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ABSTRACT: Deep convective cells significantly influence Earth’s energy balance and water cycle. However, their accurate rep-
resentation in numerical models remains challenging due to their small spatiotemporal scales and limited observational con-
straints. This study examines over ~400 deep convective cells near Houston, observed by a dual-polarization C-band radar during
the Tracking Aerosol Convection Interactions Experiment (TRACER) intensive observation period (June-September 2022).
Cells are categorized by lifetime into short-lived (<40 min), intermediate-lived (40-80 min), and long-lived (80+ min) groups.
Long-lived cells were broader (~13.2 km at 2-4-km height) and deeper (~11.4 km) than short-lived cells (~6.4-km width,
~7.31-km height). Using random forest (RF) modeling and correlation analyses, precipitable water vapor (PWV), 2-6-km lapse
rate, 0-8-km bulk shear, and fine aerosol mass concentration (Mass_f) are identified as key predictors of cell lifetime. Higher
PWYV is associated with significantly longer convective cell lifetimes compared to the low-PWYV group, particularly within low 2-6-km
temperature lapse rate (LR_26km), moderate-to-higher 0-8-km bulk shear (BS_08km), and low-to-moderate Mass_{ environ-
ments. RF analysis also identifies low-level (0-2 km) equivalent potential temperature, PWV, Mass_f, and surface latent heat flux
as key predictors for cell width and height. Short-lived cells have higher aerosol number concentrations (500-1000-nm size range),
linked to onshore wind conditions and marine aerosols; however, their low concentration suggests the sensitivity may reflect associ-
ated meteorological regimes rather than a direct aerosol effect. Long-lived cells have higher concentrations of organic and sulfate
aerosols, while short-lived cells exhibit higher black carbon concentrations. These results highlight the intricate dependence of con-
vective cell lifetimes and structure on environmental moisture, thermodynamics, wind shear, and aerosol characteristics.

SIGNIFICANCE STATEMENT: Accurately representing deep convective cells in numerical models remains challeng-
ing due to their small spatial scales and complex interactions with aerosols. This study examines over ~400 deep convective
cells near Houston using C-band radar and other collocated instruments from the Tracking Aerosol Convection Interac-
tions Experiment (TRACER) field campaign to investigate how meteorological and aerosol conditions influence cell life-
times. Results indicate a strong dependence of convective cell lifetime on moisture, 2-6-km temperature lapse rate, 0-8-km
wind shear, and fine aerosol mass concentration (Mass_f), with longer-lived cells being deeper and wider. Moisture-induced
increases in lifetime are evident across both low and moderate Mass_f conditions, with higher precipitable water vapor
(PWV) consistently associated with longer-lived cells. Long-lived cells have higher concentrations of organic and sulfate
aerosols, while short-lived cells exhibit higher black carbon concentrations. This work highlights the influence of both mete-
orological conditions and aerosol properties on convective cell properties.

KEYWORDS: Coastal meteorology; Convective storms; Aerosol-cloud interaction; Radars/radar observations;
Surface observations; Clustering

1. Introduction (Tao et al. 2010; Koren et al. 2014). Through the vertical trans-
port of heat, moisture, and momentum, they drive large-scale
atmospheric circulations and influence atmospheric predictabil-
ity (Sanderson et al. 2008; Del Genio 2012) highlighting their

critical importance in Earth’s atmospheric dynamics.
Convective cell properties are strongly influenced by en-
& Supplemental information related to this paper is available at  vironmental factors such as wind shear, atmospheric stabil-
the Journals Online website: https://doi.org/10.1175/JAS-D-25-0130.s1. ity, and moisture content (e.g., Weisman and Klemp 1982;
Doswell 1987; Markowski and Richardson 2010; Trapp 2013;
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the manner in which cloud microphysics and precipitation
processes are modulated by aerosols (Fan et al. 2009, 2016).
Aerosols, acting as cloud condensation nuclei (CCN) and
ice nucleating particles, can alter droplet concentrations, sizes,
and the freezing process (e.g., Rosenfeld 2000; Rosenfeld et al.
2008; Huang et al. 2025), thereby modifying convective up-
draft strength through changes in latent heating (Rosenfeld
et al. 2008; Fan et al. 2016, 2018; Igel and van den Heever
2021; Peters et al. 2023a; Varble et al. 2023). However, sepa-
rating these aerosol effects from meteorological influences re-
mains a major challenge (Tao et al. 2012; Grabowski 2018;
Varble et al. 2023), as these factors often covary and frequently
work together to influence convective cell dynamics in varying
ways and amounts.

Cloud-aerosol interactions are fundamental to understand-
ing the complexities of convective cloud processes and their
impact on larger-scale weather systems. These interactions af-
fect the life cycle of convective clouds, including thermal evo-
lution, hydrometeor size distributions, lightning activity, and
precipitation efficiency, which are difficult to observe and ac-
curately represent in models due to their rapid evolution and
small spatial scales (Ladino et al. 2017; Fridlind et al. 2019;
Lamer et al. 2023). Although advances in observational tech-
nologies have provided valuable insights about aerosol activa-
tion (Pruppacher and Klett 2010; Seinfeld and Pandis 1998;
Abdul-Razzak and Ghan 2000; Li et al. 2025), significant gaps
remain in understanding the mechanisms of how aerosols in-
teract with deep convective clouds, particularly due to their
dynamic and thermodynamic complexity across warm, mixed,
and ice-phase processes (Fan et al. 2016). Studies have shown
that incorporating aerosol effects on deep convection can im-
prove model performance, yet these effects are still underrep-
resented in global atmospheric models (Song and Zhang
2011; Tao et al. 2012; Fan et al. 2016). IPCC (2023) has
highlighted the low confidence in simulating aerosol micro-
physical effects on precipitation, emphasizing the need for im-
proved representations of aerosol-deep convection interactions
to better predict precipitation, latent heating, and radiative im-
pacts. Accurately representing these processes is essential for
understanding regional and global climatic patterns, as well as
for improving numerical weather prediction models (Davies
et al. 2013; Bodas-Salcedo et al. 2019; Morrison et al. 2020). De-
spite advancements in modeling, challenges remain in linking
convective cell properties to their controlling environmental pa-
rameters, including aerosols, which are a significant source of
uncertainty in predicting anthropogenic influences on precipita-
tion and atmospheric processes.

Previous studies have identified key synoptic-scale ingre-
dients influencing deep convection and its upscale growth into
mesoscale convective systems (MCSs) such as low-level con-
vergence, upper-level divergence, and baroclinic troughs and
fronts (Laing and Fritsch 2000; Rasmussen and Houze 2011;
Song et al. 2019; Feng et al. 2022). However, how convec-
tive initiation (i.e., when radar first detects convection) cou-
ples with local environments and internal cloud processes
remains poorly understood (Feng et al. 2022). Studies have
also highlighted the complex interactions between aerosols
and the life cycle of convective systems, emphasizing both
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microphysical and thermodynamic effects (Yin et al. 2024;
Chakraborty et al. 2016; Zang et al. 2023). Rosenfeld et al.
(2008) hypothesized that aerosols have a stronger impact
during the dissipating phase of deep convection. Based on
cloud-resolving simulations, Fan et al. (2013) showed that
thermodynamic effects can influence the developing stage,
whereas aerosol-driven microphysical effects dominate changes
during the mature and dissipating stages. Using model simula-
tions, Fan et al. (2007, 2009) showed that increasing aerosol con-
centrations up to an optimal threshold can enhance MCSs
under weak shear and high humidity but inhibit them under
strong shear and low humidity. Hu et al. (2019) found that in-
creased CCN concentrations invigorate convection and enhance
lightning activity up to an optimal level beyond which lightning
rates decrease. Chakraborty et al. (2016) reported that a one
standard deviation increase in aerosol optical depth (AOD) can
extend MCS lifetimes by 3-24 h based on satellite observations.
Hagos et al. (2013) linked convective system lifespans to bound-
ary layer factors (e.g., cold pools, surface fluxes) and tropo-
spheric processes (e.g., wind shear, moistening). Most of these
studies focused on convective clouds within complex MCSs.
Recent studies have also questioned the size and direction of
aerosol effects on deep convection. Pollution tends to weaken
rather than strengthen entraining parcels (Peters et al. 2023a).
Theoretical calculations indicate that CCN-related changes to
updraft speed are generally small and can even become nega-
tive (Igel and Van den Heever 2021), consistent with the mi-
nor aerosol sensitivity shown in Grabowski and Morrison
(2020). Observational analyses show a similar tendency; Veals
et al. (2022) reported that higher aerosol concentrations were
mostly associated with reduced deep convective cloud depth.

Building on this perspective, Varble (2018) emphasized
that meteorological factors often have a stronger influence on
convective dynamics than do aerosol effects, underscoring the
need for targeted observations of isolated deep convective
cells to better quantify aerosol impacts and disentangle the
role that aerosols have from that of the “meteorology” (i.e.,
the kinematic and thermodynamic environment) in the struc-
ture and evolution of deep moist convection.

Observational studies, which are critical for benchmarking
and evaluating model predictions, have been hindered by a
lack of high-quality datasets that capture the complete life cy-
cle and variability of convective cells under diverse meteoro-
logical and aerosol conditions (Tuftedal et al. 2024). Coastal
convective systems offer a unique perspective on these inter-
actions, as their development is often driven by localized forc-
ing mechanisms such as land-sea breezes rather than large
scale, often stronger forcings such as fronts (Bergemann and
Jakob 2016; Birch et al. 2016; Tuftedal et al. 2024). While
land-sea-breeze environments do contain sharp thermody-
namic and aerosol gradients between marine and continental
air masses, these contrasts naturally produce a broad and re-
peatable range of environmental conditions over relatively
small spatial and temporal scales. This variability frequently
leads to the formation of numerous isolated convective cells
whose evolution is strongly modulated by the surrounding
thermodynamic and aerosol environment. Taken together,
these features provide an effective testbed for assessing how
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convective cell properties respond across diverse meteorologi-
cal and aerosol regimes. The Tracking Aerosol Convection
Interactions Experiment (TRACER; Jensen et al. 2026) was
conducted in the vicinity of Houston during 2021-22, at times
overlapping with the National Science Foundation (NSF)-
funded Experiment of Sea Breeze Convection, Aerosols, Pre-
cipitation, and Environment (ESCAPE; Kollias et al. 2025) to
enable synergistic data collection and analysis. The Houston
area presents a distinctive environment with frequent occur-
rences of isolated convective cells influenced by a wide range
of aerosol conditions, from heavily polluted urban and indus-
trial zones to nearby areas (both maritime and continental)
with significantly lower aerosol concentrations. This campaign
aimed to explore the interactions between aerosols and convec-
tive processes in a region characterized by a mix of urban pol-
lution, natural aerosols, and diverse meteorological conditions.
The evolution of numerous convective cells under various envi-
ronmental scenarios was tracked using the second-generation
C-band scanning ARM precipitation radar (CSAPR2) and
other collocated instruments. This unique dataset allows for an
in-depth investigation of convective cell properties, their life-
times, and their dependence on environmental conditions. In
this study, observational data collected during the TRACER
intensive observation period (IOP) from June to September
2022 are utilized. This study aims to understand the depen-
dence of convective cell properties on environmental parame-
ters, focusing on three specific research questions:

1) What are the key environmental parameters that control
convective cell lifetime?

2) How do the convective cell properties change with key
environmental parameters?

3) What is the relationship between the convective cell life-
time and surface aerosol conditions?

The structure of the paper is organized as follows: section 2
describes the data and methodology employed in the study;
section 3 presents the detailed analysis of convective cell prop-
erties and their dependence on environmental parameters; and
section 4 summarizes the conclusions.

