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Abstract. Isolated deep convective cloud life cycle and seasonal changes in storm properties are observed for daytime events
during the DOE-ARM GoAmazon2014/5 campaign to understand controls on storm behavior. Storm life cycles are
documented using surveillance radar from initiation through maturity and dissipation. Vertical air velocity estimates are
obtained from radar wind profiler overpasses, with the storm environment informed by radiosondes.

Dry season storm conditions favored reduced morning shallow cloud coverage and larger low level convective
available potential energy (CAPE) than wet season counterparts. The typical dry season storm reached its peak intensity and
size earlier in its life cycle compared to wet season cells. These cells exhibited updrafts in core precipitation regions (Z > 35
dBZ) to above the melting level, and persistent downdrafts aloft within precipitation adjacent to their cores. Moreover, dry
season cells recorded more intense updrafts to earlier life cycle stages, and a higher incidence of strong updrafts (i.e., >5ms
1) at low levels. In contrast, wet season storms were longer-lived and featured a higher incidence of moderate (i.e., 2-5 m s'1)
updrafts aloft. These storms also favored a shift in their most intense properties to later life cycle stages. Strong downdrafts
were less frequent within wet season cells aloft, indicating a potential systematic difference in draft behaviors, as linked to
graupel loading and other factors between the seasons. Results from a stochastic parcel model suggest that dry season cells
may expect stronger updrafts at low levels because of larger low level CAPE in the dry season. Wet season cells anticipate
strong updrafts aloft because of larger free-tropospheric relative humidity and reduced entrainment-driven dilution. Enhanced
dry season downdrafts are partially attributed to increased evaporation, dry air entrainment-mixing, and negative buoyancy in

regions adjacent to sampled dry season cores.

1 Introduction

Deep Convective Clouds (DCC) play a critical role in regulating the global energy cycle through their extensive cloud
coverage and the exchange of latent heat. DCCs are a primary focus of weather and climate model improvement because of

their critical role in the global climate system. It is crucial to understand how these storms evolve, in part due to the high
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socioeconomic impacts associated with severe weather, heavy rainfall, and lightning (e.g., Trapp et al., 2009; Diffenbaugh et
al., 2013; Sillman et al., 2013; Seeley and Romps 2015; Feng et al., 2016; Prein et al., 2017). Nevertheless, gaps remain in our
understanding of the factors that regulate DCC size, frequency, and updraft or precipitation intensity. These gaps are partially
attributed to a lack of DCC dynamical and microphysical observations, a problem tied to the difficulty in sampling storms that
have intense vertical velocities, long and complex life cycles, and are organized on scales larger than individual updrafts.

As home to frequent convective clouds, the Amazon basin has been at the forefront of impactful DCC studies (e.g.,
Williams et al., 2002; Andreae et al., 2004; Koren et al., 2008; Rosenfeld et al., 2008; Wang et al., 2016; Fan et al., 2018). The
Amazon forest is the largest tropical rain forest on the planet, and this setting promotes diverse clouds influenced by a range
of land surface and aerosol conditions that vary according to seasonal regimes, and having behaviors that span tropical, oceanic
and continental characteristics. Amazon cloud conditions are interconnected to shifts in the synoptic-scale thermodynamic
conditions and coupled local-scale feedbacks (e.g., Fu et al., 1999; Machado et al., 2004; Li and Fu, 2004; Misra, 2008), which
is a significant challenge to climate modeling (e.g., Richter and Xie, 2008; Nobre et al., 2009; Yin et al., 2013). Given this
important global setting, multi-agency campaigns have long-targeted this region for DCC studies (e.g., Williams et al., 2002;
Petersen et al., 2002; Machado et al., 2014; 2018; Adams et al., 2013; 2017; Martin et al., 2017).

Our focus is on isolated diurnal DCCs that are ubiquitous to the humid Amazon basin, where low wind shear promotes
short-lived and slow-moving storms. In these settings, DCCs often span their entire life cycle under the umbrella of a single
surveillance radar O[300km]. Cloud regimes in the Amazon are commonly divided into two seasons, the “wet season,” and
“dry season.” There are distinct meteorological differences between these environments, including shifts in the convective
available potential energy (CAPE) calculated over different depths, and changes in free tropospheric relative humidity (e.g.,
Giangrande et al., 2020). Hence, these conditions may provide a natural laboratory for assessing the impact of bulk
environmental shifts on convective cloud characteristics. ldentifying and explaining these differences is a primary objective
of the present article.

To accomplish this objective, we employ radar cell tracking concepts as have been well-established with recent
emphasis on larger, longer-lived cells and mesoscale convective system (MCS) studies (e.g., Maddox 1980; Williams and
Houze 1987; Rosenfeld 1987; Dixon and Wiener 1993; Machado et al., 1998; Goke et al., 2007; Feng et al., 2012; Borque et
al., 2014; Limpert et al., 2015; Fridlind et al., 2019; Feng et al., 2019; Hu et al., 2019; Tian et al., 2022). This study draws
from a unique Amazon dataset collected during the 2-year US Department of Energy (DOE) ARM Observations and Modeling
of the Green Ocean Amazon campaign (GoAmazon2014/5; Martin et al., 2017; Giangrande et al., 2017) that featured
surveillance radar coupled with atmospheric profiling capabilities. Although previous Amazon studies have documented
seasonal-composite cloud properties (e.g., Machado et al., 2004; Ghate and Kollias 2016; Giangrande et al., 2016; Biscaro et
al., 2021; Tian et al., 2021), few adopt a cell life cycle viewpoint as enabled by radar cell tracking. A unique aspect to this
study is its emphasis on a set of radar-tracked cells that overpass the ARM profiling equipment, yielding direct observations
of vertical hydrometeor, and by proxy, air motions. This coupled use of profiling-based vertical air velocity information builds

on recent Amazon studies that have been integral to the understanding of DCC dynamics (e.g., Cifelli et al., 2002; Anderson

2



65

70

75

80

85

90

95

et al., 2005; Giangrande et al., 2016; Wang et al., 2019; 2020). Our approach advances on previous observational works (e.g.,
Byers and Braham, 1948; LeMone and Zipser, 1980; May and Rajopadhyaya, 1999; Giangrande et al., 2013; Kumar et al.,
2015; Schiro et al., 2018; Wang et al., 2020) by analysing the evolution of draft properties throughout the DCC life cycle.

