km) diameter
groups (Figure 2b). These thresholds are determined based on approximate diameters at which the relative
importance of atmospheric predictors shifts in multiple linear regressions used later, which varies from 12 to
16 km depending on the data set (Figure S1 in Supporting Information S1). How this importance is computed is
discussed further in Section 4.3. This partitioning corresponds to cell areas with 12 or fewer grid points for narrow
cells and 23 or more grid points for wide cells. This results in 1,164 narrow and 125 wide observed cells, and
2,415 narrow and 268 wide simulated cells. Thus, there is a factor of ~2 overprediction of the total number of cells
by WRF. The reasons for this overprediction are beyond the scope of this study but are shown by Zhang
et al. (2024) not to be a result of insufficient model resolution. Rather, they hypothesize it to be related to biases
endemic to physics parameterizations that require further investigation. Regardless, the observations and simu-
lation both yield a similar factor of ~9 more narrow cells than wide cells. Because realistic cell areas can sub-
stantially deviate from circular shapes (Figure S2a in Supporting Information S1), analyses were also performed
where the cell area-equivalent circle diameter is replaced by minor axis length of an ellipse fitted to each cell mask
with the same area as the mask, where narrow and wide are defined as lifetime-maximum minor axis length
<10 km and >13 km, respectively (Figure S3 in Supporting Information S1). Results using minor axis length to
separate narrow and wide cells are very similar to those using diameters (Text S2 in Supporting Information S1).
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4. Results
4.1. Comparison of Observed and Simulated Convective Cell Properties

The WRF simulation reasonably reproduces the MU LNB and cell diameter probability distributions (Figure 2).
Cell lifetimes are also well simulated including the difference between narrow and wide diameter cells (Figures 3a
and 3b). Narrow cell median lifetime is 30—45 min with very few samples reaching 2 hr, whereas wide cell median
lifetime is 90 min with many cells exceeding 2 hr. Narrow cell lifetime-maximum radar reflectivity is also well
simulated with only two dBZ separating observed and simulated median values (30 vs. 32 dBZ; Figure 3c). Wide
cells have much greater lifetime-maximum radar reflectivity values with median observed and simulated values
around 55 dBZ (Figure 3d). However, there are some differences in the wide cell reflectivity distributions. WRF
has many cells with maximum reflectivity >60 dBZ, which is rare in observations. This difference may be
reconciled by WREF reflectivity assuming Rayleigh scattering whereas observed C-band reflectivity may be
affected by non-Rayleigh scattering by hail in intense storms that would lower reflectivity.

Median lifetime-maximum 10-dBZ ETHs for narrow cells are about 2.5 km higher in observations than WREF,
while wide cell median ETHs are almost 5 km higher (Figures 3e and 3f). Despite this, median lifetime-maximum
10-dBZ ETH is 5 km higher for wide than narrow cells in both observations and WRF. Lifetime-minimum TOA
IR T, also exhibits a sizeable shift in values between narrow and wide diameter cells, with wide ones having 35—
40°C colder median cloud tops (Figures 3g and 3h). Observed and simulated IR T, distributions are closer to one
another than ETH distributions if assuming reasonable moist adiabatic lapse rates for cell top temperatures and
pressures. Observed narrow cell median values are about 8°C colder than simulated (Figure 3g; ~1.3 km
assuming a middle tropospheric lapse rate of ~6°C km™"), and wide cell median values are 4°C colder than
simulated (Figure 3h; ~0.4 km assuming an upper tropospheric lapse rate of ~9°C km™"). The weakness of IR T},
as a measure of cell top height is that anvils from deep cells can obscure shallower cells. However, a weakness of
10-dBZ ETH is that 10 dBZ can be well below cloud top. In addition, nonuniform radar beam filling and the
radius of influence the Cartesian gridding algorithm used to fill in gaps between radar beams extrapolate echoes to
higher altitudes than they realistically reach. Indeed, observed ETHs regularly exceed the sounding-estimated
MU LNB and 0°C heights for a given minimum IR T, by several kilometers (Figure S4 in Supporting Infor-
mation S1). This phenomenon is not reproduced in the simulation; thus, observed ETHs are biased high. It is also
possible that the simulation has a slight low bias in cloud top heights consistent with slightly warmer IR T, values,
which could also contribute to model-observation ETH differences. Despite such issues, the magnitude of the
ETH distribution shift between narrow- and wide-diameter-observed cells is similar to that in the model. Because
ETH biases likely cannot be fully removed with common Cartesian gridding techniques used here and due to the
presence of nonuniform beam filling, we choose to move forward with the current ETH data set, using IR Ty,
analyses as context.

