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A B S T R A C T

Eulerian bulk and bin models for cloud microphysics hinder our understanding of warm trop-
ical clouds in ways the Super-Droplet Method (SDM) can overcome. Microphysics-related un-
certainties across global models and Large Eddy Simulations (LES), as well as discrepancies
from observations, afflict precipitation patterns, extremes, radiation budgets, and cloud feed-
backs. They arise not only from insufficient knowledge of cloud microphysics, but also mod-
elling choices which bulk and bin models make to represent hydrometeors and microphysical
processes. SDM, being more fundamental and Lagrangian, offers many advantages including
eliminating these choices and facilitating exploration of knowledge gaps. However, the compu-
tation costs of current SDMs preclude their application to large enough domains for elucidating
the microphysics-mediated coupling between shallow cumulus organisation and precipitation.

We create Cleo, a novel C++ SDM implementation for high-performance computers, seeking
to make larger domain SDM computationally feasible. Cleo’s memory layout is designed to
minimise memory allocations and optimise access patterns. We use Kokkos (shared memory)
and Message Passing Interface (distributed memory) parallelism, and couple to fluid-dynamical
drivers via Yet Another Coupler, which allows total independence of their grids and domain
decompositions. Thus Cleo enables efficient resource allocation as well as portability across
different high-performance computer architectures. Cleo shows ideal superdroplet-scaling and
reasonable strong-scaling and is ready for its final stage of development for large-domain LES:
higher efficiency particle transport across distributed memory.

Equally important as the computational performance is that Cleo flexibly models warm-
cloud microphysics. In up to 3-D simulations Cleo can represent all the principal microphysical
processes driving warm-clouds; and Cleo’s design enables users to easily compile an arbitrary
number and combination of different processes and data outputs, as well as different options
for uncertain details of microphysics, e. g. terminal velocity parametrisations and collision ker-
nels. We offer two ways to model droplet collisions: the canonical SDM algorithm and an exten-
ded version which includes our novel representation of collisional breakup. Cleo is therefore a
fully-fledged SDM, whose flexibility facilitates detailed study of warm-cloud microphysics.

We apply Cleo to constrain uncertainty in precipitation relevant to shallow cumulus or-
ganisation. First, we examine the sensitivity of precipitation in the Kinematic Driver (KiD)
framework to particular modelling choices in SDM. We find less sensitivity to the choices of
superdroplet initialisation, collision efficiencies, and the number of superdroplets than previ-
ous studies supposed. Second, we constrain the amount of and controls on sub-cloud rain
evaporation from shallow cumuli. In agreement with previous studies, microphysics rather
the thermodynamic environment predominantly determines such rain evaporation. Further-
more, droplet collisions have a negligible impact on rain evaporation whereas the ventilation
effect can increase it by up to a factor of 10. Both studies advance warm-cloud precipitation
modelling and encourage using Cleo to better understand shallow cumulus organisation.

This dissertation constitutes substantial progress for modelling warm-clouds through the
development and application of a novel high-performance SDM. It opens the door to decipher-
ing the role of microphysics in shallow cumulus organisation from a fundamentally different,
process-based perspective. Beyond warm-clouds, Cleo’s design makes it easily extendable to
other particle-based components of our climate system, to clouds on exoplanets, and to help
bridge the gap between field observations and cloud microphysics modelling.
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Z U S A M M E N FA S S U N G

Eulerian Bulk- und Bin-Modelle für die Wolkenmikrophysik behindern unser Verständnis war-
mer tropischer Wolken in gewisser Weise ein, die mit der Super-Droplet-Methode (SDM) über-
wunden werden kann. Unsicherheiten in Bezug auf die Mikrophysik in globalen Modellen
und Large-Eddy-Simulationen (LES) sowie Abweichungen von Beobachtungen beeinträchtigen
Niederschlagsmuster, Extreme, Strahlungsbilanzen und Wolkenrückkopplungen. Sie entstehen
nicht nur aus unzureichendem Wissen über Wolkenmikrophysik, sondern auch aus Modellie-
rungsentscheidungen, die Bulk- und Bin-Modelle treffen, um Hydrometeore und mikrophy-
sikalische Prozesse darzustellen. SDM, die grundlegender ist und eine Lagrange-Perspektive
einnimmt, bietet viele Vorteile, darunter die Eliminierung dieser Modellierungsentscheidun-
gen und die Erleichterung der Erforschung von Wissenslücken. Die Rechenkosten aktueller
SDM-Implementierungen schließen jedoch ihre Anwendung auf ausreichend große Domänen
aus, um die mikrophysikalisch vermittelte Kopplung zwischen der Organisation flacher Cu-
muluswolken und Niederschlägen aufzuklären.

Wir entwickeln Cleo, eine neuartige C++-SDM-Implementierung für Hochleistungscompu-
ter, mit dem Ziel, die Berechnung größerer Domänen mit SDM rechnerisch zu ermöglichen.
Cleos Speicherlayout ist darauf ausgelegt, Speicherzuweisungen zu minimieren und Zugriffs-
muster zu optimieren. Wir verwenden Kokkos-Parallelität (gemeinsamer Speicher) und Messa-
ge Passing Interface-Parallelität (verteilter Speicher) und koppeln an fluid-dynamische Treiber
über Yet Another Coupler (YAC), was völlige Unabhängigkeit von deren Gittern und Domä-
nenzerlegungen ermöglicht. Somit ermöglicht Cleo effiziente Ressourcenzuweisung sowie Por-
tabilität über verschiedene Hochleistungscomputerarchitekturen hinweg. Cleo zeigt eine idea-
le Superdroplet-Skalierung, eine angemessene Strong-Skalierung und ist bereit für die letzte
Entwicklungsphase für LES mit großen Domänen: einen effizienteren Partikeltransport über
verteilten Speicher.

Genauso wichtig wie die Rechenleistung ist, dass Cleo die Mikrophysik von Warmwolken
flexibel modelliert. In bis zu 3D-Simulationen kann Cleo alle wichtigen mikrophysikalischen
Prozesse darstellen, die Warmwolken antreiben; und Cleos Design ermöglicht es Benutzern,
auf einfache Weise eine beliebige Anzahl und Kombination verschiedener Prozesse und Da-
tenausgaben sowie verschiedene Optionen für ungewisse Details der Mikrophysik, z. B. Pa-
rametrisierungen der Endgeschwindigkeit und Kollisionskernel, zusammenzustellen. Wir bie-
ten zwei Möglichkeiten zur Modellierung von Tröpfchenkollisionen: den kanonischen SDM-
Algorithmus und eine erweiterte Version, die unsere neuartige Darstellung des kollisionsbe-
dingten Aufbrechens einschließt. Cleo ist somit eine vollwertige SDM, deren Flexibilität detail-
lierte Studien zur Mikrophysik von Warmwolken erleichtert.

Wir wenden Cleo an, um die Unsicherheit bei Niederschlägen zu begrenzen, die für die Or-
ganisation flacher Cumuluswolken relevant sind. Erstens untersuchen wir die Empfindlichkeit
des Niederschlags im Kinematic-Driver (KiD)-Framework gegenüber bestimmten Modellie-
rungsentscheidungen in SDM. Wir stellen fest, dass die Empfindlichkeit gegenüber den Ent-
scheidungen zur Initialisierung von Superdroplets, zur Kollisionseffizienz und zur Anzahl der
Superdroplets geringer ist als frühere Studien vermuten ließen. Zweitens begrenzen wir die
Menge und die Steuerungsfaktoren der Verdunstung von Regen unter flachen CumulusWol-
ken. In Übereinstimmung mit früheren Studien bestimmt eher die Mikrophysik als die
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thermodynamische Umgebung diese Regenverdunstung. Darüber hinaus haben Tröpfchenkol-
lisionen einen vernachlässigbaren Einfluss auf die Regenverdunstung, während der Ventilati-
onseffekt diese um bis zu zehnmal erhöhen kann. Beide Studien bringen die Modellierung von
Warmwolken-Niederschlägen voran und fördern die Verwendung von Cleo, um die Organisa-
tion flacher Cumuluswolken besser zu verstehen.

Diese Arbeit stellt einen maßgeblichen Fortschritt für die Modellierung von Warmwolken
durch die Entwicklung und Anwendung einer neuartigen Hochleistungs-SDM dar. Sie berei-
tet den Weg dafür, die Rolle der Mikrophysik in der Organisation flacher Cumuluswolken aus
einer grundlegend anderen, prozessbasierten Perspektive zu entschlüsseln. Über Warmwol-
ken hinaus lässt sich Cleos Design leicht ausweiten: auf andere partikelbasierte Komponenten
unseres Klimasystems; auf Wolken auf Exoplaneten; und um die Lücke zwischen Feldbeob-
achtungen und der Modellierung von Wolkenmikrophysik zu überbrücken.
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U N I F Y I N G E S S AY

A search for truth seems to me to be full of pitfalls. We all have
different understandings of what truth is ... I think a search for
understanding is much more serviceable to humankind, and is

a sufficiently ambitious goal of itself.

— Jocelyn Bell Burnell [30]

1





1
I N T R O D U C T I O N

Perhaps the next generation will be talking
about the dynamics of water systems.

— E. N. Lorenz [160]

1.1 the demand for a better model for cloud micro-
physics

Water is one of the most phenomenal substances on Earth. Looking at
the atmosphere alone, water naturally exists in three states of matter.
It can convert between any of those states directly or indirectly. Water
droplets and ice crystals suspended in the sky are just so right-sized
and numerous as to scatter all wavelengths of visible light equally
and appreciably, meaning clouds globally reflect nearly 30% of in-
coming solar radiation. Although water vapour rarely exceeds 3% of
the atmosphere’s composition, it is a potent greenhouse gas, respons-
ible for at least 50% of the increase in the global greenhouse effect.
The specific latent heat of vaporisation of water is an order of mag-
nitude greater than that of any other common gas in the atmosphere,
which makes water disproportionately powerful over convection, giv-
ing up enormous energy supplies where it condenses and taking it
away again where it evaporates. The result is that clouds and precipit-
ation are not at the mercy of the atmospheric dynamics, instead they
play a starring role shaping their own story. In some ways perhaps it
is no surprise that modelling water in the atmosphere remains one of
the greatest challenges of 21st Century climate modelling.