2. Dataset and Methods

The data for this study were collected during the GoAmazon2014/5 field campaign that deployed from January 2014
to December 2015. The main site for the deployment was in the city of Manacapuru (Herein “T3”; 3.213S, 60.598W), at a
distance 70 km west of Manaus, Brazil. The datasets were collected by the U.S. Department of Energy Atmospheric Radiation
Measurement (ARM; Ackerman and Stokes, 2003; Mather and Voyles, 2013) Mobile Facility 1 (AMF1; Miller et al., 2016).
The GoAmazon2014/5 AMF1 details, including cumulative campaign instrument summaries and other larger-scale regime
breakdowns, are found in Giangrande et al. (2017; 2020). In addition to in situ datasets obtained by the AMF1 at T3, this study
uses data collected by the nearby Manaus CENSIPAM (Amazonian Protection System) weather radar (Herein “SIPAM”;
Saraiva et al., 2016). These radar data serve as the input for a cell tracking algorithm that documents storms that overpassed
the site. All events require daytime convective initiation that follows an available morning radiosonde (Sect. 2.1.2). We adopt
a definition of isolated cells that requires the SIPAM was able to track a longer-lived (> 50 minute) DCC in its coverage
domain without an obvious split/merger (tracking criteria, Sect. 2.2.2). A final requirement was that cells overpass profiling

instrumentation at the ARM T3 location (e.g., Sect. 2.1.1, 2.1.2). A listing of the events is located in Tables 1 and 2.

2.1 ARM AMF1 Datasets

2.1.1 Radar Wind Profiler and Vertical Air Motion Retrievals

Vertical air velocity profiles were retrieved from a 1290 MHz ARM Radar Wind Profiler (RWP) located at the T3
site. During GoAmazon2014/5, the RWP operated in a precipitation mode (200m gate spacing, 10 deg beamwidth) wherein
time-height (at approx. 6s update) collections were interwoven with boundary layer wind modes (e.g., Tridon et al., 2013).
These precipitation modes collect radar moments for the signal-to-noise ratio SNR and mean Doppler velocity (O[1 km]
horizontal resolution at 6 km altitude). Reflectivity factor was estimated from the SNR and calibrated (within 1-2 dBZ) using
a collocated disdrometer (e.g., Wang et al., 2018).

The vertical air velocity is retrieved following Giangrande et al. (2013, 2016) and recent Amazon studies (e.g., Wang
et al., 2019; 2020). The techniques assume the vertical air motion is the difference between the mean Doppler velocity and a
hydrometeor fall speed (estimated, as a function of Z). For retrievals at the native RWP resolutions, the approach is typically
accurate within O[1-2 ms-1] in convective cores (e.g., Heymsfield et al., 2010). Fall speed assumptions use a power-law
relationship of the form V= aZ® where Z is the reflectivity factor in linear [mm®/m?3] units. Fall speeds are subsequently

corrected for changes in air density aloft (e.g., Foote and Du Toit, 1969).
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For this study, we adopt a fall speed correction that follows results found in Giangrande et al. (2016). Specifically,
Amazon convection was suggested as favoring higher-density graupel or frozen drops above the melting level, associated with
faster fall speeds closer to that of rain than lower density ice hydrometeors (i.e., Vi = aZb, where a = 2.7, and b = 0.1). Our
approach was to extend rain coefficients to all hydrometeors above the melting level (approx. 5 km above the radar) in DCC
contexts. This approach is consistent with previous RWP studies that routinely apply rain relationships in DCC cores having
Z > 35 dBZ where higher density hydrometeors are expected. Our simplification is in applying this fall speed assumption for
retrievals to a wider range of adjacent isolated convective (reflectivity, 25 < Z < 35 dBZ) conditions, including in the vicinity
of the melting level, where slower-falling lower-density graupel, ice, or aggregates are not expected as the dominant bulk
scatterers. One caveat is that this choice may overestimate fall speed corrections to regions aloft (i.e., > 7-8 km AGL) if the
convective ice hydrometeors density decreases in these contexts with altitude (e.g., Protat and Williams, 2011), and this may
bias RWP retrievals at higher altitudes (i.e., for a similar Z, subtracting too large of a fall speed contribution). Our results and
discussions will consider draft properties contingent on different Z thresholds (i.e., Z > 25 dBZ, Z > 35 dBZ) to differentiate
behaviors that may shift when using this simplified approach.

Velocity profiles are summarized using normalized velocity cumulative frequency with altitude displays (CFADs,
Yuter and Houze 1995). CFADs are drawn from the nearest 5-minutes to the associated RWP storm overpass as viewed by
SIPAM radar and, in select plots, centered on the time of the highest RWP echo top height (ETH) for that overpass (ETH is
defined as the height where RWP column Z drops below 10 dBZ, following Wang et al., 2018). This choice also minimizes
individual events disproportionately contributing to our summary plots (i.e., cells may remain over the RWP for extended
periods that include multiple radar volumes). We include only those retrievals associated with Z values exceeding the matching
SIPAM cell tracking threshold (e.g., > 25 dBZ). These choices limit our analysis to precipitation regions for these events (e.g.,
Z~25dBZ, or R ~0.5mm hr1). CFAD velocity properties above 10 km are not included owing to RWP sampling limitations
at higher altitudes (limitations include: sampling quantity, fall speed corrections and beamwidth/resolution considerations).
Similarly, we require greater than 250 retrievals at a given altitude to include that altitude on summary CFADs. This choice
was subjective and based on visual inspection of CFADs (to reduce noisiness); however, CFAD interpretations for this study
did not vary significantly when testing for minimum sample counts less than 500 samples. Finally, RWP retrieval interpretation
is tied to the representativeness of narrow field of view / vertically-pointing observations (i.e., “chording”, Jorgensen et al.,
1985; Borque et al., 2014). It is known that even fortuitous DCC samples may underestimate extremes owing to randomness
and/or natural variability. Previous studies indicate that similar retrievals may exhibit expected low-biased updraft magnitudes
exceeding 30% (e.g., Jorgensen et al., 1985; Wang et al., 2020).

