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A machine learning-based perspective on deep convective clouds
and their organisation in 3D. Part I: Influence of deep convective
cores on the cloud life-cycle
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Abstract. In this two-part sequeﬂeee#p&pefs—weﬂwes&ga%&%mspatlo temporal patterns of convective eleud
aetivity-clouds, their properties, and organisation. ‘We use a machine

learning-based method to extrapolate a contiguous 3D extrapelation-ofsatellite-datafrom-multiple-sensors-to-simultaneously
development—Ourstudy-covers-development of clouds. Our research focuses on West Africa, a hotspotfor-intense-convection
{WMWngand severe weather. In %&pﬁﬁ%&deﬁvﬁ%mﬂ%ﬁmé&mmﬁ%ﬁﬂmm

befweefrfh&ﬂtﬂﬂbeﬁef—deeﬁeeﬂveefwefefe&GDGGS—}Part 1, this study compares cloud and core properties and the cloud

life-cycle -

elouds-contain-a-single-eonveetive-over land and ocean during a six-month period from March to August 2019. Our analysis
reveals that 65 % of tracked cloud systems contain only a single core and persist between1—3-heurs-These-isolated-clouds-have

for less than three hours. Despite

their shorter lifespan compared to multi-core clusters, single-core clouds exhibit stronger changes in the radar reflectivity and
a higher vertical growth. In contrast, multi-core clouds show greater horizontal growth, encompassing larger cloud and core
areas, higher cloud-top heights (CTH), and higher average reflectivity at 10%~Hewevef—wedeteet—a—lﬂglﬁeaseﬂa}waﬂabﬁﬁy

of-clustered-convectionand-their-hydro-climatologicalimpaetkm altitude. We also find that, in systems with more cores, both
the maximum number of cores and the peak core area occur later during the cloud life-cycle. Notably, the differences in cloud

characteristics between land and ocean are smaller than those associated with the number of convective cores. However. the

results may not fully capture climatological differences. Further research using longer time series is needed to quantify the
observed variability of tropical convection.
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1 Introduction

Convective clouds substantially-impaetplay a vital role in the hydrological cycle of the Earth through their radiative forcmg and

feedback mechanisms

regarded-as—(Wielicki et al., 1995). Despite growing evidence for the connection between clouds and climate warmin
remain one of the largest-greatest sources of uncertainty for-elimate-sensitivity-studies-(Chen-et-al;2021H-Mereoverin climate
., Bony et al. (2015); Sherwood et al. (2020)). Additionally, convective clouds are majer-producers

sensitivity assessments

key drivers of severe weather(Kukulies-et-al;2021; Haberlie-and-Ashley; 2018)-arge-seale-cloud-clusters:, particularly large-scale

systems like mesoscale convective systems (MCSs), are-responsiblefor-extreme-weather-which are linked to extreme events
such as hail;strong-hailstorms, damaging winds, and extreme-precipitation(Prein-et-al;-2024)Due-to-this threatforsociety-and
nature;an-accurate representation-of intense rainfall (e.g., Houze and Hobbs (1982); Leary and Houze (1980); Maddox (1980)
). Because of their societal and environmental impacts, accurately representing convective clouds remains of particular inter-
esttGuilaume-et-al2048).
M%WMMWMWW
iguous—(Houze Jr,, 2004). These systems

often feature a broad cold cloud shieldeemposed-of-, one or more deep convective cores (PECshereafter, “cores”), strong

with an axis length of at least 100 km <

vertical updrafts that merge-the-connect these cores at higher altitudes

WWWW&Q&WMMW
precipitation, the stratiform anvil and cirrus canopy produce-onty-tighterrain(Houze Jr5-2004)-Thesize-of-a-DCCranges

enerally produce lighter rain (e.g., Houze Jr. (1989); Hartmann et al. (1984)). Core sizes typically range from 10 —
to 100 kmwith-an—average-lifetime-of-up-to—, with lifespans of 1-3 h;—whereas-the-cloud-anvil-can-—persist-hours, whereas
anvils can persist for up to 10-20 h-erlonger(Chen-and-Houze; 1997)—We-observe-an-idealised-hours. The idealised MCS
life- cycle that-ean-be-divided-into-includes three stages: fh&eefweeﬂveﬂﬂaﬁeﬂ%%—%he—ma&w&yphas&%%—&ﬂéﬁhe

upwardsdevelopment, maturity, and dissipation (Futyan and Genio, 2007). During development, deep convective cells form and
transport condensate upward. In the maturity stage, the stratiferm-anvil and associated mesoscale circulation build-ap-while

deep-conveetive-cellsstill-existdevelop while convection continues. In the dissipation stage, deep convection stepsceases, and




60

65

70

75

80

85

90

to medium MCSs commonly form over land in the afternoon —This-peak-is-assoctated-with-due to local thermal instability

Kulkualies-et-al2021H), potentially, sea breeze circulations (Chen and Houze, 1997). In contrast, oceanic MCSs experience
weaker diurnal variability because of the surface’s stable thermal properties (Nesbitt and Zipser, 2003).

Mestof-our-Our current understanding of convective clouds origt

from-largely stems from satellite observations (Haynes et al., 2009). We may identify convective clouds from satellite data b

distinguishing core regions and the surrounding cloud field (Steiner et al., 1995). Cores are typically characterised by cold

eaks in brightness temperature, surrounded by warmer anvil regions. Morphological features such as aspect ratio, length
width, and area may further classify convective systems (Ganetis et al., 2018). For instance, passive and active sensors are

of-datain-the-provide valuable insights into the temporal evolution of clouds. Passive sensors, especially those measuring in-
frared (IR) spectra-can-beused-to-understand-radiation, help identify cloud-top signatures—-While-theyprovide-a-detailed-view-of
%he—heﬁzei%&l»evelﬁﬁe&ef—%h&eleue%}me&ekal%%} eatures (Mecikalski et al., 2010). However, they lack infermation-on

to-deteet the vertieal structure-of-hydrometeors-Neverthetesslike radar can resolve vertical cloud structures and hydrometeor
&WM both sensor types deﬂwdaweﬂ%rfrem
M&&W@MM s 3D eb%efv&wwﬂddeepﬁ%ﬂ%ﬁndeﬁwﬂﬂgwew

eremains unavailable

of convective clouds -

—Inrecent-years;the-developmentof Early studies relied on manual tracking, but automated detection algorithms inereased-the

now enable
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—"Fhe«pieﬁeem}g—weﬂﬁﬁ—fhﬁ—ﬁeld—wRaut et al. (2021), which is optimized for tracking fast-evolving storm cells. FFHANTOOCAN,

developed by

Fiolleau and Roca (2013), focuses specifically on convective cores and associated anvils in MCSs. More recently, general-purpose.
105 tools such as PyFLEXTRKR vide e-gene ing-any(Feng etal., 2023) and 10bac

LMEMWMWMW

3 atia asting Wrobaepaek&ge

110

Despite decades of research,
gnvgvvvlg(ig/ggﬁ the 3D eharaeteristies-of DCCs-—Due-to-structure of convective cores remains limited. In the absence of suitable
our understanding of the relationship between cores and overall cloud evolution relies heavily on 2D observations or simulation

115 dm@u%ekﬂ%@%%mmm and passive sensors pfewde—vef%&&}eﬂﬂfefmaﬁeﬂ—e%mfﬁeﬂfa}

reontain important vertical
or horizontal information, but are limited in their spatial and temporal coverage (active) or offer only an approximation of the
vertical column (passive) (Masunaga and Luo, 2016; Taylor et al., 2017). To elose-the-data-availability-address this gap, we use
apply a machine learning (ML) framework to extrapetatereconstruct contiguous 3D radar refleetivitiesreflectivity fields from

120 2D sensers-satellite data (Briining et al., 2024). Our goal is to provide-a-detailed-perspeetive-of-the-combined-simultaneously
capture the horizontal and vertical evolution of convective clouds and their BGGs—FeFedelcereﬁeﬁef—léam—W%pfeéetﬂ

e-cores. We use imagery from
the Meteosat-11 SEVIRI sensor as input to the ML model, which is trained to reconstruct vertical cross sections of a-cloud
profitingradar-based on CloudSat Cloud Profiling Radar (CPR) —Fhe-data-is-merged-into-a-4D-timeseries—Afterwards;-we

125 employobservations. This approach allows us to extrapolate a continuous 3D cloud field between 2.4 and 24 km altitude. The
resulting dataset combines the spatial and temporal characteristics of the SEVIRI input with the vertical structure from CPR.

We then use the fobac package to identify convective

the-temperal-variability-efclouds and track them over time in 15-minute intervals. This enables the analysis of 3D convective

mrobservational data,
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cloud and core properties over lan

eonveetive-erganisationboth land and ocean. A focus is comparing the life-cycles of clouds with single versus multiple core

regions, offering insights into the spatial clustering and organization of convection.
We organise the article as follows. In Sect. 2, we present the data used in this study. Section 3 provides an-overview—of

ocuS-on—tneiaentcation—o OratCa€onve VE€E€ atc

MESsineladingthe-detection-of DECsdetails on details the ML-based 3D reconstruction and tracking methodology. Section 4
presents a-statistical-analysis-of-the results focusing on the dinrnal-and-seasonal-distribution-temporal variability of convective

cloud and core characteristics and the connection between the cores and cloud life-cycle. Section 5 discusses—the—eurrent
imitations-of -the-study—and-modifications-of cloud-organisation-overtand-and-seacompares our findings to known tropical
convection characteristics and outlines limitations. Finally, Sect. 6 contains the summary-and-principal-conelusionsconcluding

remarks.