1.1.1 Emergent Problems Stemming from (Warm-)Cloud Microphysics

1.1.1.1 In Global Storm Resolving Models

The 2020s are ushering in a new age of climate modelling, the age of
Global Storm Resolving Models (GSRMs). Concomitant with the rapid
rise in computing power, GSRMs can now be run globally without
the need to parametrise convection and with grid-spacings less than
10 km [41, 74, 137, 210, 279, 280, 301, 309]. These scales are comparable
to those we make observations at, meaning we can use global models
and observations in unison more easily and transparently than ever
before [198, 229, 252]. Moreover we are now modelling at scales rel-
evant to society, making regional predictions of climate change glob-
ally [198]. From a modeller’s perspective, the power of GSRMs comes

3



4 introduction

from removing parametrisations and letting the fundamental equa-
tions that we understand model convection instead.

Replacing parametrised with explicitly resolved convection has im-
proved our representation and understanding of Earth’s climate. In
contrast to conventional Global Climate Models (GCMs) which have
struggled with convective parametrisations for decades, particularly
when it comes to capturing shallow clouds, precipitation extremes,
and a number of observed trends over The Tropics and Southern
Ocean [46, 49, 64, 219, 240, 253, 304], GSRMs more accurately simulate
many important features of the Earth’s atmosphere, including trop-
ical cyclones [124], Mesoscale Convective Systems (MCSs) [55], pre-
cipitation (across a wide range of measures) [41, 163, 260, 262, 305],
shallow cloud cover [41, 262], the structure of deep convection [41,
262], the diurnal cycle [41, 55, 190, 197, 225, 260, 262], tracer trans-
port [229], and the atmosphere’s kinetic energy spectra [41, 229, 262].
These improvements have in some cases been directly attributed to
the removal of convective parametrisations [e. g. 14, 129]. GSRMs have
also led to a much greater appreciation for the importance of inter-
actions between scales of convective systems, and especially the role
of the mesoscale in The Tropics (specifically meso-beta, 20 − 200 km,
[195]) [229, 252, 279], whose misrepresentation or omission in GCMs

for example falsely predicts cloud cover changes under global warm-
ing [297]. The evidence is unequivocal, removing quasi-empirical, un-
derdetermined parametrisations in favour of more fundamental equa-
tions is not just a matter of beauty, it is essential for better prediction
and understanding of the climate system.

Despite advances across a range of metrics, GSRMs still fail to cap-
ture many aspects of tropical convection. Tropical convection is in-
tensely important for the Earth’s climate, being responsible for much
of the Earth’s precipitation, redistribution of energy, and modes of
variability. However the infamous double Inter-Tropical Convergence
Zone bias pervades GCMs and GSRMs alike, although recent work has
rectified this to some extent in atmosphere-only simulations (Takas-
uka et al. [271], Segura, Bayley et al. 2025 [234]). Despite marked im-
provement compared to GCMs, GSRMs still suffer from the “too little,
too often” drizzle bias [41] and sometimes they simulate too much li-
quid water in too small clouds due to an overabundance of “popcorn-
like” convection [14, 41, 176]. Perhaps related, yet somewhat conflict-
ing, is the too rapid transition from shallow to deep convection in
GSRMs, which misses mid-level clouds [197, 277], as well as the dif-
ficulty GSRMs have transitioning from deep convection to MCSs [267],
which may have implications for the Madden-Julian Oscillation (MJO).
Whilst ever finer grid-spacing can improve the representation of The
Tropics to some extent [125, 164, 200, 262], there is certainly more at
play than just resolution.
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Many of the biases GSRMs have representing tropical clouds ap-
pear to be related to uncertainties in cloud microphysics. By remov-
ing parametrised convection, cloud microphysics and subgrid-scale
turbulence contain most of the remaining “tuning parameters” for
GSRMs. From this viewpoint, perhaps it is no surprise that micro-
physics is frequently adjusted to suit the characteristics of particu-
lar GSRMs to a particular purpose (e. g. the MJO [220, 268, 272], trop-
ical cirrus [66], the vertical atmospheric temperature profile [239],
...). The sensitivity of GSRMs to seemingly innocuous and/or arbit-
rary features of different microphysics models is however, extreme.
Simply changing between microphysics schemes can inadvertently
alter the speed of precipitation formation [265], which has repercus-
sions for the inversion height in the trades; precipitation efficiency;
and the Top-Of-Atmosphere energy budget, changing outgoing radi-
ation in some cases by several W m−2 [140, 185]. Setting aside the
numerous ways in which relatively small changes to ice microphys-
ics models can propagate into large differences between GSRMs, even
model parameters related to warm-rain can be highly consequential,
as shown for example by the sensitivity of tropical precipitation ex-
tremes [17]. It is also still not entirely clear how modifying warm-rain
affects shallow cloud biases in GSRMs, and how that could influence
the heat budget of the cloud layer as well as the larger-scale environ-
ment [186].

1.1.1.2 In Large Eddy Simulations

The deficiencies of Large Eddy Simulations (LES) in representing prin-
cipal features of clouds are indisputably linked to inadequate rep-
resentation of cloud microphysics. Just like their global cousins, LES

struggle to reproduce observed cloud-type transitions and spatial pat-
terns of clouds and precipitation. Moreover, for LES an extensive lit-
erature exists which ties these biases to problematic features of cloud
microphysics models. Excessive cloud-top entrainment depleting stra-
tocumulus has been attributed to a lack of cloud droplet sedimenta-
tion in microphysics schemes [3], and further errors affecting cloud
liquid water arise from schemes failing to represent supersaturation
[130], and/or their ability to create spurious supersaturations [256].
The inability of LES to match satellite observations has also been
shown to be a direct result of too rapid warm-rain formation [131].
Repeatedly throughout the literature, large macrophysical biases ana-
logous to these ones have been attributed to microphysics schemes
[e. g. 2, 93, 232, 289], or even specific details of them, for example
too much size-sorting or too fast raindrops [2, 39, 157, 172, 292, 300].
Even more clearly than GSRMs, LES are suffering from high sensitiv-
ity to seemingly innocuous and/or arbitrary features of their micro-
physics schemes. The attribution of discrepancies between LES and
observations to microphysics occurs even more frequently when ice
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microphysics is included [e. g. 62, 63, 174, 182, 290–292, 307]. These is-
sues have persisted for decades [84, 130, 182, 214], and were so severe
that Randall et al. [214] began their article with the line “clouds and
climate: a problem that refuses to die”. Over 20 years since then and
the problem is still very much alive.

GSRMs and LES are putting pressure on the need to better model
cloud microphysics so that we can capture the larger-scale proper-
ties of warm-clouds. In light of the new age of GSRMs and the ever-
growing body of evidence from LES, the problems emergent from
cloud microphysics have never felt more acute. In the following sec-
tion I therefore explore where these problems originate from, in order
to understand how an alternative model for cloud microphysics can
eliminate (or at least alleviate) many of the issues arising from con-
ventional cloud microphysics models. The alternative, fundamentally
different model is the Super-Droplet Method; also known as Super-
droplet Model (SDM).

The rest of this dissertation, and indeed much of the previous sec-
tion, focuses on warm-cloud microphysics and its role for tropical
shallow clouds, in particular trade-wind shallow cumuli. The reasons
for this focus will be elucidated in Section 1.3.1. Although I have omit-
ted them except where I thought it essential, at many points the role
of ice microphysics, deeper and/or extra-tropical convection could
equally well be discussed. Needless to say, the problems with and
emergent from conventional models for cloud microphysics, as well
as the capabilities of SDM, transcend warm tropical clouds.

1.1.2 The Fundamental Problems with (Warm-)Cloud Microphysics

1.1.2.1 The Root Cause

The principal equation which describes hydrometeors (liquid and
solid water particles in the atmosphere) is the kinetic microphysics
equation,

∂f

∂t
+ u · ∇f−

1

ρ

∂(ρVf)

∂z
=

(
∂f

∂t

)
diff

+

N∑
i

Pi, (1.1)

where f ≡ f(x, t, q) is the probability distribution that describes the
hydrometeor population as a function of the location in physical
space, x, time, t, and hydrometeor attributes, q (size, shape, density,
etc.); u is the advection velocity (i. e. wind); V ≡ V(x, t, q) is the hydro-
meteors’ fall speed; ρ ≡ ρ(x, t) is the air density;

(
∂f
∂t

)
diff is diffusion

of hydrometeors in physical space; and each Pi is a microphysical
process (condensation/evaporation, deposition, fragmentation, etc.)
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[182]. This equation looks remarkably similar to the Boltzmann equa-
tion,

∂f

∂t
+ u · ∇f+

F
m

· ∂f
∂u

=

(
∂f

∂t

)
coll

, (1.2)

where f ≡ f(x, t, v) is the probability distribution that describes a gas
particle population as a function of the location in physical space, x,
time, t, and particles’ velocity, v; u is the advection velocity; F ≡
F(x, t) is the net external force acted upon the particles; m is the
particles’ mass;

(
∂f
∂t

)
coll is collisions between particles; and ∂f

∂u ≡ ∇uf.
The only fundamental difference between Equation (1.1) and Equa-
tion (1.2) is that the distribution function in Equation (1.1), f(x, t, q),
is a function of hydrometeor attributes, whereas in Equation (1.2),
f(x, t, v) only depends on the gas particles’ velocity.

The Boltzmann equation describes individual gas particles in the
atmosphere but can be approximated for their bulk properties by the
Navier-Stokes equations. The Boltzmann equation well describes the
evolution of a population of gas particles, meaning it is the equival-
ent for gases in the atmosphere to the kinetic microphysics equation
for hydrometeors. Fortunately, rather than solve the Boltzmann equa-
tion, climate models only need to solve an approximation to it, the
Navier-Stokes equations (at least for pressures greater than O(1 Pa),
up-to about 500 km on Earth [182, 288]). The Navier-Stokes equations
describe the bulk properties of the fluid comprised of the gas particle
population; namely the fluid’s velocity, temperature, pressure and
density, and so rather than model each individual gas particle in the
atmosphere, we can more simply model their bulk statistics. Simil-
arly, if there was an equivalent approximation for the kinetic micro-
physics equation, we would no longer need to model hydrometeor
populations explicitly in climate models.