2.1.2 AMF1 Radiosonde, Surface and Profiling Instruments
Events were associated with a clear 12 GMT (08 LT) radiosonde that preceded convective initiation time for a tracked
cell that overpassed the T3 site. A clear radiosonde was defined as one without precipitation at the T3 location within 30

minutes of the launch. The was confirmed by checking the SIPAM radar for a lack of echoes in the vicinity of the T3 site. We
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computed mean-layer convective available potential energy (MLCAPE) and convective inhibition (MLCIN) using radiosonde
profiles by lifting an air parcel with the average properties of the lowest 1 km of the atmosphere adiabatically (with mixed
phase between T = 273.15K and T = 263.15K). This choice is consistent with estimated PBL heights for Amazon events, and
follows methods described in Peters et al. (2022).

Additional instruments were available to investigate the pre-convective storm environments to possibly identify
discrepancies in the boundary layer and its evolution. This study draws from the ARM surface meteorology station at T3 for
temperature measurements, and daytime planetary boundary layer (PBL) height as estimated by a collocated ceilometer.
Diurnal composites for the cloud cover at T3 (cloud frequency of occurrence) are estimated by the multi-sensor ARM W-band
Cloud Radar (WACR) Active Remote Sensing of Clouds (ARSCL) value-added product (e.g., Clothiaux et al., 2000).

2.2 Surveillance Radar and Radar Cell Tracking
2.2.1 SIPAM Radar

The SIPAM S-Band (2.2 GHz) radar is a single polarization Doppler weather radar performing a volume scan with
17 elevations (lowest: 0.9 degree, highest: 19 degrees) every 12 minutes, with a 1.98° beamwidth and radial (gate) resolution
of 500 m. The SIPAM is located in the city of Manaus and has a 240 km radius coverage area. Clutter corrected reflectivity
factor data were gridded into a 2 x 2 km horizontal, 3 km level constant altitude plan position indicator (CAPPI). These CAPPIs

serve as input for our tracking algorithm (Sect. 2.2.2), as well as associated life cycle characterization of the convective cells.

2.2.2 Tracking Method and Definitions

The tracking algorithm is based on an area overlap approach, following the ForTraCC methods described by Vila et
al. (2008) and conceptual figures found in that study. Our main improvement is that the timestep between two adjacent radar
reflectivity factor CAPPIs is automatically detected in our current implementation, which allows for non-uniform radar
timesteps. The algorithm works by comparing two successive radar CAPPI fields. A first step is to identify areas with
contiguous reflectivity values above a certain threshold. We consider two thresholds, a 25 dBZ and a 35 dBZ threshold; these
values are consistent with a light rain lower bound and one typical of a tropical “convective” radar threshold (Anagnostou et
al., 2004; Steiner et al., 1995; Wang et al., 2018).

Cells are defined using gridded CAPPI pixel clusters, and clusters smaller than 10 pixels (40 km?) were excluded to
avoid noise contamination. A subsequent step verifies which cluster has an area that overlaps with the previous radar field. If
a cluster at a given time matches a cluster at the previous time (defined by a minimum 20% overlap area), the cluster is said to
be the continuation of that cell, and repeating this process generates the trackable cell records. Once done, we sub-select all
storms that overpassed the RWP T3 site. Events were sorted for overpasses associated with storms having life cycles > 50
minutes (i.e., a minimum of 5 SIPAM scans). The resulting set was sorted by season, with cells exhibiting split/merge
characteristics in their tracked evolution removed. This process led to 24 event-cells identified during the Amazon wet season,

and 19 for the dry season (Tables 1 and 2, respectively).
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Overall, our typical wet season storm was longer-lived than its dry season counterpart, however there was modest
overlap for most tracked cell behaviors (using the Z > 25 dBZ threshold). The mean lifetime for these cells was 131 minutes
(standard deviation = 61, median = 120), with the mean wet season cell lasting 141 minutes (55, 132), and a mean dry season
cell lifetime of 117 minutes (66, 96). As these times are based on a Z > 25 dBZ threshold, total cloud lifetimes will exceed
those of radar precipitation echoes. Separately, the life cycle timings for Z > 35 dBZ echoes were also similar across seasons,
with an approximate mean of 90 minutes and a standard deviation of 30 minutes. The average cell in our composites using the
Z > 25 dBZ threshold initiates at a time of 13:40 LT (standard deviation approx. 2 hours), with the mean dry season storm

initiating by 13:35 LT, and a mean wet season cell onset by 13:44 LT.

3. Composite Seasonal Thermodynamic and Diurnal Conditions

Amazon regimes are defined using calendar definitions (DJFMA for “wet”; JJAS for “dry”). Events radiosonde
properties are not consistent with those of transitional environments that may promote more intense convective updrafts or
storm electrification (e.g., Williams et al., 2002; Giangrande et al., 2016; 2020). Single column model forcing larger-scale
tendencies (e.g., Tang et al., 2016) and/or reanalysis fields are not shown, but are consistent with seasonal environments

reported in previous studies (e.g., Giangrande et al., 2020).

3.1 Composite Thermodynamic Profiles and Event Convective Parameter Summaries

In Figure 1, we plot composite radiosondes for our events. Overall, the behaviors are similar to previous studies drawn
from 12 UTC GoAmazon2014/5 radiosondes (e.g., Giangrande et al., 2020). The main shift between seasonal profiles is
associated with the drier mid-to-upper levels observed for the dry season. Each composite indicates a low-level capping or
remnant nocturnal temperature inversion that may act to inhibit daytime shallow cumulus and/or promote deeper cloud modes
when convection initiates.

A breakdown of event convective parameters (see also, Tables 1 and 2) is as follows: Dry season low-level (0-6 km)
MLCAPE values are larger than in wet season events, with a mean MLCAPE value = 239 J kg-1, as compared to a mean wet
season MLCAPE = 152 J kg-t. This difference is statistically significant at the 95th confidence level based on a student’s T-
test (herein, “significant”). The dry season profile MLCAPE values are also larger, MLCAPE = 1506 J kgt (dry) versus
MLCAPE = 1337 J kgt (wet), however this difference is not statistically significant. Insignificant seasonal differences are
found in low level wind shear (not shown) and MLCIN. As expected, mean relative humidity RH values in the lower free

troposphere are significantly larger in the wet season (78%) than the dry season (56%).