2 Data

The area of interest (AOI) eovers-aregionin-West-Africabetween-between-for this study spans a tropical region over central
and western Africa, extending from 30° N=36N to 30° S and 30° W—36W to 30° E. We-exclude-extra-tropical-regionsfrom

ORec-e 024 he aemvironRmen ond OR<S—HA ha AQO
ar g v d

northward-shift-convective clouds (Takahashi et al., 2023). Our objective is to detect and analyse convective clouds and their

life-cycles by a six month period between March and August 2019. This period was selected to highlight key characteristics

of 3D cloud structures across different surface types within the AOI. Particular attention is given to the seasonal northward
migration of the Inter-Tropical Convergence Zone (ITCZ) and the onset of the West African menseon-Monsoon (WAM). The

eloud-life-eyele-(Nicholson;2048)Since the WAM plays a critical role in shaping West Africa’s climate and is responsible for
a significant portion of the annual rainfall in the AOI, its arrival is expected to enhance the frequency of convective cloud
formation (Andrews et al., 2024; Kniffka et al., 2019).

For-thisstady;—weuse-data-To investigate these phenomena, we employ a ML algorithm that generates time series of 3D
2024). The input data are derived

from the Spinning Enhanced Visible and Infrared Imager (SEVIRI) sensor-onboard the Meteosat-11 (MSG) satellite (Schmetz

radar reflectivity fields based on 2D satellite observations, as described in Briining et al.

et al., 2002). As-MSG-SEVIRTiseentred-The AOI is situated near the nadir of SEVIRI, which is positioned above the Equator
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Table 1. Overview of MSG-Meteosat SEVIRI channels (Schmetz et al., 2002).

Channel Wavelength (um) Description Spatial resolution at nadir ~ Retrieval at nighttime
VIS0.6 0.56-0.71 Visible channel 3km No
VIS0.8 0.74-0.88 Visible channel 3km No
NIR1.6 1.5-1.78 Near infrared window 3km No
IR3.9 3.48-4.36 Near infrared window 3 km Yes
WV6.2 5.35-7.15 Upper-troposphere water vapour 3 km Yes
WV7.3 6.85-7.85 Lower-troposphere water vapour 3 km Yes
IR8.7 8.30-9.10 Mid infrared window 3 km Yes
1IR9.7 9.38-9.94 Ozone sensitivity 3 km Yes
IR10.8 9.80-11.80 Clean longwave window 3 km Yes
IR12.0 11.00-13.00 Dirty longwave window 3 km Yes
IR 13.4 12.40-14.40 CO2 sensitivity 3 km Yes
HRV 0.5-0.9 High-resolution visible 1 km No

oY i se-to-thenad i he-sens vides a ments . SEVIRI captures multispectral
imagery across 12 channels in the visible, near-infrared, and thermal-infrared speetra—From-these——haveranges. Eleven

of these channels offer a temporal resolution of 15 min-minutes and a spatial resolution of 3 km;:-ere-is-a-, while one high-

resolution visible channel M—&ﬂﬂd&r—f&@kt&eﬁeﬁm s 1 km W (Table 1). Weﬁapﬂyﬁﬁaehme—leammg

at 0° longitude

ith-validate our

ML-based predictions, we use vertical cross-sections of radar reflectivity from the 94-GHz Cloud Profiling Radar (CPR
onboard the polar-orbiting CloudSat satellite. This active radar instrument transmits microwave pulses toward Earth to detect
vertical profiles of cloud hydrometeors. The CPR achieves a vertical resolution of 240 m (distributed across 125 bins) and a

horizontal resolution of 3-km—Due-to-CPR-signal-contamination-atlow-altitudesand-atack-of-1.4 km across-track and 1.8
km along-track (Stephens et al., 2008). For this study, we use the level-2 2B-GEOPROF product. To address signal attenuation
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at lower altitudes, we limit the vertical analysis to 90 height levels ranging from 2.4 km to 24 km (Sassen and Wang, 2008

may underrepresent certain cloud types, particularly thin ice clouds like cirrus. To mitigate noise, we filter the 2B-GEOPROF
dataset using the CloudSat cloud mask quality flag (Marchand et al., 2008).

3 Method

3.1 Machine learning-based reconstruction of a 3D cloud field

In the following section, we briefly outline the method used to reconstruct a 3D cloud field, based on the framework developed
by Briining et al. (2024). Our approach employs a ML algorithm built on a 2D Res-UNet architecture — a modified version of
a convolutional neural network specifically designed for image segmentation tasks (Ronneberger et al., 2015). While the model
is primarily trained to reconstruct vertical cross-sections of the CloudSat data-predictingradarreflectivities-between2-4-and-24

radar reflectivity using imagery from the MSG SEVIRI satellite, its output represents full 3D radar reflectivity volumes rather
than just 2D slices.

The reconstructed 3D cloud field spans an area from 60° W to 60° E and from 60° S to 60° N, corresponding to 2400 x 2400
pixels in the horizontal dimensions. SEVIRI satellite imagery serves as input to the Res-UNet model, hence the horizontal
resolution of the model-deereasesfrom-3.05-dBZ+o-3D data is 3 km x 3 km. Initially, 11 channels covering the visible,
near-infrared, and thermal-infrared spectra were used (Table 1). For this study, we exclude the visible channels to ensure the
model can make predictions independent of daylight conditions (Table 2).

Training data consist of 128 x 128 pixel patches of SEVIRI imagery that are spatially and temporally aligned with CloudSat
overpasses. Each training sample includes a diagonal CPR cross-section. Due to the spatial resolution mismatch between MSG
SEVIRI and CloudSat, we downsample the SEVIRI data to match the CPR’s horizontal resolution. To address the strong class
imbalance between cloudy and cloud-free conditions, we limit cloud-free samples to a maximum of 10 % of the training data.
The model is trained on nine months of data and validated on a separate three-month period. The Res-UNet is trained to
reconstruct CloudSat-like 3D reflectivity volumes with a horizontal size of 100 x 100 pixels and a vertical size of 90 levels.
The predicted radar reflectivity values range from —25 to 20 dBZ and retain the 15-minute temporal resolution of the original
SEVIRI input. We use an L1 loss function (mean absolute error) during training to evaluate the model’s performance. Notably,
direct validation is possible only for the diagonal cross-section, which accounts for about 10 % of each training sample. For
the three-month test period, the modified daylight-independent model achieves a root mean square error (RMSE) of 2.99 dBZ
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Table 2. Modifications to the Res-UNet applied in this study originally proposed in Briining et al. (2024)

Parameter Original configuration =~ Modification
Number of input channels 11 8
Loss function L2 L1
Nighttime predictions No Yes
Average RMSE 3.05 2.99

—TFhereported-error— an improvement over the original model (Table 2). This level of accuracy is comparable to a-preeision
of-the 5 dBZ achieved-by-precision reported for other CloudSat products (Tomkins et al., 2024). Weeverage-the-predicted-data

To generate complete coverage of the domain between 60° W to 60° E and 60° S to 60° N, the individual 3D output patches
are stitched together, producing a unified output volume of with a size 2400 x 2400 x 90 pixels. This method may help to obtain
a consistent spatial coverage, particularly over remote oceanic regions where active sensors are sparse (Prein et al,, 2024).
mewmmm cloud
i in different parts of the domain. To further

assess model performance, we compute cloud top heights (CTH) from the predicted radar reflectivity and compare them to
CTH values from the CMSAF CLAAS-V002E1 dataset (Finkensieper et al., 2020). The comparison reveals that the model

captures realistic spatial patterns of CTH in both tropical and mid-latitude regions. However, model accuracy tends to decline
with increasing distance from the MSG SEVIRI nadir. Finally, the time-series of 3D radar reflectivities-along their temporat
dimension-to-ereate-reflectivity volumes is merged along the temporal axis to generate a 4D time-series-used—forfurther
anatysiscloud field, which is used to detect and track convective clouds. For the purposes of this study, we crop the domain to
consist of 1200 x 1200 pixels, covering the region between 30° W-30° E and 30° N-30° S — effectively focusing on the area
between the Tropic of Cancer and the Tropic of Capricorn.

4 Method

3.1 Tracking convective clouds in 4D

In this study, we analyse the spatie-temporal-evelution-development and properties of convective clouds by employing the fobac
package(Heikenfeld-et-al-20149)—Jtis-, a modular Python-based package for tracking atmospheric objects in a-4D time series

(Prein-et-als2024)(Heikenfeld et al., 2019). In this study, we use the recently released version 1.5 of the software package
(Sokolowsky et al., 2024). : .

aﬂalysrs-ef—meteefe}egteal—ehaﬁ&eteﬂs&es—m—%l}We merge the predicted radarrefleetivity-3D radar reflectivity fields along the
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temporal dimension and feed the 4D time series into the tracking algorithm to create continuous trajectories. The workflow to
identify possibly convective trajectories consists of three steps: detecting cloud features by their centroid’s position, segmenting
the associated cloud field for each centroid, and linking segmented objects through time (Figure 1, a-e)—We-separate-elongated
cloud-clusters-if-they-a N@W@&W@&M&me only connected by a few pixels in the horizontal
w-(Qreopoulos et al., 2017)
. The workflow of this object-based approach is depicted in Fig. 1 and will be explained in the following paragraphs.