All the problems with cloud microphysics in climate models stem
from the fact that we do not (yet) know the Navier–Stokes-like equa-
tions for describing hydrometeors. The approximation of the Boltz-
mann equation to the Navier–Stokes equations can be derived in sev-
eral ways [138, 288], but key to any derivation is that the particle dis-
tribution is “stationary”, in other words, the same everywhere [31,
138, 288]. This is true for gas particles in the atmosphere, which
are well-described universally by the Maxwell-Boltzmann distribu-
tion. However, a universal distribution describing hydrometeors has
certainly not been found1 and therefore the assumption made to ap-

1 The immediate question raised here might be why is there no universal particle
distribution for hydrometeors? But perhaps a better question would be why does
the Maxwell-Boltzmann distribution universally describe gas particles in the atmo-
sphere? A universal distribution exists because the timescale for equilibration of gas
particles (through collisions) is much smaller than the timescales for the motion of in-
terest, and thus gas particles everywhere follow their equilibrium distribution. Why
the Maxwell-Boltzmann distribution is the equilibrium distribution of gas particles
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proximate the Boltzmann equation by the Navier–Stokes equations
is not valid for the kinetic microphysics equation [182]. Thus to ob-
tain the bulk behaviour of clouds we have to attempt to model the
entire hydrometeor population of the atmosphere. This is where the
challenge of cloud microphysics modelling begins.

The attempt to model every hydrometeor in the atmosphere intro-
duces both knowledge uncertainty and inherent model uncertainty
into our climate models. Knowledge uncertainty is epistemic uncer-
tainty. It can be defined as uncertainty due to a lack of understanding
of the hydrometeor population, which we could resolve with more
data. From Equation (1.1) we can see this in terms of poorly con-
strained yet important Pi or V , and/or insufficient understanding of
the relevant q for describing the hydrometeor population. Inherent
model uncertainty is uncertainty bound to the way we model cloud
microphysics, irrespective of gaps in our knowledge. Given Equation
(1.1), we may choose to solve for f by modelling individual particles,
discretising f into discrete bins of x and q, or modelling some number
of moments of f (integrals over q). No matter what we decide, we are
inevitably forced to make arbitrary modelling choices, and when the
solution of f is highly sensitive to these choices, our simulations suffer
from inherent model uncertainty. Regarding the problems emergent
from cloud microphysics discussed in Section 1.1.1, both types of un-
certainty are their source.

1.1.2.2 Knowledge Uncertainties

Substantial gaps remain in our understanding of cloud microphysics.
Whilst those related to ice microphysics are arguably more concern-
ing, with large uncertainties remaining in our understanding of both
ice properties and the microphysical processes that affect them [182],
nevertheless our knowledge of warm-cloud microphysics is also in-
sufficient. Some measurements are still poorly constrained regarding
Cloud Condensation Nuclei (CCN) and aerosol-cloud interactions [88,
147], but more serious knowledge gaps remain in our understand-
ing of turbulence-microphysics interactions, which puts conventional
models in a state of “dire need of improvement” [157]. Turbulent
mixing in warm-clouds, the entrainment of dry air, and the effect of
turbulence on droplet collisions and condensational growth are all rel-
atively poorly constrained processes which may have serious implica-
tions for warm-cloud development as well as precipitation formation
and efficiency [54, 84].

Arguably the largest uncertainties that persist in warm-cloud mi-
crophysics are related to droplet collisions and in particular colli-
sional breakup [182]. LES are known to be sensitive to their represent-

is another matter... one could derive this from the Hamiltonian or Lagrangian of the
particles, or from thinking very hard about Liouville’s theorem, or descending into
quantum mechanics... Maybe here just accept the beauty of nature.
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ation of droplet collisions and even models which ignore collisional
breakup have considerable differences quantifying the probabilities
with which collisions occur and then lead to droplet coalescence,
exacerbated by turbulence-microphysics uncertainty [54]. On top of
this, a lack of both measurements and theory describing the prob-
ability of collisional breakup and fragment size distributions make
breakup extremely challenging to model [182]. What few laboratory
measurements we do have show its importance for affecting Droplet
Size Distributions (DSDs) [161, 162, 167, 169, 270], corroborated by
Direct Numerical Simulations (DNSs) [29, 230], and changes to the
DSD in this way can have significant macrophysical repercussions by
affecting cloud organisation [178, 180, 203, 235, 236, 265], as will be
explained in Section 1.3.1.2. Scarce in-field observations also seem
to hint that breakup frequently occurs in heavy precipitation [275].
Thus large deficiencies in our understanding of collisions, and espe-
cially breakup, could be significant sources of uncertainty in climate
models.

1.1.2.3 Inherent Model Uncertainties

Since the 1950s, there have been two types of conventional models for
cloud microphysics. Bulk schemes, also known as moment schemes,
are the workhorse of modern day climate models. They divide hydro-
meteors into different categories (cloud water, rain water, ice, snow,
...) and predict an arbitrary number of moments of the size distribu-
tion for each category in each grid-box (cell) of the simulated domain.
In terms of Equation (1.1), they divide f into distinct categories with
pre-defined attributes except for size/mass (i. e. fixed density, shape
etc.) and then solve for integrals over the droplet size/mass distri-
bution (DSD) at discrete x. Bulk schemes are desirable for their low
computational cost and therefore they usually only predict the 1

st mo-
ment of the distribution, the total mass of each hydrometeor category;
but some schemes additionally predict the 0

th moment, the droplet
number, to be less prescriptive about the processes controlling it.
More recently people have also begun advocating for three-moment
schemes [173, 179], and arbitrary moment schemes [107]. (Spectral)
Bin schemes attempt to model the hydrometeor size distribution more
accurately than their bulk counterparts at the price of higher compu-
tational cost. They divide hydrometeors into a liquid and several ice
categories but rather than model moments, they model the evolution
of a discretised version of the DSD for each category. In other words,
rather than solve for integrals over size/mass, they solve f for many
predefined bins of it instead. Both bulk and bin schemes suffer from
many serious inherent model uncertainties [84, 182].

Bulk microphysics schemes introduce large uncertainty because
they make numerous arbitrary and ill-founded modelling choices to
represent hydrometeors. These choices are ubiquitous in the liquid
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phase and further exacerbated when the ice-phase is modelled too.
The first assumption, that hydrometeors can be divided into distinct
categories, is poorly defined because a significant amount of hydro-
meteors exist in the grey-zone between categories, and becomes prob-
lematic because the conversion between categories is unphysical and
creates artificial jumps in fall velocities [84, 157]. Choosing different
category definitions therefore has large macrophysical implications
[e. g. 93, 104, 106], and whilst reducing the number of hydrometeor
categories eliminates some of these issues, it introduces new ones by
creating more complicated parametrisations for microphysical pro-
cesses, with more free parameters [179]. Even given some choice for
hydrometeor categories, bulk schemes must then make assumptions
about how to relate moments to a specific DSD. However, an optimal
set of moments to decide the DSD does not exist and the chosen func-
tional form of the DSD is often inappropriate [109, 110, 188] (as of
course could already be foreseen by the fact there is no universal dis-
tribution for describing hydrometeors). As a consequence, not just
hydrometeor categories, but also loosely constrained parameters de-
fining the chosen DSDs are a source of large uncertainty in any partic-
ular bulk scheme [e. g. 65, 108, 111, 172, 292].

As well as through their representation of hydrometeors, bulk
schemes introduce uncertainty through their representation of micro-
physical processes. Whilst in reality the relation of the DSD to mi-
crophysical processes rates is highly non-linear and sensitive to the
right-hand tail of the DSD, this is frequently lost by bulk scheme para-
metrisations [90, 130], a problem exacerbated by the fact that radar
observations are also especially sensitive to this tail, as well as particle
shapes and composition which are even more crudely represented by
bulk schemes [187]. Whilst increasing moments gives more freedom
to the form of the DSD and this can help to represent its tail, it also
introduces new problems because the advection of different moments
is intrinsically inconsistent [182]. Furthermore, parametrisations are
typically so convoluted that sensitivity to different processes is unde-
cipherable [207]. This enables a “dilemma of growth” [87], whereby
the increasing complexity of the models jeopardises rather than ad-
vances understanding. For all these reasons it is very difficult to con-
strain parametrisations for microphysical processes in bulk schemes
directly from observations and therefore rates for supposedly the
same process can differ by orders of magnitude across schemes [130],
which contributes yet another source of inherent uncertainty in bulk
schemes. Finally, bulk schemes are often tuned to better represent par-
ticular meteorological conditions, but this is at unknown detriment
to other conditions and is not robust across schemes [72, 130, 188].
Hence in bulk schemes the representation of both hydrometeors and
microphysical processes are sources of inherent model uncertainty,
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from which most of the issues attributed to microphysics in Section
1.1.1 emerge.

Since bin schemes more explicitly represent hydrometeor size dis-
tributions, they do not suffer from the same sources of inherent un-
certainty as bulk schemes, however bin schemes are still profoundly
problematic. Bin schemes do not have to make assumptions about
the shape of the DSD and, for liquid clouds, they also do not suffer
from the artificial categorisation of hydrometeors, i. e. they do not dis-
tinguish between cloud and rain water. Naturally, this also allows
microphysical processes to be depicted more clearly. However, the
first source of inherent uncertainty arises from numerical diffusion
in bin schemes [84, 181, 254]. Numerical diffusion in physical space
enhances entrainment of dry air which dilutes cloud-edges unphys-
ically [79, 117, 171], and numerical diffusion in droplet-size space
creates unphysical DSD broadening which confounds efforts to under-
stand physical mechanisms for DSD broadening such as eddy-hoping
[84, 100]. Numerical diffusion appears to be unavoidable despite dec-
ades of work and it still significantly deteriorates the quality of bin
schemes in comparison with radar retrievals [145, 146].