3.2 Composite Boundary Layer and Diurnal Cloud Development

In Figure 2, we plot composite diurnal cloud and boundary layer properties to inform on pre-DCC onset differences
between wet and dry events. In the upper panels (Figure 2ab), we plot the ARSCL cloud frequency of occurrence for the event-
6
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hours around radiosonde launch through convective initiation (typically, prior to 14 LT). In the lower panels, we plot T3 soil
surface temperature (ARM Surface Energy Balance System, SEBS) and the ceilometer-estimated PBL heights. Morning
shallow to mid-level clouds are more common for our typical wet season event when compared with composite dry season
cases. This observation is not surprising, and consistent with previous studies that infer higher humidity as a control for
increased cloudiness. The reduction of dry season cloud cover is also consistent with a more rapid PBL height increase that
follows sunrise than in the wet season (Figure 2d), which (presumably) results from greater insolation in the dry season. The
largest PBL height discrepancies build prior to 12 LT, preceding the transition to congestus or deeper cloud modes. This
transition is also suggested by cloud radar profiling in having more frequent cloud radar echoes to higher altitudes (an initial
congestus transition occurs prior to 12 LT for wet, slightly later for dry). In short, both seasonal composites indicate similar
tendencies for the daytime shallower cloud mode (echo top heights < 2 km) shortly after 10 LT, with a transition towards
deeper clouds (echo top height >= 4 km) after 12 LT. However, we observe an earlier presence of upper-level (anvil) cloud
signatures coupled with an absence of mid-level clouds (Figure 2b) in the dry season (by approx. 13 LT), which suggests that
a more rapid transition to deeper convection occurs in the dry season.

The PBL evolution in the dry season also suggests a more rapid onset to deeper convection. The physical arguments
that support this include the higher morning MLCAPE (at similar or reduced MLCIN) coupled with building PBL instability
during the pre-convective hours from an increase in incoming solar radiation (reduced cloud frequency, slightly higher surface
temperature). While complete surface flux measurements were unavailable, the authors speculate dry season conditions may
favor a higher Bowen ratio (i.e., reduced soil moisture, humidity) and stronger generation of turbulent boundary layer growth
(leading to the observed higher PBL height). Note, while our subset of radar-tracked cells exhibited similar onset timing, wet
season cells were longer-lived (using the Z > 25 dBZ threshold). As we plot in Figure 3, echo statistics drawn from the larger
SIPAM domain cell tracking populations from these events suggests our wet (solid lines) and dry (dashed lines) events show
a similar frequency of occurrence and diurnal timing for Z > 25 dBZ and Z > 35 dBZ convective echoes. However, dry events
exhibited more frequent occurrence of intense convective echoes Z > 45 dBZ, consistent with arguments for stronger dry
season cells overall, and a more rapid deep transition and/or increased anvil cloud presence. In contrast, wet season events
suggested slightly earlier Z > 25 dBZ and Z > 35 dBZ populations, which may be associated with additional precipitating

congestus, or extended congestus-to-deep cloud transitioning.

4. Regime-based Amazon Storm Life Cycle, Precipitation and Draft Comparisons

This section presents composite radar-tracked storm properties, and discusses the potential connections between those
characteristics and seasonal environmental controls. As DCC intensity and life cycle may be defined in several ways (i.e.,
rainfall, updraft maximum), we compare storm life cycle properties as viewed by surveillance radar (precipitation quantities)
to fortuitous profiler overpass observations (dynamics). To conclude the section, the results of a simple Amazon updraft model

sensitivity test (Sect. 4.3, 4.4) are provided to lend possible physical explanation for observed draft differences.
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4.1 Time-varying Surveillance Radar Behaviors

In Figure 4, we plot seasonal life cycle composites for precipitation properties of our tracked storms. These depictions
apply a normalized cell lifetime for compositing purposes, where 0 represents the echo onset time, and 1 represents the final
time a qualifying echo was observed. Most tracked cells (19 for wet, 12 for dry) within the lower threshold set (Z > 25 dBZ,
Figure 4a) are contained within the higher threshold (Z > 35 dBZ, Figure 4b) tracking set (i.e., exceeding 10 pixels for multiple
scans exceeding 50 minutes). Each event recorded a maximum Z > 35 dBZ at multiple points during its evolution. In Figure
4cd, we plot the mean Z associated with the tracked cells, and in Figure 4e we plot the corresponding maximum Z composite
properties for those cells. The distribution of the cell overpass times relative to the normalized life cycle stage is found in
Figure 4f.

The plot of seasonal cell properties for precipitation area coverage is found in Figure 4ab. Initially, composite cell
properties with Z > 25 dBZ (Figure 4a) display similar increases in coverage throughout earlier stages (normalized time < 0.4).
However, dry season cells typically remain similar-sized in light rain / periphery area coverage (e.g., Z ~ 25 dBZ) for times >
0.4, whereas wet season cells continue to increase in such coverage until a peak at normalized time = 0.7. Adopting a more
stringent Z > 35 dBZ convective echo threshold (Figure 4b), composite area properties are more consistent across the seasons,
albeit representing a shorter-lived subset of the previous tracking. For the wet season, there are hints that Z > 35 dBZ echo
regions eventually outgrow those of the dry season, yet most cells quickly dissipate at later-relative stages (times > 0.7).
Overall, composites suggest that dry season cells are relatively compact and intense, occupied by higher Z > 35 dBZ echoes
and retaining modest precipitation intensity for much of their lifetimes. These findings are consistent with previous
GoAmazon2014/5 studies by Giangrande et al. (2020) that proposed that drier mid-levels in the drier seasons may limit
periphery precipitation (i.e., enhanced evaporation), whereas wet season cells may exhibit more resilient periphery
precipitation.

Seasonal differences are also revealed when considering radar properties that are more directly associated with Z
magnitude (Figure 4cde). Dry season composites skew their strongest Z signatures to earlier life cycle stages, often with
maximum behaviors found prior to normalized life cycle time < 0.2 (i.e., within the first few qualifying radar volumes). An
early storm intensification is consistent with arguments from the previous section indicating increased PBL instability during
the dry season, reduced MLCIN, and higher low level MLCAPE. Nevertheless, composite dry season cell areas remain
relatively unvarying after an initial intensification period throughout a lengthy portion of their normalized lifetime. In contrast,
wet season composites indicate a gradual increase in Z and areal precipitation coverage, with peak Z (normalized time = 0.4)
preceding an associated peak in precipitation coverage (i.e., normalized time = 0.7). Composite wet season storms appear to
achieve similarly intense Z cores to our sampled dry counterparts at later moments in cell life cycle. This result may not be
surprising since our events share statistically similar CAPE values and these comparisons target longer-lived cells that

conditionally may favor the more intense behaviors from the wet season.
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4.2 Composite Overpass Profiler Behaviors

In Figure 5, we plot cumulative overpass vertical air velocity retrievals contingent on season (left panels “wet”, middle
panels “dry”, right panel “dry-wet difference”) and according to multiple RWP retrieval thresholds (> 25 dBZ top, > 35 dBZ
bottom). Median vertical air velocity (solid lines) and 5th/95th percentiles (dashed lines) are overlaid on the CFADs as
reference for the extreme instantaneous observations from these events. Overall, composite velocity CFADs indicate
downdrafts are common at low levels, but CFADSs transition towards more prominent updraft observations aloft (peak updrafts
= 10 m/s, Figure 5abc).