4.2. Convective Cell Correlations With Atmospheric Conditions

Correlations between atmospheric parameters and cell properties are examined for wide cells (Figure 4) and
narrow cells (Figure 5) to assess which variables strongly covary and which parameters have the most significant
relationships with cell depth. To provide less skewed distributions, MUCAPE and MUCIN variables are trans-
formed from units of J kg™' to m s™' by assuming all potential energy is converted into kinetic energy. Because
radar volumes were only available every 15 min, most narrow cells were only observed for a few time steps (30—
45 min lifetimes), which introduces substantial uncertainty into the estimates of their lifetime-maximum depths
reached. This likely limits correlation coefficient magnitudes and the accuracy of regressions in Section 4.3, but
significant statistical relationships with atmospheric variables are still obtained due to sufficient sample sizes.
Sensitivity to data set resolution is beyond the scope of this study but should be explored in the future.

Focusing first on correlations between cell properties, lifetime-maximum 10-dBZ ETH is highly correlated with
lifetime-minimum TOA IR T,, both being metrics for the cell depth reached, though correlations are notably
higher for wide cells (r = 0.76—0.83) than narrow cells (r = 0.56-0.65) and a bit lower in observations (r = 0.56—
0.76) than WRF (r = 0.65-0.83). That these correlations are not greater for two variables quantifying the cloud
top demonstrates the uncertainty present in such metrics. Such uncertainty lowers correlations with other vari-
ables and supports the usage of multiple cloud top metrics to increase confidence in results. Cell lifetime-
maximum radar reflectivity also positively correlates with cell depth metrics (r = 0.36-0.77) and cell lifetime,
though cell lifetime is only weakly positively correlated with cell depth. Cell lifetime-maximum diameter
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Figure 3. Observed and simulated probability distributions of cell (a-b) lifetime, (c—d) lifetime-maximum radar reflectivity,
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wide cells. Dashed lines represent median values.

positively correlates with cell depth, maximum reflectivity, and lifetime for both narrow and wide categories
(r = 0.16-0.55). Thus, grouping cells into narrow and wide diameter categories does not completely control for
cell diameter effects on cell depth, which is expected but unavoidable given the need for sufficient sample sizes
within width categories.
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Figure 5. Following Figure 4 but for narrow cell properties for (a) observations and (b) WRF.

Correlations between sounding-derived parameters and the two cell depth metrics (first two columns of Figures 4
and 5) are clearly different between narrow and wide diameter cell groups with correlations generally consistent
between observations and WRF. Wide cell maximum depth (ETH and IR T,) best correlates with instability
parameters (MU LNB, r = 0.38-0.75; MUCAPE, r = 0.32-0.70) and secondarily correlates with TCWV
(r=0.36-0.60) and MU LCL temperature (r = 0.29-0.59), with greater correlations for observations than WRF.
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These variables also strongly correlate with one another, indicating redundant information between them. Narrow
cell maximum depth also positively correlates with TCWV (r = 0.20-0.25). However, in contrast to wide cells,
narrow cell depth has very weak or insignificant correlations with MU LNB, MUCAPE, and MU LCL tem-
perature. Instead, 5-km RH correlates most strongly with narrow cell depth (r = 0.24-0.47) with greater cor-
relations in the model than observations. Other parameters have inconsistent correlations with narrow cell depth
apart from a negative correlation with 0—6 km bulk wind difference in the simulation (r = —0.21, —0.22) and in
observations for minimum TOA IR T, (r = —0.22). 5-km RH and TCWYV also positively correlate with one
another, indicating some redundancy in their information, though their correlation is weaker than those between
the top wide cell depth predictors (TCWV, MU LNB, MUCAPE, and MU LCL temperature). These correlations
only slightly change for the simulation when using sounding-derived parameters from CI locations 15 min prior to
CI rather than parameters at the fixed observing site at CI time (Figure S2 in Supporting Information S1).
Maximum cell depth metrics also positively correlate with the maximum cell aspect ratio (r = 0.07-0.29) and
minor axis length (r = 0.17-0.50), more for wide than narrow cells. However, the correlations with minor axis
length are very similar to those with diameters because of their high correlation. Indeed, correlograms using minor
axis length to define narrow and wide groups are very similar to those using diameter (Figures S6 and S7 in
Supporting Information S1).