Aside from numerical diffusion, the fundamental basis of bin
schemes causes uncertainty. The structure of bin schemes means they
suffer from the “curse of dimensionality” whereby, for a scheme with
N bins and d different attributes describing a hydrometeor type, the
computational cost increases by Nd. Beyond d ≈ 2 bin schemes be-
come computationally intractable, which restricts the representation
of hydrometeors to their DSDs. This leads to crude modelling assump-
tions, and hence uncertainty, in the roles of aerosols and chemistry
in warm-clouds, in spite of their accepted importance [84]. Perhaps
less well known is that bin schemes are also fundamentally limited
by the assumptions of the Smoluchowski equation used to describe
droplet collisions [84, 182]. This is a mean-field equation and there-
fore assumes that the locations of differently sized droplets are uncor-
related [73], however this is only variably true [56, 182], and prevents
bin schemes from modelling “lucky drops” which grow exception-
ally rapidly through more frequent than average collisions and which
may be crucial for precipitation onset [56, 135, 182, 273]. Thus uncer-
tainty in warm-clouds also arises from the representation of droplet
collisions in bin schemes. Finally, whilst microphysical process para-
metrisations in bin schemes are clearer than bulk schemes, they are by
no means transparent [130], again confounding attempts to constrain
parametrisations with direct comparison to observations. There was
originally the expectation that bin schemes could be used as the nu-
merical benchmark by which we could evaluate the fidelity of bulk
schemes, but as a result of all these inherent uncertainties, there is as
much disagreement amongst them as there is amongst bulk schemes
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[94, 103, 289]. An alternative, fundamentally different approach to
cloud microphysics is required.

1.2 the advent of superdroplet method microphysics

1.2.1 The Benefits of SDM

1.2.1.1 A Lagrangian Particle Model

Lagrangian models for cloud microphysics eliminate or diminish
many of the problematic features of conventional microphysics mod-
els and thus also their associated uncertainties. Bulk and bin cloud
microphysics schemes are Eulerian, meaning they model the prop-
erties of the hydrometeor population, f in Equation (1.1) (or more
simply the DSD), at fixed locations in space. In contrast Lagrangian mi-
crophysics schemes model the properties of the hydrometeors along
their trajectories through space, meaning f at any location is dia-
gnosed from the modelled hydrometeors afterwards. Many of the
benefits of Lagrangian models arise from this fundamental difference
in perspective. Whereas in bulk or bin models solving for f directly
requires that the particle population is a priori defined by certain x

and q, in Lagrangian models f is emergent from the particles and
therefore there is no need for such definitions; every hydrometeor
can have any x or q. Lagrangian models therefore eliminate all uncer-
tainties arising from defining hydrometeor categories and assuming
a functional form for the DSD, and furthermore they are intrinsically
non-diffusive [84, 182].

Arguably the greatest strength of Lagrangian microphysics how-
ever, is their more fundamental representation of the underlying mi-
crophysics. Unlike bin and bulk schemes, which must parametrise
how f (or the DSD) evolves as a result of microphysical processes, Lag-
rangian models represent the microphysical processes acting on each
hydrometeor explicitly, replacing arbitrary model parameters with
solving the fundamental equations which we believe govern hydro-
meteor motion, growth, and decline. The parallels with GSRMs are
immediate. In the same way GSRMs improved our representation and
understanding of Earth’s climate by removing quasi-empirical, under-
determined parametrisations in favour of fundamental equations, so
too can Lagrangian models for cloud microphysics.

1.2.1.2 The Collision-Coalescence Algorithm

The crippling stumbling block for Lagrangian cloud microphysics
was how to model collision-coalescence, until the late 2000s. Collision-
coalescence is the process in which two droplets collide and sub-
sequently merge together. The first Lagrangian cloud microphysics
models where already being developed in the 1940s [102], and already
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their numerous advantages compared to conventional models were
being highlighted in the 1970s [47, 141]. However, by the early 2000s
Lagrangian models were still struggling to represent collision-coales-
cence [113, 246], until a series of coincidental breakthroughs occurred
demonstrating Lagrangian cloud microphysics with collision-coales-
cence in LES [9, 10, 215, 241, 249].

Of all the collision-coalescence algorithms, the one in SDM, intro-
duced by Shima et al. [241], stands out for its advantageous proper-
ties of stochasticity, convergence, and computational tractability. In
SDM, superdroplets are simulated particles which represent the en-
tire real droplet population. Superdroplets have the same attributes
as real droplets as well as an extra one, the multiplicity, which in-
dicates how many real droplets each superdroplet represents. They
are governed by the same fundamental equations as real droplets,
except for collisions which are enacted stochastically with a Monte-
Carlo scheme. This makes SDM a particle-in-cell (or grid-box) method
rather than a purely particle method. By construction, the expected
number of collisions represented by two superdroplets is equal to the
expected number of real droplet collisions, but the variance is greater
by a factor proportional to the higher multiplicity superdroplet [241].

Since the collision algorithm is stochastic and makes no mean-field
approximation, it works even in the limit of small volumes where
the Smoluchowski equation breaks down, and it can represent lucky
drops [56]. On top of this the convergence property of SDM is partic-
ularly insightful. Since the modelled variance in collisions is the real
variance scaled by the superdroplet multiplicities, as the superdroplet
multiplicities decrease, i. e. the number of superdroplets increases, the
collisions of superdroplets tend towards the real droplet description.
SDM converges faster in this sense than any other Lagrangian mi-
crophysics scheme [177, 286, 287]. Furthermore, combined with the
convergence of collision-coalescence, as the number of superdroplets
increases, the “resolution” with which the real droplet population
is sampled by superdroplets also increases, and therefore SDM con-
verges towards what would be expected from a particle-by-particle
DNS [182]. Such an appealing construction is in stark contrast to bin
schemes and makes SDM a promising tool for a numerical benchmark
for cloud microphysics [84, 94, 182]. The final appealing features of
the SDM collision-coalescence algorithm are that it linearly samples
superdroplets and conserves simulated-particle number. These have
positive implications for the computational tractability of SDM.

1.2.1.3 Computational Aspects of SDM

SDM is well-suited to high-performance computers. Each superdroplet
is independent of the others for all processes except collision-coales-
cence and collision-coalescence works well under linear-sampling,
[177, 287], that is, at each time-step SDM enacts collisions between
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randomly-generated pairs of superdroplets in a given volume rather
than considering every possible pair of superdroplets. Thus all micro-
physical processes are trivially parallelisable and hence efficient on
computers with a lot of parallel processing. Additionally, the conser-
vation of simulated-particle number during collisions is beneficial for
load balancing (the even distribution of tasks across computer pro-
cessors) and memory organisation. Overall this means SDM performs
well on high-performance computers, especially those with Graphics
Processing Units (GPUs) [11, 19, 57, 58, 152, 165]. Based on various
studies investigating SDM’s convergence, it is assumed that O(100) su-
perdroplets per grid-box is sufficient to capture the mean properties
of clouds [177, 286, 287]. Comparing this with the best performing
superdroplet simulations to-date, LES using SDM can be run as fast as
a two-moment (bulk) scheme, albeit with considerably more compu-
tations and a larger memory footprint [165].

SDM is also well-suited to trends in High-Performance Comput-
ing (HPC). SDM scales linearly in cost both with increasing number
of superdroplets and increasing number of hydrometeor attributes
(dimensions of q), in stark contrast to bin schemes which scale quad-
ratically with increasing number of bins and intractably with increas-
ing attributes [84, 241] (Sec. 1.1.2.3). In light of the fact that pressures
on HPC are pushing advances in memory bandwidth and exascale
systems with GPUs, looking ahead SDM looks very capable of harness-
ing the power of future computer architectures, to run more detailed
simulations with increased numbers of superdroplets or hydromet-
eor attributes, or perhaps to even one day replace bulk schemes as
the workhorse of climate models.

1.2.2 Practical Successes of SDM So Far

The theoretical advantages of SDM compared to conventional models
for microphysics have already been made apparent in process-level
understanding. Due to the explicit representation of condensation
and the ability to include aerosol attributes easily, the role of CCN

in aerosol-cloud interactions has been closely examined, for example
to investigate how effectively giant CCN and lucky drops can trigger
precipitation [150, 154, 202], the impact of marine cloud brightening
[97], droplet activation and aerosol processing [13, 83, 85, 98, 194]
— including the eradication of spurious supersaturations [10, 12, 96,
181]. Also due to the ease with which additional attributes can be
modelled, isotopes, chemistry and ice properties have all been incor-
porated into SDM [36, 119, 168, 238, 242, 249, 303].

By eliminating numerical diffusion, SDM has been used to make
marked progress on a wide range of topics related to entrainment
and mixing [1, 42, 82, 84, 96, 100, 155, 156], droplet sedimentation
and recirculation [42, 188, 308], and turbulence-microphysics inter-



1.2 the advent of superdroplet method microphysics 15

actions [43, 86, 139, 148, 149, 151, 191]. To name just one example,
Chandrakar et al. [43] were able to shed light on the “rain formation
bottleneck” in a precipitating cumulus congestus. They showed the
effect of turbulence on collision-coalescence explains the evolution of
observed DSDs with height, and that neither giant-CCN nor supera-
diabatic droplet growth can explain the observations. Not only that,
but precipitation onset can be 30 min sooner and its intensity over 7

times greater when accounting for turbulence in collision-coalescence,
which naturally raises further questions about the repercussions had
from neglecting such effects in conventional microphysics models. In
this study as well as the others mentioned above, SDM has facilitated
progress not just by reducing inherent model uncertainty, but also by
making it easier to address knowledge gaps.

LES have also demonstrated the effectiveness of SDM for simulating
various meteorological conditions. SDMs including ice microphysics
have been productive, for example resolving large uncertainties re-
lated to contrail lifetimes [126]. Of particular relevance for this dis-
sertation though, is the use of SDM to model shallow clouds. The
numerous advantages of SDM, particularly with regard to numerical
diffusion and CCN, have improved the representation of stratocumu-
lus [8, 308], and enabled detailed studies of their closed to open cell
transitions [45]. Better quality simulations of Pi Cloud Chamber ex-
periments and of observations of non-precipitating shallow cumuli
from the Rain In Cumulus over the Ocean (RICO) campaign have also
been reported [77, 81]. Several other studies have also exploited SDM

to study shallow cumulus with a common focus on how different mi-
crophysical processes (and resolution) can effect the timing of precip-
itation formation [12, 99, 187, 191, 227, 228], as also seen for cumulus
congestus above. These studies frequently point out how removing
numerical diffusion, avoiding assumptions on the DSD, and explicitly
resolving microphysical processes have benefitted their simulations,
in contrast to using bulk or bin schemes.