With respect to updraft observations, the Z > 25 dBZ CFADs suggest dry season maximal updrafts are more intense,
although the relative enhancement is modest O[2-3 ms-1] and primarily observed at low levels below the melting level (to
approx. 6 km). The dry season samples in these Z > 25 dBZ CFADs displays are favoring more frequent and modest downdrafts
aloft (to be discussed). However, updraft extremes aloft indicate dry season observations are recording updrafts of comparable
intensity to our wet season samples; the most intense (95th percentile) updraft retrievals for both seasons are O[10 ms-1].
Potential physical reasons for observed seasonal updraft profile characteristics, comparable magnitudes aloft, and shifts therein
will be discussed in Sect. 4.3.

For downdraft observations, the most consistent downdrafts we observe were associated with regions below the
melting level (precipitation-driven). Interestingly, downdrafts are observed to higher altitudes, but the most frequent and
vigorous (> 5 ms-1) are found within the dry season events for the altitudes below 10 km plotted. As will be confirmed with
our subsequent Z > 35 dBZ CFAD discussions, the majority of these dry season downdraft retrievals aloft are associated with
weaker Z < 35 dBZ echoes, thus found towards the peripheries of the more intense cores. Previously, Giangrande et al. (2016)
investigated the GoAmazon2014/5 RWP dataset and suggested that strong downdrafts aloft may provide indirect evidence for
stronger updrafts (under higher CAPE/CIN and/or dry season conditions). Their interpretation was that compensating toroidal-
like circulations associated with stronger updrafts that were not directly observed may promote those stronger downdrafts
aloft. While not stated by those authors, greater precipitation/condensate loading associated with stronger updrafts may also
contribute to stronger downdrafts using those arguments. As with their efforts, we did not observe significantly stronger
updrafts aloft, but found that the observed shift in downdraft likelihood and intensity was primarily a dry season phenomenon
at these altitudes. A discussion on possible physical reasons for observing enhanced dry season downdraft signatures at these
altitudes is found in Sect. 4.4 to complement updraft discussions in Sect. 4.3.

In Figure 5def, cumulative CFAD plots shift towards prominent updraft signatures when we emphasize only those
observations from the more intense Z > 35 dBZ “core” precipitation instances from these same overpasses. Moreover, higher
reflectivity regions aloft are consistently, and increasingly to higher altitude, associated with updrafts. Physically, one
interpretation is that larger or more intense precipitation signatures (lofted, larger or more dense hydrometeors) aloft are also
those conditionally associated with stronger updrafts overall. For the wet season in particular, maximum updraft signatures

consistently peak above the melting level, with extreme values O[10 ms-1] similar to those retrieved during the dry season
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events (above 6-7 km). Both seasons record less frequent observations of intense downdrafts within these higher or core Z >
35 dBZ regions aloft. Stronger dry season downdrafts are observed below the melting level, similar to Amazon MCS studies
by Wang et al. (2019).

When interpreting cumulative CFAD results above, cell maturity of the corresponding overpasses is not explicitly
revealed by these displays. In Figures 6 and 7, we plot CFADs contingent on cell overpass ETH, where retrievals before/after
an ETH of 10 km is used as a proxy for relative storm maturity. Overall, low level precipitation-driven downdraft signatures
for both seasons are more prominent and extend further above the melting level for our higher ETH observations. As in
cumulative CFADs, dry season overpasses indicate stronger updrafts, but these stronger updrafts are primarily found below 6
km, and for the ETH < 10 km retrieval instances we associate with developing cloud life cycle stages. To later ETH > 10 km
stages, dry season retrievals are dominated by downdrafts (frequency), with strong downdraft motions observed O[5 ms-1]
aloft. In contrast, wet season CFADSs suggest a strengthening and more prevalent updrafts aloft to the later ETH > 10 km stage
observations.

The ETH displays filtered by Z > 35 dBZ regions display a much clearer association between the presence of larger
Z values reaching higher altitudes and stronger updraft observations (both seasons). However, our CFADs suggest that
similarly-intense reflectivity factors aloft (i.e., sampling 35 dBZ to 6 km) may be associated with a fairly wide range of updraft
intensity contingent on the season and/or where those observations fall within the storm life cycle. Physically, these
complications follow from storms having updrafts that are at times less impeded by precipitation, but any transition to stronger
updrafts may also be convolved within increasing precipitation (i.e., heavier rainfall, graupel formation and/or larger Z).
Nevertheless, the Z > 35 dBZ CFADs reinforce that strong Z signatures to higher altitudes may be attributed to strong updrafts,
and/or close proximity to updrafts above the melting level.

Quartile breakdowns of storm life cycle for RWP retrievals are plotted in Figure 8. Dry season vertical air velocity
retrievals suggest that the strongest upwards air motions are confined to the earliest life cycle stages, consistent with
surveillance radar signatures for dry season storm intensification. Wet season quartile breakdowns reveal a gradual shift in
draft characteristics towards more intense air motions by the middle quartiles (or associated peaks in Z and ETH), also in
alignment with previous surveillance properties. The evidence for more intense dry season upwards air motions at the low
levels does not appear confined to any particular life cycle stage. However, stronger updrafts aloft are found with increasing
time for the wet season, and more prominent downdrafts aloft are found with increasing time for the dry season. Late cell
phase samples (time > 0.75) are unavailable for the dry season, but late stage wet season samples imply a higher frequency of
observations associated with downdrafts below the melting level, and a shifting for the observations of updrafts further aloft

(i.e., possible signatures for remnant anvil / dissipating cloud air motions).