4.3. Atmospheric Predictors of Cell Lifetime-Maximum Depth

Because of covariabilities between atmospheric predictors of lifetime-maximum cell depth, multivariate linear
regressions (MLRs) of maximum 10-dBZ ETH and minimum TOA IR T, against sounding-derived parameters
are performed to better isolate individual relationships. To limit predictor covariability, some predictors shown in
Table 1 and Section 4.2 are removed from the MLR. We first remove the ACBL variables (CAPE, RH, and BWD)
because they do not contribute to predicting depth in an MLR including all predictor variables as much as their
counterparts not limited to the ACBL (MUCAPE, 5-km RH, 0-6 km BWD). TCWYV is also removed because it
correlates with other more dominant moisture and instability variables and can also affect cell depth through
multiple pathways, which makes interpretations ambiguous. MU LNB, MUCAPE, and MU LCL temperature also
highly correlate with one another; thus, LCL temperature is removed because its effect on depth is more
ambiguous than MU LNB and MUCAPE. Both MUCAPE and MU LNB are retained despite being strongly
correlated because either can be a better predictor of the two depending on the depth proxy used. Finally, the
number of predictors is then further reduced by removing any that do not contribute significantly to both narrow
and wide diameter cell depth prediction for both observations and WREF. This criterion removes MUCIN and MU
LFC height. MU LCL height is retained despite statistically significant negative correlations with MU LNB and
MUCAPE because of its importance in predicting observed depths discussed below. Reasons for this negative
correlation are unclear but could be related to (a) deeper boundary layer mixing lowering LNB and CAPE values
while increasing LCL heights, and/or (b) inclusion of elevated convection environments that have relatively high
LCL heights with lesser CAPE over shallower layers than moist convection rooted in the boundary layer. The
reduction in the number of predictors slightly lowers the MLR 72 values but improves interpretation with limited
predictor covariability (apart from LNB and CAPE) and physically justifiable coefficient signs except for the
balance between highly correlated MU LNB and MUCAPE variables.

Figure 6 shows the percentage that each retained sounding-derived parameter contributes to the MLR #° values for
predictions of cell lifetime-maximum depths. These are computed via Shapley regression, which computes
contributions of each regression predictor by computing an MLR #* value for every possible combination and
ordering of 1 to all (5 in this case) predictors, assessing how MLR > values change based on inclusion or
exclusion, and ordering, of each predictor. These changes are then averaged for each predictor to come up with the
predictor contribution to the overall MLR r* value using all five predictors, following Lindeman et al. (1980). The
r* contributions here are converted to percentages of the total 7> for easier interpretation. These values are often
referred to as the “importance” of each predictor. Predictor 7> contributions generally follow the ordering of
individual parameter correlations in Figures 4 and 5 because of the limited covariability between predictors
(Figures 4 and 5). Because of this, the dominant MLR predictors of lifetime-maximum 10-dBZ ETH and lifetime-
minimum TOA IR Ty are the variables that correlate the most with ETH and IR T,,. For both observed and
simulated wide cells, this is MU LNB and MUCAPE, with MU LNB having more contribution to IR T, and each
contributing similarly to ETH. Depending on the data set, MUCAPE and MU LNB combine to contribute 66%—
94% of the total > for wide cells. Other variables with statistically significant coefficients provide lesser
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Figure 6. Observed and WRF predictor contributions to the coefficient of determination (r2) for lifetime-maximum 10-dBZ
ETH for (a) wide and (b) narrow cells, and lifetime-minimum TOA IR T, for (c) wide and (d) narrow cells. Triangles indicate

statistically significant predictors at a 95% level. r* value in the legends correspond to each MLR using all predictors shown
together.

contributions, particularly MU LCL height for observations (3%—6%) and both 0-6 km BWD (3%-9%) and 5-km
RH (0%-20%) for WRF. Because MU LNB and MUCAPE are highly correlated, additional regressions were also
performed with one or the other removed. Doing so substantially increases the importance of the variable retained,
ensuring statistical significance for the retained variable while only minorly lowering the overall r? values
(Figures S8 and S9 in Supporting Information S1). For both observed and simulated narrow cells, 5-km RH is the
dominant predictor with 41%—83% contribution to 2. For lifetime-minimum TOA IR Tj, observed and simulated
contributions are very similar, with a secondary contribution from 0 to 6 km BWD (12% for WRF, 23% for
observations). For lifetime-maximum 10-dBZ ETH, the 5-km RH contribution is much lower for observations
(41%) than WREF (72%) due to a 43% contribution from MU LCL height. It is unclear why MU LCL height is more
important in observations than WREF, but some speculation is provided later. 0—-6 km BWD is the second most
important WRF predictor (18%), while MU LNB and MUCAPE also provide minor (<11%) contributions to both
observed and simulated narrow cell ETHs.