The framework, while enabling detailed analysis of convective cores, has limitations. The predicted 3D cloud fields represent
model-based approximations rather than direct observations, reflecting patterns learned by the ML model. Additionally, using
fixed thresholds in the object-based detection may oversimplify complex structures associated to clouds in the atmosphere.
Nonetheless, we may employ the data to enable a large-scale, high-resolution tracking of convective systems over the tropical

Atlantic and continental Africa,

and vertical dimensions

3.1.1 Identifying cloud features

reflectivity does not directly measure vertical ¥

—For-the—cloud-deteetion;—we—use—air velocity, but it can serve as a valuable proxy for detecting hydrometeors associated
with convective cloud development (Luo et al., 2008). To identify potential cloud structures, we apply a fixed threshold of 15

memmwmﬁ@mmwmmwwm
allowing for the inclusion of short-lived i i
WG%WWWWWSPMIO temporal evolution of convective

between development and dissipation stage (Esmaili et al., 2016).
The detection process begins by applying a Gaussian filter with a sigma filtersize-value of 0.5 smoothes-to smooth the 1nput

clouds

data

Mém%m@mm
potential cloud using a weighted center-of-mass approach. Here, each point’s weight is defined by its reflectivity value above
W@%@@MM&%M a unique identifierthat-iskept
» which is maintained throughout the subsequent

tracking and segmentation steps.
Next, we a a 3D watershed segmentation algorithm to delineate the 3B-cloudfield—assoetated—to—spatial extent of

individual cloud structures associated with each centroid.

tasks—Herethe-input-data-are-treated-In this approach, the 3D radar reflectivity field is interpreted as a topographic map-divided
into-individual-catchments-along-adjacent-surface, where higher reflectivity values represent peaks and surrounding areas are
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Major & minor axis difference > 75 % Time to Time t4 Time to Vertical depth + radar reflectivity
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Figure 1. Workflow for tracking convective clouds (a)—(c) and their convective cores (d)—(e) using an object-based algorithm and ML-based

4D radar reflectivities. The routine consists of (a) the identification and segmentation of convective cloud featares-centroids and volumes
using a radar reflectivity threshold ef—+5-of -15 dBZ, (b) splitting etongated-features-shallow connected objects along their major axis, and
(c) linking the labelled cloud features-objects through time. For detecting ; : cores, we
apply a Median filter with a kernel size of 3x3x3 pixels to each-smooth the 3D radar reflectivities associated to each cloud fieldlabel (d).
FoHowing -the-approach-inctudes-We aim to identify convective core regions by adding (e) ealeulating-the number of eontiguous-pixels >
centroid locations of BECs-and-to-convective cores. Subsequently, we apply a watershed segmentation to algorithm to derive the assoctated
area-for-each-core area.

10



segmented like catchment basins divided by ridges (Meyer, 1994). We feeéﬁw%l%%eﬂeeﬂ%ﬁymmg&wﬁhmﬂm
algorithm by placing markers at the detected centroids i#

275 abinary 3D volume, where all other grid points are set to zero. From each marker, the algorithm expands through the volume

assigning reflectivity-based pixels to the corresponding cloud until the threshold of —15 dBZ is reached. The result is a tabeHed
ime-step-(Fiotleat-an i freld-the-number-of labeled 3D cloud mask, where each

voxel is either zero (indicating no cloud) or an integer label corresponding to a specific cloud object (Fiolleau and Roca, 2013)
- This mask allows us to quantify the volumetric structure of clouds: the total number of labeled pixels per centroid represents

280 the-cloudcorresponds to the cloud’s volume rather than the-eloud-areatSokolowsky-et-al;2024)In-response-we-caleulate-the
aggregateeits area, For analyses requiring horizontal cloud coverage, we compute the 2D eloud-anvil-areausing projected area
by taking the column-wise maximum ferfurther-anatysis-{Fable 3)across vertical levels.

3.1.2 Split shallow connected clouds

After 1dent1fy1ng the cloud centroids and asseetated-eloud-areatheir associated areas, we analyse the morphology of each ebjeet:
j i e il-cloud

object to determine whether it may represent a merger of multiple cloud systems (Figure 1, b). To detect-these-minima;-we
derive-the do this, we examine the labeled cloud mask to locate local minima in the cloud area, which may indicate potential
M&WM@W@MM@Q@&W&MH -fitting eHﬂase—feFeaeh
higher-major axis is more than 75 % s-we-eonsider the-ctoud-longer than the minor axis, we classify the cloud as elongated (Cui
et al., 2021). The eoordinates-orientation of the major axis give-us-provides the direction of elongation—Then;—we-determine
the-location-of-the split byanalyzing-, which guides the search for potential split locations. Next, we examine the aggregated
2D cloud area and-the-change points-of-the-area-distribution—We-along this direction and analyse the area distribution to detect
295 mmmw)amm no split, However, if the distribution is
if-multimodal, we apply a split at the local minimumédiverges
. provided that this minimum deviates by more than 75 % from the mean size of the cloud shield(Figure+-b)—We-. Then, we
update the segmentation results by assigning af-a unique label to the-separated-ebjectseach newly separated cloud object.

285

3.1.3 Spatio-temporal linking

300 We-link-the- We track 3D objeets-through—time—cloud objects over time by linking them based on their mevement-speed
(Heikenfeld-et-al-2019)Jn-contrastto-a 2D Hinking routines the-estimated movement speed, following the method of Heikenfeld et al. (201

. The 3D perspective erables-an-in-depth-allows for detailed analysis of both the-horizontal and vertical evetution,—which+s

erueiatforassessing the growihof DCCs (Fiolleau-and Roea:2043)Forcloud evolution—an essential aspect for understanding

core development. At each 15-minute time-stepinterval, we predict the movement-of-the-objeets—based-on—their—veloeity

11



305 in-the-expected location of a cloud object using its velocity from previous time steps (Flgure 11, ¢). We-reduce-the-time
To streamline the linkin

process, we define a maximum search radius between time steps.
are-connected—(Kukulies-et-al;202b—Emerging-elouds—are-assigned-Only cloud objects within this radius are considered
potential matches, significantly reducing computational effort. When new clouds form, we assign them the average veloc-
310 ity of elouds—in-theirneighbourhood-nearby clouds to estimate their likely movement (Sokolowsky et al., 2024). Due to
hmﬁeéeempuﬁ&m%&we%gmmww apply the lmkmg fefglggggh@v@vggl\xtwo consecutive

time steps

Afterwardswe-cheekthe-cloud-anvil-area-at a time. We assume a successful link is established when a cloud object maintains

a 15-minute temporal overlap and shares a consistent identifier across steps. For instance, we compare the cloud areas of linked
315 objects

inelade—this—, assuming that genuinely connected trajectories may exhibit more similar area changes than unrelated clouds

Prein et al., 2024). Finally, we evaluate the movement patterns before and after each time step to infer whether cloud objects
may be merging or splitting and include the information in the derived-final cloud trajectories.

320 3.2 Detect convective core regions

one or more i i i core regions, which are typically associated

with stronger updrafts and intense precipitation that can penetrate above the freezing levellgel-etal;20+4)—Thegrowth-and
405 . L . . . . . . .

330 with-akernelsize-of 3x3x3 pixels-to-smooth-, Because the formation and dissipation of these cores are closely linked to severe
weather events, analysing their behavior is of particular interest (Takahashi et al., 2017).

To detect convective cores, we use the previously generated labelled 3D cloud mask (Section 3.1.1), derived from the
MI~based radar reflectivity data. There are different approaches to identify convective cores from radar reflectivities. These
methods may comprise the detection of convective precipitation, which may be associated to core regions in hydrometeors

335  (Haynes et al.. 2009; Pilewskie and I Ecuyer, 2022) or the analysis of the radar reflectivity (Fomkins-et-ak;2624)-tn-ouremploying
MWWIMMMW
we i W&MWMXW
convective cores in the predicted 3D
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field. The approach is applied to each labelled cloud for each time step along the cloud trajectory (Figure 1, d,e). We begin
by smoothing the radar reflectivity data associated with each cloud label using a 3x3x3 median filter. Core centroids are
identified by locating local maxima in a combined metric that incorporates both smoothed radar reflectivity and the difference

W@%mmm the number of pixels
=with reflectivity values higher than 0 dBZ i
We-expandlocated at more than 5 km height. In our study, we do notinclude cores occurring lower than cloud base layer, where
our model predictions may be less robust. We aim to fill isolated gaps for otherwise vertical continuous cores by expanding
the threshold from >-0 dBZ to >—-5-dBZ-+#—5 dBZ in columns that contain at least one pixel passes—thefirst-eriterion

&ge%e%al—Z@%%—%%&e}eﬂéfe}umﬁts—dﬁeafdeéﬁf—fhe%BHﬂ% her than 0 dBZ (Igel et al., 2014; Luo et al., 2008). We

ly a minimum vertical extent of 5 km o

fhefe}amﬁ@feepeﬂ}e&e%al—’,}@{q—}%for a column to be considered part of a core; otherwise, its value is set to zero. The

approach is visualised in Figure 1 (e). We add both indicators (average reflectivity and potential core vertical depth) for each
ixel associated to a cloud label, resulting in a 2D layer in which we search for local maxima ef-the-combined-eloud-vertical

local maxima are found - e.g.. in case no columns contain pixels higher than 0 dBZ at more than 5 km height - the cloud is
recorded as having zero cores for that time step (Feng et al., 2023). When one or more core centroids are identified, we use
a 3D watershed segmentation to delineate the core volumes. This process is repeated for every cloud object at each time step
throughout its life-cycle, whereas a cloud may contain multiple cores at the same time.

3.3 Extract cloud and core properties

For each detected cloud trajectory, we extract both
horizontal and vertical characteristics to describe the cloud and its internal structure (Table 3). Cloud properties include cloud
area, CTH, CBH, duration, eccentricity, and the asseet i i i i

enable-a-seamless-analysis-ofratio of core to total cloud area. The cloud lifetime displays the total lifetime of the trajectory in
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hours, beginning from the first detection. Cloud area is calculated from the column-wise maximum of the 3D cloud mask, while
vertical (CTH, CBH) metrics come from the number of pixels in the 3D-convective-cloud-strueture-over-different-surface-types:

ator—anc O ova—axes—a aSea—to—<carcuta § V—W Sumsion DTS DCS [t 8 P o —n oud

Valuesrange-between-0—1-with-higher-values-vertical column associated to each cloud label. Eccentricity is derived from the

¥We also record the cloud’s travel distance and assign a
surface type using a binary land-sea mask and the modal value for the locations of the cloud trajectory within this land-sea mask.
The ratio of core to cloud area may provide a measure of convective compactness and intensity (Haberlie and Ashley, 2018)
._For clouds with one or more cores, we calculate the ratio-between-the-area—of-the-convective-core-and-cloud-anvil-as—a
' i number, mean area, height, lifetime, eccentricity,
and average distance between cores. The core area and height are derived from the column-wise maximum horizontal extent
and vertical extent of the previously identified cores, , similar to the cloud area and CTH. These metrics may help characterise
the structural properties of detected cloud systems.