4.3 Physical Reasons for Seasonal Differences in Updraft Behavior

We explore the physical reasons for the differences in draft behaviors evident in Figs. 4-8 by applying a simplified

updraft model to the 12 UTC sounding from each case. Because the entrainment rates in the observed updrafts are not known,
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we aim to simulate ascending parcels with a range of entrainment rates that encompasses what we might reasonably expect in
weakly sheared tropical convection. To generate this range of entrainment rates, we use a stochastic parcel model (SPM) that
is formulated in a similar manner to the eddy diffusivity/mass flux shallow convective scheme described in Suselj et al. (2013,
2019). A detailed technical description of the model is available in Appendix A. In short, we simulate 100 different parcels in
each sounding. The choice for 100 parcels was a compromise for model speed versus performance, however repeat analyses
using 1000 parcels (not shown) provided little change to the offered results. We assume entrainment in each parcel occurs in
a series of discrete stochastic mixing events that follow a Poisson distribution, with the peak in the distribution corresponding
to a typical fractional entrainment rate in tropical deep convection of 2x10* m-! (e.g., Romps and Kuang 2010). Finally, we
produce histograms at each height for the vertical air velocities among those parcels to compare this SPM output to observed
CFAD characteristics from the previous sections. These histograms were generated by dividing the vertical velocity versus
height parameter space into 1 m s and 250 m bins respectively, and summing over a given season (i.e., wet or dry) all the
points along SPM parcel paths that fell into each bin. We divided by the number of events in that season, and applied a Gaussian
filter with a radius of influence of 5 m s and 1250 m with respect to vertical velocity and height, respectively. For the model
outputs we plot in Figure 9, those parcels that did not reach 5 km were excluded to maintain our focus on DCCs.

In Figures 9ab, we plot summary velocity profile behaviors from the multiple realizations that start from the morning
radiosondes for each wet (Figure 9a) and dry (Figure 9b) event. Maximum parcel heights for SPM parcels were in the 10-13
km range (Figures 9ab), which is generally consistent with observed echo top heights (e.g., Wang et al., 2018). This suggests
that the entrainment rates of SPM parcels were reasonably consistent with those in the observed storms, since entrainment
strongly regulates cloud depth. Peak vertical velocities are 50-100% larger than what was observed by the RWPs. This
discrepancy between peak SPM vertical velocities and observations is at least partially explained by an expected under-
estimation of the extreme/peak updraft velocities by RWP sampling (as was previously noted).

We subtracted the wet season histogram from the dry season histogram in Figure 9c to plot seasonal differences in
parcel behavior, where blue (red) values indicate the SPM outputs a higher incidence for more intense wet (dry) season
updrafts. More intense dry season updrafts are prevalent in model realizations at the lower levels, attributed to the higher low
level MLCAPE. This result is consistent with RWP observations that also suggest more intense low level updrafts for dry
season samples. Strong (i.e., 5-10 m s1) updrafts become more prominent aloft (> 6-7 km) in the wet season and more
comparable to those in the dry season. These comparatively stronger updrafts aloft between the wet and dry season model
realizations is also consistent with the shift in our RWP difference fields (i.e., Figs. 7f and 9c).

In Figures 9d, we plot SPM results in the form of dry-wet differences as from Figure 9c, but after re-running the
realizations for each case and replacing all of the RH profiles (above 2 km) with an average RH over all dry season cases. The
motivation for these tests was an attempt to remove RH considerations, thus possibly highlighting residual differences resulting
from the different CAPE profiles. Given the more prominent dry season updraft realizations to higher levels, one implication

from this test is that if seasonal RH considerations are removed, stronger updrafts dominate the dry season realizations. This
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may suggest that the lower RH mitigates the intensity of dry season updrafts, or equivalently, that the larger RH of the wet

season is essential to its larger incidence of deeper updrafts.

4.4 Physical Reasons for Seasonal Differences in Downdraft Behavior

To conclude our analysis, we provide plausible explanations for why downdrafts were more intense aloft in the dry
season than observed for the wet season. Recent Amazon MCS observations from Wang et al. (2019; 2020) indicate drier dry
season low to mid-level conditions favor stronger downdrafts and/or higher downdraft origin heights. One hypothesis for our
isolated cell events is that mixtures between drafts and environmental parcels are more negatively buoyant in the dry season.
Consequently, these parcels will experience more intense downward accelerations. To evaluate this, we leveraged the parcel
properties simulated by the SPM in the previous subsection.

For each case, we selected the SPM parcel at each height with the median moist static energy (MSE). This parcel was
defined as the “updraft parcel”, for which we recorded the MSE, water vapor q_v, and condensate q ¢ mixing ratios of this
parcel. For these tests, we assumed that the MSE and g_c and of the updraft parcel mix linearly with the environment (q_c is
0 in the environment), and consider mixtures with fractions of updraft air ranging from 0.1 to 0.9 at intervals of 0.1 (i.e., the
environment composes the other fraction of this mixture). Using this range of mixtures and assuming saturation, we solved for
the parcel temperature and buoyancy for each updraft air fraction. Then, we recorded the average buoyancy of all negatively
buoyant mixtures at each height, which gives a vertical profile of negative buoyancy for each event. We expect that mixtures
of the updraft and the environment are more negatively buoyant in dry season than in wet season events, because of the smaller
free-tropospheric relative humidity in the former. We further assume that these mixtures between an updraft and its
environment are responsible for initiating downdrafts, and that strongly negatively buoyant mixtures will initiate stronger
downdrafts than their less negatively buoyant counterparts.

As we plot in Figure 10, the resulting dry season buoyancy profiles are more negative than wet season buoyancy
profiles between 2 km and 8 km. The difference is statistically significant between 4 and 6 km, with the dry season buoyancy
being a factor of 1.5 to 2 more negative than the wet season negative buoyancy. Note, the calculations in Figure 10 apply to
updraft mixtures. However, we speculate that different mixtures of the cloud’s surrounding environmental air mixed with
detrained updraft air or downdrafts would behave similarly, where mean dry-season drafts would exhibit greater negative
buoyancy compared to wet-season drafts.