Except for observed wide cells, MLR * values are rather limited (Figure 6). This is somewhat expected due to
several factors. First, the MLR model is valuable because it can identify statistically significant relationships that
are physically interpretable in support of our primary objectives using observable metrics. However, because it is
based on linear combinations of predictors, it may not fully capture more complex nonlinear relationships.
Second, observational sampling limits accuracy. For example, the depth reached by cells is crudely approximated
using 15-min temporal resolution and imperfect proxies (ETH and IR T,). Further, atmospheric conditions tagged
to each cell at CI time may not adequately represent those experienced by each cell's updrafts. Observed con-
ditions are limited by interpolating between 3-hourly radiosonde measurements from a single location.
Furthermore, assumptions are required to obtain lifted parcel metrics (here, the most unstable parcel without
consideration of mixing, condensate loading, or freezing) that are likely variably relevant for any given updraft.
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Third, there are nonsounding-based factors unaccounted for in the MLR, including cloud microphysical effects
and interactions among neighboring cells. Adding cell lifetime-maximum diameter (shown later to be propor-
tional to updraft area-equivalent circle diameter) as a predictor in each cell width group substantially increases
values for maximum 10-dBZ ETH and wide cell predictions, with lesser increases for narrow cell minimum TOA
IR T}, (Figure S10 in Supporting Information S1). Despite the importance of cell diameter to predicting cell depth,
the relative contributions of sounding-derived atmospheric parameters at the time of CI at the observing site
location remain mostly unchanged from the MLR that excludes it in Figure 6. The lifetime-maximum cell
diameter is also undermined as a predictor because it can also respond to cell depth, an issue that is discussed
further in the conclusions. The impact of fixed site conditions for variable cell locations is tested by performing
regressions on simulated cells using conditions at the CI locations 15 min prior to CI to avoid contamination by
the growing cell prior to detection of its reflectivity signature used to define a cell. Changing sounding sampling
locations minorly increases > values, and the relative importance of predictors remains mostly unchanged with
only slight increases in the importance of MUCAPE and 5-km RH (Figure S11 in Supporting Information S1).
Using cell lifetime-maximum minor axis length rather than lifetime-maximum diameter to characterize cell width
also results in little change to the relative importances of predictors and no improvement in overall /> values
(Figure S12 in Supporting Information S1). Further discussion of the relative accuracies of the various MLR
predictions is provided with Text S3 in Supporting Information S1.

MLR coefficients provide the sensitivity of maximum cell depth to each predictor (Figure 7). Standardized co-
efficients are shown such that the magnitudes can be compared across predictors. These can be interpreted as the
number of standard deviations that the depth proxy (ETH or IR T,) will change given a standard deviation change
in the predictor variable where the standard deviations are dictated by the distributions of variable values in each
data set.

The greater importance of instability metrics (MU LNB and MUCAPE) for wide cells than narrow cells is
apparent with greater coefficient values that are positive, indicating more instability over a greater depth leads to
greater cell depths. Because MU LNB and MUCAPE contain redundant information, their coefficient magnitudes
are more uncertain than other variables and either can have statistically insignificant signs (Figure 7). Similar to
contributions (Figure 6), it is apparent that MUCAPE and MU LNB are similarly important predictors for wide
cell lifetime-maximum ETH, whereas MU LNB matters more for simulated wide cell IR Ty, Interestingly, MU
LNB and MUCAPE have significant coefficient values for narrow cell ETH, but the MUCAPE coefficient is
positive, and the MU LNB coefficient is negative. This suggests that focusing CAPE into a thinner layer is
beneficial to narrow cell deepening, which is physically plausible in that this increases undiluted buoyancy over
the CAPE containing layer such that the updraft is better protected from depletion of buoyancy to entrainment-
driven dilution (e.g., Houston & Niyogi, 2007). Consistent with this idea, ACBL CAPE, which is computed over a
fixed 1.5-km depth directly above the LFC, is a better predictor for narrow cell depth than MUCAPE and MU
LNB (Figure 5). In addition, removing either MUCAPE or MU LNB as a predictor results in small and certain
(small confidence interval) positive coefficients for narrow cells for the retained predictor (Figures S13 and S14 in
Supporting Information S1), indicating the large narrow cell coefficients for maximum ETH in Figure 7a result
because of counteracting MUCAPE and MU LNB effects. Removing either MU LNB or MUCAPE also increases
the retained predictor coefficient magnitudes for wide cells with all becoming statistically significant and similar
in value for a given data set, though cell depth sensitivities to these instability metrics are greater in observations
(>0.7) than WRF (<0.6). Also consistent with the 7> contributions, 5-km RH coefficients are positive and greater
for narrow cells than wide cells, indicating greater midlevel RH supports narrow cell deepening with slightly
greater sensitivity in WRF than observations.

Of the remaining predictors, MU LCL height has significant, positive coefficient values for observed narrow cells
such that higher LCLs are associated with deeper cells, potentially via increases in cloud base updraft width (e.g.,
Mulholland et al., 2021; Takahashi et al., 2023). However, MU LCL height is not important in the simulation.
This may be due to 3-km grid spacing's inability to fully resolve updraft width in narrow cells, making many
updrafts wider than they would be in the real world (see references in Section 1). The 0-6 km BWD coefficients
are negative for narrow cells, meaning increases in deep vertical wind shear are associated with decreases in cell
depth. For narrow cells, this is physically reasonable as vertical wind shear can enhance entrainment (see ref-
erences cited in Section 1). Wide cells should be more resistant to this effect, perhaps contributing to three of four
coefficients being statistically insignificant. Sampling of wide cells being much more restricted than narrow cells
also renders wide cell predictors more uncertain as evidenced by much larger confidence intervals for wide as
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Figure 7. Observed and simulated multivariate linear regression predictor standardized coefficients with 95% confidence
intervals for narrow- and wide-diameter cells (a) lifetime-maximum 10-dBZ ETH and (b) minimum TOA IR T,. Confidence
intervals are computed from the MLR standard error.

compared to narrow cells in Figure 7. Larger sample sizes in future studies would lessen uncertainty and
potentially allow for the determination of the signs of secondary predictors and more robust quantification of
sensitivities.