2. Data and methods
a. Data
1) CSAPR2 AND KHGX RADAR DATA

The CSAPR2 is a C-band dual-polarization Doppler radar
designed for high-resolution observations of reflectivity
Z, Doppler velocity, spectral width, and polarimetric vari-
ables. It has a range of 110 km and a range resolution of
100 m (Lamer et al. 2023). The CSAPR2 was deployed at
29°31’552”N, 95°17'24”W during the TRACER IOP. The
CSAPR? optimized convective cell-tracking dataset (Oue et al.
2023) offers a comprehensive collection of high-resolution ra-
dar observations of convective cells. The CSAPR2 employed
the Multisensor Agile Adaptive Sampling (MAAS) framework
(Kollias et al. 2020) for real-time storm tracking, enabling
high-frequency scanning. Radar scans, including plan position
indicator (PPI) and range-height indicator (RHI) scans, were
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performed at intervals of less than 2 min, allowing the scans
to capture rapid microphysical and dynamical changes in
evolving convective cells. This very high temporal and spatial
resolution makes the dataset particularly valuable for study-
ing the microphysics and dynamics of convective systems. The
MAAS framework used by CSAPR?2 relies on the nearest Next
Generation Weather Radar (NEXRAD) KHGX (Houston,
Texas), Geostationary Operational Environmental Satellite 16
(GOES-16), and Geostationary Lightning Mapper (GLM,;
Schmit et al. 2017) to select target cells (Lamer et al. 2023).
NEXRAD KHGX is an S-band dual-polarization operational
weather radar operated by the National Weather Service and
located at 29°28'19”N, 95°04'45”W. The KHGX radar per-
forms volume coverage patterns (VCPs), which involve 360°
azimuthal scans typically at progressively increasing elevation
angles (Brown et al. 2005; Kingfield and French 2022). Its
maximum unambiguous range varies from 300 to 450 km,
depending on the pulse repetition frequency and processing
mode, with a range gate spacing of 250 m (Lamer et al. 2023).
Although MAAS enables adaptive tracking, its reliance on
KHGX guidance can occasionally lead CSAPR?2 to miss parts
of a cell’s life cycle, particularly the early development or dis-
sipation stages, as it may shift focus to other cells. To address
this limitation, NEXRAD KHGX observations were utilized
to derive the observed radar-based complete lifetime of con-
vective cells. Whereas NEXRAD radars can provide data
useful for studies such as this (e.g., Pehl et al. 2025), the cus-
tomizable scanning strategies and higher resolution provided
by the CSAPR2 allow us to study the characteristics of
convective cells with considerably greater detail. Radar data
processing and analysis were conducted using the Python
ARM Radar Toolkit (Py-ART; Helmus and Collis 2016), an
open-source library widely adopted for the analysis and visu-
alization of weather radar data.

2) METEOROLOGICAL CONDITIONS

In this study, hourly model-level data from the fifth genera-
tion European Centre for Medium-Range Weather Forecasts
(ECMWF) atmospheric reanalysis (ERAS5; Hersbach et al.
2023) at a grid spacing of 0.25° were used to estimate meteo-
rological parameters associated with convective cells. This ap-
proach addresses the limitations posed by the small number
(~4-5 day™! and 5+ on enhanced IOP days) of balloon-borne
soundings available at the TRACER sites. Huang et al. (2025)
evaluated ERAS profiles using all available TRACER IOP
soundings, showing mean biases in temperature, relative
humidity, and wind components # and v of approximately
—0.10°C, 1.57%, and 0.0l m's ' and 0.02 m s~ !, respectively.
These biases fall within the uncertainty ranges of the radio-
sonde sensors (Holdridge 2020). For each convective cell,
ERAS temperature, relative humidity, and wind profiles
were extracted from the nearest ERAS grid point to the
cell’s first detection location using CSAPR2. The profile
time corresponds to the hour immediately preceding cell ini-
tiation, where cell initiation refers to the first time KHGX
exhibits composite reflectivity exceeding 20 dBZ at any
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altitude. No horizontal interpolation was applied; instead,
the nearest ERAS grid point was used for all variables. Us-
ing the ERAS vertical profiles, ~44 environmental variables
[listed in Table Al in the appendix; one is using Modern-
Era Retrospective Analysis for Research and Applications,
version 2 (MERRA-2)] were calculated for each identified
convective cell to characterize the surrounding environmen-
tal conditions influencing cell initiation and evolution. These
variables are derived using the thundeR package (Taszarek
et al. 2023). Parcel parameters involving entrainment were
calculated following the methodology employed by Peters
et al. (2022, 2023b). Variables include key thermodynamic
and dynamic parameters such as convective available potential
energy (CAPE), convective inhibition (CIN), and vertical wind
shear across various levels (0-500 m, 0-1 km, 0-3 km, 0-6 km,
and 0-8 km). Precipitable water vapor (PWYV), representing
the total column-integrated water vapor, and lapse rates for dif-
ferent atmospheric layers were also calculated to assess vertical
temperature gradients and atmospheric stability. These pa-
rameters are widely recognized as crucial to the initiation, evo-
lution, and organization of deep convection (Weisman and
Klemp 1982; Emanuel 1994; Stevens 2005; Giaiotti et al. 2007).
To further assess the suitability of ERAS for representing
the environmental conditions relevant to this study, several
key predictor variables including PWV, 0-8-km bulk shear
(BS_08km), and 2-6-km temperature lapse rate (LR_26km)
were compared between ERAS and those derived from the
TRACER radiosondes (Fig. S1 in the online supplemental
material). These comparisons exhibit biases consistent with
those documented by Taszarek et al. (2021), supporting the
reliability of ERAS-derived environmental parameters used
in the analysis. This comprehensive set of derived variables
provides valuable insights into the environmental controls
on convective processes and offers a robust basis for investi-
gating the factors influencing convective cell lifetimes and
evolution.

3) AEROSOL CONDITIONS

Aerosol properties associated with each convective cell were
determined using fine aerosol mass concentration (Mass_f;
diameter < 1 wm) values derived from the MERRA-2 (Gelaro
et al. 2017). The MERRA-2 Instantaneous Model-Level As-
similation Aerosol Mixing Ratio (M2I3NVAER) dataset, pro-
duced by the National Aeronautics and Space Administration
(NASA) Global Modeling and Assimilation Office (GMAO)
using the Goddard Earth Observing System (GEOS), version
5.12.4, atmospheric model, provides 3-hourly, vertically re-
solved aerosol mass mixing ratios for individual aerosol spe-
cies including dust, sea salt, sulfate, black carbon, and organic
carbon across 72 model levels. The 3-hourly dataset was se-
lected rather than the hourly MERRA-2 aerosol product
because only the former includes bin-resolved mass mixing ra-
tios, which allow characterization of fine-mode aerosol com-
ponents, including the submicron sea-salt bins that are not
present in the hourly product. Aerosol fields were first bili-
nearly interpolated to each cell’s latitude—longitude position,
followed by linear temporal interpolation to construct an
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TABLE 1. Instruments from the AOS at the AMFI site.

Size range
Instrument (nm) Accuracy Reference
ACSM — +30% Ng et al. (2011),
Watson (2017)
CPCF 10-3000 2.5% (clean)  Singh and Kuang
0.3% (polluted) (2024a)
CPCU 3-3000 2.5% (clean)  Singh and Kuang
0.3% (polluted) (2024a)
SMPS 10-500 *2% sizing Singh and Kuang
(2024b)
SP2BC — <10% Sedlacek (2017),
May et al. (2014)
UHSAS 60-1000 +5% sizing Uin (2024)

hourly time series consistent with the temporal resolution
of the meteorological datasets. To verify that the temporal
interpolation preserved the underlying aerosol variability,
interpolated hourly surface mass concentrations were com-
pared with the corresponding hourly MERRA-2 aerosol
fields for species common to both datasets. They are extremely
consistent, with correlation coefficients of r = ~0.99 and mean
biases of 0.001 wg m ™~ for black carbon, 0.02 g m™> for organic
carbon, and 0.02 ug m ™ for sulfate. The high correlation and
minimal biases indicate that the temporal interpolation introdu-
ces negligible distortion and maintains the temporal structure of
the aerosol fields. Fine-mode aerosol mass for each convective
cell was defined as the sum of sulfate, organic carbon, black
carbon, and fine-mode sea-salt bins (dry diameter < 1 um).
Dust aerosol was excluded because of its predominantly hydro-
phobic nature and limited CCN activity. For each convective
event, hourly fine-mode mass mixing ratios at the interpolated
grid point were extracted at the lowest model level (~surface)
immediately preceding convective initiation and converted to
surface Mass_f using the corresponding air density. The use of
aerosol mass concentrations to represent ambient aerosol con-
ditions follows approaches adopted in recent studies (e.g., Pan
et al. 2021; Block et al. 2024; Huang et al. 2025).

In addition to Mass_{, detailed aerosol measurements were
obtained from ground-based instruments included in the
Aerosol Observing System (AOS; Uin et al. 2019) deployed
at the ARM Mobile Facility (AMF; Miller et al. 2016) main
site (AMF1). Table 1 lists all aerosol instruments used in this
study. The Aerosol Chemical Speciation Monitor (ACSM)
provided aerosol composition data including organics, sulfate,
nitrate, and ammonium prior to the initiation of each convec-
tion (Zawadowicz et al. 2021). Condensation particle counter
(CPC) instruments measured total particle number concentra-
tions for both ultrafine type and fine type (Koontz et al.
2021a,b). Scanning mobility particle sizer (SMPS) and ultra-
high-sensitivity aerosol spectrometer (UHSAS) together captured
aerosol size distributions across a wide range of 10-1000 nm
(Shilling and Levin 2021; Uin et al. 2021). It should be noted
that, as discussed by Uin et al. (2024), aerosol size distributions
derived using optical techniques such as UHSAS can contain ar-
tifacts inherent to optical measurements; therefore, care must be
taken when interpreting these data. The single-particle soot
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TABLE 2. Observed aerosol parameters associated with convective
cells (for cells within 50-km radius around the AMF1 site).

Variable name Description

N3_3000 Aerosol number concentration for 3-3000-nm
diameter range using CPCU

N10-3000 Aerosol number concentration for 10-3000-nm
diameter range using CPCF

Nio-100 Aerosol number concentration for 10-100-nm
mobility diameter range using SMPS

N100-1000 Aerosol number concentration for 100-1000-nm
optical diameter range using UHSAS

N500-1000 Aerosol number concentration for 500-1000-nm

optical diameter range using UHSAS

photometer (SP2) device quantified refractory black carbon
(BC) mass using laser-induced incandescence (Jackson et al.
2021). This integrated dataset offers a comprehensive represen-
tation of aerosol composition, number, and size distributions
prior to each convective initiation. Table 2 summarizes the aero-
sol variables included in this analysis.