Alternative interpretations for the observational differences may be rooted in RWP sampling as related to the seasonal
differences in cell areal precipitation characteristics, cell lifecycle timing and intensity. Recall, dry season downdrafts aloft
were most frequently observed in 25 < Z < 35 dBZ samples and at later life cycle stages; these observations may be those
preferentially collected near the edges of dry season cells that radar indicates as more compact than their wet season
counterparts. This compact nature was attributed to evaporation and/or mixing with the drier RH environment limiting cell
growth, potentially prioritizing RWP observations to locations where these processes, stronger air motions and/or greater

precipitation loading was occurring (e.g., Giangrande et al., 2016). In particular, dry season RWP characteristics are consistent
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with additional graupel formation earlier in dry storm lifecycles, which may contribute to additional condensate loading in
those events. There was evidence (not shown) for stronger downdrafts aloft ( > 8-10 km) at later stages for wet season events
that may also support an evolving relationship with stronger updrafts leading to additional loading, however such observations
were limited in the present study by the RWP sampling choices adopted. Equivalently, wet season observations in those similar
25 < Z < 35 dBZ ranges may also include additional samples embedded within resilient and/or wider-spread precipitation areas
(i.e., periphery or slower falling snow) and regions that are more insulated from the cloud edge; These locations are
consequently less prone to being associated with downdrafts in RWP samples. A comprehensive exploration of all downdraft

possibilities is beyond the scope of our study, but will be examined in future research.

5. Summary of Key Findings

This study investigates daytime DCC observations to document changes in storm characteristics contingent on larger-
scale shifts between the Amazon wet and dry seasons. Our focus is on the use of surveillance weather radar cell tracking and
coupled profiler-based vertical air velocity observations. Overall, the Amazon offers a unique natural laboratory for these
studies, providing the frequent DCCs necessary for documenting storm life cycle in the manner presented. Observations of
this kind are rare, but critical for high-resolution cloud model development that have added new capabilities for forward radar
operators, yet lack coupled microphysical/dynamical observations (e.g., Stein et al., 2015).

The key findings of this study are as follows:

e Dry season cells show more intense drafts and precipitation properties compared to wet season storms, but
reduced convective area coverage.

e These dry storms rapidly developed and achieved peak intensity at early life cycle stages, potentially due to
higher low level MLCAPE and/or reduced morning cloud cover in the dry season.

e \Wet season storms were longer-lived, achieving modest precipitation intensity and attaining larger convective
area coverage Z > 35 dBZ to dry season counterparts, and achieving their most intense precipitation and
updrafts later in their life cycle.

e Dry season updraft profiles exhibited stronger updrafts at lower altitudes below the melting level, and stronger
downdrafts above the melting layer than wet season storms. However, wet season storms exhibited a higher
incidence of moderate-to-strong updrafts aloft than in the dry season, and less intense and/or frequent
downdrafts overall for our sampling conditions (i.e., observations collected above the melting layer, but below
10 km).

e The stronger updrafts at low levels in the dry season are attributed to the larger low-level CAPE in the storm
environment. Whereas, a higher prevalence of updrafts aloft in the wet season resulted from larger

environmental RH and less entrainment-driven dilution of updraft buoyancy.
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e Stronger downdrafts aloft in the dry season were attributed to factors including additional graupel loading at
mid levels, the smaller environmental RH, and an associated increased likelihood of evaporation and negative
buoyancy within the mixtures of updraft and environmental air that initiate downdrafts.

Finally, our results put forward practical connections between quantities such as radar reflectivity and updraft
intensity. These ideas are of interest for proxy retrievals of storm dynamics (updraft intensity, mass flux) from spaceborne
platforms that can fill gaps in oceanic, remote, or similarly-challenged regions (e.g., Jeyaratnam et al., 2021). For example, we
observe a strong association between the earlier occurrence and deeper Z > 35 dBZ regions aloft with the presence of stronger
updrafts. These connections are not perfect, but may be physically intuitive; intense updrafts are those that likely generate
more intense precipitation, while necessary to loft larger hydrometeors associated with larger reflectivity. While column
reflectivity echo heights or integrated reflectivity measures (e.g., Kumar et al., 2016) are informative, our studies suggest

adding life cycle guidance for proxy velocity or mass flux retrievals should help improve those methods.

Appendix A: Stochastic Parcel Model Formulation

The SPM uses dry static energy (DSE) and moist static energy (MSE) as prognostic thermodynamic variables, which we define
as:

Q) DSE = ¢, T + gz,

2 MSE = ¢,T + L,q, — Liwq. + gz,

where ¢, = 1005 ] kg~' K~ is the heat capacity of dry air, T is updraft temperature, L, = 2,501,000 ] kg~" and L; =
330,000/ kg~ are the latent heats of vaporization and freezing respectively (approximated with their empirical values at
273.15 K), q, and g, are the updraft’s water vapor and condensate mass fractions respectively, and g is gravity. The
dimensionless parameter w discriminates liquid from ice. It is set to 0 when T > 273.15 K, 1 when T < 253.15 K, and
linearly transitions from 0 to 1 over the temperature range between 273.15 K and 253.15 K. Next, we define the updraft

kinetic energy k as:

2

w

where w is vertical velocity. Finally, we define the saturation water vapor mass fraction g~ as:
R4 611.0 ﬂ(——;)

4 * — Bd 222V L R,\T 273.15

@ a=3 e :

where R; = 287 Jkg ' K™ and R, = 461 J kg~ K1 are the dry and moist specific gas constants respectively.

During the sub-saturated part of ascent (i.e, q, < q*), the prognostic thermodynamic equations are:

dDSE _

(5) ? = —E(DSE - DSEO) ,

©® = —e(q,— qo).
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Once a parcel achieves saturation, they become:

@ dMSE _ _e(MSE — MSE,),

dz
dqc _ _dq*
(8) E - dz &qc,
©) 9,=q"

The prognostic equation for k at all levels is:

dk - v
10  F=g7 493 -1) @ a0~ 9ac — (e + 5Ok

dz To

Variables with a subscript “0” represent the updraft background environment (in this case, the radiosonde profile), € is a
fractional entrainment inverse length scale, ¢, is a drag coefficient that is set to 0.5 based on Morrison and Peters (2018), and

L is a length scale that represents the updraft radius (given a value below). The last term in eq. (10) represents the effects of

momentum entrainment (via &) and form drag on ascending cloud elements (via the 38%‘1 term).

We simulate 100 updrafts per sounding, wherein parcels within updrafts are subject to discrete Poisson-process entrainment

events as they ascend. Hence, ¢ is defined as:

) =20 (%)

Az L

where ¢ is the Poisson, Az is the vertical grid spacing of the discretized model, and L is once again the length scale that
represents the updraft radius As stated in the main text, we set L to 1000 m. Our conclusions were relatively unchanged by
variations in L from 500 m to 1500 m.