Including cell lifetime-maximum diameter as an additional predictor shows that increases in the cell diameter are
unsurprisingly associated with increases in cell depth, with similar coefficient magnitudes in WRF and obser-
vations (Figure S15 in Supporting Information S1). Despite the addition of the cell diameter and increase in
predictive skill, coefficient magnitudes for the other predictors do not significantly change. This is again
consistent with the 7> contribution analyses and suggests that controlling for the diameter within narrow and wide
diameter cell groups does not affect assessment impacts of ambient meteorological conditions on cell deepening.
Using predictor values from CI locations 15 min prior to CI in the simulation also does not significantly change
coefficients, with the exception that MUCAPE becomes more important and MU LNB less important (Figure S16
in Supporting Information S1). This is consistent with the decrease in correlation of MU LNB and increase in
correlation of MUCAPE with depth proxies for wide cells (Figure S5 in Supporting Information S1 vs. Figure 4).
Lastly, using minor axis length instead of the diameter to define narrow and wide cell groups results in very little
changes to predictor coefficients (Figure S17 in Supporting Information S1).
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4.4. Cause of Differing Narrow and Wide Cell Sensitivities to Atmospheric Conditions

Given the overall success of the WRF simulation in reproducing observed relationships, we further interrogate the
apparent cell diameter modulation of thermodynamic controls on cell depth in the simulation. The time evolution
of the atmospheric thermodynamic vertical structure leading up to CI showcases the vast differences between
narrow and wide diameter cell depth sensitivities (Figures 8 and 9).

Wide cells that become deep are associated with environments containing higher 6, throughout the atmosphere
than for wide cells that remain shallow. This is especially true in the lower troposphere, where deep 6, is more
than 5 K greater both at CI locations (Figure 8a) and the fixed observing site (Figure 8b) because the atmosphere is
warmer by up to 4 K (Figures 8c and 8d) and moister by up to 2 g kg™ (Figures 8e and 8f). These differences are
present 1 hr before CI with little change leading up to it. While conditions at the fixed observing site appear
sufficient to statistically separate shallow and deep atmospheric conditions, water vapor mixing ratio differences
between shallow and deep conditions are even greater at CI locations. Figure S18 in Supporting Information S1
shows the same time-heights as Figure 8 but using lifetime-minimum TOA IR T, rather than lifetime-maximum
10-dBZ ETH as the maximum depth proxy to separate shallow and deep wide cells. It generally shows the same
difference in thermodynamic structure between shallow and deep cell median conditions.

Contrary to the wide cell population, narrow cells that become deep are associated with lower 0, in the lower
troposphere than those that remain shallow. Instead, deep narrow cells have greater 6, values in the mid-
troposphere between 4 and 6 km ASL (Figures 9a and 9b). This structure is dominated by water vapor differ-
ences (Figures 9¢ and 9f) with up to a 1.5 gkg™" greater mixing ratio between 4 and 5 km ASL at CI locations for
narrow cells that become deep relative to those that remain shallow (Figure 9e). This same 4-5 km layer is also
cooler by about 1 K at CI locations for cells that become deep (Figure 9¢). The same thermodynamic vertical
structure difference between shallow and deep narrow cells is apparent at the fixed observing site but with lesser
magnitudes (Figures 9b, 9d, and 9f). Using lifetime-minimum TOA IR T, as the cell depth proxy presents a
similar picture with deeper narrow cells experiencing moister and cooler midlevels but cooler and drier low levels
(Figure S19 in Supporting Information S1). Similar to wide cell conditions, thermodynamic differences are
clearly present at least 1 hr before CI and change very little leading up to it.

Combined with the representativeness of the fixed observing site for CI locations that vary out to 100 km away
from the observing site, the presence of differences 1 hr ahead of CI suggests that mesoscale and synoptic-scale
conditions rather than near-cloud conditions are a primary regulator of the probability for both narrow and wide
diameter cells to deepen. Indeed, free tropospheric subsidence above 3 km ASL is greater at the observing site for
shallow than deep narrow cells (Figure S20 in Supporting Information S1). This difference disappears at CI
locations where the primary difference is deeper low-mid level ascent prior to CI extending to 5-km ASL for deep
narrow cells as compared to only 3-km ASL for shallow narrow cells. This suggests that cloud-scale to mesoscale
ascent processes at the CI location also potentially influence narrow cell depth. Wide cells, on the other hand,
exhibit little discernable vertical motion differences for shallow and deep outcomes (Figure S21 in Supporting
Information S1), suggesting horizontal advection and/or surface fluxes regulate the large-scale thermodynamic
stability that exerts the most dominant control on the cell depth reached.