3.4 Filter convective cloud trajectories

We filter the cloud trajectories to exclude possibly non-convective tracks from the analysis (Figure 2). For that purpose, we
require the cloud tracks to have at least one core and a radar reflectivity of higher than 0 dBZ at 10 km height for at least 15 min
along the trajectory. Additionally, we apply a minimum CTH of 10 km and a maximum CBH of lower than 5 km for the cloud
during at least one time step (Igel et al., 2014; Luo et al,, 2008). While we do not require the convective clouds to have a CTH
higher than 10 km at every time step during their trajectory, we discard the trajectories that never reach the CTH threshold. The

criteria may help to identify convective clouds with an evolved cloud base and vertical height that may be typically associated
to tropical convection (Li et al. (2021), Takahashi et al. (2023)).

3.5 Investigating the cloud life-cycle

We analyse the temporal evolution of detected clouds to explore how variations in the cloud life-cycle relate to the number

of convective cores. For this purpose, we divide each cloud’s life-cycle into three idealised stages, following the framework
roposed by Futyan and Genio (2007). Each stage corresponds to distinct spatio-temporal changes of-the-cloud-properties

as-shown-inFig—2in cloud structure, as simplified illustrated in Figure 3. The first time step of the-trajectory-defines-each
trajectory marks the beginning of the cenveetive-initiation Futyan-and-Genio; 2007)-Foreach-pointin-time;-we-caleulate
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Table 3. Features used to describe the morphology;physieal-properties s-and life-cycle transition-statistics of detected convective clouds and

cores.
Feature type Feature name Definition
Cloud area Area of the cloud anvi-(km?)
Cloud top height (CTH) Maximum height of the cloud (km)
Cloud base height (CBH) Minimum height of the cloud (km)
Area ratio Ratio between cloud anvit-area-&PEE-area & core area
Eccentricity Roundness of the best fitting ellipse (cloud)
Cloud Reflectivity Average radar reflectivity of the cloud at 10 km height (dBZ)
Location Longitude and latitude of the cloud centroid (°)
Travel distance Euclidean distance for coordinates at initiation and dissipation (°)
Cloud lifetime Lifetime of the cloud trajectory (h)
Surface type Vatue-of-the-Modal value from a binary land-sea mask for the cloud trajectory
Number of cores Number of identified convective core regions
Core size-area Average size-area of convective cores (km?)
Core vertical depth Depth of the BEE—core in the vertical column (km)
Core Mean distance Average distance between BEEs—cores in a cloud cluster (km)
Core lifetime Average lifetime of the BEEscores (h)
Core eccentricity Roundness of the best fitting ellipse (core)
Cooling Reflectivity gradient Reflectivity change rate at 10 km height (dBZ)
Life-cycle Area growth Relative cloud area expansion (%)
Vertical growth Vertical growth of the cloud (km)

the-difference-between-the-development stage. Unlike methods that assess cloud stages using a cooling induced by temperature
changes, the ML-based radar reflectivity does not provide information on temperatures. As an alternative, we approximate the
life-cycle using temporal changes in radar reflectivity at 10 km height at-Cland-the-current-time step-to-approximate-the-cooling
of-the-convectivecloud—Furthermorethe 3D-data-altows-usto-simultaneousty-derive-and the resulting vertical and horizontal
410 cloud characteristics. For estimating the vertical growth of the cloud—tt-deseribes-, we compute the difference between the

415

calculate changes of the cloud area derived as proportional differences to the cloud area at the first timestep of detection.
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otentially convective cloud trajectories. The criteria consist of counting the number of convective cores (A—D

Figure 2. Criteria for filterin

for each labelled cloud along the cloud lifetime. Moreover, we check the cloud base height (CBH) and cloud top height (CTH) of the cloud,

and the radar reflectivity at 10 km height along the cloud trajectory. Following, we estimate the trajectory to belong to a convective cloud if

we detect at least one core, a CBH lower than 5 km, a CTH higher 5 km, and a radar reflectivity higher than 0 dBZ at 10 km height for at

least 15 minutes along the cloud lifetime.

— Development stage: Building on the approach by Luo et al. (2008), we use a radar reflectivity threshold of 0 dBZ at 10
km altitude as a proxy for potential cloud-top cooling, which may be indicative of convective growth. We calculate the
temporal gradient of radar reflectivity at 10 km for each cloud trajectory, identifying the time of maximum increase to
mark the cloud development stage. This stage may be associated with a high cloud vertical layer and strong updrafts that
support continued vertical growth (e.g., Kikuchi and Suzuki (2019); Chen et al. (2021)).The transition from development

to maturity is defined by the time of maximum radar reflectivity increase (Takahashi et al., 2023; Hu et al., 2021).

— Maturity stage: Following the time of maximum radar reflectivity, the reflectivity gradient at 10 km height may gradually
decrease. Instead, both the vertical thickness and horizontal extent of the cloud typically may increase in the maturity

stage, indicating a sustained growth of the cloud (Gupta et al., 2024).

— Dissipation stage: Dissipation begins when vertical growth slows and the cloud reaches its maximum horizontal size.
We continue tracking the cloud until the reflectivity falls below the —15 dBZ threshold and no centroids are identified

during feature detection, indicating cloud decay (Crook et al., 2019).

For each trajectory, we deri iRt Htons determine key time points that may
approximate changes in the cloud life-cyclephases-{maximum-cooling;maximum-anvit: the moment of maximum reflectivity
gradient at 10 km, peak area (horizontal) growth, maximum vertical growth;-dissipation)—Additionally;-we-determine-the-peint
WMW%MW@ the highest number of PCCs-and-maximum
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Figure 3.

tA-By-foreach-elond-whereas-werequire-mintmum-Schematic visualisation of >+DEC-to-passas-a-conveetive-clond—We-cheek-the eloud
Here, and-we show how changes of the radar reflectivity at 10 km heightatong-, the horizontal growth of the cloud trajeetoryarea, and the
vertical growth of the cloud vertical layer may be connected to the transition between life-cycle stages.

tracks—from-the-analysis—(Figure-3cores is detected and when cores reach their maximum area. These markers are used to

compare life-cycle characteristics between clouds with a single core and convective systems containing multiple cores (i.e.
more than one core). We

note that the life-cycle statistics derived for this
study are based on the ML-based radar reflectivities and inherit the uncertainties connected to these predictions. Hence, the
may only provide an approximation of distinct changes occurring within the cloud trajectories over time.

4 Results

4.1 Evaluatien-Distribution of convective cloud trajeetoriesand core properties
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Figure 4. An example of convective clouds (orange outline) and their cores (red outline) detected by-in the tracking-approach-for-ML-based
3D cloud field on the 03.05.2019, 12:15:00 UTC. The cloud mask is plotted over the 3D radar reflectivityaggregated-by-, which shows the
aggregated column-wise maximum. All times are given in UTC. In (a), we see an overview of the AOI, (b) to (e) show a zoomed perspective

in 3 h intervals (black square).

From-Mareh-to- Between March and August 2019, we deteetdetected approximately 375,000 convective clouds using ML-based

3D radar reflectivity data. After excluding tracks with a lifetime of only one timestep, 338,142 cloud trajectories remained for

analysis. Figure 4 shows an example ©

elouwdsfrom May 3, 2019, at 12:15 UTC, highlighting tracked convective clouds and cores. While regions over Morocco and

Mauritania showed radar reflectivity higher than 0 dBZ, no vertically continuous convective systems were identified there.
Instead, numerous convective clouds appeared over the Gulf of Guinea, the equatorial rainforest, and the Atlantic Ocean. As

m{ewa}s—Oﬁfﬁﬂdmgs%hew%ha%BGG&eﬁeﬂ—pefﬁsPeﬂ}HePFl ures 4 (b)—(e) illustrate the development and dissipation of
cores, often lasting only a short time. F

cores, potentially indicating mesoscale convective systems (MCSs (Takahashi et al., 2017)
—Our 3D perspeetive-allows-to-track-the

eloud’s-framework allows us to simultaneously track horizontal and vertical developmentsimultaneousty(Takahashi-et-al52023)
—To-derivestatistiesfor-the- DECscloud development. For core statistics, we separate the core region from the anvil cloud, as
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Figure 5. An example of the convective clouds (orange outline) and their cores (red outline) detected in the predicted 3D cloud field on the
03.05.2019, 12:15:00 UTC. The cloud mask is plotted over the 3D radar reflectivity, which shows the aggregated column-wise maximum. In
(a), we see an overview of the AOL (b) shows the zoomed perspective (black square) in 3D for the cloud volume (orange) and core volume
(red).