The representativeness of the MERRA-2 aerosol fields
over the TRACER domain was assessed through compari-
son with in situ observations. Bin-resolved submicron aerosol
mass concentrations from M2I3NVAER were compared with
the 6-h running-mean UHSAS number concentrations in the
100-1000-nm range (Figs. 1la-d). Despite differences between
mass- and number-based quantities, both datasets showed
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covarying temporal structure, with aligned peaks and troughs
and a correlation coefficient of 0.75, demonstrating that
MERRA-2 captures submicron aerosol variability consistent
with UHSAS measurements. Additional evaluation was per-
formed using collocated aerosol composition measurements
from the AMF1 site (Figs. S2a,b). Comparisons of MERRA-2
organic carbon (hydrophilic and hydrophobic) mass concen-
trations with ACSM-derived total organics and MERRA-2
black carbon (hydrophilic and hydrophobic) mass concentra-
tions with SP2-derived refractory black carbon showed consis-
tent temporal evolution, with 6-h running-mean correlations
of r = 0.77 for organics and r = 0.63 for black carbon. Al-
though the MERRA-2 mass concentrations tend to be higher,
this difference may reflect fundamental contrasts in represen-
tation between the MERRA-2 reanalysis and in situ measure-
ments, including size cutoffs, sampling flow characteristics,
and the treatment of refractory and nonrefractory aerosol
components in ACSM and SP2 observations. Taken together,
the UHSAS, ACSM, and SP2 comparisons indicate that the
M2I3NVAER dataset realistically captures the temporal vari-
ability in fine aerosol loading during the TRACER period.
Further, to assess the consistency between SMPS and UHSAS
measurements, aerosol number concentrations were calcu-
lated within the common size range of 60-500 nm by integrat-
ing each instrument’s size distributions over this interval. This
range was chosen to ensure overlap in detection capabilities
and minimize bias from differing instrument cutoffs. The
resulting number concentrations showed strong agreement
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FIG. 1. (a)~(d) Monthly time series of UHSAS aerosol number concentration for diameter D in the 100-1000-nm
range (cm°) and MERRA-2 aerosol mass concentration from the M2I3NVAER dataset for D in the 100-1000-nm
range (mg m ) from June to September 2022. Both time series are smoothed using a 6-h running mean. (¢) Compari-
son of aerosol number concentrations measured by SMPS and UHSAS in the 60-500-nm diameter range. The back-
ground shading represents the normalized kernel density estimate of the data distribution. The dashed red line indi-
cates the 1:1 reference. Summary statistics including correlation coefficient, mean bias, and RMSE are annotated.
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(Fig. 1e), with a correlation coefficient of 0.94, a mean bias of
—410.4 cm ™3, and an RMSE of 722.6 cm > across 2424 sam-
ples. The observed bias may be attributed to various factors
such as differences in the working principles of the two instru-
ments, variations in sampling frequency, particle refractive in-
dex, distinctions between mobility and optical diameters, and
limitations in counting efficiency within the UHSAS optical
system particularly affecting the detection of particles in the
60-100-nm size range (Ortega et al. 2019). Nevertheless, the
high correlation coefficient (0.94) indicates a consistent rela-
tionship between the measurements, thereby ensuring the ro-
bustness and credibility of the data for subsequent analyses.

b. Methods
1) DEEP CONVECTIVE CELL CLASSIFICATION

Using the CSAPR?2 cell tracking dataset, a total of 413 deep
convective cells were identified for analysis. For this study,
the deep convective cells are defined as those for which the
20-dBZ echo-top height (ETH) exceeds the local freezing
level at least once during the CSAPR2 scan. The freezing level
height was estimated using the ERAS temperature and geo-
potential height profiles. Across the analysis period, the freez-
ing level varied between ~4.36 and ~5.40 km with a mean of
~4.84 km. The restriction to the high ETHs effectively iso-
lates actively precipitating deep convective structures while
excluding shallower or predominantly stratiform clouds. The
spatial distribution of these convective cells, based on their
first tracked locations identified using CSAPR?2, is shown in
Fig. 2a, emphasizing their widespread occurrence that enables
analysis across diverse environmental conditions.

To capture the complete lifetime of each convective cell,
the first CSAPR2-identified location was used as the anchor
point, and the cell track was extended both backward and for-
ward in time using the KHGX composite reflectivity. Because
CSAPR?2 frequently sampled only portions of a cell’s lifetime,
the corresponding KHGX volume scans were used to recon-
struct the earlier and later stages of the same cell. During the
study period, the KHGX volume scan interval often varied
between ~5 and 6 min and, therefore, required time inter-
polation of composite reflectivity between adjacent scans,
applied when required, to generate a 2-3-min composite re-
flectivity time step suitable for continuous tracking. Manual
verification was conducted to ensure that the same cell was
consistently followed through time, particularly in situations
where multiple isolated cells were present in proximity. In
this study, cell lifetime is defined as the duration during which
a convective cell maintains a composite reflectivity of at least
20 dBZ at any altitude. No minimum lifetime threshold was
imposed. This 20-dBZ threshold is similar to those commonly
used to determine storm ETH, e.g., 0 and 10 dBZ (Stein et al.
2020), 18 dBZ (Lakshmanan et al. 2013; Scovell and al-Sakka
2016; Miltenberger et al. 2018; Stein et al. 2020), and 20 dBZ
(Feng et al. 2022). Convective cell lifetimes were comprehen-
sively extracted using both the CSAPR2 and KHGX radar
datasets. In addition, the maximum heights and widths of con-
vective cells were determined using a series of CSAPR2 RHI
scans and a reflectivity threshold of 20 dBZ. Cell height was
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FIG. 2. (a) Geographical distribution of convective cells iden-
tified during the TRACER IOP. The markers represent the CSAPR2
radar (red), the AMF1 site (orange), and the KHGX radar
(black), and the blue dots represent the convective cell loca-
tions where the CSAPR2 tracked it for the first time. The
shaded region (light orange) represents a 50-km radius around
the AMF1 site, highlighting the cells considered in the surface
aerosol analysis. (b) Bar plot of convective cell lifetimes for all
the cells (~413), categorized into duration bins. The x axis indi-
cates lifetime intervals (min), and the y axis shows the number
of convective cells within each bin.

defined as the highest altitude [above ground level (AGL)] of
Z = 20 dBZ during the cell’s tracked lifetime. To quantify hori-
zontal structure, the maximum width in the 2-4 and 4-6 km
AGL layers was determined by identifying the largest horizon-
tal extent of contiguous regions with Z = 20 dBZ associated
with the target cell, based on all RHI scans intersecting the cell
throughout its lifetime. This approach ensures that the mea-
sured width represents the broadest cross-sectional span of the
cell within each layer across multiple RHI azimuths. To assess
the sensitivity of width estimates to reflectivity thresholds, cal-
culations were repeated using Z thresholds of 10, 30, 40, and
50 dBZ, which showed consistent variation patterns across all
thresholds. Widths below 2 km were excluded due to limited
low-level radar coverage for distant cells, and layers above
6 km were omitted because not all cells reach those heights.
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The 2-6-km (2—4 and 4-6 km) range was therefore selected to
provide consistent and reliable width estimates across all cells.

To characterize the height distribution of the convective cells,
echo-top heights were examined using both 5- and 20-dBZ
thresholds. Based on the full dataset, 95.5% of cells exceeded
6 km using a 5-dBZ threshold, and 88.8% exceeded 6 km us-
ing the 20-dBZ threshold, indicating that the population is
strongly dominated by cells reaching well into higher levels.
Additional sensitivity tests were conducted by applying pro-
gressively stricter ETH thresholds of >6, >7, and >8 km us-
ing the 20-dBZ height. The key relationships (aerosol effects)
presented in this study remained consistent across all height-
based subsamples, indicating that the main conclusions are
insensitive to the cell height cutoff, likely because the vast ma-
jority of cells already exceed a 5-dBZ height of 6 km. Two
caveats apply when interpreting ETH-based classifications.
First, the 20-dBZ ETH may often be lower than the actual
cloud top and can be influenced by vertical reflectivity gra-
dients, so it may underestimate the full cloud depth even
though it is used here for consistency with the lifetime defini-
tion. Second, satellite-retrieved ETH was not incorporated,
and the analysis therefore relies solely on radar-based metrics.
The distribution of cell lifetimes (Fig. 2b) indicates that most
(~70%) convective cells fall within the lifetime of 31-75-min
range. Fewer cells exhibit lifetimes shorter than 30 min (~11%)
and longer than 75 min (~18%), highlighting a skewed distribu-
tion where the majority of cells tend to have lifetimes shorter
than 75 min. The convective cells were classified into three cate-
gories based on their lifetimes: short lived (040 min), interme-
diate lived (41-80 min), and long lived (80+ min), with 119
(~29%), 236 (57%), and 58 (~14%) cells in each respective
category. This three-tiered classification captures the full range
of observed lifetimes and allows evaluation of lifetime sensitivity
to environmental conditions while distinguishing short-, interme-
diate-, and long-lived cells. The 40-min threshold separates brief
events from more sustained cells, while the 80-min cutoff isolates
the longest lived ~ 14%, which are of particular interest due to
their extended duration and potential for greater vertical devel-
opment. Although the thresholds are discrete and somewhat ar-
bitrary, they are informed by the observed lifetime distribution
and enable physically meaningful comparisons across regimes.
Environmental parameters, including meteorological and aero-
sol conditions, were analyzed for the hour preceding the initia-
tion of each cell. Sensitivity tests using a 2-h window yielded
consistent results. To ensure representativeness of surface in situ
aerosol observations, only cells within a 50-km radius of the
AMF1 site were considered for the in situ aerosol analysis. This
50-km threshold was determined based on a sensitivity analysis
showing the results (i.e., variation of Nig_ 100 and Nsgo_1000 With
cell lifetime discussed in section 3c) associated with the SMPS
(10-100 nm) measurements remain consistent for cells within
50 km, while the results associated with UHSAS (500-1000 nm)
measurements show consistency up to cells within 80 km. Al-
though Fig. le shows good agreement between SMPS and
UHSAS, it reflects only their overlapping size range of 60-500 nm,
whereas the sensitivity analysis considers the different size
range used from each instrument. However, the primary ratio-
nale for adopting the 50-km threshold was to avoid including
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convective cells that originated over the Gulf of America (also
known as the Gulf of Mexico), which is also consistent with the
methodological approach of Wang et al. (2025).

Furthermore, convective cells were classified based on pre-
vailing onshore or offshore winds. This classification was con-
ducted using the mean u- and v-wind components between
1000 and 850 hPa, derived from ERAS reanalysis data. Cases
with mean southeasterly or southwesterly winds were catego-
rized as onshore events, while those with northeasterly or north-
westerly winds were classified as offshore events (Fig. 3). Based
on this criterion, 329 cells occurred under onshore wind condi-
tions and 84 cells occurred under offshore wind conditions. This
classification, based on onshore and offshore wind conditions,
distinguishes between the relatively clean southerly winds origi-
nating from the Gulf and the potentially more polluted northerly
winds flowing from land and was adopted to separate marine
and continental flow regimes relevant to aerosol conditions
without attempting a detailed characterization of coastal-flow
dynamics.

2) RANDOM FOREST

The random forest (RF) algorithm is a group of decision
trees, where each tree is built using a random selection of
training data and predictors. These trees collectively contrib-
ute to the final prediction (Breiman 2001). A notable advan-
tage of the RF algorithm is its ability to quantify predictor
importance, which is particularly valuable for identifying the
environmental factors most strongly influencing convective
cell properties. Due to its ability in managing noisy data and
outliers, it is particularly well suited for scenarios involving
complex interactions and nonlinear relationships (Biau and
Scornet 2016; Genuer et al. 2017). RF has been widely applied
in atmospheric sciences, including air quality forecasting
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(Lei et al. 2022; Vovk et al. 2024), cloud liquid water retrievals
(Schulte et al. 2024), and cloud microphysical analysis (Huang
et al. 2025).

In this study, the RF algorithm implemented in the scikit-
learn Python package (Pedregosa et al. 2011) is used, incorpo-
rating Monte Carlo cross validation with 100 iterations to assess
the model uncertainty. Environmental parameters including
meteorological and aerosol conditions associated with each
convective cell were used as predictors, while convective cell
properties served as target variables, enabling effective model
training and prediction.