The strong relationship between midlevel RH and the depth reached by narrow cells (but not wide cells) is
consistent with the idea that updrafts become less sensitive to entrainment-driven dilution as they widen. For this
to be true, cell updraft width would need to strongly correlate with cell width. This cannot be examined in ob-
servations, but it can be examined using model output. Indeed, cell lifetime and the column-maximum updraft
diameter used to represent width is highly correlated with the lifetime-maximum cell diameter (> = 0.59;
Figure 10), and the correlation is even greater for column-maximum cell area versus updraft area (+* = 0.71; not
shown). Furthermore, if entrainment-driven dilution is a primary control on narrow cell depth, the vertical profile
of updraft pseudoadiabatic 6, should decrease more rapidly with height for shallow cells than deep cells.
Figures 11a and 11c show that this is indeed the case in the WRF simulation. Narrow cell maximum 0, decreases
with height at a rate that is consistent with the decrease in minimum 0, with height in the local vicinity of the cell
updraft at CI. This suggests that the more rapid 6, decrease in shallow, narrow cell updrafts is a result of the more
rapid 0, decrease outside the updraft (Figure 11a). This effect dominates over the apparent greater undi-
luted parcel instability for shallow, narrow cells associated with ~3 K greater starting 6, values. For wide cells,
the rate that ambient 0, decreases with height is not greater in relatively shallow cells as compared to deep cells,
indicating entrainment-driven dilution is a less significant determinant of wide cell depth. Instead, relatively wide
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Figure 8. The difference in simulated median (a) pseudoadiabatic 0., (c) potential temperature (0), and (e) the water vapor mixing ratio (q,) at CI locations for deep and
shallow (high minus low) maximum 10-dBZ ETH wide cells for the 1 hr leading up to CI. Deep and shallow are defined as greater and less than the wide cell median
lifetime-maximum 10-dBZ ETH value, respectively. The dots indicate statistically significant differences at a 5% level using a Mann-Whitney U test. The same is shown
in (b, d, and f) but for the fixed observing site rather than CI locations.

VARBLE ET AL. 16 of 25



I ¥edl

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres

10.1029/2024JD0

41769

Cl Location, Deep - Shallow Cells

)
)]
<
£
=
()
©
=
F=]
<
1
-60 -50 -40 -30 =20 -10
Lead Time (min)
10 Cl Location, Deep - Shallow Cells
(I S — e jss |
9_ o o o o o o o SSeTesest e o.o...o..o..
8_
I e e e e X T I
<
g SJ”""""-I-I-I-I-I-I-I-I-I-II-I-I-mﬁ
>3
SR i R R e A
3.
2.
1 I JI__-: B JES ]
-60 -50 -40 -30 -20 -10 0
Lead Time (min)
10 Cl Location, Deep - Shallow Cells
)
)]
<
£
-
(]
©
2
E=,
<

-40 -30 -20 -10 O

Lead Time (min)

1 !
-60 -50

Figure 9. Following Figure 8 but for narrow cells.

N
=}

=
¢l

oy
o

I
w

o
o

|
=
ol

-2.0

2.0

-2.0

Median 6 Difference (K) Median 6, Difference (K)

Median q, Difference (g kg™1)

Altitude (km ASL)

Altitude (km ASL)

Altitude (km ASL)

1

1

Observing Location, Deep - Shallow Cells

10

..............................
..............................
............

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
N

..............................

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
o

|
N
Median 6. Difference (K)

Lead Time (min)

0Observing Location, Deep - Shallow Cells

(d)

QHEseTeela s o 00

.............................

8_

7_

-40 30
Lead Time (min)

Deep - Shallow Cells

0Observing Location,

-0.5

-1.0

-1.5

} } -2.0
-40 -30
Lead Time (min)

Median 6 Difference (K)

Median q, Difference (g kg™?1)

VARBLE ET AL.