470 and-clustered-systems—with-multiple DECCs(ietal-202H—Clouds—shown in Figure 5. Clouds are grouped by core count
to distinguish potentially more isolated systems (one core) from clustered systems (multiple cores). For statistical purposes
clouds with 6-9 cores and those with ten-10 or more cores are grouped-for-the-statistical-analysis-(Jones-et-al;-2024)-Mostof

eur-trajectories{80-%)-contain-clouds-with-asingle-core{combined into respective categories (Jones et al., 2024).
Single-core clouds make up roughly 65 % of all trajectories (Figure 6, a)—iPhejafepefHefreeﬂsrdefablydeehﬂeswml%aﬂ

475

, with the frequency decreasin
as core count increases. Only about 5 % of clouds have 10 or more cores. Most clouds (80 %) have lifespans between 0—6
480 hours (Figure 6, b). Surface type distribution reveals that 65 % of clouds form over the ocean and 35 % over landﬁempafed{e

19



485

490

495

500

a b c
1(0) Number of cores (b) Cloud lifetime [h] () Surface type
[ All cloud tracks [ All cloud tracks [ Single core
[0 Sea [ Sea [ Multiple cores
[ Land [ Land Land-sea
08 9 mask
5 0.6
£
o
a
Loa
) 1 H_H
0.0 W C= m_‘ C |
1 2 3 4 5 6-9 10+ 0-3 3-6 6-9 9-12 >12 Sea Land

Figure 6. Ctoud-statistiesfor-Distribution of (a) the number of associated cores, (b) the average cloud lifetimeen-atogarithmicseale, and (c)
the distribution-of-the-surface type derived from a land-sea mask compared to the toeation-at-€Fmodal locations of detected clouds with a
single core or multiple cores. We show the distribution in (a) and (b) for single—all cloud tracks (+D€En = 338,142)and-mutti-core-, clouds
over the ocean (>—+PEEn = 249,484), and clouds gver land (n = 88.658).

land-sea coverage (Figure 6, ¢). Among single-core clouds, 70 % occur over the ocean, while for multi-core cloudsaceotntsfor

conveetive elusters-over-the-ocean, the figure is 75 %. This imbalance — 249,484 oceanic clouds vs. 88,658 continental —
may reflect differences in tropical landmass distribution and the eastward propagation of convective systems. Oceans may also
offer more favorable conditions for multi-core development (Cui et al., 2021).

We analyse-the-distribution-ef-assess how the 3D cloud physieal-propertiesfor-different-numbers-of- DECCs—(Table-3-)-Fer

W

DBEECs; partieutarty for elusters-with-mere than16-DECs properties described in Table 3 may vary with core count and surface
type. Our findings show that single-core clouds have shorter lifetimes and travel distances than multi-core systems (Figure
7, a-b). In contrast; the cloud eccentricity-is-less dependent-on the number of D Figure-75e)—For-Eccentricity exhibits a
weak variation across all groups, we-see-an-eceentricity-mostly ranging between 0.6-0.7 —with-enty-a-singularpeak-at0-8-for

Mostsingle-core clotds have aranvibaren = 1000 km™ - The arew increases with the number of DCCs(Figure 7. ¢). Cloud area
increases significantly with core count, especially for clouds with mere-than-10 PECs-and more cores (Figure 7, d). Fer
instanee;the-anvilsize-and-CTH-are-CTH is 10-20 % higher-over-the-tandthan-sea—The-greater over land, yet radar reflectivity
at 10 km height inereases-with-the-number-of cores-in-particularfor-highly-clustered-systems-and cloud area are slightly higher
over the ocean (Figure 7, d—f). CTH increases from 15.5 km for single-core clouds to 17.25 km for multi-core ones (Figure
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Figure 7. Cloud-Distribution of cloud statistics grouped by the number of associated cores for (a) the cloud lifetime, (b) the travel distance

from-Clto-dissipationbetween first and last detection, (c) the cloud eccentricity, (d) the cloud anvil-area, (e) the radar reflectivity at 10 km
height, and (f) the CTH.

f). Land-sea differences are more pronounced for

single-core clouds. Despite expectations based on previous tropical studies (Deng et al., 2016; Takahashi et al., 2017

oceanic

3

clouds often show stronger reflectivity and larger areas — though overall surface-related differences remain small. The lower

number of land-based clouds may exaggerate statistical noise.

hours for single-core clouds
increasing to about 0.8 hours for clouds with more than 10 cores (Figure 8, a). Core eccentricity shows little variability and

ranges from 0.5—-0.6 (Figure 8, b). Core area is slightly larger for single-core clouds than for those with 2-9 cores but increases
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considerably for clouds with 10 and more cores. For single-core clouds, we detect a larger core area over the ocean, while cores
for multi-core clouds are larger over land (Figure 8, c¢). Core height and distance between cores are-more-extensive-for-less

core count (Figure 8, d—e). The largest distances, which may indicate the least compact core morphology, occur for clouds with

10 and more cores (Figure 8, e). The

type—Overall-tis-higher-over-the-ocean{Figure-area ratio between clouds and cores is highest for single-core clouds and

declines with more cores. The sharp decrease may be connected to a faster increase of the cloud area compared to core area
for multi-core clouds (Figure 7, d, Figure 8, f). Forelouds—with>2DCCs-the-ratio lies-at 10-%-orlesswhile-we-observea

In summary, clouds with more cores exhibit longer lifetimes, larger areas, greater heights, and increased core size and
distances between cores. Core properties are broadly consistent across surface types, except for core area and core distances
(Figures 7a, 8c). However, these findings may be influenced by the land—sea imbalance in our dataset and inter-annual
variability.

4.2 Temporal characteristics of convective clouds

We observe a higher proportion of cloud tracks between March to May, and notably less tracks between June to August. Over
land, we find more clouds in March and April. Over the ocean, the proportion of cloud tracks is higher between May and
time intervals. During nighttime (21:00-06:00 UTC), more cloud tracks occur over the ocean. In contrast, we detect a higher
proportion of cloud occurrences over land during the day. However, the variability connected to the diurnal cycle and surface
type remain weak (Figure 9. b).

43 T Lel isties-of eal .

4.2.1 Diurnal cycle over land and sea

We eompare-analyse the diurnal cycle of cloud properties for single-core and multi-core clouds over sea-and-tand—Figure-9
hourly changes of the cloud properties. Figure 10 illustrates these variations in cloud lifetime (a-d), cloud area (e-h), and radar
reflectivity at 10 km height —For-iselated-elouds-evertand;-wesee-a-peak-for-the(i-1). Over land, single-core clouds show an
M@MMradar reflectivity and %h&e}eudaﬂvrkafeabegﬁﬂmgm}y—&ﬁeﬁmeﬂ»@igufe
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Figure 8. Distribution of core statistics grouped by the number of associated cores for (a) the core lifetime, (b) the core eccentricity, (c) the

core area, (d) the vertical depth of the core, (e) the mean distance between individual cores, and (f) the area ratio between the cloud and the

core.

545

550

555 multiple-DCCs;-the-diurnal-variability-of-the—cloud area, while cloud lifetime displays two peaks: one at night and one in the
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Figure 9. Corestatisties-grouped-by-the numberDistribution of asseetated-cores-cloud tracks over land and sea for (a) the eoretifetime{b) the
core-eceentricity{e) the-core-area«{d) the-vertical-depth-of-the-core(e) the-mean-distance-months between individual-coresMarch—August,
and (f) the-arearatio-between-(b) the eloud-anvil-and-daytime of the eerefirst detection.

morning (Figure 10, b, d). Over the ocean, the diurnal cycle is weaker or less distinct. Cloud lifetime lacks a clear diurnal

eak (Figure 10, a, ¢), whereas cloud area and reflectivity is-smaller-than-feriselated-clouds—Iselated-clouds-have-a-higher

it i ' ~k—Ishow nocturnal and daytime peaks (Figure 10, e, i, k). Despite
similar diurnal patterns for the cloud lifetime and radar reflectivity, multi-core clouds consistently exhibit higher mean values
than single-core clouds. These differences may reflect environmental contrasts between land and ocean. As suggested by
Cuietal. (2021). local circulations over land in the tropics often trigger afternoon convection, producing the observed peaks in

Figure 10 (f), (h), and (j). In contrast, more constant ocean temperatures may suppress strong diurnal variations (Figure 10, a

The-diurnal-patternresembles-The diurnal patterns of core properties (Figure 11) largely mirror those of the cloud properties.

Over land, core area peaks between 12:00-18:00
UTC for both single- and multi-core clouds. Over the ocean, single-core clouds show two peaks between 00:00-06:00 and
14:00-20:00 UTC (Figure 11, a—d). The core lifetime follows a similar pattern for single-core clouds. For multi-core clouds
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Figure 10. Diurnal cycle for cloud properties grouped by the number of associated cores and surface type. We display the hourly changes
(in UTC) regarding (a)—(d) the cloud lifetime, (e)—(h) the cloud anvil-area, and (i)—(1) the radar reflectivity at 10 km height for single- (1
BEEcore) and multi-core (>+HPEEmore than one core) clouds over sea and land. The values show the density distribution ef-each-parameter

normalized between O and 1.

cores over land show two peaks, while oceanic cores point out no clear diurnal variation for multi-core clouds (Figure 11, e-h).
For single-core clouds, peaks of the core lifetime resemble the core area (Figure 11, a, e) The eefeeeeeﬂmeﬁyﬂfﬂse}ated
1 A

follows those of the core area (Figure 11, m—p). €ores-are-more-extensive-and-persistent-overtand-On average, clouds with
multiple cores have higher and more variable values for core area, lifetime, and height. In contrast, the area ratio is lower and
has a weaker variability for multi-core systems. For single-core clouds, reflecting the contrast between-conveetive intensity we
observe an afternoon peak over land and nocturnal and afternoon peaks over the ocean. Multi-core clouds show a weak diurnal

OQuverall, the diurnal cycle highlights a pronounced afternoon peak over land and a two peak, at nighttime and in the afternoon,
over the ocean. These patterns align with observed differences in tropical convective behavior over land and sea (Vondou, 2012).
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Figure 11. Diurnal cycle for core properties grouped by the number of associated cores and surface type. We display the hourly changes
(in UTC) regarding (a)—(d) the core sizearea, (e)—(h) the core lifetime, (i)—(I) the core eccentricity, and (m)-(p) the area ratio between the
cloud core and anvil area for single- (1 BEEcore) and multi-core (>+BE€Emore than one core) clouds over sea and land. The values show

the density distribution ef-each-parameternormalized between 0 and 1.