1.2.3 Potential Drawbacks of SDM

Despite the theoretical advantages and many successful applications
of SDM to date, SDM comes with some of its own challenges. Despite
eliminating many of the sources of inherent model uncertainty, SDM

may not eradicate all inherent model uncertainty because it neces-
sarily has to make some modelling choices of its own. SDM shows
some sensitivity to the number of superdroplets per grid-box and the
method chosen to initialise superdroplets [94, 177, 286, 287, 311], but
the extent to which models using SDM suffer from inherent model
uncertainty is not yet clear. Cautious modellers may also be alarmed
by using a microphysics scheme in its relative infancy in contrast to
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conventional bulk and bin schemes which have decades of expertise
supporting them.

Most challenging of all however, is the computational expense of
existing SDMs. Whilst bulk schemes have many flaws, their low cost
allows them to be used in numerical weather prediction daily all
across the world and, at the other end of the spectrum, they are feas-
ible in global climate simulations O(100 yr). With careful tuning they
are therefore able to fulfil many important services which SDM is
currently far too expensive for. SDM necessarily has a much higher
memory footprint than bulk schemes because the data stored per
grid-box in SDM is much greater than the one or two values in a bulk
scheme. Also in comparison to bulk schemes, the downside of having
a much greater fidelity to fundamental microphysics is that calcula-
tions in SDMs are generally more complex. Therefore, even though we
can exploit SDM’s trivial parallelisability on high-performance com-
puters to make it as fast as bulk schemes, it still requires more com-
pute. Furthermore, being a Lagrangian model SDM brings with it the
challenges related to particle transport. Well-established methods for
high computational performance achieve load balancing by relying
on the workload of each computer processor staying relatively stable
for a whole simulation. Conventional Eulerian models are therefore
suitable for these methods whereas Lagrangian models, whose work-
load depends on the varying activity and number of particles, are not.
Similarly, standard methods for communication between computer
processors are not appropriate for transporting Lagrangian particles.
Therefore methods which are less well-established and less straight-
forward are required to achieve load balancing and fast communica-
tion in SDM. Notwithstanding the fact SDM is well-suited to HPC and
its current trends, existing implementations of SDM are nevertheless
expensive and achieving high performance is challenging.

1.3 the requirement for a new sdm

1.3.1 Understanding the Organisation of Tropical Shallow Cumuli

Given the growing evidence for the theoretical benefits and practical
uses of SDM, we decided to tackle the computational challenges of
SDM so we could use it to study tropical shallow cumulus organ-
isation. At the beginning of my PhD, not only were GSRMs starting
to show the importance of the mesoscale, but also a wealth of stud-
ies were coming to fruition from ElUcidating the RolE of Clouds-
Circulation Coupling in ClimAte (EUREC4A), the field campaign in
the trade-wind region two years prior [35, 263]. In particular they
realised the importance of shallow cumulus clouds’ coupling to shal-
low mesoscale circulations [70, 71], and re-emphasised that shallow
cumuli tended to organise into different mesoscale patterns [53, 116,
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261], with different convective characteristics [33, 183, 211, 212, 231,
296]. Thus the importance of mesoscale tropical shallow cumulus or-
ganisation started to become apparent. At the same time, multiple
lines of evidence pointed towards the role of warm-cloud microphys-
ics for determining this organisation, and LES were conducted which
displayed notable shortfalls when representing them and their precip-
itation [232, 294, 295, 299]. For example, compared to radar observa-
tions from EUREC4A, LES show too frequent light precipitation, an in-
ability to capture heavy precipitation, and the “sugar” cloud pattern
with too large cloud-base cloudiness [231]. We therefore sought to use
SDM for warm-cloud microphysics to improve the representation of
the organisation and precipitation of tropical shallow cumuli in LES;
or at the very least better constrain the uncertainties in them which
arise from microphysics. As will be explained in the next Chapter,
that necessarily led us to create a new computational implementation
of SDM; but first let us explore our motivation in more detail.

1.3.1.1 The Importance of Tropical Shallow Cumulus Organisation

The Earth’s energy budget is highly sensitive to changes in tropical
shallow cumulus cloud-cover and this may be influenced by their
mesoscale organisation. One of the major breakthroughs from EUREC4A

was the realisation that mesoscale dynamics are absolutely critical for
controlling cumulus cloud-cover [33, 296, 297]. Whilst this result dis-
credited the possibility of large climate sensitivity stemming from an
implausible feedback mechanism between tropical cumuli and tro-
pospheric warming [the mixing-desiccation mechanism, 293, 297], it
may still be possible for global warming to result in the expression
of different mesoscale cloud patterns. Whether or not concomitant
changes in cloud-cover would then have implications for Earth’s cli-
mate sensitivity is an open discussion. On the one hand, net cloud
radiative effects appear to be a linear function of organisation [33],
and therefore changes to the abundance of different forms of organ-
isation could affect climate sensitivity [166]. On the other hand, a
new theoretical framework for understanding mesoscale circulations
shows that any changes to the short-wave cloud radiative effect as
a result of mesoscale organisation is almost exactly offset by asso-
ciated changes to the outgoing long-wave radiation from cloud-free
regions [114]. Overall, although tropical shallow cumuli have a large
impact on the Earth’s energy budget, the effect of their organisation
on radiation remains a subject for debate, and therefore so too does
the impact of potential changes to their organisation under global
warming. Recent observations show shallow cumulus organisation
has changed since the 1970s [59], and so the need has intensified to
clarify what controls the expression of different mesoscale patterns
and the influence of their changes on Earth’s energy budget.
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Shallow cumulus organisation is clearly important for precipitation.
Shallow clouds overall are responsible for over 70% of the precipita-
tion in The Tropics [143], and 30% worldwide. Although total trop-
ical precipitation is constrained by the Earth’s energy balance, the
pathway to precipitation and precipitation patterns vary strongly de-
pending on how shallow cumuli organise [211, 231]. Clouds which
cluster tend to produce larger amounts of precipitation [294], with
higher organisation sometimes increasing precipitation intensity by
an order of magnitude [114]. Shallow cloud organisation is also the
preamble for deeper convection with stronger precipitation. There-
fore, regardless of whether or not (changing) organisation matters for
Earth’s radiation budget, it is crucial for the spatial and temporal pat-
terns of tropical precipitation. Moreover shallow cloud organisation
is not only influential for warm-cloud microphysics, but also strongly
dependent on it.

1.3.1.2 The Role of Microphysics

Observations seem to link precipitation from shallow cumulus to the
formation of cold pools and their mesoscale organisation. Precipitat-
ing tropical shallow cumuli are ubiquitous and significant, with about
one third of precipitation rates exceeding 1 mm h−1 [193], and rain is
expected to evaporate efficiently because large-scale subsidence main-
tains a relatively dry boundary layer. Other observations show cold
pools are also abundant [298], nearly always associated with previous
precipitation [312], and are often associated with different mesoscale
cloud patterns [298]. Like precipitation and cold pools, such patterns
are also a trademark feature of shallow cumuli [e. g. 261]. Further-
more different cold pool characteristics, such as their frequency and
cooling strength, covary with different patterns [298]. All this sug-
gests rain evaporation-induced cold pools are in some way related to
mesoscale shallow cumulus organisation.

Observational evidence is supported by LES which show rain evap-
oration is a primary driver of mesoscale cloud organisation. As rain
falls through subsaturated air some of it evaporates. This evapora-
tion moistens and cools locally, but more importantly triggers strong
downdraughts which spread out as density currents when they reach
the surface, forming cold pools [e. g. 120, 199, 236, 250]. All in all,
rain evaporation induced cold pools stabilise the atmosphere and
de-homogenise surface temperature and moisture fields, with cool-
ing and drying in their centres suppressing clouds, “cloud-holes”,
contrasted by moisture accumulation at their edges creating “cloud-
arcs“. How and if cloud-holes and cloud-arcs then transition to dif-
ferent mesoscale cloud patterns like those observed during EUREC4A

is poorly understood. It certainly depends upon large-scale environ-
mental conditions such as near-surface wind speed and lower-tropo-
spheric stability [33, 231], as well as shallow mesoscale circulations,
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possibly related to the spontaneous self-aggregation of moisture which
is intrinsic to shallow cumulus fields before they precipitate [115].
Nevertheless, LES identify cold pools triggered by rain evaporation as
the dominant feedback controlling mesoscale shallow cloud patterns
[e. g. 7, 235, 299]: when clouds precipitate rain evaporates, this affects
how the next generation of clouds organise and this in turn affects
how they will precipitate. As a result, precipitation is not just con-
trolled by shallow cumulus organisation, but also plays an active role
in shaping it.

Due to the role of precipitation, LES of shallow cumulus organ-
isation shows high sensitivity to warm-cloud microphysics. Chan-
ging the microphysics scheme can directly affect the strength of rain
evaporation and consequently cold pool characteristics and meso-
scale cloud organisation [5–7, 128, 153, 213, 235]. Furthermore, many
parallels can be drawn between cold pools from shallow cumuli and
convective outflows from tropical deep convection [235, 312], and so
known sensitivity to microphysics in deep convection is probably re-
latable to shallow cumuli2 [178, 180, 203]. A particularly prominent
case surrounds the sensitivity of both shallow and deep convection
to the uncertainty regarding collisional breakup, where LES indicate
that by changing DSDs, breakup might affect rain evaporation appre-
ciably enough to alter cold pool strength [178, 180, 203, 235, 236, 265].
Aside from changes to rain evaporation, alterations to microphysics
can also impact cloud radiative effects, which has repercussions for
the timing of different cloud patterns with respect to the diurnal cycle
and thus subsequent effects on the degree of organisation [183].

1.3.2 A SDM for Tropical Shallow Cumulus Organisation

The importance of shallow cloud organisation and its high sensit-
ivity to warm-cloud microphysics motivates using SDM to model it.
Many of the knowledge and inherent model uncertainties discussed
in Section 1.1.2 directly relate to rain evaporation and/or precipita-
tion timing and therefore could translate into uncertainties in cloud
organisation. As explained in Section 1.2.1, SDM eliminates many of
these inherent model uncertainties and can be used to more easily ex-
plore knowledge gaps. Furthermore we saw in Section 1.2.2 evidence
that this is already being benefitted from to resolve uncertainties in
tropical shallow clouds. Thus it seems likely that SDM could elimin-
ate or diminish many of the sources of uncertainty in microphysics
which hinders the development of understanding of shallow cumulus
organisation.