3) BOOTSTRAPPING

Bootstrapping is a nonparametric resampling approach that
involves repeatedly sampling the original dataset with replace-
ment to create numerous simulated datasets of the same size
(Efron 1979; Efron and Tibshirani 1994). For each resample,
the mean is calculated, capturing inherent variability in the
data. After a large number of iterations, the bootstrapped
means are aggregated to compute the overall average and confi-
dence intervals. This method is particularly advantageous when
the underlying distribution of the data is unknown or the data-
set is small, as it does not rely on strict parametric assumptions.
Bootstrapping is widely applied in atmospheric science for di-
verse purposes, including confidence band construction, radar
profile analysis, statistical comparisons, model enhancement,
and uncertainty quantification in both observations and reanal-
ysis (Mudelsee 2011; Marchand et al. 2006; Xu 2006; Rao 2000;
Cuesta-Valero et al. 2022; McFarquhar 2004; McFarquhar and
Heymsfield 1997; Liu et al. 2024).

In this study, the bootstrapping method is used to estimate
the mean aerosol number size distribution and its associated
confidence intervals across different convective cell catego-
ries, including classifications by lifetime and on-offshore wind
direction. Because some categories contained relatively small
or uneven sample sizes, bootstrapping was applied to address
this sample imbalance and improve the statistical robustness
of the analysis. Additionally, this method was employed to as-
sess the statistical significance of difference in aerosol size dis-
tribution between convective cell categories, allowing for a
more reliable comparison between them.

4) K-MEANS CLUSTERING

The K-means clustering technique (Hartigan and Wong
1979) is an unsupervised machine learning algorithm that par-
titions a multidimensional data space into a predefined num-
ber of clusters. Each cluster is represented by a centroid, and
data points are assigned to the nearest centroid based on a
distance metric, typically Euclidean distance. This clustering
method has been extensively applied in atmospheric sciences
for classifying atmospheric sounding profiles (Sarmadi et al.
2017; Lang et al. 2018; Truong et al. 2020). In this study, k-
means clustering is applied to atmospheric soundings derived
from ERAS, using temperature, specific humidity, and u- and
v-wind components at multiple pressure levels (1000, 925,
850, 800, 700, 650, 600, 550, 500, 450, 400, 350, 300, 250, and
200 hPa) as input variables. Each variable at each pressure
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level is standardized prior to clustering, so all variables con-
tribute equally to the Euclidean distance metric used by the
k-means algorithm; no additional weighting is applied. The
optimal number of clusters was determined by analyzing the
percent change in total spatial variance (TSV) as a function of
the cluster number, selecting the appropriate number of clus-
ters just before a sharp increase in the percent change in TSV.

3. Results
a. Key environmental parameters that control cell lifetime

To identify the key environmental parameters controlling
convective cell lifetime, an RF model was trained using the me-
teorological variables listed in Table Al. Prior to model training,
highly collinear predictors were removed through correlation-
based screening using multiple thresholds (|| = 0.90, 0.85, and
0.80; see Fig. Al for the correlation matrix of some of the key
variables). Depending on the correlation threshold applied,
the number of variables retained for model training is lower
than the total number listed in Table Al. Monte Carlo cross
validation was performed to verify the stability of variable im-
portance rankings across data subsets. Since these rankings
reflect the combined outcome of multiple sensitivity and
collinearity-based filtering, individual importance scores are not
reported. The relative importance of environmental parameters
in predicting convective cell lifetime indicates that PWV was the
most influential among the ~45 variables assessed over 100 itera-
tions, followed by the LR_26km, BS_08km, and Mass_{. Sensitiv-
ity experiments, systematically removing top-ranked variables,
consistently show the remaining original top variables retained
their high importance, further reinforcing the robustness of these
relationships. As an additional step to ensure reliability of im-
portance estimates, we further implemented permutation impor-
tance, which is model agnostic and better suited for handling
feature redundancy and found consistent rankings, with PWV
and BS_08km remaining top predictors. Additionally, partial de-
pendence plots (PDPs; Fig. S3) were generated to visualize the
marginal effects of key variables. The PDPs reveal a nonlin-
ear increase in predicted lifetime with increasing PWV and a
gradual positive influence from BS_08km.

To further evaluate these findings and enhance the robustness
of the model, a bootstrap resampling approach was employed to
generate 1000 samples while preserving the original variable dis-
tributions. The RF model was retrained using Monte Carlo cross
validation on the resampled datasets. The resulting variable im-
portance rankings were similar, with PWV continuing to exhibit
the highest mean importance followed by LR_26km, Mass_f,
surface sensible heat flux (SSHF), and BS_08km, also consis-
tently ranked among the top 10 predictors. Expanding the analy-
sis to 2000 bootstrap iterations further reinforced the dominant
influence of PWV, LR_26km, BS_08km, and Mass_f.

Overall, the application of bootstrapping led to improved
model performance and strengthened the reliability of the
identified predictor hierarchy. Complementary statistical analy-
ses on the original dataset using Spearman’s rank correlation
(Kokoska and Zwillinger 2000; Kendall and Stuart 1973),
Kendall’s tau (Kendall 1938, 1945; Noether 1967; Fenwick
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FIG. 4. Boxplots of convective cell lifetime (min) as a function of different variables, stratified by percentiles (0th-33rd,
33rd-66th, 66th-100th) of (a) PWV, (b) LR_26km, (c) BS_08km, and (d) Mass_f. Box represents the interquartile range
(IQR; 25th-75th percentiles), the horizontal line inside the box indicates the median, the whiskers extend to 1.5 X IQR,
and the black dots denote the mean values. Each group contains approximately 135-138 samples.

1994), and distance correlation (Székely et al. 2007) consis-
tently identified PWV, LR_26km, and BS_08km (distance
correlation) as the top three parameters. While rank-based
correlation coefficients are modest (Spearman’s p: ~0.20 for
PWV, ~0.10 for LR_26km), these correlation coefficients
are statistically significant. Notably, Mass_f does not rank
within the top 10 variables in these correlation tests, possibly
due to its relatively limited variability within the dataset.
These bivariate correlation results provide support for the
multivariate RF-derived rankings, with general consistency
observed in the strength of associations.

Considering these comprehensive analyses, PWV, LR_26km,
BS_08km, and Mass_f were selected as the four primary envi-
ronmental parameters governing cell lifetime for further analy-
ses. PWV consistently demonstrates the highest importance
across all the above tests, emphasizing the critical role of atmo-
spheric moisture in sustaining convection. PWV is also strongly
correlated with midlevel relative humidity (RH), particularly
mean RH at 2-5 km (RH_25km; r = 0.84) and RH at 3-6 km
(RH_36km; r = 0.87). High PWV values imply abundant mois-
ture availability for condensation and latent heat release, fueling
updrafts and supporting the longevity of convective cells.
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Another important variable is LR_26km, a key metric of atmo-
spheric stability. A higher lapse rate (i.e., greater temperature
decrease with height) indicates increased atmospheric instability,
which enhances buoyancy and accelerates convective develop-
ment. The importance of BS_08km highlights the role of vertical
wind shear in storm organization. Higher wind shear can pro-
mote the separation of updrafts and downdrafts, reducing
precipitation loading within the updraft and delaying cell dissipa-
tion. Another noteworthy parameter is Mass_{, suggesting a po-
tential role of aerosols in influencing convective processes.
While this analysis provides the importance of individual vari-
ables in predicting convective cell lifetime, the independent and
combined effects of moisture, instability, dynamics, and Mass_f
are investigated in subsequent sections to further explore how
interactions among them modulate convective cell lifetime.

b. Cell properties as a function of key
environmental parameters

After identifying the most important parameters affecting
convective cell lifetime, the independent effects of the top
four variables PWV, LR_26km, BS_08km, and Mass_f on cell
lifetime were further examined (Figs. 4a—d). Stratifying the
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FIG. 5. (a)-(c) Boxplots of convective cell lifetime (min) as a function of different variables, stratified by PWV percentiles (0th-33rd,
33rd-66th, 66th—100th). (a) Cell lifetime as a function of PWV and LR_26km. (b) Cell lifetime as a function of PWV and BS_08km. (c) Cell
lifetime as a function of PWV and Mass_f. Boxplots of convective cell lifetime (min) as a function of PWV percentiles, stratified by percen-
tiles of (d) LR_26km, (e) BS_08km, and (f) Mass_f, within each PWV group. Box represents the IQR (25th-75th percentiles), the horizontal
line inside the box indicates the median, and the whiskers extend to 1.5 X IQR. Each of the nine subgroups consists of ~44-45 samples.

dataset into percentile-based bins (low: 0th-33rd, moderate:
33rd-66th, high: 66th-100th) for each variable, the variation
in mean cell lifetime across these groups was analyzed. The
results indicate that cell lifetimes are generally longer in high
PWYV conditions (Fig. 4a), with notably longer median life-
times (~62.5 min) in the high PWV group compared to the
low group (~49.0 min), and this difference is statistically sig-
nificant at p < 0.05 by the Mann-Whitney U test (Mann and
Whitney 1947; Wilcoxon 1945; McKnight and Najab 2010).
This nonparametric approach was selected due to the
skewed distribution of lifetime measurements. In contrast,
LR_26km does not exhibit a clear relationship with lifetime,
with the difference between median lifetime for the low
group (~55 min) and high group (~52.5 min) (Fig. 4b) not
being statistically significant. For BS_08km, median lifetimes
were ~52, ~53, and ~54 min for the low, moderate, and
high groups, respectively (Fig. 4c), with very minor and not
statistically significant differences across groups, indicating
that BS_08km did not exhibit a strong influence alone on cell
lifetime. In the case of Mass_f (Fig. 4d), there is no consis-
tent variation in convective cell lifetimes across the Mass_f
percentiles having median lifetimes of ~53.0 min in low,
~56.0 min in high, and ~52.0 min in moderate, with the
differences again minor, not statistically significant, and
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reflecting a nonuniform independent influence on convec-
tive cell lifetime in this dataset.

The combined effects of these parameters are further ex-
amined. Figure 5a shows convective cell lifetimes separated
by LR_26km percentiles and further categorized by PWV
percentiles. In the low LR_26km group, the median cell life-
times increase steadily with rising PWV, and the difference in
cell lifetime between low (~44 min) and high (~72 min)
PWYV and moderate (~48 min) and high PWV conditions is
statistically significant at p < 0.05. This highlights the substan-
tial role of moisture in influencing cell lifetimes under weaker
lapse rate conditions and could be associated with enhanced
latent heat release during condensation, leading to deeper
convection as moist parcels ascend. In the moderate LR_26km
group, a notably longer median cell lifetime (~58 min) is as-
sociated with high PWYV, but this is lower than the corre-
sponding high PWYV lifetime observed in the low lapse rate
group. However, there is no statistically significant difference
in lifetime across the PWV categories within this moderate
lapse rate group. In the high LR_26km group, median cell
lifetimes also show strong sensitivity to PWV, with a statisti-
cally significant difference between low (~49 min) and high
(~60 min) PWV and moderate (~49.5 min) and high PWV
conditions.
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Similarly, Fig. 5b displays the variation in convective cell
lifetimes across BS_08km percentiles, corresponding to low,
moderate, and high PWV categories. In low BS_08km envi-
ronments, cell lifetimes exhibit minimal variation across the
different PWV categories, suggesting that under weak shear
(BS_08km), moisture alone is insufficient to substantially im-
pact convection duration. This highlights the limited role of
PWYV in sustaining convection when BS_08km is weak. How-
ever, under moderate- and high-shear conditions, cell lifetimes
(median values) vary significantly with PWV. Specifically,
higher PWYV is consistently associated with longer-lived cells
having median cell lifetimes of ~72 min for moderate and
~62 min for higher BS_08km. There are also statistically signif-
icant (p < 0.05) differences in cell lifetimes between low and
high PWV categories for both moderate and high BS_08km.
This indicates that as BS_08km strengthens, the thermody-
namic contribution of moisture becomes increasingly critical in
sustaining convection. In high-shear environments, median cell
lifetimes increase systematically with PWV showing a statisti-
cally significant difference in cell lifetime between low and high
PWYV conditions, emphasizing the synergistic effect of strong
vertical wind shear and abundant moisture. This relationship
highlights the dual importance of wind shear and moisture in
supporting sustained convective activity and points to their
combined influence as a key factor in promoting longer-lived
convective cells.