While we find those patterns mostly for single-core clouds, results for multi-core clouds — especially over the ocean - are less

4.2.2 Seasenal-Monthly variability of convective elusteringproperties
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months, the value variability may considerably influence the development of convective clouds and their core structures within
the tropics (Andrews et al., 2024). We explore these changes in Figure 12 by comparing monthly averages of the cloud area, the

number of cores, core area, and area ratio over land and sea for single-core and multi-core clouds.

From March to August, the cloud area shows a gradual increase for single- and multi-core cloud systems over the oceanand
decreases-over-thetand, For clouds over land, the cloud area slightly decreases (Figure 12, a). In contrast, CTH generally
decreases, though month-to-month fluctuations appear to be higher than a consistent decrease (Figure 12, b). Cloud lifetime
shows a higher variability between months with increases in April for single- and multi-core clouds and in April and June for
single-core clouds. Overall, clouds with multiple cores exhibit a slight decline in lifetime over land. Fhe-E€FH shows-Qver the
ocean, lifetime rises from March to April, decreases in May, and increases again in June — returning to near-initial values by
August (Figure 12, ¢). The number of cores per cloud increases over the ocean from March to July, followed by a sharp drop in
August. Initially higher over land, core counts shift in favor of oceanic clouds after April. Convective systems over land show a

memfﬁeﬁweﬁwﬂs—&nd%higim%kaﬂée}eud%feﬂm&decrease of core numbers from March to June, a peak in July, and
another decline in August (Figure 12, d).
The core area steadily increases over the ocean but fluctuates more over land (Flgure 12, a)@vemﬂ—%he—DGG—pfepefﬁes—shew

WW&WMMW&W&@%MQW
higher for single-core clouds. We observe a high monthly variability over land and ocean, whereas the area ratio remains to be
higher over continental Africa (Figure 12, isfinding suge
clustered-over land-in-spring),

To quantify the effect of these changes, we compare average values across two periods: March-May (MAM) and the-ocean

in-summer-June—August (JJA). Metrics include the cloud area, CTH, cloud lifetime, number of cores, core area, and area ratio

Table 4). We calculate Cohen’s D to measure effect sizes, with thresholds defined as small (< 0.2), medium (0.2-0.5), and
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Figure 12. Monthly variability of cloud and core statistics between March and August for single-core and multi-core clouds grouped by the
surface type for (a) the cloud area, (b) the CTH, (¢) the cloud lifetime, (d) the number of cores (only multi-core clouds), (e) the core area,
and (f) the area ratio between the cloud and the core. Line plots show the mean value with a confidence interval of 95 %.

large (> 0.8) (Cohen, 2013). Over the ocean, cloud area, number of cores, and core area are higher in JJA, while CTH, cloud
lifetime, and area ratio are greater in MAM. A similar pattern emerges over land, except cloud area and number of cores are
higher in MAM. Overall, observed differences between the two seasons and over land and sea remain weak. Most effect sizes

are small, indicating high internal variability rather than distinct temporal trends within the period. These results highlight the

630 1importance of analysing longer time periods to account for the inherent variability and imbalance between cloud tracks over
land and sea (Figures 4 and 9), which may influence the representativeness of the findings.
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Table 4. Comparison of mean values for cloud (cloud area, CTH, cloud lifetime) and core (number of cores, core area, area ratio) properties

between March—-May (MAM) and June—August (JJA) grouped by the surface type (Sea, Land). We calculate the effect size measured b

Cohen’s D to assess the difference between distributions over sea and land.

March—-May June—August
Sea Land ~ Cohen’sD ~ Sea Land  Cohen’sD

Cloudarea 1605673 1742597 0017 2634334 1681849 0107

Corcarca 125018 128249 0013 143647  13L38 0035

4.3 The-influenee-of DCCs-on-the-eloudlife-eyele

4.3 Impact of convective cores on the cloud life-cycle

Wi ! tori-definedin-Sect_3.2 ] ond hett

4.3.1 Relationship between life-cycle statistics and cloud properties

as outlined in Section 3.5), we check
the point of time when three key events occur in each cloud trajectory: the maximum radar reflectivity gradient at 10 km height

: 5 0 -particularty-ov he-ocean;-and-ov and-fo : d-clouds—w
g g

>4-DECs—We-derive-the-altitude ("reflectivity gradient"), the maximum cloud area growth ("area growthef-the-eloud-anvil
after-the-time-of-"), and the i irgmaximum vertical growth ("vertical growth"). Figure 13 shows the distribution

of these indicators grouped by the surface type and number of cores. The average growth-forall-cloudsaceountsfor 20-60-%
compared-to-the anvil-area-at CF-We find the-highest vatues- maximum reflectivity gradient ranges from 10 to 16 dBZ. Clouds
with 2-3 cores show the highest gradients (14.5-16 dBZ), while the gradient for single-core clouds averages around 14 dBZ.
It decreases with further increasing core count, dropping to around 10 dBZ for clouds with more-than5-DECs:The-vertical

of-maximum-eooling-10 or more cores. Surface type has little impact overall, though values are slightly higher over the ocean
for clouds with 1-3 cores (Figure 13, a). In contrast, cloud area growth is slightly higher over land. More important, clouds
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Figure 13. Life-cycle phase-transition-statistics grouped by the surface type and the number of associated cores for (a) the maximum-cooling
radar reflectivity gradient at 10 km height, (b) the relative area expanstorgrowth, and (c) the vertical growth of the cloud.

with multiple cores grow considerably more in area than single-core clouds - ranging from 22 % (single-core) to 52 % (10 and
W(Flgure 13, eb) For a}l—e}eﬂds—fh&gfewﬂ%ef—%heﬂﬂvﬂﬂﬂérthe vertical growthare-higher-everland-due-to-amere
», We observe average values between
3-8 km. Single-core clouds tend to grow higher than multi-core clouds, with only minor differences between land and sea

InFig—4;-we-compare-the-conveetive-eloud-We use Spearman’s rank correlation coefficent R to examine relationships
between life-cycle grouped-by-metrics and cloud/core properties for all cloud tracks, single-core, and multi-core clouds.
Overall, cloud and core properties show predominantly positive correlations. The strongest correlation across all datasets
appears between CTH and core height. Additional strong correlations include the number of BEECs:For-that-purpose,—we
derive the-time of transition-between-the three life-eyele phases-and-cores with the cloud area and the core height, In contrast,
@&%@%WMWWMWW dissipation-time-for-each-group-

of DECs—Multiple-peaks-eharacterise-the-distribution-correlation between cloud area and core height weakens, while the
link between core area and cloud area strengthens (Figure 14, b). Multi-core clouds exhibit similar patterns to all cloud
tracks, though with slightly weaker correlations (Figure 14, ¢). The number of cores correlates positively with area growth
but negatively with both reflectivity gradient and vertical growth, Reflectivity gradient shows a weak positive correlation with
area growth (< 0.25) and a stronger one with vertical growth (up to 0.5 for multi-core clouds). Area growth and vertical growth

are negatively correlated, with medium to strong correlations. The relationship between the reflectivity gradient and other cloud
roperties is weak, and its direction differs by cloud type — positive for single-coreclouds—In-contrast;-clustered-cloudsshow
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Figure 14. Correlation matrix for the life-cycle statistics, cloud and core properties. We calculate Spearman’s R to quantify the correlation

coefficient on a scale between -1 and 1 for (a) the whole dataset (n = 338,142), (b) clouds with a single core (n = 216,798), and (¢) clouds
with multiple cores (n = 121,344).

conveetive-activity—Ad-, negative for multi-core clouds. Area growth correlates positively with cloud and core properties

especially the cloud lifetime. Vertical growth shows a negative correlation with cloud lifetime and mixed, generally weak

correlations with cloud area, CTH, and core metrics.

Figure 15 presents the average timing (post-detection) of life-cycle statistics, grouped by surface type and core count. Here
we compute the average time after detection when the clouds reach their maximum eore-size-before-the-time-of the-maximum

: sfor the reflectivity gradient, anvil growth, vertical growth, number of cores, and core area. Moreover, we derive

the time of the-maximum-core-number-and-the-maximum-vertical-growth-are-simiar—With-a-higher- degree-of-organisation;the

maximum-number-of cores-appears-after-the-maximum-dissipation which marks the end of the cloud life-cycle.

— Reflectivity gradient: Peaks around 0.85 h on average, with little difference for the median between land and sea. How-
ever, the distribution broadens over both surface types with increasing core numbers. The arithmetic mean increases up

to 2.5-3 h for clouds with 10 and more cores (Figure 15, a).

— Area growth: Occurs at 1.64 h on average. Single-core clouds peak earlier (< 1.5 h), while multi-core clouds range from
1.7 h (2 cores) to 4 h (10 and more cores). For clouds with 3-5 cores, we find a predominantly similar distribution with

only slight variations of the arithmetic mean (Figure 15, b).
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— Vertical growth: Peaks around 1.19 h. This occurs earlier for single-core and oceanic clouds. For clouds with 4 (5) or

more cores over land (sea), the distributions are similar and show only a weak variability (Figure 15, c).

— Core area & core number: The maximum core area typically occurs 1.25 h after detection, while the core number peaks
slightly later at 1.37 h. Surface type has little effect on the time of the maximum core area, though the timing increases
with more cores (Figure 15, d). Clouds over land - especially those with 2-5 cores - reach their maximum number of
cores later than oceanic clouds. Despite this observation, we find less of a linear timing increase compared to other

life-cycle statistics (Figure 15, e).

— Cloud dissipation: Clouds over land generally dissipate later than oceanic ones. Lifetime extends further with more cores,
and value variability is also higher over land. Single-core clouds typically dissipate within 1-3 hours, whereas multi-core

clouds last longer, with broader distributions and higher mean lifetimes (Figure 15, f).