2 You could also flip this argument and see understanding the role of microphysics
in shallow cumulus organisation as a simple test-bed for theories of deep tropical
convection [235].
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At the same time, substantial biases in shallow cumulus organisa-
tion and precipitation exist in mesoscale-domain LES as well as GSRMs.
At the start of this chapter, we saw many examples in which the poor
representation of precipitation in both GSRMs and LES can be attrib-
uted to the problematic features of conventional models for warm-
cloud microphysics, and that large changes in precipitation can be
induced by changing microphysics schemes in small domain LES and
GSRMs [e. g. 17, 93, 140, 185, 220, 268, 272, 289]. Given the interdepend-
ence of precipitation and shallow cumulus organisation, it is therefore
possible that some of the errors in not just precipitation but also or-
ganisation could be rectified by a different, also more adequate, de-
scription of warm-cloud microphysics. Here SDM seems like a prom-
ising candidate, not only to understand if and how uncertainties in
microphysics impact shallow cumulus organisation, but also to re-
duce biases in precipitation and organisation in mesoscale-domain
LES and GSRMs compared to observations.

In light of the above, we desire a SDM for warm-cloud microphysics
capable of being used to study not just shallow cumulus precipita-
tion but also shallow cumulus organisation. In the following chapter,
I summarise why we therefore needed a novel computational imple-
mentation of SDM and describe the one we created, including its per-
formance and warm-cloud microphysics. Having created this SDM, I
explain in Chapter 3 how we used it in two different ways to constrain
uncertainties in microphysics which relate to shallow cumuli organ-
isation and precipitation. First, we ran a SDM comparison to evaluate
the robustness of precipitation modelled by SDM against its potential
sources of inherent model uncertainties. Having found the amount of
precipitation to be fairly insensitive to SDM model parameters, in the
second study we combined the model with EUREC4A observations and
better constrained the amount of, and controls on rain evaporation in
the sub-cloud layer of shallow cumuli. We conclude in Chapter 4 re-
flecting on the progress the work in this dissertation has made and
what possibilities it has opened up for the future.
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A N E W S U P E R D R O P L E T M O D E L C A L L E D C L E O

There, peeping among the cloud-wrack
above a dark tor high up in the mountains,

Sam saw a white star twinkle for a while.

— J. R. R. Tolkien [278]

2.1 creating a sdm for large domain simulations

The computational cost of existing SDMs limits them to domains too
small to resolve shallow cumulus organisation. As discussed in Sec-
tion 1.3.2, we seek to use SDM as the microphysics scheme in meso-
scale domain LES of tropical shallow cumulus organisation. How-
ever their current costs in terms of both memory and time have
prevented them exceeding domains O(10 km), far smaller than the
20 − 200 km domains required to capture mesoscale organisation [165,
228]. A pioneering SDM simulation was run in a mesoscale domain
(144 km × 144 km × 4 km), but this was at such large computational
expense that it limits the repeatability of such experiments and is
already beyond the practical limit for most research (T. Yanase, per-
sonal communication, Nov 4, 2025). To use SDM for investigating the
role of microphysics in tropical shallow cumulus organisation, we
need it to be more computationally feasible in such large simulations.
Hence we created a new SDM which is specifically suited for model-
ling warm-clouds on exascale (i. e. extremely high-performance) com-
puters. Our novel SDM implementation is called Cleo, named as a trib-
ute to the anonymous mathematician as well as Cleopatra VII Thea
Philopator. This chapter is a summary of the two model description
papers, Bayley et al. [22] and Bayley et al. [23], which we currently
have under review at Geoscientific Model Development and are found
in Appendix A and Appendix B.

To make Cleo fit for purpose for studying warm-clouds in domains
large enough to resolve mesoscale shallow cumulus organisation, we
created Cleo with three characteristic features: its memory layout,
resource allocation, and flexibility. From previous work optimising
SDM we identified that the largest barriers to a high-performance
were the memory footprint of SDM and the cost of compute and of
particle transport (Sec. 1.2.3) [11, 19, 57, 58, 165]. We therefore de-
signed a memory layout which optimises memory allocation and ac-
cess patterns, and we designed Cleo’s resource allocation to be ef-
ficient, meaning Cleo could harness compute from both GPUs and
Central Processing Units (CPUs) across a range of different computer

21
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architectures, and with the freedom to adjust load balancing. As well
as these computational characteristics we wanted Cleo to facilitate mi-
crophysical process understanding and so we built Cleo with an ex-
traordinary degree of flexibility. We achieved this primarily by taking
the principles of monoids from mathematics and creating a compu-
tational analogy. Our monoids enable adaptive time-stepping, avoid
conditional code branching, and make microphysics and data output
highly configurable. Additionally, we built flexibility into the model
where we saw the major knowledge gaps as discussed in Section
1.1.2.2, for example making it possible to change the effect of tur-
bulence, and collisional breakup. The following section describes all
these features of Cleo in more detail. Section 2.3 thereafter summar-
ises their evaluation in terms of Cleo’s computational and microphys-
ics performance.

2.2 model design

2.2.1 Memory Layout

2.2.1.1 Superdroplets and Grid-Boxes

0 1 NGBxs-22 NGBxs-1GBx-Index =

SD-GBx-Index = 0 0 0 0 i j k

Figure 2.1: Schematic of the Array of Structures (AoS) memory layout of
grid-boxes and superdroplets. The colours indicate the sub-
components of the structure defining a single grid-box and su-
perdroplet. For illustration here the first four superdroplets are
associated with the first grid-box, indicated by GBx-Index = 0
matching their SD-GBx-Indexes (also coloured magenta). This fig-
ure is reproduced from Bayley et al. [22] (App. A Sec. A.3).

The memory layout of both grid-boxes and superdroplets in Cleo
targets both efficient memory allocation and access patterns. The en-
tire simulated domain is divided into sub-domains distributed across
MPI processes (Message Passing Interface (MPI); see Sec. 2.2.2.2) and
each sub-domain is composed of grid-boxes, which contain for ex-
ample thermodynamic variables, and, separately, superdroplets. We
chose to arrange both superdroplets and grid-boxes in an AoS layout,
i. e. the grid-box/superdroplet structures are stored sequentially in a
single array (Fig. 2.1). By choosing to store both superdroplets and
grid-boxes in single contiguous memory allocations we reduce the
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overhead from buffer memory compared to scattered data, and by
storing superdroplets separately to grid-boxes we minimise the fre-
quency and size of memory de-/re-allocations when superdroplets
move around the domain. Additionally the superdroplets’ array is
ordered by the grid-box each superdroplet is associated with, such
that superdroplets associated with the same grid-box are stored in a
contiguous chunk of memory. This ordering makes access patterns ef-
ficient when performing loops over superdroplets, for example when
enacting microphysical processes and superdroplet motion, because
both grid-boxes and superdroplets are accessed sequentially, thereby
minimising cache misses1. Cache misses are also avoided during the
SDM collision algorithm because with this layout superdroplets which
are allowed to interact are close to each other in memory.

Although Cleo’s memory allocations and access patterns have sev-
eral advantages, using an ordered AoS memory layout for superdrop-
lets comes with a price. During superdroplet motion superdroplet ar-
rays become unordered and to rectify this a costly sorting algorithm
must be applied. Furthermore, operations that act on a single su-
perdroplet attribute can be inefficient because, in contrast with a
Structure of Arrays (SoA) layout, Single Instruction, Multiple Data par-
allel processing is difficult to apply. Also cache misses for any calcula-
tion increase as the number of superdroplet attributes not involved in
the calculation increases. This makes complicated superdroplets with
many attributes less desirable. More comprehensive benchmarking is
needed to confirm whether the benefits of the AoS layout outweigh
the costs compared to the SoA layout and in reality some degree of
compromise between the two (formed from an Array of Structures
of Arrays) would be the better than either extreme. Nevertheless, the
choices we made for Cleo’s memory layout are consistent with in-
creasing attention in HPC given to memory bandwidth optimisations
and they are sensible for simulations involving many superdroplets
with few attributes, exactly as we require for simulations of mesoscale
shallow cumulus organisation.

2.2.1.2 Data Output

As well as during simulations, Cleo is designed to save memory in
its data output. Data written to non-volatile memory is stored accord-
ing to the Zarr storage specification version 2, which is well-suited to
large N-dimensional arrays and parallel reading/writing. Addition-
ally all data is cast to 4-byte types by default, approximately halving
the memory footprint, and superdroplets’ data are stored according

1 A cache miss is when an instruction requires data that is not currently stored in
the local, and hence small but fast, cache memory, and so must be retrieved from a
larger, slower cache or random access memory which is yet larger, yet slower. Such
retrievals take time and therefore cause latency, i. e. delays, whilst the instruction
waits for the required data. Cache misses are therefore especially costly on large
high-performance computers.
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to the CF Metadata Convention’s contiguous ragged array represent-
ation. This ragged array format is particularly efficient for storing
arrays whose lengths vary over time, exactly as occurs when super-
droplets leave or enter the domain. Unlike regular arrays which need
to keep the length of all dimensions fixed, a ragged array does not
need to store superfluous data when superdroplets are not present.

2.2.2 Resource Allocation

To exploit the available compute on exascale computers, we designed
Cleo not only to allocate memory, but also computational resources
efficiently. This resource efficiency comes from Cleo’s coupling to a
host dynamical driver, which facilitates load balancing, and its use
of Kokkos and MPI libraries to harness the different types of shared
and distributed memory parallelism available across different high-
performance computers.