17 of 25



I ¥edl

vations and a WRF simulation with 3-km horizontal grid spacing. Cells were

M\I Journal of Geophysical Research: Atmospheres 10.1029/20241D041769
AND SPACE SCIENCES
40 40 cells become deeper in association with greater instability and higher undi-
r2=0.59 luted parcel equilibrium levels, which are associated with 7 K greater starting
35 0, values (Figure 11c). Similar results are found when using TOA IR T, as the
cell depth proxy (Figure S22 in Supporting Information S1).
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OEJ This study quantified factors controlling the depths achieved by narrow and
© 20 R . . . .
a wide convective cells tracked at 15-min frequency between mid-October
o 15 2018 and early March 2019 in central Argentina using both CACTI obser-
o
x
©
=

10 tracked using composite radar reflectivity, and a range of atmospheric pa-
rameters relevant to convective cloud growth were computed from observed
5 and simulated soundings tagged to each cell at its initiation time. Each cell's
lifetime-maximum depth was estimated by its lifetime-minimum TOA IR Ty

0 as well as its lifetime-maximum 10-dBZ ETH. Cells were separated into
5 10 25 30 35 40 . C g . .
Max Updraft Diameter (km) narrow and wide groups based on their lifetime-maximum area-equivalent
circle diameters, resulting in 1,164 narrow and 178 wide observed cells and
Figure 10. Frequency of WRF column- and lifetime-maximum cell 2,415 narrow and 447 wide simulated cells. The simulated cell number bias is
diameters conditioned on column- and lifetime-maximum updraft diameters explored further in Zhang et al. (2024). Multivariate linear regression was

(color fill) with joint distribution frequency (black contours at 0.4%, 0.8%,
1.6%, and 3.2%) and a linear fit line (black). The updraft diameter at each
height and time is defined as the diameter of a circle with area equal to the
area of vertical motion >1 m s~ within the cell mask.

used to quantify atmospheric condition impacts on the observed and simu-
lated maximum depths reached by cells conditioned upon the cells being
narrow or wide. The predictor variables chosen were MU LNB, MUCAPE, 5-
km RH, MU LCL height, and 0-6 km BWD. These variables consist of
dominant individual predictors of maximum ETH or minimum IR T, for
either narrow or wide diameter cells plus select additional parameters that provided complementary predictive
value across some or all the observed and simulated narrow and wide cell data sets.

Stark contrasts were found between the variables contributing most to predicted maximum depths for narrow
versus wide cells. Wide cell maximum depth responded most to instability (MUCAPE and MU LNB) that is
heavily modulated by low-level moisture variability. However, narrow cell maximum depth responded most to
midlevel RH with mostly negligible contributions from MU LNB and MUCAPE apart from the requirement that
they are sufficiently high to support the possibility of deep convection. These results were consistent for both
metrics of cell depth (ETH and IR T,)). The simulation produced generally similar results to observations despite
its relatively coarse 3-km horizontal grid spacing.

Examination of simulated cells confirms that the cell diameter strongly correlates with the updraft diameter, and
narrow cell 0, decreases with height at a rate similar to the minimum 6, in the vicinity of the cell updraft. This
indicates that entrainment of ambient, drier air into updrafts primarily controls the depth reached by narrow cells
with RH in the 4-6 km ASL layer mattering most. Most of these cells fell substantially short of reaching the MU
LNB, with sharp drops in the updraft maximum 0, with height. Thus, MU LNB and MUCAPE were not good
predictors for narrow cell maximum depth. However, CAPE and LNB are very good predictors for wide cell
maximum depth because updraft maximum 6, decreases more slowly in their wide updrafts as compared to
narrow cells with narrow updrafts such that wide cell depth is not very sensitive to midlevel RH and entrainment-
driven dilution. Wide cells that are shallower simply have less potential to become deep as quantified using
undiluted lifted parcel metrics. There are many more relatively narrow cells than wide cells, which could explain
why CAPE alone is often not a good predictor of a convective cell outcome (e.g., Igel & van den Heever, 2015;
Louf et al., 2019; Mapes & Houze, 1992; Sherwood, 1999; Zipser, 2003).

These findings from observations and nonidealized simulations across many different cases and atmospheric
conditions support previous idealized modeling and observational studies showing that convective cell depth is
sensitive to free tropospheric RH and CAPE but with modulation by updraft width because of its regulation of
entrainment-driven dilution of updraft buoyancy. However, this does not mean that the magnitudes of these
sensitivities derived here are the same across studies, and further research is required to quantify convective cloud
dependencies on atmospheric conditions. Indeed, some simulated and observed sensitivities in this study differ in
magnitude despite the relative importance of predictors and the signs of sensitivities being generally similar.
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Figure 11. (a) Mean narrow cell lifetime-maximum pseudoadiabatic 0, for shallow versus deep cells as determined from
lifetime-maximum 10-dBZ ETH overlaid on the mean of minimum 6, in the vicinity of cells at CI. Maximum 8, is chosen to
represent the most undiluted updraft air, and minimum 6, at the CI time is chosen to represent the ambient conditions; the
updraft is growing into with limited effects from the growing cell. Samples as a function of height are shown in (b). (c—d)
Same variables as (a—b) but for wide cells. Deep and shallow for each of the narrow and wide diameter categories are defined
as greater and less than the median lifetime-maximum 10-dBZ ETH value in each category, respectively. Values are only
included at the most unstable height level and higher, resulting in the change in samples with height.