Notably, the analysis shows that vertical growth may peak after the reflectivity gradient but before area growth. The

g-times stretch for multi-core clouds, while

single-core systems exhibit more compact timelines. However, outliers may distort observed mean values. Hence, the consecutive
order of the life-cycle du i e i i fotime

with-the number-of assoeiated-cores;the-eooling-statistics may be affected by a high variability in the distribution. Across
all cloud tracks, core number and core area tend to peak between vertical and area growth appear-earlier during the relative
eloud-ifetime-Clustered-elouds spend-more-of their maxima. However, the distributions show a high variability, especially for
Wmhfe cycle mdsﬂpaﬂﬂgﬁp%ms&wﬁ%w%ﬂmﬂg—memgﬂﬂvﬂ

mean-caleulatedforall-clouds(Seetion4-1)statistics occurring on average later for clouds over land, the differences induced

by the surface type remain overall low.
InFig15. ] he-di ! leforil . Lifte:

4.3.2 Temporal variability of life-cycle statistics

Figure 16 illustrates the diurnal patterns of the reflectivity gradient, the area growth, and vertical-grewth-grouped-by-the-surface

mmmm%wﬁemwmmﬁmmm@mwwmwmmm
by surface type. Similar to results from Sect. 4.2.1, the diurnal cycle is more pronounced over land than over the ocean. The
dip around noon (land) and 18:00 UTC (both land and sea). Over the ocean, the reflectivity gradient is generally higher and
MQMMMWMWMMMWSMR core
clouds. Distinct land-based negative peaks occur around

32



(@) Reflectivity gradient (b) Area growth (c) Vertical growth
! — Sea : — Sea : —— Sea
1 & Land EE]: Land G Land
; —--= p:0.85h H o= p:1.64h ; -—== w:1.19h
g | oo — o —
N e aa Ce— e—
S [ ! !
E 4 1 1 1
€ 5| A ; :
—o— e ® —
2 : | |
691 o O a—
i H T
10+ : . 1
He— H o
1 1 1
H H 1
(d) Core area (e Core number ® Dissipation
E — Sea ! —— Sea ! —— Sea
11 & Land & Land Tet Land
—-=- @:1.25h | —e-- w137 h | --=- p:4.34h
] ? EE. DE. :EE.
5 3 f ! !
“; | i i
5 4 Oo— s —e
a | t i
£ °| O=— o — —Ta—
E | | :
69| e —frs
T T i
10+ 4 . :
e F—— HoOT ——— — 1
1 | |
1 1 1
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Time after detection [h] Time after detection [h] Time after detection [h]

Figure 15. Ridgeplotshewing-Distribution of the time dependency (x-axis) ef-for the life-cycle phase-transition-statistics. The boxplot
diagrams show the time after detection (in h) when the detected clouds reach on average the maximum value for (a) the maximum-ceoling

radar reflectivity gradient at 10 km height, (b) the maximum-vertical growth, (c) the maximum-anvil growth, (d) the maximum-core sizearea,
and (e) the maximum-core number. Moreover, and-(f) we show the average (f) dissipation time. Clouds are grouped by the surface type and

number of cores (y-axis). The boxplot contains the median (bold blue or orange lines) and the arithmetic mean (blue or orange diamonds).
The grey vertical lines show the mean time for-dependency averaged over all clouds ;-the-red-triangles-the-meanforeach DEC-grouptracks.
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03:00-06:00, 08:00, and 11:00-15:00 UTC. Over the ocean, we observe-a-weak-diurnal-eyele-with-a-primarypeak-in-thelate

~find a weaker nocturnal peak
at 01:00 UTC and a gradual increase between 06:00-20:00 UTC. Overall diurnal variability ranges from 0.5 dBZ (ocean) to 1
dBZ (land), or roughly 8-16 % of the mean gradient range (10-16 dBZ) (Figure 16, a, d). Multi-core clouds show significantly
greater area growth (42-48 %) than single-core clouds (20-27 %). Over the eeean;-ocean, we see sporadic daytime peaks that
occur around 15:00, 20:00, and 01:00 UTC. Over land, area growth increases steadily for single-core clouds in the diurnal-peaks
UTC. For multi-core clouds, we find several sporadic peaks during the day, similar to clouds over the ocean. Evening peaks
appear around 18:00 and 22:00 UTC for multi-core clouds, and 20:00 UTC for single-core clouds. Diurnal variability remains
low, ranging up to 5 % over both land and sea (Figure 16, b, e).

rowth is weak over the ocean with values below 0.5 km. Over land, morning peaks are evident, particularly for single-core

clouds, while all cloud types show a distinct dip around noon. Afternoon and evening values rise again, with multiple peaks
17:00, 21:00, 06:00 UTC) and troughs (18:00, 22:00, 03:00 UTC ically within a 1-1.5 km between—spring—and

clouds (6.25-7.5 km) (Figure 16)—Fer-, ¢, f).
Figure 17 presents monthly changes for the reflectivity gradient, the area growth, we-see-an-inerease-between>5—10-%for

ehastered-and the vertical growth between March and August 2019 for single- and multi-core clouds over land and seaand-a

. Qverall, reflectivity gradients
increase from March to August. For single-core clouds, the increase is more pronounced over the ocean (from 14.3 to 15.8
dBZ) than over land (13.5 to 14.25 dBZ). For multi-core clouds, values over land rise more (14.3 to 14.6 dBZ) than over the
ocean (14.5 to 14.6 dBZ). A notable dip occurs across all cloud types in April. Month-to-month variability is high (Figure 17, a
d). Between March and June, area growth is higher over land, peaking in May for single-core and in June for multi-core clouds.

: ive-area-g ig ing; horizonts After June, area growth becomes higher
over the ocean. Over the period, single-core clouds over land show a net decline (around 3 %), while values increase slightly
over the ocean (around 5 %) and for multi-core clouds over land (around 3 %). Monthly changes appear to be nonlinear and
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Figure 16. Diurnal cycle for the life-cycle statistics. We display the hourly changes (in UTC) regarding (a) & (d) the maximum cooling, (b)
& (e) the cloud area growth, and (¢) & (f) the cloud vertical growth for single- (1 core) and multi-core (>1 core) clouds over sea and land.
Line plots show the mean value with a confidence interval of 95 %.

fluctuate considerably (Figure 17, b, e). The vertical growth of clustered-clouds-is-asseetated-with-higherconveective-activity
and-more-intense DECs—While convective activity inereases single-core clouds peaks in March, drops sharply in April. From
May onward, it rises again over land and decreases over the oceanin-summer;-we-still-detect-more-intense-changes-in-the-. The
total change ranges between 0.5-1 km. Early in the period, oceanic clouds have a higher vertical growth than clouds over land.
From June onward, this pattern reverses (Figure 17, ¢, f). Throughout the study period, single-core clouds consistently show
higher reflectivity gradients and vertical growth. while multi-core clouds exhibit greater area growth. Though the surface type
may influence these statistics, the observed effect in our study remains relatively small. In contrast, the number of cores plays a
more substantial role in shaping the cloud # i : faher variabil
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Figure 17. Seasenal-eyele-Monthly changes for the indieatorsshowing-the-transition-between—~eloud-ife-cycle phases—The-data-is-greuped

by-the-number-of-assoctated-cores-and-thesurface-typestatistics. In (a) & (d), we show the maximum cooling, in (b) & (e) the anvil area
growth, and in (¢) & (f) the vertical growth for clouds with a single (1 BEEcore) core or multiple (>1 BEEcore) cores. Line plots show the

mean value with a confidence interval of 95 %.

5 Discussion

770 lesmesdefeess ol ol

5.1 Summary of results

In this study, we use a ML—based 3D %ﬁmmmmm&mﬂmmwm

radar reflectivity, derived from 2D data
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satellite imagery, to characterise single- and multi-core convective clouds in the tropics. Qur analysis shows that the majority.
of detected clouds are short-lived (under three hours) and dominated by a single core (65 %). Compared to multi-core clouds,
these single-core systems tend to have a smaller cloud area, lower reflectivity at 10 km, and reduced CTH. Their cores are also
typically smaller, shorter-lived, and lower in altitude — though they exhibit a higher area ratio between cloud and core area.
In contrast, multi-core systems a larger in area, persist longer, reach a greater CTH and core height, and form larger individual
cores (Section 4.1). Correlation analysis reveals a high interdependence among cloud and core properties. The strongest positive
relationships are found between CTH and core height, and between the number of cores and both cloud area and core height
(Figure 14).

Over land, the diurnal cycle exhibits a midday-to-afternoon peak (12:00-16:00 UTC) for the cloud and core area, the
reflectivity at 10 km, the core height, and area ratio, with a secondary overnight peak for the cloud and core lifetimes. Over
the ocean, the diurnal cycle is less pronounced but still shows afternoon, evening, and nighttime maxima. These patterns

are especially distinct for single-core clouds (Section 4.2) and are largely consistent with prior tropical observations (e.g.

Chen et al. (2021); Takahashi et al. (2017); Gupta et al. (2024)). Derived life-cycle statistics indicate that peaks for the reflectivit

gradient typically precede vertical growth and subsequent area expansion — mainly around local noon and early evening over
continental Africa. In oceanic regions, a less consistent pattern emerges, with a high variability throughout the day (Section
4.3.2). Compared to Wilcox et al. (2023), we observe weaker diurnal amplitudes over both land and ocean; however, the
differences between single- and multi-core clouds are more pronounced than those between land- and sea-based convection.
We also find that changes in cloud area, core number, and cloud height often evolve in line with an idealised convective life

cycle described in Sect. 3.5. Longer-lived clouds tend to exhibit more cores and larger maximum core areas. Multi-core systems
. The reflectivit

reach their peak core number and core size later in their life cycle than single-core clouds (Section 4.3.1

gradients correlate positively with vertical growth and negatively with area expansion, reflecting transitions from development
to maturity, as noted by Hu et al. (2021). Single-core clouds display stronger vertical ascent and higher reflectivity gradients,
though most correlations are weak — aside from a strong negative relationship between cloud lifetime and vertical growth,
and a moderate positive link between lifetime and area growth, For multi-core systems. average area growth is about 20-30 %
higher than for single-core clouds. Reflectivity gradient and vertical growth are negatively correlated with most other properties,
while the area growth shows positive correlations with the core count, core area, and core height. However, correlations differ

between single-core and multi-core systems (Figure 13, Figure 14). Finally, our results underscore how differences in core

structure and number may influence convective cloud development and the associated life-cycle.