Our model is vertically integrated with a simple first-order up-wind Euler scheme, with a initial w ranging from 0.5-
1.5 m s}, T’ ranging from 0.5-1.5 K, ¢, ranging from 0.5 to 1.5 g kg (where a “ denotes a departure from the value at the
lowest level of the sounding), and a vertical grid spacing of 100 m. Vertical integration was stopped in each updraft at the first
instance of k < 0, and the vertical grid point below this level was defined as the updraft top. Using all updrafts simulated

among all dry and wet season events, histograms were created at each grid height of w, binned at 1 m s intervals.
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Table 1. Wet Season Events and Event Details.

Date Initial Overpass Event MLCAPE 0-6 km MLCIN 2-6 km mean
Radar Time [LT] Duration [J ka!] MLCAPE [J ka!] RH [%]
Echo [LT] [min] LD kal
20140310 1800 1936 156 1800 174 -65 78
20140326 1524 1536 120 1068 110 -43 69
20140331 1336 1512 132 1273 112 -84 76
20140420 1424 1500 108 2333 330 -4 78
20140426 1312 1312 192 1079 62 -86 87
20141202 1324 1400 84 1980 261 -28 61
20141217 1324 1424 132 961 58 -73 73
20141219 1348 1412 204 1739 210 -13 71
20141221 1500 1536 240 1887 173 -23 59
20141223 1048 1148 156 2086 267 -16 77
20141227 1200 1312 288 1149 210 -36 76
20141228 1612 1748 132 1435 241 -27 69
20141231 1136 1212 60 1157 161 -53 70
20150106 1100 1124 132 696 134 -59 89
20150118 1224 1224 84 621 37 -117 85
20150224 1424 1536 156 1751 260 -14 92
20150302 1500 1612 168 652 15 -182 83
20150303 1548 1612 72 1292 132 -39 86
20150314 1548 1700 84 1094 93 -41 84
20150322 1048 1112 132 1293 142 -44 87
20150323 1212 1224 96 725 16 -173 88
20150401 1336 1336 216 815 86 -83 79
20150412 1124 1224 108 2183 312 -9 88
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670 Table 2. Dry Season Events and Event Details.

Date Initial Overpass Event MLCAPE 0-6 km MLCIN 2-6 km mean
Radar Time [LT] Duration [J ka1 MLCAPE [J ka1 RH [%
Echo [LT] [min] LD ka!]
20140612 1800 1824 48 713 91 -103 60
20140625 1348 1400 36 1200 196 21 51
20140712 1348 1348 96 492 100 -81 76
20140717 1648 1712 72 1351 196 -33 49
20140718 1100 1112 120 1715 261 -15 55
20140809 1324 1348 60 1377 226 -36 56
20140811 1112 1112 84 1262 166 -84 59
20140815 1412 1448 96 2101 360 -23 37
20140907 1348 1348 96 1759 224 -32 59
20140909 1436 1448 72 1380 199 -37 76
20140913 1412 1436 156 1545 226 -41 57
20140916 1612 1636 96 1939 390 -44 33
20140922 1024 1100 120 2411 520 -19 35
20150607 1100 1248 300 2029 298 -23 88
20150607 1112 1124 108 2029 298 -23 88
20150610 1148 1224 264 1174 252 -52 78
20150614 1148 1200 168 1314 206 -23 68
20150806 1436 1436 84 1896 264 -33 60
20150904 1624 1700 144 2270 361 -23 60
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Figure 1: Composite radiosonde skew-T Log-P diagrams for the Amazon (a) wet season and (b) dry season launches
(launched at 12 UTC, prior to convective cells). Shading represents the standard deviation of events. Temperature
values are displayed in red and dewpoint temperature in green.

680

26



(a) WetsS Cloud Freq y

(b) Dry Season Cloud Frequency

Height AGL [Km]
Height AGL [Km]
Cloud Frequency [%]

12
Hour [LT] Hour [LT]

(c) Surface Temperature (d) PI y B dary Layer Heigh

— Wet ¥ — Wet
e Dy, N 1400 1 == Dry

1200

1000

800

Height AGL [m]

-3
=3
S

Surface Temperature [° C]

400

200

6 8 10 12 14 16 18 6 8 10 12 14 16 18
Hour [LT] Hour [LT]

Figure 2: Diurnal cycle for cloud frequency as a function of height at the T3 site during our (a) wet and (b) dry season
685 isolated cell events, respectively. (c) Wet (blue) and (d) dry (red) season diurnal cycle plots for the surface temperature

and PBL height for the same convective events. Lines are event-mean values, while shading represents the standard

deviation.
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Figure 3: Diurnal cycle of the frequency of occurrence for select SIPAM radar reflectivity factor levels for the selected

wet and dry season events.
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Figure 4: Composite Amazon wet (blue) and dry (red) season cell tracking properties for dataset events. Time is
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specified Z threshold of 25 dBZ, 35 dBZ.
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Figure 5: Cell overpass cumulative vertical air velocity retrievals (CFADs) for wet season (left panels), dry season

705 (middle panels), and wet minus dry difference fields (right panels). Upper CFAD panels include overpass retrievals
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Figure 6: Cell overpass vertical air velocity retrievals (CFADs, Z > 25 dBZ) for wet season (left panels), dry season
(middle panels), and wet minus dry difference fields (right panels). Upper panels are cumulative CFADs for ETH <

715 10 km, whereas lower panels are for the ETH > 10 km retrievals.
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Figure 7: As in Figure 6, but for RWP retrievals having Z > 35 dBZ.
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Figure 8: Quartile life cycle breakdowns for overpass vertical air velocity retrievals (CFAD, Z > 25 dBZ). Upper CFAD

panels are for the wet season events, whereas lower panels are for the dry season events.
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Figure 9: Histograms of vertical velocity from all SPM runs using (a) wet season radiosonde profiles and (b) dry season
740 profiles. (c) A plot of wet season minus dry season histograms, where positive values are blue and negative values are

red. (d) Same as (c), but with all skew-Ts given the average RH profile from all dry season cases above 2 km.
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745 Figure 10: Profiles of negative buoyancy (x axis, m s) resulting from mixtures of updraft and environmental air,
computed using the procedure described in Sect. 4.4. Blue profiles show the average over all wet season events, and red
profiles show the average over all dry season events. Circles correspond to heights where the difference between the

two curves was statistically significant.
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