For secondary predictors, lesser 0—-6 km BWD generally encourages deeper narrow cells, perhaps via detrimental
entrainment and downward dynamic pressure gradient mechanisms (e.g., Nelson et al., 2022; Peters et al., 2019).
The causes for a lack of a positive effect of 0—-6 km BWD on wide cell depth following arguments of enhanced
updraft inflow in Peters et al. (2022a, 2022b) are unclear but could be related to interactions between orographic
forcing and BWD that affect local thermodynamic conditions at CI locations as well as cell motion and updraft
inflow (e.g., Kirshbaum, 2011, 2013; Lareau et al., 2024; Nelson et al., 2022). Many cells were also fed by
elevated instability with updrafts that would be more sensitive to elevated BWD layers rather than those starting at
the surface that were assessed here. Although greater MU LCL height encourages deeper narrow cells in the
observations, a similar signal is not found in the simulation. Greater MU LCL height may encourage wider
updrafts via boundary layer thermal scaling arguments (e.g., Mulholland et al., 2021; Takahashi et al., 2023), but
3-km grid spacing likely cannot resolve such scaling. Additionally, when ETH is used as the depth proxy, narrow
cells become deeper as MUCAPE increases and MU LNB decreases. Combined with a positive effect of ACBL
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CAPE on narrow cell depth, this suggests that vertically concentrating instability into a thinner layer allows
narrow updrafts to survive entrainment-driven dilution longer because they start with greater buoyancy. Further
research is required to better isolate and quantify these secondary effects on convective cloud depth.

Using simulated atmospheric conditions from CI locations rather than the fixed observing site slightly improves
regression accuracy, and further including lifetime-maximum diameter as a sixth predictor notably improves
regressions. Separating cells into narrow and wide diameter bins does not control for cell and updraft width effects
on deepening because of the strong sensitivity of depth to width. This is a weakness of using binning to control for
a sensitive relationship (e.g., see Section 4 of Varble et al., 2023), but in this case, it does not meaningfully alter
the relationships of maximum cell depth with the atmospheric predictors. Using the minor axis length of an ellipse
fitted to cell masks as a measure of cell width produces very similar results to using a diameter of a circle with area
equivalent to the cell area, indicating cells that deviate substantially from a circular footprint do not substantially
affect our conclusions.

The simulation further shows that atmospheric state differences between shallow and deep cells exist 1 hr prior to
cell initiation, change little leading up to initiation, and are generally represented at a fixed site within 100 km of
CI locations. This suggests that mesoscale to synoptic scale circulations exert a substantial control on the local
thermodynamic state affecting cell outcome probabilities. The strength of free tropospheric subsidence impacts
narrow cell depth but not wide cell depth, which is instead regulated by lower tropospheric heat and moisture,
presumably via horizontal advection and surface fluxes.

This study has several limitations and caveats that can potentially be addressed in future research. A foremost
limitation is the assumption that lifetime-maximum cell depth responds to the lifetime-maximum updraft diameter
and the atmospheric interactions that it modulates. However, deeper cells can be expected to produce larger
reflectivity footprints as precipitation falls out over a broader area; thus, a diameter can also respond to depth. The
15-min output frequency is insufficient to examine such lead-lag relationships, which should be investigated with
higher frequency model output and measurements in the future. 15-minute output also results in uncertain quan-
tification of cell lifetime-maximum depths, uncertainty that could be explored with higher resolution data sets in the
future. The need to use radar reflectivity to define and track cells in observations introduces further uncertainties.
Reflectivity responds to precipitation microphysical characteristics that are related to updraft width and depth, but
which also vary due to variable microphysical processes. The effect of microphysical variability on interpretations
of convective draft evolution requires further investigation. Instruments place constraints on measurement
spatiotemporal coverage, resolution, and accuracy, while models are limited in how accurately they represent the
real world. Despite imperfections, ever improving models offer a pathway forward to improve observational
strategies to be more targeted and interpretable (e.g., Gettelman et al., 2022). Further research should investigate
how well the results shown here apply to other geographical locations and simulations with different setups, using
data sets that expand sample sizes beyond those in this study to produce more robust quantification of depth
predictors. In addition, more research is needed to quantify updraft shape parameters and the processes that control
them given their considerable mediation of conditions and processes that control convective cloud depth. Pa-
rameters include not only updraft width and chord lengths but perimeter-to-area ratios, which were not examined
here given the relatively coarse 3-km horizontal grid spacing, but which has been shown to correlate with shallow
cumulus dilution (e.g., Chen et al., 2023). Exploration of all the above issues has the potential to lead to more
accurate predictive models than the regressions used here, particularly for numerous relatively narrow cells,
resulting in more accurate quantification of convective cloud depth sensitivities to environmental conditions.

Data Availability Statement

The data sets and code used to generate the analyses shown in this study are available at https://doi.org/10.5281/
zenodo.11661885 (Varble, Feng, et al., 2024) including links and information on how to access raw observational
data sets and model output.
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