5.2 Influences on convective clouds in the tropics

Compared to previous studies by Takahashi et al. (2023) and Hu et al. (2021), our analysis identifies a significantly higher

number of




810 theradarreflectivity-andreduce-thefalse-detection-of-conveetiveeellspotentially convective cloud tracks. The derived cloud

characteristics align well with aircraft observations (Zipser and LeMone, 1980) and precipitation-based studies (Zipser et al., 2006

. Over tropical Africa, our core distribution results are consistent with those derived for geostationary satellite data (Jones et al., 2024

or the CloudSat CPR Deng et al. (2016). both of which found a high prevalence of clouds with one to three cores. Similarly,
Pilewskie and L’ Ecuyer (2022) reported that one-third to half of convective systems observed globally by the CloudSat CPR

815  contain a single core, For the tropics, however, our results are in closer agreement. In line with these findings, we observe that
cloud area generally increases with the number of cores. However, this relationship exhibits substantial variability, especially.
in multi-core systems (Section 4.3.1).

820 S 5 5 S S S <
convective cloud properties over land typically peak during the day, while over the ocean, we observe two peaks during daytime
and at night (Sect. 4.2.1). These findings align with the diurnal cycle of tropical convection (Vondou, 2012; Takahashi et al., 2023)
825
830

the-Atlantie-Oeean-humidity, which peaks overnight and supports convection (Wall et al., 2020). After sunrise, solar heating.
may stabilize the atmosphere. A weakening land breeze may lead to the dissipation of night-time clusters (Houze Jr., 2004).
detection for the cloud tracks appear weaker (Figure 9). Throughout the day, we observe several peaks for the reflectivity

both reflectivity gradient and vertical growth decline, while area growth becomes more pronounced (Section 4.3.1). This

finding may correspond to a higher reflectivity at 10 km and broader spatial extent seen for multi-core systems (Section 4.1).

840 Our observations may point to a self-sustaining mechanism where cores are regenerated in response to diurnal heating (e.g.
Deng et al. (2016); Hartmann et al. (2018); Takahashi et al. (2017)). However, guantifying the-impactoflocal-topographyrequires
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may induee-arepeated-vertieakupdraftwe did not explicitly investigate this process.

Seasonal variability in_tropical convection has been highlighted in past studies. For example, multi-core systems often
persist overnight during the onset of the West African Monsoon (Futyan and Genio, 2007). During this period, convection may.
frequently initiate over high terrain and propagate downslope at night under katabatic flow (Nicholson, 2018). While our results
may be influenced by interannual variability, as the dataset spans only one year and does not capture a full annual cycle, we
may observe temporal changes in cloud and core properties between March and August. For instance, we find an increase of

the cloud area, cloud lifetime, number of cores, and core area over the ocean. Over land, these properties slightly decrease
Section 4.2.2). Reflectivit increase along the period, in particular over the ocean, while vertical and area growth -

Following-the-results-by-Takahashi-et-al(2017-and Tayloret-al{2022)vary more considerably (Section 4.3.2). Between June
and August, we detect overall less clouds but proportionally more clouds over the ocean. However, differences between monthly
averages over both surface types remain small, Here, our results may diverge from studies that report more pronounced spatial
and seasonal variations for convective clouds over land and sea (e.g., Takahashi and Luo (2012); Wilcox et al. (2023)). More
striking than these surface-type induced differences in mean cloud properties are the contrasts between single- and multi-core

clouds. Longer-lived, multi-core systems often exhibit repeated phases of growth (Takahashi et al., 2017).

Taylor et al. (2017), we observe t-slightly larger cores

radients

Consistent with

especially between March and May, and enhanced area growth for continental convection (Seetion4-2.2)--At-the-edges-of-the

5.3 Limitations and future challenges

from geostationary satellite observations. However, we point out several important limitations. The input data for the ML
model eriginatefrom-the-are based on observations from the Cloud Profiling Radar (CPR) aboard the CloudSat satellite,
which W}WMW clouds due to &mﬂﬂdefe%&maﬂﬁfkef—fhe—tepme%

its tendency to
underestimate the height of upper-level outflow (Wang et al., 2014). Additionally, signal attenuation near the surface caused
by topography reduces the CPR’s sensitivity to shallow convection. As a result, our analysis underrepresents both shallow
Wmmmm Meteosat Third
Generation (MTG) sateth
MMMMWMMPMIM and temporal resolution. The-data-may-allow—for-a-more
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ir-These instruments are expected to enhance the
detection and characterisation of the convective cloud life-cycle. In-the-current-study,—~we-did-not-examine-some-presumably
important-influencestike-the-effeet-of-aerosoels;—the-Moroever, our study does not account for several potentially important

%WMW%MV@HIC&I wind shear, ef%hefﬂffamfneﬂ%fa{%ﬂ%asmaagaﬂﬂd%ue%@%

MWW&%@LMA%W&%@W%W@%WWM
comprehensive understanding of convective processes. Our study focuses on a domain within the tropical band from 30° W to
30° E and 30° N to 30° S. As extratropical influences may blur the statistics at the domain’s northern and southern edges, it
may be beneficial to explore the intra-tropical variability and the role of large-scale dynamics beyond this region to distinguish
tropical from midlatitude convective processes.
To identify isolated and clustered convective
systems, we employ the zobac @a@s&w&@m&w@&%&w&m
set thresholds for the detection, introducing a degree of subjectivity that may influence the resulting cloud statistics. This
of the cloud temperature. It is important to emphasise that no universally optimal detection algorithm exists (Lakshmanan and
Kain, 2010)—Instead;-every-algorithm-has—speeific-benefits—; each method has context-specific strengths and limitations de-
pending on the use-case-and-study-area(Prein-etal;2024)Despite-our-ability-to-achieve-intended application and geographic
domain (Prein et al., 2024). While our approach may enable an approximation of the vertical updraft-by-the-radarreflectivity

it-cannotreplace-a—calenlation—cloud column, radar reflectivity alone does not substitute for measurements of vertical wind
shear (Luo et al., 2008) Although ; § § h

vertical shear may have a
smaller impact on convective processes in the tropics than in mid-latitude regions, its role still warrants further investigation

Takahashi et al., 2017). Finally, to better assess current and future convective risks, particularly those posed by multi-core

systems, future work should explore their associated precipitation patterns in more depth (Atiah et al., 2023).

6 Conclusions

This study anatysed-the-analyses the properties and life-cycle of convective clouds and their deep convective cores over a
tropical region covering the Atlantic Ocean and West Africa. Using an ML-based extrapolation of radar reflectivities, we eeuld

deteet-and-may enhance the number of detected clouds compared to retrievals from CloudSat CPR alone. Hence, the approach

may help to close current data gaps. In this study, we aim to showcase the 3D data and their ability to track convective clouds

in-3D-throughout-all-stages-of-the-etend-and cores along their life-cycle. Compared to using data from a-single-only either a
passive or active sensor, our perspective allows-may allow a simultaneous coverage of cloud development in the horizontal and
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hifetime-of-dimension.

The results suggest that differences based on the number of cores are higher than the cloud-elaster-and-itslife-eyele-

-wed ubstantral-seasonal-d or-clouds-over-both-surta as OfY ve-actrvity a : N

partieularly-forclustered-clouds-over-the-ocean—However;changes-surface-type induced variability. Single-core clouds develo

and dissipate on shorter timescales. They have a smaller cloud and core area, and lower CTH and core height than multi-core
systems. The longer cloud lifetime of multi-core clouds may be associated to a later occurrence of the maximum number of
cores and core area. Between single-core and multi-core clouds, we find considerable differences in the cloud life-eyeletike

statistics regarding the changes in the radar reflectivity at 10 km height, the vertical growth, and the area growth of the cloud.

While the former two are higher for clouds with a single core, multi-core cloud clusters with a larger cloud area tend to grow
more along the horizontal dimension. The more cores we find, the later the maximum number of BECsIsolated-conveetive

for-a-short-time-and-show-weaker-conveetive-activity-than-clustered-systems—cores and the maximum core area occur, While
the differences between the convective clouds over land and ocean are lower than expected, we emphasise our analysis uses
six months of data and may not represent the annual cycle of convection. Nevertheless, expanding the approach to investigate

In this work, we use the number of convective cores as-a-single-proxyfor-convective-organisationto compare the effects
of spatial clustering. However, it-may-be-we think that it is worth comparing these results to a quantification of convective

organisation using more advanced metrics, as done in the accompanying manuscript—Fhe-analysis—shews-a-high—variability

Code and data availability. The level 2B-GEOPROF CloudSat data used in this study are available at the CloudSat Data Processing Center

at CIRA/Colorado State University and can be retrieved from http://www.CloudSat.cira.colostate.edu/order-data (CloudSat Data Processing
Center, 2024). The Meteosat SEVIRI level 1.5 data used in this study is freely and openly available via the EUMETSAT Data Store at
https://navigator.eumetsat.int/product/EO-:EUM:DAT:MSG:HRSEVIRI (EUMETSAT Data Services, 2024). The code used in this study

will be released upon publication.
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