Figure Scillustrates the variation in convective cell lifetimes
across Mass_f percentiles, further stratified by PWV catego-
ries (low, moderate, and high). This analysis examines the
combined impact of aerosol loading and moisture availability
on the lifetime of convective cells. In low Mass_f conditions,
convective cell lifetimes significantly increase with PWV hav-
ing median lifetimes of ~48 min in low, ~52 min in moderate,
and ~61 min in high PWV, suggesting that in relatively clean
environments, thermodynamic support from moisture is the
primary driver of convective persistence. Under moderate
Mass_f conditions, high PWYV is associated with significantly
longer cell lifetimes with a median lifetime of ~68 min com-
pared to ~49 min (low PWV) and ~50 min (moderate PWV).
The moderate Mass_f-high PWV group exhibits the longest
and statistically significant lifetimes among all Mass_f-PWV
combinations. In high Mass_f conditions, the median cell life-
times are ~52 min in low PWV, ~40 min in moderate PWV,
and ~61 min in high PWV, with the high-PWV group having
the longest median lifetime. However, these differences are
not statistically significant in high Mass_f conditions, indicat-
ing that no robust PWV-dependent lifetime signal is detected
under high Mass f conditions within the present dataset.
Across low and moderate Mass_f percentiles, the longest cell
lifetimes (median values) are consistently associated with high
PWV groups. While PWV emerges as the dominant control
across low and moderate Mass_{ groups, the independent role
of Mass_f is further examined using RF-based perturbation
sensitivity analyses presented later in this section. In addition
to examining how convective cell lifetimes vary across PWV
percentiles within fixed groups of LR_26km, BS_08km, and
Mass_f, the inverse relationship was also evaluated: how cell
lifetimes vary across LR_26km, BS_08km, and Mass_f
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percentiles within fixed PWV groups (Figs. 5d—f). The obser-
vations indicate that under high PWYV conditions, convective
cell lifetimes are significantly longer in the low LR _26km
group compared to the moderate and high lapse rate groups
(Fig. 5d), whereas for BS_08km (Fig. Se) under high PWV con-
ditions, a statistically significant difference is observed between
the low-moderate and low-high BS_08km groups with higher
median lifetime observed in moderate BS_08km (~71 min)
followed by high BS_08km (~67 min) and low BS_08km
(~55 min). In contrast, under low and moderate PWV condi-
tions, no significant differences in cell lifetimes are found
across the LR_26km, BS_08km, and Mass_f groups, except
for a notable case at low PWV, where a significant difference
in lifetime is observed between the low and high Mass_f
groups, with the high Mass_f group exhibiting a higher me-
dian lifetime (Fig. 5f). This systematic trend underscores the
dominant role of atmospheric moisture in extending convec-
tive cell lifetime, with LR_26km, BS_08km, and Mass_f con-
tributing to systematic variations in lifetime. It is important to
note that the aerosol-related sensitivities discussed above re-
main consistent when the analysis is repeated using alternative
cell height (Z > 20 dBZ) thresholds of >6, >7, and >8 km for
defining deep convective cells, suggesting that the results are
not sensitive to the specific height criterion used to define
deep convective cells within the given sample size. Although
low-level convergence forcing the convection is not directly
observable in the present dataset, potential spatial and diurnal
modulation of convective forcing is indirectly assessed using
convective cell location and local time. The spatial distribution
(Fig. S6a) of convective cell lifetime shows no systematic geo-
graphic organization across the study region, and key environ-
mental predictors exhibit similar homogeneous spatial patterns
(Figs. S6b-f). In addition, convective cell lifetime does not dis-
play a pronounced diurnal cycle. Stratifying the analysis by
time of day, 0600-1200 local time (LT) and 1200-1800 LT,
yields aerosol-lifetime relationships that are qualitatively con-
sistent with those discussed above for the complete dataset, in-
dicating that the observed aerosol effects are unlikely to be
artifacts of spatial location or diurnal timing.

To further verify these relationships and recognize potential
limitations of the percentile-based approach, particularly the
inability to fully control for remaining predictors and within-
bin correlations, RF-based perturbation sensitivity analyses are
conducted following the approach of Borque et al. (2022). The
same RF configuration described in section 3a (Monte Carlo
cross validation, 80/20 train—test split, collinearity threshold
[l = 0.90) is used, while the specific percentage changes re-
ported are associated with these hyperparameter choices.
Repeated testing across varying configurations yields quali-
tatively consistent results. Two-variable perturbations are
performed by simultaneously perturbing pairs of the four im-
portant predictor variables (PWV, LR_26km, BS_08km, and
Mass_f) by —50%, —30%, +30%, and +50% while holding all
other inputs the same (Fig. S4), designed to evaluate the same
two-variable combinations as those examined in Figs. Sa—f us-
ing observational data. The results confirm that the highest
predicted lifetime increases arise from the combination of
higher PWV (+30%, +50%) paired with lower LR_26km
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categories: 0—40 min (black), 40-80 min (blue), and 80+ min (red), based on a radar reflectivity threshold of Z > 20 dBZ.

(=50%, —30%), yielding an ~15% increase in median pre-
dicted lifetime relative to the baseline predicted lifetime from
the unperturbed test set. This is followed by higher PWV
(+30%, +50%) with higher BS_08km (+30%, +50%) yield-
ing an ~8% increase, consistent with the observational
patterns discussed above. Across all Mass_f perturbation
scenarios (—50%, —30%, +30%, and +50%), predicted life-
time remains largely governed by PWV, with Mass_f contribut-
ing negligible modulation (~=*1%) regardless of the direction
or magnitude of Mass_f perturbation, further corroborating the
dominant role of PWV seen across all Mass_f groups in Figs. Sc
and 5f. To complement these two-variable results, independent
perturbations of each predictor (—50%, —30%, +30%, and
+50%) while holding all other inputs the same (Figs. S5a—d)
further confirm the dominant role of PWV, with up to an ~11%
increase in median predicted lifetime under positive perturba-
tions (+30%, +50%) and a modest decrease (<5%) at —30%,
whereas the —50% perturbation yields a marginal positive devi-
ation (~2%), potentially attributable to the limited training
data. For LR_26km, negative perturbations (—50%, —30%)
are associated with ~10% higher predicted lifetime, whereas
positive perturbations (+30%, +50%) yield modest reductions
(<5%). BS_08km shows a positive but limited independent
effect, with predicted lifetime increasing under positive per-
turbations (+30%, +50%) and decreasing under negative
perturbations (—50%, —30%), though the magnitude remains
limited (<*5%) in both directions. Mass_f exhibits no sys-
tematic or consistent response in either direction, consistent
with its near-zero partial dependence (Fig. S5d). Taken to-
gether, the percentile-based analyses and RF perturbation
sensitivity tests consistently indicate that PWV exerts a domi-
nant and robust control on convective cell lifetime, with
LR_26km and BS_08km providing meaningful but secondary
contributions, particularly in combination with high PWV.
Mass_f shows no consistent or systematic independent influ-
ence on predicted cell lifetime, with the exception of a statisti-
cally significant lifetime difference between low and high
Mass_f groups under the lowest third of PWV values (Fig. 5f).
Within this lowest PWV group, the negative correlation be-
tween Mass_f and PWV (r = —0.33) suggests that PWV is not
the primary driver of the observed Mass_f-lifetime relation-
ship in that bin; however, modulation by other atmospheric
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variables cannot be fully excluded. Overall, any aerosol-related
signal in the present dataset appears contingent on the prevailing
moisture regime, and the limited and nonsystematic nature of
the Mass_f influence does not provide robust evidence for an in-
dependent aerosol effect on convective cell lifetime.

To better understand convective cell lifetime, it is essential
to examine cell properties such as cell height and width, as
these characteristics are closely linked to the physical pro-
cesses governing cell development and lifetime. It should be
noted that “cell” is defined by the extent of the precipitation
field, which may or may not be an indicator of the extent and
intensity of the updraft that produces the precipitation. The
vertical extent of storms influences the redistribution of heat,
moisture, momentum, aerosols, and trace gases (Gagin et al.
1985), which, in turn, influences cell lifetime. The width of
convective cells is primarily influenced by available instability,
whereas the depth of narrow cells is more sensitive to midle-
vel relative humidity (Varble et al. 2024), suggesting that
broader cells may be more resilient to environmental variabil-
ity. Therefore, examining cell height and width provides criti-
cal insight into the mechanisms controlling convective cell
lifetime around the Houston region. The frequency distribu-
tions of maximum cell width at 2-4 and 4-6 km AGL as well
as the height, defined using CSAPR?2 radar reflectivity thresh-
olds of Z > 20 dBZ [section 2b(1)] are analyzed over the life-
time of each cell. The distributions of convective cell widths
and heights exhibit clear stratification by lifetime category.
For both the 2-4 and 4-6 km AGL layers (Figs. 6a,b), short-
lived cells (0-40 min) are concentrated at narrower widths,
with peak frequencies occurring between ~2 and 7 km. In the
2-4-km layer, long-lived cells (80+ min) show a broader
width distribution extending well beyond 20 km, with in-
creased frequencies observed in the ~7-17-km range. A simi-
lar pattern is evident in the 4-6-km layer, where long-lived cells
exhibit a wide spread of widths, peaking at the ~7-15-km range.
Intermediate-lived cells show transitional behavior in both
layers, with width distributions that lie between those of short-
and long-lived cells. Quantitatively, the mean widths of short-
lived cells were ~6.41 km (2-4 km) and ~5.85 km (4-6 km),
while long-lived cells reached mean widths of ~13.2 and
~12.9 km, respectively. A similar pattern is evident in the cell
height distribution (Fig. 6¢). Short-lived cells predominantly
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peaked between ~5 and 7 km AGL, while long-lived cells ex-
hibited a broader distribution with elevated frequencies extend-
ing to ~15 km. The mean maximum height of short-lived cells
was ~7.32 km, increasing to ~8.81 km for intermediate-lived
cells and reaching ~ 11.4 km for long-lived cells.

Cell heights and widths were also examined using other Z
thresholds (e.g., 10, 30, 40, 50 dBZ), and the overall patterns
are consistent. These results indicate that longer-lived cells
tend to be both wider and deeper, supporting the idea that
wider updrafts are less susceptible to entrainment mixing
(Morrison 2017; Peters et al. 2020; Lecoanet and Jeevanjee
2019; Varble et al. 2024). Entrainment of dry environmental
air into clouds leads to buoyancy decreases through mixing and
evaporative cooling, promoting weakening and dissipation.
Wider cells mitigate this effect by maintaining stronger updraft
cores, thereby sustaining convective development for longer
durations. Further, deeper cells can also produce a wider pre-
cipitation footprint due to the longer time taken by precipita-
tion to reach the surface from higher altitudes, indicating a
bidirectional relationship between cell width and depth. In
contrast, narrower cells are more vulnerable to entrainment
and dissipate more rapidly. However, an intermediate group
of cells with moderate height may also exhibit long lifetimes,
potentially due to favorable environmental conditions such as
shear and cold pool interactions. This highlights the impor-
tance of cell structural properties such as height and width in
regulating convective cell lifetime.