2.2.2.1 Coupling to a Host Dynamical Driver

The way that Cleo couples to a host dynamical driver enables in-
dependence of their grid and domain decomposition which can be
used to optimise resource allocation. Cleo runs in tandem with a host
dynamical driver which is responsible for determining the thermo-
dynamics and wind fields that Cleo uses to evolve superdroplets; for
example the driver may provide Cleo’s input from a file, or evolve it
using a fluid-dynamical model such as ICOsahedral Nonhydrostatic
(Model) (ICON). For maximum possible freedom, Cleo has the op-
tion to couple to a driver through the coupler called Yet Another
Coupler (YAC). YAC enables the choice of grid and domain decompos-
ition of the driver to be completely independent of Cleo. Therefore
both Cleo and the driver can choose, without compromise, the grid
and decomposition which optimises their own performance. YAC also
allows for Cleo to run concurrently to the driver, thereby allowing an-
other way to potentially save run-time. Most importantly however,
the independence enabled by the coupling facilitates load balancing
and thus efficient allocation of computational resources.

I implemented this coupling and Cleo’s distributed memory paral-
lelism together with research software engineers, Wilton Loch and
Aparna Devulapalli, during two National Earth System Modeling
(Project) (NatESM) sprint projects which I applied for during my PhD.

2.2.2.2 Distributed and Shared Memory Parallelism

Cleo utilises distributed memory parallelism through MPI domain de-
composition. The decomposition it chooses distributes sub-domains
of the entire simulated domain so that grid-boxes are as evenly dis-
tributed as possible, but that vertical columns of the domain are pref-
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erentially kept on a single MPI process. Communication via MPI then
only occurs during superdroplet transport, to transfer superdroplets
which leave/enter a sub-domain. Since the most frequent motion of
superdroplets is usually vertically, by choosing the domain decom-
position is this way we avoid excessive communication. Nevertheless,
we have not yet evaluated the performance of Cleo’s MPI domain
decomposition because the most suitable decomposition for high-
performance almost certainly depends on the fluid-flow given by the
host dynamical driver as well as the specific computer architecture.
This undoubtedly leaves room to improve Cleo’s particle transport,
as will be discussed in Chapter 4.

To exploit shared memory parallelism, also across different high-
performance computers, Cleo uses the Kokkos libraries. Kokkos en-
ables us to write a single source code for Cleo which builds for a
diverse range of computer architectures, including both CPUs and
GPUs [60]. At compile-time, Kokkos evaluates the available hardware
and any optional user-defined settings to determine the most suit-
able way to allocate resources to achieve high-performance. For ex-
ample, Kokkos determines task sizes for parallel loops appropriate
for the cache of the given architecture or execution resource (CPU or
GPU). Combined with the superdroplets’ memory layout explained
in Section 2.2.1, this amounts to optimisation by cache blocking. By
using Kokkos we therefore implement shared-memory parallelism
with high-performance portability. The results of this parallelism are
presented in Section 2.3.2.

2.2.3 Flexibility

As stated earlier, flexibility is Cleo’s third characteristic feature, spe-
cifically to facilitate microphysical process understanding. We created
such flexibility by exploiting C++ templating, both to represent know-
ledge gaps and to construct microphysical processes and data output
which behave like monoids.

2.2.3.1 Through Monoids

In mathematics, a monoid is a closed set with an associative binary
operation and an identity element. Put simply, when two elements
(members) of a monoid set are added together their outcome is an-
other element of the set, and the identity element is defined such that
the outcome of its addition is just the other element involved in the
addition unchanged.

We applied the idea of monoids computationally to construct “ob-
servers” for data output and microphysical processes. Taking micro-
physics as the example, we defined the monoid set for microphys-
ical processes by some constraints a code structure must satisfy to
be allowed to be a member of it. To define the associative binary op-
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eration, we created rules for how two such code structures should
be combined to produce a new microphysical process which is the
“sum” of its parts (associativity, but not commutativity). Finally for
the identity element, we designed a code structure which both obeys
the constraints for the microphysical process set and does not change
anything when it is combined with another element of the set accord-
ing to our rules for the associative binary operation.

run superdroplet motion step

run "microphysical process" step

t_sdm < t_next?false

true

increment t_sdm

on time 
for C? 

run C's step 

do C's microphysics

false true

run A's step 

on time 
for A? 

 A's microphysics

 B's microphysics

on time 
for B? 

run B's step 

true

true

false

false

b) c)

a)

Figure 2.2: Schematic illustrating how the microphysics enacted at run-time
can be composed of any number or permutation of different in-
dividual microphysical processes. (a) During the SDM sub-time-
stepping routine at run-time, there is a call to run a “microphys-
ical process” whose content depends on what it was instanti-
ated with during compilation; (b) An example of the content if
it was instantiated with a single microphysical process “C”; (c)
An example if it was instead instantiated with the sum of two
individual processes, “A” and “B”. Extending the schematic, “A”
and “B” could be combined in a different order, and/or with
other microphysical processes. (For the full Cleo time-stepping
routine, see App. A Fig. A.9).

To implement all this computationally we chose to use C++ tem-
plating in combination with the recently introduced C++ definition
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of Concepts [112]. Specifically, we created a C++ Concept which en-
forces the set of constraints for a microphysical process and then we
created a function template which implements the rules for how to
combine any C++ Structures/Classes which obey these constraints. In
this way, we can construct various different microphysical processes
and then, during compilation, any number and permutation of them
can be combined to instantiate a templated type. This instantiation,
itself a microphysical process, is used at run-time to enact microphys-
ics (Fig. 2.2). The same is true for observers and could be easily exten-
ded to enact other processes in the future, aside from microphysics
or data output; some possibilities are discussed in Section 4.2.1.

Several computational benefits come from implementing our mon-
oids through templates and C++ Concepts. By choosing microphysics
at compile-time we avoid wasting run-time first by not compiling un-
used code and hence increasing code locality and second by removing
chances for incorrect branch prediction at points of conditional code-
branching. Additionally compilers can efficiently inline and optimise
templated code and give more comprehensible error messages than
without C++ Concepts.

More importantly, our monoids make microphysics and data out-
put highly configurable, aid code maintainability, and enable adapt-
ive time-stepping. The principal advantage of monoids is the extraor-
dinary degree of flexibility enabled for microphysical process studies.
Users can easily design experiments which enable different versions
of microphysics and they can tailor data output specifically to their
needs too. Whilst this could in principle be possible with conditional
code-branching, it would quickly produce an unwieldy, unsustain-
able code-base which would be error prone and hard to maintain.
Furthermore, we designed our microphysical process and observer
monoids such that they enable adaptive time-stepping, which means
the combined microphysical process/observer respects the time-step
of each individual element it is composed of whilst also always tak-
ing the largest possible time-step. Hence the flexibility in Cleo which
we created via monoids promotes code maintainability and run-time
performance as well as being purpose-fit for microphysical process
studies.

2.2.3.2 To Represent Knowledge Gaps

Cleo has built-in flexibility to account for major knowledge gaps re-
garding turbulence-microphysics interactions and collisional breakup.
As discussed in Section 1.1.2.2, a major source of knowledge uncer-
tainty is turbulence-microphysics interactions. To reflect this uncer-
tainty in Cleo, we use a templated type to represent the collision
kernel which is used to calculate the probability two superdroplets
collide. This means collision kernels can be easily interchanged, for
example to neglect the effect of subgrid-scale turbulence (as is con-
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Figure 2.3: Schematic of the two treatments for collisions available in Cleo.
(a) The original collision-coalescence algorithm from Shima et
al. [241]; (b) the extended collision algorithm including breakup
and rebound as well as coalescence. A lightening/darkening of
a superdroplet indicates a decrease/increase in its multiplicity.
This figure is reproduced from Bayley et al. [23] (App. B Sec. B.4).

ventionally done) or to account for its effect according to one of the
various ways described in the literature. Likewise we template over
the calculation of superdroplet motion so that it too could easily be
extended to include the possible effects of turbulence. To account for
the large uncertainties but potential importance of collisional breakup
(Sec. 1.1.2.2 and Sec. 1.3.1.2), we designed two alternative treatments
for Cleo’s collision algorithm (Fig. 2.3). The first treatment is the ori-
ginal collision-coalescence algorithm proposed by Shima et al. [241],
the second is an extended version which can further represent re-
bound and breakup. In relation to the discussion of monoids above,
these treatments are implemented as two different microphysical pro-
cesses and so can be easily interchanged during compilation of the
model. Our extended algorithm allows us to explore the range of
uncertainty over the potential effect of collisional breakup and it has
notable differences from the other SDM collisional breakup algorithms.
Unlike Bringi et al. [38], we ensure conservation of superdroplet num-
ber and thus computational tractability, and unlike De Jong et al. [51]
we avoid an additional probabilistic step and a recursive algorithm.
These differences reduce the computational cost of Cleo’s breakup al-
gorithm compared to the existing alternatives, but still make it useful
for assessing potential impacts of breakup, as will be demonstrated
in the case of rain evaporation in Section 3.2.
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2.3 model evaluation

2.3.1 Microphysics Verification

Efforts in Cleo’s fundamental design are only worthwhile if the mi-
crophysics works as desired. To model all the major microphysical
phenomena driving warm-clouds, we chose to implement standard
algorithms from the literature, with some important adjustments. We
took ideas from Shima et al. [241] and Matsushima et al. [165] to
use an implicit Euler method with the Newton-Raphson root-finding
algorithm to solve the ordinary differential equation for condensa-
tion/evaporation. This method models (de-/re-)activation and droplet
growth/decline explicitly according to Köhler theory. Additionally
however, we included a term into the equation to account for the
ventilation effect, the importance of which will be shown in Section
3.2.

How Cleo can represent droplet collisions has already been ex-
plained above, and we have implemented various different collision
kernels from the literature based on Golovin [75] (unphysical but
useful for model validation), Long [159] (hydrodynamic for collision-
coalescence only), Low and List [161], Szakáll and Urbich [270], and
Schlottke et al. [230], Straub et al. [266] and Testik et al. [274] (different
hydrodynamic formulations for collisions including breakup).

Finally, to simulate droplet motion, we followed the arguments
of Grabowski et al. [78] and used Heun’s method, a second-order
predictor-corrector method, with a simple linear interpolation of the
wind velocity; however, as mentioned in Section 2.2.3.2, we template
over this method to allow for future extensions of the algorithm
which could account for subgrid-scale turbulence. In light of the slight
discrepancies between different formulations for droplet terminal ve-
locities, we also template over them which allows users to account for
droplet sedimentation according to either Rogers R.R. [218], Rogers
et al. [217], or Simmel and Wurzler [246].