To further understand the factors influencing the observed
variations in convective cell height and width, a similar analy-
sis was conducted using the RF model. This analysis aimed to
predict the maximum cell height and width at two height
layers (2—4 and 4-6 km) based on the same environmental pa-
rameters. Monte Carlo cross validation was employed to con-
firm the consistency of the results. The results highlight the
mean equivalent potential temperature between the surface
and 2 km (THETAE_02km) as the key parameter influencing
maximum cell height, underscoring the critical role of low-
level thermodynamic conditions in deep convection. The term
Mass_f followed closely, suggesting a potential microphysical
modulation of convection by aerosols, possibly through im-
pacts on cloud droplet nucleation and latent heat release.
Other influential factors include the PWYV, surface latent heat
flux (SLHF), and BS_06km. For maximum cell width at 2—4 km,
PWYV remains an important factor, closely followed by
LR_06km, underscoring the role of instability and thermody-
namic conditions in determining the horizontal dimensions of
a storm. The terms Mass_f and BS_06km are also prominent
variables. At 4-6 km, PWV again showed the highest impor-
tance, followed by Mass_f, THETAE_02km, and SLHF.

These results underscore the important role of THETAE _
02km, PWV, Mass_f, and SLHF in influencing both convec-
tive cell height and width. To assess the robustness of these
findings, a sensitivity analysis was performed by systematically
excluding the top-ranked variables from the input feature set.
The RF model retained consistent performance, reinforcing
the reliability of the identified relationships. To further vali-
date these findings, a bootstrap resampling approach was em-
ployed to generate 1000 samples while preserving the original
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FIG. 7. Comparison of particle number concentrations (cm )
across convective cell lifetime categories (i.e., 0-40, 40-80, and
80+ min) measured by CPCU (N3_3000; red) and CPCF (N19_3000;
blue), and n denotes the number of samples in each category. Er-
ror bars represent one standard deviation.

variable distributions. The RF model was retrained using
Monte Carlo cross validation on the resampled datasets. The
resulting variable importance rankings remained largely sta-
ble, consistently identifying the same key variables among the
top predictors. Overall, the application of bootstrapping also
led to improved model performance.

c¢. Relationship between convective cell lifetime and
surface aerosol conditions

In earlier sections of this study, Mass_f was used as a proxy
for aerosol loading when examining convective cell proper-
ties. The TRACER campaign provided the added advantage
of surface-based aerosol measurements, enabling a more detailed
investigation of how aerosol size and number concentrations re-
late to convective cell lifetime. To investigate this, particle num-
ber concentrations from the CPC ultrafine (CPCU) (N3_3000)
and CPC fine (CPCF) (N10-3000) (Fig. 7) were analyzed. While
N3_3000 exhibits a decreasing trend with increasing convective
cell lifetime, this trend is not statistically significant. The term
Nio-3000 €xhibits minimal variation across lifetime categories,
suggesting that the observed decrease in N3_zop is likely driven
by changes in the 3—10-nm particle size range. Theoretical stud-
ies indicate that particles in the 3-10-nm size range are prone
to rapid coagulation (Cai et al. 2022; Kulmala et al. 2004), po-
tentially growing into larger particles capable of acting as CCN.
Increased concentrations of these ultrafine particles may en-
hance CCN availability, which could potentially shorten con-
vective cell lifetimes by altering cloud microphysical processes.

To better understand potential size-dependent effects in
more detail, additional analysis separating particles into dis-
crete size bins of 10-100 nm (ultrafine mode) and 100-1000 nm
(fine mode) was conducted. This allows for a more nuanced ex-
amination of how different aerosol populations interact with
convective processes. The bootstrapped aerosol particle size
distribution and corresponding number concentrations for the
10-100-nm mobility diameter range (Njo_100), derived from
SMPS measurements, are shown in Figs. 8a and 8b. The nor-
malized aerosol number concentration (Fig. 8a) reveals a peak
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tions. The term # in the legends in (a) and (c) represents the number of samples in each category.

near 20 nm and shows a gradual decrease in number concentra-
tion in the 30-80-nm range with increasing cell lifetime. How-
ever, these differences are not statistically significant and do
not indicate a strong influence of particles in this size range on
convective cell lifetimes. Correspondingly, the Nyo_109 (Fig. 8b)
is highest for short-lived cells and decreases with increasing cell
lifetime, but the differences between intermediate- and long-
lived cells are relatively small and not statistically significant.
Figures 8c and 8d show the bootstrapped normalized aerosol
number concentration and total number concentrations for the
100-1000-nm optical diameter range (Nyoo_1000) Using the same
cell lifetime classifications. The most notable feature is a grad-
ual decrease in number concentration within the 500-1000-nm
optical diameter range (Nsoo_1000) as cell lifetime increases
(Figs. 8c and 10c). This difference is statistically significant be-
tween short- and long-lived cells at the 95% confidence level,
and between short- and intermediate-lived cells at the 90%
confidence level, as determined through bootstrapped confi-
dence intervals. Additionally, Nyoo_1000 iS Very similar between
short- and long-lived cells, whereas intermediate-lived cells
exhibit comparatively lower number concentrations (Fig. 8d).
The overall increase in Nygo_1000 for long-lived cells compared
to intermediate-lived cells appears to be associated with par-
ticles in the 100-500-nm range, as the number concentration in
the 500-1000-nm range is lower for long-lived cells relative to
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those for short-lived cells (Fig. 10c). The potential sources of
these particles are further discussed later in this section.

To investigate the potential sources of Nsgg_1000, Which is
observed to be inversely related to convective cell lifetime,
convective cells were classified according to the presence of
either onshore or offshore wind conditions. Although the
focus is on Nsgo_1000, an initial look at the 10-100-nm range
(N1o-100; Fig. 9b) from SMPS measurements shows consis-
tently higher concentrations under offshore wind conditions,
pointing to dominant land-based sources. The bootstrapped
aerosol particle size distribution (Fig. 9c) and corresponding
number concentrations (Nygo_io00; Fig. 9d) derived from
UHSAS measurements in the 100-1000-nm optical diameter
range were analyzed using the same classification. The most
notable feature in this size distribution is the gradual increase
in number concentration in the ~500-1000-nm optical diame-
ter range under onshore wind conditions (Fig. 9¢c). This indi-
cates the sources of aerosols in this size range are likely
linked to transport by onshore winds from the Gulf. Addition-
ally, higher Nygo_1000 under offshore wind conditions predomi-
nantly originates from particles within the 100-500-nm optical
diameter range.

To further investigate how the convective cell lifetime
varies under different flow regimes, cell lifetimes were ex-
amined for both onshore and offshore wind conditions. The
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FIG. 9. Bootstrapped aerosol (a),(c) size distributions and (b),(d) number concentrations [Njg 100 in (b) and
Nioo-1000 in (d)] associated with prevailing onshore and offshore winds for the (a),(b) 10-100-nm mobility diameter
range measured by SMPS and (c),(d) 100-1000-nm optical diameter range measured by UHSAS. Shaded regions in
(a) and (c) represent 95% confidence intervals obtained from the bootstrapping procedure, and error bars in
(b) and (d) represent the standard deviation of the concentrations. The » in the legends in (a) and (c) represents

the number of samples in each category.

box-and-whisker plot (Fig. 10a) illustrates the variation in cell
lifetimes, where convective cells associated with onshore wind
conditions have slightly shorter lifetimes (mean: ~55 mean;
median: ~53 min) compared to those under offshore wind con-
ditions (mean: ~61 min; median: ~57 min). The overall vari-
ability in lifetimes remains similar for the onshore and offshore
wind conditions. The term Nsp 1090 gradually decreases with
increasing cell lifetime, a trend apparent for both onshore and
offshore wind conditions, although this difference is not statisti-
cally significant. Notably, Nso 1000 is consistently higher under
onshore wind conditions, highlighting a stronger association of
aerosols in this size range (500-1000 nm) with onshore wind condi-
tions. Thus, aerosols in this optical diameter range (500-1000 nm)
or the meteorological regimes characterized by elevated con-
centrations of these aerosols may be linked to shorter convec-
tive cell lifetimes. Additionally, the observed minor variations
in lifetime could also result from the inability to fully isolate
the effects contributed by aerosols smaller than ~500 nm.
Finally, to gain a more comprehensive understanding of aero-
sol influences, the aerosol composition associated with convec-
tive cell lifetimes and onshore and offshore wind conditions was
examined. The aerosol composition analyzed using ACSM
(Fig. 11a) reveals that total organic aerosol concentrations are
highest for long-lived convective cells (mean of ~0.9 ug m™>),
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intermediate for short-lived cells (mean of ~0.7 g m ™), and the
lowest for cells with intermediate lifetime (mean of ~0.5 ug m™>).
In contrast, sulfate aerosol concentrations show a decreasing
trend with shorter cell lifetimes, with the highest levels ob-
served in long-lived cells. Other aerosol species, including
ammonium, nitrate, and chloride, do not exhibit notable var-
iations across different cell lifetimes. BC, primarily produced
through incomplete biomass and fossil fuel combustion, plays
a critical role in atmospheric processes due to its ability to
serve as CCN, influencing cloud microphysics depending on
hygroscopic coatings acquired during aging (Tian et al. 2024).
Laboratory studies (Dalirian et al. 2018; Gohil et al. 2023) in-
dicate that BC’s CCN activity increases with inorganic coat-
ings and is modulated by the presence of organic fraction.
Analysis of BC concentrations across cell lifetime categories
(Fig. 11b) shows that short-lived cells have the highest mean
mass concentration (~47 ng m ), followed by long-lived cells
(~33 ng m®) and intermediate-lifetime cells showing the
lowest (~25 ng m™>). These results suggest that short-lived
convective cells are associated with more polluted environ-
ments characterized by elevated BC levels. A comparison of
aerosol composition between onshore and offshore wind condi-
tions (Fig. 11c) further indicates higher concentrations of organ-
ics, sulfate, ammonium, and nitrate under offshore conditions.
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FIG. 10. (a) Box-and-whisker plot of convective cell lifetimes classified by onshore and offshore wind conditions, where dots represent
means, and the horizontal orange lines represent medians. (b) Aerosol number concentration within the optical diameter range of
500-1000 nm (Nsgo_1000) as a function of convective cell lifetime for both onshore and offshore wind conditions. (c) Aerosol number con-
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n denotes the number of samples in each category.

This reflects enhanced pollution characteristics associated with
offshore environments. These observations suggest that aerosol
composition and pollutant levels play a role in modulating con-
vective cell lifetimes. However, this association may arise from
underlying meteorological differences (e.g., surface winds and
CAPE) between oceanic (onshore) and continental (offshore)
regimes, rather than from a direct aerosol influence.

d. Case study

In the previous section, the role of Nsgg 100 in relation to
shorter convective cell lifetime under higher concentration
was noted. These observations suggest a potential link be-
tween Nsgo_1000 and convective evolution, motivating further
investigation into the underlying processes. To deepen the
analysis, k-means clustering was applied to atmospheric
soundings associated with the convective cells within the 50-km
radius around the AMF1 site, aiming to identify groups charac-
terized by similar meteorological conditions. Based on the
change in TSV, the optimal number of clusters was determined
to be eight. This spatial constraint increases the probability
that the aerosol observations will be representative of the air

mass that the convection occurs in, resulting in four clusters
(clusters 2, 3, 4, and 5) retaining sufficient samples for further
analysis.

By focusing on convective cells within these four selected
clusters (Fig. 12, wind profile not shown), it was ensured that
meteorological conditions within each cluster are nearly simi-
lar, with differences in temperature, moisture, and wind pro-
files throughout the vertical column for varying clusters. The
distributions of key environmental variables for each cluster
are shown in Fig. S6. This clustering allowed isolation of the
potential influence of Nspo_1000 While minimizing the con-
founding effects arising from varying meteorological envi-
ronments. Nevertheless, disentangling the specific impact of
aerosols on convection remains challenging due to the inher-
ently complex interaction among atmospheric processes. To
optimally leverage the available aerosol data and maximize
contrast, a percentile-based approach was adopted, selecting
the lowest 0th-20th percentiles of Nsgg 1000 to represent the
LOW Nsp9_1000 regime and the highest 80th—100th percentiles
to represent the HIGH Nsgo 1000 regime. By comparing only
these distinctly contrasting aerosol environments, the identified
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FIG. 11. (a) Mean mass concentrations (ug m ™) of aerosol species (total organics, sulfate, ammonium, nitrate, and chloride) for differ-
ent convective cell lifetime categories (040, 40-80, and >80 min). (b) BC mass concentrations (ng m~>) for different convective cell life-
time categories. (c) Mean mass concentrations (ug m ™) of aerosol species (total organics, sulfate, ammonium, nitrate, and chloride) for

onshore and offshore conditions.
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aerosol-driven differences in convective structure are more ro-
bust. To assess whether meteorological variability was ade-
quately controlled within each cluster, we compared the mean
values of key parameters PWV, BS_08km, and LR_26km be-
tween the LOW and HIGH Nso_090 regimes (Table S1). Sam-
ple sizes within each cluster—percentile subset are very small
(3-6 samples), preventing robust statistical testing and limiting
the usefulness of distributional plots. Even so, the mean com-
parison showed that, within each cluster, PWV and LR_26km
are broadly consistent across aerosol groups (LOW and
HIGH), with only a modest BS_08km difference noted in clus-
ter 4, where the LOW-aerosol group exhibited notably higher
BS_08km values. Using this framework, the vertical profiles of
Z, differential reflectivity Zpg, and specific differential phase
Kpp derived from CSAPR2 RHI scans corresponding to the
cross section with maximum Z within each cell’s tracked
lifetime were examined. These vertical profiles represent the
mean and standard deviation of radar variables Z, Zpr and
Kpp within convective cells across all events in each aerosol re-
gime (LOW and HIGH). For each case, the 1st-99th percen-
tiles of each radar variable were computed at each height level,
and the mean across these percentiles was taken as the repre-
sentative profile for that case. The group mean and standard
deviation were then computed across all case profiles within
each aerosol regime (Fig. 13). Despite nearly similar meteoro-
logical conditions within each cluster, notable differences
emerged between the LOW and HIGH Nsgo 1000 regimes,
providing valuable insight into how Nsg_1000 Variations inde-
pendent of meteorological state can influence convective mi-
crophysical structures.

In cluster 2 (Figs. 13a—), Z profiles show slight suppression in
high Nspo_1000 from 1 to 6 km, with LOW peaking at ~36 dBZ
(median) near ~2 km and HIGH peaking at ~33 dBZ near the
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surface. The Zpr and Kpp differences are modest, with ele-
vated Zpgr in LOW up to ~4 km and elevated Kpp in HIGH
below 3 km. Cluster 3 (Figs. 13d-f) reveals large differences:
In LOW, Z shows stronger reflectivity, with values exceeding
~38 dBZ between ~1 and 3.5 km, while Z in HIGH exhibits
a relatively weak reflectivity profile with values remaining be-
low ~30 dBZ throughout the column. The term Zpg is ele-
vated between 1 and 5 km in LOW (=1.5 dB at 1-3 km),
while in HIGH it peaks near ~1 km (~1.4 dB), whereas Kpp
is higher in LOW from the surface to ~4 km (=1.5° km ' at
1-2 km) with peak values at 1 km exceeding 2° km™! com-
pared to <1.2° km ™! throughout the column in HIGH. The
large variations in all three variables between LOW and
HIGH, particularly below ~ 4 km, likely reflect microphysical
differences associated with the change in Nsgo_1900- In HIGH,
the vertical profiles show systematically weaker Z, Zpgr, and
Kpp throughout the column. In contrast, the LOW group
shows stronger Z, Zpg, and Kpp profiles specifically below
4 km (Figs. 13d—f). In cluster 4 (Figs. 13g—i), LOW and HIGH
show comparable Z and Kpp profiles up to ~4 km, while the
primary difference is observed in Zpgr. The Z values in both
cases remain near ~35-37 dBZ below ~3 km, although LOW
is ~2-3 dBZ stronger at ~4-5 km. Likewise, Kpp profiles are
broadly comparable, ranging from ~0.5-1.2° km ™" up to 5 km,
with LOW exhibiting slightly enhanced values below ~1.5 km
and HIGH showing marginally larger values at 3-4 and 5-6 km.
In contrast, HIGH exhibits substantially larger Zpgr values up
to ~6 km with peak values crossing ~3 dB at ~1 km, whereas
LOW remains closer to ~1.4 dB at the same level (Figs. 13g-i).
Cluster 5 (Figs. 13j-1) exhibits deeper Z > ~40 dBZ up to
~4 km and >20 dBZ to ~7.5 km in LOW, while HIGH de-
creases sharply to <20 dBZ by ~5 km. The term Zpg in
LOW is elevated (=1.2 dB up to 3.5 km), while in HIGH it
peaks near the surface (=1 dB). The term Kpp is generally
higher in LOW, while HIGH exhibits suppressed Kpp
throughout the column. In LOW, peak Kpp of ~1.8 and
~1.9° km™! is observed near ~2 and ~3 km, respectively
(Fig. 131). The most apparent signature of a classical warm-
rain process, marked by a rapid increase in Z, Zpg, and Kpp
toward the surface due to collision—coalescence below a cloud
base, is observed in cluster 5 under HIGH.

Overall, clusters 2, 3, and 5 exhibit consistent differences in
Z and Zpg profiles between high and low Nsgg_1000 regimes
under nearly similar meteorological conditions within each
cluster. In general, high Nsg_1000 loading is associated with
suppressed low-to-midlevel Z (clusters 2, 3, and 5), while low
Nspo-1000 cases exhibit larger Z indicative of more efficient
growth of precipitation-sized hydrometeors. The Zpr profiles
under low N5g_1000 conditions show elevated values at ~2-4 km
(clusters 2, 3, and 5), suggesting active coalescence. The term
Kpp shows clear separation (clusters 3 and 5), with low Nspo_1000
regimes supporting higher Kpp peaks (~1-4 km), while high
Nsoo_1000 cases display lower and generally weaker Kpp (clus-
ters 3 and 5), consistent with reduced rainwater mass and
droplet concentration. Collectively, the results show differ-
ences in the warm-rain pathway under high Nsp_1090 €nviron-
ments, potentially sourced from the onshore winds (Fig. 9c).
Cluster 4 does not follow this consistent pattern, likely due to
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F1G. 13. Vertical profiles of (left) radar reflectivity Z (dBZ), (center) differential reflectivity Zpr (dB), and
(right) specific differential phase Kpp (° km ') for convective cells within different sounding-based k-means clus-
ters [(a)—(c) cluster 2; (d)—(f) cluster 3; (g)—(i) cluster 4; (j)—(1) cluster 5]. For each case, the 1st-99th percentiles of
each radar variable were computed at each height level, and the mean across these percentiles was taken as the
representative profile for that case. Profiles shown represent the mean and std computed across all case profiles
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imperfect meteorological separation within this cluster, as re-
flected by the notably higher BS_08km values in LOW cases
compared to HIGH cases (Table S1). Marine aerosols are gen-
erally considered efficient CCN, but at high concentrations,
they may delay droplet coalescence resulting in suppressed
warm-rain development. In addition, Nsg_1000 is very low (up
to ~8 cm ), and the sample size in these categories is limited,
so part of the observed sensitivity may instead reflect the dis-
tinct meteorological regimes associated with episodes of ele-
vated Nspo_1000 rather than Nsgo_ 000 itself. Although the best
attempt was made to effectively separate such regimes using
the clustering approach, the number of cases considered is
small, limiting a strong conclusion. A more detailed, process-
focused analysis using model sensitivity experiments would be
required to clearly separate these influences.

Figure 14 presents convective cell properties stratified by
Nsoo_1000 across four sounding-based k-means clusters (clus-
ters 2, 3,4, and 5). A consistent pattern is observed in cell life-
time across clusters 3, 4, and 5 (Figs. 14d,g,j), with shorter
mean lifetimes associated with HIGH Nsgy_1000. Mean life-
times decrease from 61.5 to 50.5 min in cluster 3, from 74.3 to
43.0 min in cluster 4, and from 64.0 to 44.8 min in cluster 5,
aligning with the observations discussed in the previous
section. However, cluster 2 (Fig. 14a) shows a slightly higher
mean lifetime under high Nsgp_1000 conditions, which may re-
flect classification artifacts, as the mean N5yy_jo00 concentra-
tions for HIGH and LOW regimes in this cluster are not well
separated (low ~0.97 = 0.35 and high ~2.81 + 0.41; Fig. 13a),
suggesting potential overlap. For cluster 3, this difference is
large and is reflected in Z, Zpr, and Kpp profiles (Figs. 13d-f),
lifetime, height, and width (Figs. 14d-f) showing larger sup-
pression with HIGH Nsgg_1900. However, the relationship be-
tween Nsgp_1000 and maximum cell height varies by cluster
(Figs. 14b,e,h.k): Convective cells in cluster 2 are taller under
high Nsgo_1000 conditions, whereas clusters 3 and 5 exhibit taller
cells under low Nsgy_1000 conditions and minor variations are
observed in cluster 4. In contrast, the maximum cell width at
2-4 km shows a consistent trend across all clusters, with wider
cells consistently associated with low Nsgo_1000 and narrower
cells under high Nsg_1000 conditions (Figs. 14c,f,i,]). This result
aligns with earlier analysis in section 3b that Mass_f is among
the top four important predictors for cell width, highlighting
the sensitivity of horizontal storm structure to aerosol loading.
Conversely, cell height was primarily influenced by low-level
thermodynamics (THETAE_02km), followed by Mass_{f, sug-
gesting that differences in meteorological state among clusters
modulate the aerosol impact on convective vertical structure.

4. Conclusions

New insights into the complex interactions between aero-
sols, meteorological conditions, and convective cell properties
were investigated by analyzing data from the TRACER IOP

MISE ET AL.

1309

conducted in the vicinity of Houston. By integrating radar
data from CSAPR2 and KHGX, ERAS reanalysis, MERRA-2
aerosol reanalysis, and ground-based aerosol measurements,
over ~400 deep convective cells under diverse environmental
conditions were analyzed. The key findings are summarized
as follows:

1) A random forest model identified precipitable water va-
por (PWV), 2-6-km temperature lapse rate (LR_26km),
0-8 km bulk shear (BS_08km), and fine aerosol mass con-
centration (Mass_f) as the most important predictors of
cell lifetime. PWV and LR_26km were also identified by
various correlation tests (section 3a). In low-Mass_f (clean;
0th-33rd percentiles) environments, increasing PWV was
significantly associated with longer convective cell lifetimes,
with median values of ~48 min in low PWV and ~61 min
in high PWV. In moderate Mass_f (33rd-66th percentiles)
conditions, a significant increase in lifetime was observed
between low and high PWV conditions (median values
of ~49 and ~68 min, respectively), indicating that mois-
ture remains an important control even under moderate
aerosol loading. Overall, PWV consistently emerges as
the dominant factor influencing convective cell lifetime
across aerosol regimes, with significantly longer cell
lifetimes observed in the Moderate Mass_f-high PWV
environments.

2) Deeper and wider convective cells were associated with longer
lifetimes, while shallower and narrower cells exhibited shorter
lifespans. At 2-4 km AGL, short-lived cells (040 min)
peaked between ~2 and 7 km in width (Z > 20 dBZ,
mean: ~6.4 km), while long-lived cells (80+ min) peaked
at ~7-17 km. A similar pattern was observed at 4-6 km
AGL, with mean widths of ~5.8 km for short-lived and
~12.9 km for long-lived cells. Cell heights (Z > 20 dBZ)
exhibited the same trend, with mean maximum values in-
creasing from ~7.3 km for short-lived cells to ~11.4 km for
long-lived cells, indicating deeper vertical development as-
sociated with longer-lived convection.

3) Ground-based aerosol measurements highlight statistically
significant differences in aerosol number concentrations
within the 500-1000-nm range (Nspo_1000) between short-
and long-lived (p = 0.05) and intermediate- and long-lived
(p = 0.10) cells based on bootstrap analysis, indicating that
larger Nsoo_1000 loadings were associated with shorter con-
vective cell lifetime. The onshore wind was identified as the
primary source of these larger particles. Furthermore, aero-
sol composition analysis shows that long-lived cells were
characterized by elevated concentrations of organic aerosols
and sulfate, while short-lived cells exhibited higher concen-
trations of black carbon.

4) A detailed analysis using sounding-based k-means clusters
reveals that variations in Nsgo_1000 are associated with sys-
tematic differences in convective microphysical structures

—

within each regime, stratified by aerosol concentration regimes defined by Nsp_1000 percentiles: LOW (0th—20th percentiles;
blue) and HIGH (80th-100th percentiles; red). Shaded regions represent *1 standard deviation across cases. The number of
convective cells 7, along with the mean and standard deviation (std) of Ns_1000, is annotated in each Z panel.
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FIG. 14. Convective cell properties under different Nsop_1000 conditions for four sounding-based k-means clusters: (a)-(c) cluster 2,
(d)—(f) cluster 3, (g)—(i) cluster 4, and (j)—(1) cluster 5. Each row represents one cluster, with (left) cell lifetime (min), (center) maximum
cell height (km) where reflectivity > 20 dBZ, and (right) maximum cell width at 2-4 km (km) where reflectivity > 20 dBZ. Bar colors indi-
cate aerosol concentration regimes defined by Nsgg_1000: LOW (0th-20th percentiles; black) and HIGH (80th-100th percentiles; red).
Error bars indicate variability (1 standard deviation) within each aerosol group.

under meteorological conditions that are broadly compa-
rable within each cluster (Fig. 12). High Nsgo_1000 is gen-
erally associated with suppressed radar reflectivity Z
profiles, characterized by reduced magnitudes (clusters
2, 3, and 5). Polarimetric variables such as Zpr and Kpp
further highlight these aerosol impacts. Low-altitude
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(~2—-4 km) regions in low Nsgy_1000 regimes show higher
Zpr values (clusters 3 and 5), together with higher Kpp in
midlevels (~2—4 km; clusters 3 and 5), consistent with en-
hanced rainwater content and drop growth relative to
high Nsgo_1000 cases. These microphysical distinctions are
reflected in observable differences in storm morphology,
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with high Nsgy_1000 conditions consistently associated with
shorter-lived (clusters 3, 4, and 5) and narrower convective
cells. Although cell height responses to aerosol variability dif-
fer among clusters, the consistent narrowing of cell width at
24 km under high Nsg_1000 conditions points to a systematic
aerosol influence on horizontal convective structure. Overall,
these patterns suggest high Nsoo_1000, potentially driven by
aerosols associated with onshore winds (Fig. 9¢).

Marine aerosols are generally considered efficient CCN, but
at high concentrations, they may delay droplet coalescence.
However, Nsp_1000 concentrations are relatively low, and the
number of cases within these categories is limited. As a result,
part of the observed sensitivity may instead reflect distinct mete-
orological regimes that co-occur with elevated Nsop_1000 rather
than Nsgp_1000 itself. Although the clustering approach was de-
signed to separate such regimes, the available sample is small,
limiting the strength of any causal interpretation. A more de-
tailed, process-level modeling analysis would be required to
clearly disentangle these influences. It is also noted that the up-
per size bound of the 500-1000-nm aerosol category reflects the
measurement limit of the UHSAS instrument (optical instru-
ment); number concentrations of particles larger than 1000 nm
were not available, and therefore, the effective upper bound of
this size range may extend beyond 1000 nm.

This study highlights the value of combining observational
datasets, reanalysis products, and advanced analytical meth-
ods to investigate factors influencing convective cell lifetimes.
By using the random forest model, complex relationships be-
tween environmental factors and convective cell properties
were effectively captured. Statistical techniques such as boot-
strapping addressed challenges from uneven and small sample
sizes, ensuring robust assessment of aerosol size distributions
and significance testing. In conclusion, the results deepen the
understanding of cloud-aerosol interactions in deep convection,
emphasizing the interplay between environmental conditions
and convective cell properties. Aerosols in the 500-1000-nm di-
ameter range are associated with shorter cell lifetimes over the
Houston region. However, disentangling the effects of aerosols
from the complementary impacts arising from the other aerosol
size ranges remains challenging. For instance, smaller aerosols
may act as CCN, promoting cloud growth and indirectly extend-
ing convective cell lifetimes, whereas larger aerosols may alter
precipitation processes and affect cell dynamics differently.
Although these approaches improved the understanding of the
relationship between aerosols and convective cell lifetimes, un-
certainties persist due to the overlapping roles of different
aerosol size ranges and their covariability with meteorological
conditions. The limited sample size (413 convective cells) also
constrains the generalizability of the findings. These complexities
highlight the need for further research to disentangle the
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intricate interactions among aerosol compositions, particle size
distributions, and cloud microphysical processes. Future re-
search should evaluate whether cloud-resolving models can
reproduce these observed patterns and better characterize con-
vective cloud—environment interactions using data from con-
vective cells observed during the TRACER field campaign.

Acknowledgments. This research was supported primarily
by the U.S. Department of Energy’s (DOE) Atmospheric Sys-
tem Research (ASR), an Office of Science Biological and En-
vironmental Research program, under Grant DE-SC0024317
and under Contract DE-SC0012704. The computing for this
project was performed at the OU Supercomputing Center for
Education & Research (OSCER) at the University of Okla-
homa (OU). We thank two anonymous reviewers for their
constructive comments and suggestions, which improved the
clarity and quality of this manuscript. We also thank Professor
Jason Furtado for his help with a statistical question.

Data availability statement. All Atmospheric Radiation
Measurement (ARM) TRACER campaign data can be ac-
cessed through the ARM Data Center at https:/www.arm.gov/
data/. NEXRAD radar data are publicly available via the NOAA
Open Data Registry at https://registry.opendata.aws/noaa-
nexrad/. The ERAS reanalysis dataset is available at https://
doi.org/10.5065/BH6N-5N20. MERRA-2 M2I3NVAER aero-
sol reanalysis product is available at https://doi.org/10.5067/
LTVB4GPCOTK?2 (last access: 13 February 2025).

APPENDIX

Environmental Parameters

The environmental parameters derived primarily from
ERAS profiles, along with Mass_f obtained from MERRA-2,
that were used as predictors in the random forest analyses
(section 3) of convective cell properties such as lifetime, height,
and width are listed in Table Al. These parameters span ther-
modynamic and moisture variables, bulk wind shear across
multiple layers, and surface heat fluxes. Pairwise Pearson
correlation coefficients, computed for a subset of these pre-
dictors to assess collinearity prior to random forest training,
are shown in Fig. Al. The correlation matrix highlights strong
positive correlation among moisture-related variables, particu-
larly between PWV and mid-level relative humidity (RH_25km
and RH_36km), consistent with the relationships discussed
in section 3a. These correlations informed the collinearity-
based variable screening applied before random forest model
training.
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TABLE Al. Environmental parameters associated with convective cells.

Variable name

Description

SB_CAPE

SB_LI

SB_CIN

SB_MIXR

SB_E_LI
SB_E_WMAXSHEAR

SB_E_WMAXSHEAR_3km

ML_CIN

ML_MIXR
ML_WMAXSHEAR
ML_E LI
MU_CAPE_3km
MU_LI

MU_CIN

MU_MIXR
MU_WMAXSHEAR
MU_E_CAPE
MU_E_CAPE_3km
MUML_CAPE
MUML_CAPE_3km
MUML_CIN
MUML_MIXR
MUML_WMAXSHEAR
MUML_E_CAPE
MUML_E_CAPE_3km

MUML_E_LI
LR_01km
LR_03km
LR_06km
LR_26km
THETAE_0lkm
THETAE_02km
RH_01km
RH_02km
RH_25km
RH_36km

PWV

BS_0500m
BS_01km
BS_03km
BS_06km
BS_08km

SLHF

SSHF

Mass_f

Surface-based parcel-derived CAPE

Lifted index at 500 hPa

Surface-based parcel-derived CIN

Mixing ratio at the height of the surface-based parcel

Entraining lifted index at 500 hPa

Square root of 2 times SB_CAPE multiplied by surface to 6 km AGL bulk wind shear

Square root of 2 times SB_CAPE multiplied by surface to 3 km AGL bulk wind shear

CIN estimated from the mixed-layer parcel

Mixing ratio at the height of the mixed-layer parcel

Square root of 2 times ML_CAPE multiplied by surface to 6 km AGL bulk wind shear

Entraining lifted index at 500 hPa

CAPE between surface and 3 km estimated from the most-unstable parcel

Lifted index at 500 hPa from the most-unstable parcel

CIN, estimated from the most-unstable parcel

Mixing ratio at the height of the most-unstable parcel

Square root of 2 times MU_CAPE multiplied by surface to 6 km AGL bulk wind shear

Entraining CAPE, estimated from the most-unstable parcel

Entraining CAPE between surface and 3 km AGL, estimated from the most-unstable parcel

CAPE, estimated from the most-unstable 500-m mean layer parcel

CAPE between surface and 3 km AGL, estimated from the most-unstable 500-m mean layer parcel

CIN, estimated from the most-unstable 500-m mean layer parcel

Mixing ratio at the height of the most-unstable 500-m mean layer parcel

Square root of 2 times MUML_CAPE multiplied by surface to 6 km AGL bulk wind shear

Entraining CAPE, estimated from the most-unstable 500-m mean layer parcel

Entraining CAPE between surface and 3 km, estimated from the most-unstable 500-m mean layer
parcel

Entraining lifted index at 500 hPa from the most-unstable 500-m mean layer parcel

Temperature lapse rate between surface and 1 km AGL (no negative sign)

Temperature lapse rate between surface and 3 km AGL (no negative sign)

Temperature lapse rate between surface and 6 km AGL (no negative sign)

Temperature lapse rate between 2 and 6 km AGL (no negative sign)

Mean equivalent potential temperature between surface and 1 km AGL

Mean equivalent potential temperature between surface and 2 km AGL

Mean RH between surface and 1 km AGL

Mean RH between surface and 2 km AGL

Mean RH between 2 and 5 km AGL

Mean RH between 3 and 6 km AGL

PWYV (entire column)

Bulk wind shear between the surface and 500 m AGL

Bulk wind shear between the surface and 1 km AGL

Bulk wind shear between the surface and 3 km AGL

Bulk wind shear between the surface and 6 km AGL

Bulk wind shear between the surface and 8 km AGL

Surface latent heat flux

Surface sensible heat flux

Fine aerosol mass concentration
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FIG. Al. Heat map of the correlation matrix for select key variables,
and values represent pairwise Pearson correlation coefficients.
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