We verified Cleo’s warm-cloud microphysics with four known test-
cases. The first three test-cases each illustrate the behaviour of one of
the warm-cloud processes Cleo can currently represent, namely con-
densation/evaporation, droplet collisions and droplet motion. The fi-
nal test-case is an integrated test of Cleo’s capabilities using the 1-D
KiD framework [243]. All four test-cases are presented in detail in Ap-
pendix B Section B.6, but here we summarise the two most notable.

We validated Cleo’s collision algorithms using the same test-case
described in Section 5.1.4 of Shima et al. [241] (Fig. 2.4). We repro-
duce their results for evolution of the mass density distribution for
collision-coalescence using the Golovin and hydrodynamic collision
kernels. As well as that, we exampled how the evolution differs when
the hydrodynamic kernel is used with Cleo’s alternative collision
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Figure 2.4: Test of SDM collisions as in Shima et al. [241, Sec. 5.1.4, Fig. 2]. The
line-style indicates the collision kernel; the line-width indicates
the number of superdroplets, N; the colour indicates the time.
Sub-figure (a) additionally shows the analytical solution for the
Golovin kernel at each time (solid grey). The sub-figures are the
same as in Shima et al. [241] except in panels (b) and (c), where,
as well as the hydrodynamic kernel, we additionally plot the dis-
tribution’s evolution when breakup and rebound are accounted
for based on the combination of parametrisations from Schlottke
et al. [230], Straub et al. [266], and Testik et al. [274]. This figure is
reproduced from Bayley et al. [23] (App. B Sec. B.6).

treatment, including collisional breakup and rebound as well as co-
alescence. The parametrisation chosen here a combination of the works
of Schlottke et al. [230], Straub et al. [266], and Testik et al. [274] (see
App. B Sec. B.4.2). As expected, accounting for breakup delays the
growth of droplets compared to the collision-coalescence-only case
and mm-size droplets are inhibited. Unfortunately a more quantitat-
ive validation of the effect breakup on this test-case is limited by the
large uncertainties surrounding its parametrisation.

The results from our integrated test lie within the spread amongst
different SDMs in [94] (Fig. 2.5). As expected, for the setup only in-
cluding condensation/evaporation and droplet motion without sedi-
mentation, the liquid water content reaches steady state in the middle
of the cloud without ensemble spread (Fig. 2.5a,b). When collision-
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Figure 2.5: Evolution of the liquid water mass mixing ratio, ql, during the
1-D Kinematic Driver (KiD) test-case: (a,b) only modelling con-
densation/evaporation, (c,d) modelling condensation/evapora-
tion, collision-coalescence and droplet sedimentation. Results are
shown for the mean and interquartile range over an ensemble of
10 members, and (b) and (d) are cross sections across the vertical
coloured lines in (a) and (b) respectively. This figure is reproduced
from Bayley et al. [23] (App. B Sec. B.6).

coalescence and sedimentation are also included, the stochasticity of
the SDM collision algorithm introduces ensemble spread, and precip-
itation formation begins around 30min (Fig. 2.5c,d), similarly to SDMs

in Hill et al. [94]. From all the microphysics tests we conducted we can
conclude that Cleo is a fully-functioning SDM capable of representing
all the major microphysics of warm-clouds.

2.3.1.1 The Microphysics Test-Cases Repository

Alongside verifying Cleo’s microphysics behaviour, during my PhD
I also collaborated with a group at Deutsche KlimaRechenZentrum
(DKRZ) to create a generic test-case framework for evaluating any
cloud microphysics scheme in known test-cases [27]. I took the test-
case for Cleo’s condensation/evaporation and the 1-D KiD and re-
wrote them in Python with a standard interface such that any arbit-
rary microphysics scheme, given its own Python wrapper, could use
them too. Using this framework, we can run these two test-cases for
both Cleo and ICON’s refactored one-moment bulk scheme during
continuous integration (e. g. on GitHub or GitLab). This can of course
be extended to other microphysics schemes, and facilitates testing for
the future development of both schemes in a semi-automated and
consistent way.
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2.3.2 Computational Performance
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Figure 2.6: The superdroplet-scaling of the wall-clock time per simulated
second given the maximum set of resources on Levante for each
build: (a) Serial (dash-dotted), (b) CUDA (dotted), (c) OpenMP
(solid), and (d) C++Threads (dashed). The colours decompose
the total time (blue) into the time spent on SDM (cyan), motion
(purple) and microphysics (red). This figure is reproduced from Bay-
ley et al. [22] (App. A Sec. A.7).

Having verified the microphysical behaviour of the model, we con-
ducted an evaluation of its computational performance on different
shared memory architectures. The key measures of Cleo’s shared-
memory performance are presented in Figure 2.6 and Figure 2.7. Cleo’s
performance was tested on a single CPU or GPU node of Levante HPC

system with simulations of a 3-D Cartesian 6 km × 0.3 km × 1.5 km
domain representing the major processes in warm-clouds: condens-
ation/evaporation, collision-coalescence, and droplet motion includ-
ing sedimentation. The details of the computer and simulation setup
are described in Appendix A Section A.7. As desired, linear superdr-
oplet-scaling is achieved on all forms of parallelisation and almost
all the wall-clock time is spent in time-stepping SDM (Fig. 2.6). Cleo’s
memory footprint also shows good scaling and a reasonable effective
size of both a grid-box and superdroplet O(100 bytes), similar to their
source-code values (App. A Fig. A.8).

The strong-scaling of the simulations does not reach optimal effi-
ciency due to bottlenecks in the microphysics and motion algorithms
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Figure 2.7: The strong-scaling of the speed-up of wall-clock time relative
to the serial simulations with increasing number of CPU threads
on Levante for (a) time spent on SDM, (b) microphysics, and (c)
motion. The line-style denotes the build and the colours from
purple to green indicate increasing problem size in terms of the
total number of superdroplets in the domain. The speed-up of
motion from CUDA exceeds the y-axis scale and is reported in
Appendix A, Table A.2 instead. This figure is reproduced from Bay-
ley et al. [22] (App. A Sec. A.7).

(Fig. 2.7). For CUDA parallelism, the bottleneck is the shuffling al-
gorithm used during collision-coalescence, whereas for OpenMP and
C++Threads it is the sorting algorithm required during superdroplet
motion. Both bottlenecks are expected to become less significant with
more complex simulations, particularly for large-domain simulations
which will require frequent MPI communication. Hence it only makes
sense to further optimise the shuffling and sorting algorithms, for ex-
ample following the work of Decyk and Singh [52] for shuffling (as
has already been proved successful [165]), after we have evaluated its
cost in more complex simulations.

2.3.2.2 Parallels with Matsushima et al. [165]

Cleo displays many similarities to the most performant SDM to-date.
Matsushima et al. [165] optimised the SDM developed by Shima et
al. [241] specifically for Fugaku supercomputer and achieved excep-
tionally high-performance across three standard test-cases. Albeit dif-
ferently, they also employed cache blocking, superdroplet sorting,
and reduced code-branching to optimise their SDM, and superdroplet
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transport is their bottleneck in agreement with our CPU-only perform-
ance. These similarities bode well for the performance of Cleo in
simulations with MPI domain decomposition, and also point towards
possible areas for further optimisation, for example using single pre-
cision for some superdroplet attributes during run-time. We also note
that Cleo has major additional benefits from its performance portab-
ility and model flexibility.

2.4 summary

This chapter introduced a novel computational implementation of
SDM called Cleo. Cleo was created to address demand for a SDM fit for
the purpose of studying warm-cloud microphysics in domains large
enough to resolve mesoscale shallow cumulus organisation. We there-
fore focussed our development on three main characteristics so that
Cleo can be computationally efficient on exascale computers, and at
the same time facilitate microphysical process studies. These three
characteristics are Cleo’s memory layout, resource allocation, and
its flexibility. As a result, Cleo shows optimal superdroplet-scaling
and sufficient strong-scaling on a single node to be ready for larger
simulations and the optimisation of its particle transport. On top of
this, Cleo is capable of representing all the principal microphysical
processes of warm-clouds, including collisional breakup, and it ac-
counts for knowledge uncertainties in those representations. Having
created a viable SDM for warm-cloud microphysics, I explain in the
following chapter how we have begun using it for better constraining
uncertainties relevant to shallow cumulus organisation. In particular
we tightened constraints on how much inherent model uncertainty
from SDMs impacts the behaviour of precipitation from warm shallow
clouds, and how much rain evaporation occurs in sub-cloud layer of
shallow cumuli and what controls it.
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U S I N G C L E O T O C O N S T R A I N U N C E RTA I N T I E S I N
WA R M - C L O U D M I C R O P H Y S I C S

At some point we have to give up and say
that’s just the way it is.

Or, not give up and push on.

— L. Susskind [269]

3.1 constraining inherent model uncertainty in sdm

3.1.1 A Model Inter-Comparison to Constrain Inherent SDM Uncertain-
ties

It is unclear to what extent inherent model uncertainties in SDM im-
pact its representation of warm-clouds. As discussed in Section 1.1.2.3,
conventional bulk/bin models for cloud microphysics suffer from nu-
merous inherent model uncertainties and these contribute to large un-
certainty in both LES and GSRMs for the macrophysical outcomes of
warm-clouds (Sec. 1.1.1). One of the main motivations for using SDM

to model shallow clouds therefore, is to eradicate this uncertainty
arising from bulk and bin models (Sec. 1.2). However, because SDM

still stipulates a few somewhat arbitrary modelling choices, albeit dif-
ferent ones, using SDM does not a priori mean the reduction of un-
certainty stemming from the way we model cloud microphysics. SDM

is only useful to us and for reducing inherent model uncertainties if
the macrophysical properties of warm-clouds are less sensitive to the
model-related choices of SDM than to those of conventional bulk/bin
models.

Previous studies motivate further investigation of the sensitivity
of warm-clouds to certain modelling choices in SDM. Several studies
have pointed out SDMs can only model precipitation reliably if the
number of superdroplets per grid-box exceeds O(10) to O(100) [177,
286, 287]. However, on top of this Hill et al. [94] (H2023) suggested
that warm-cloud precipitation may be highly sensitive to two further
sources of inherent model uncertainty in SDM. They used the 1-D
Kinematic Driver (KiD) framework [93, 243], to compare microphys-
ics schemes under prescribed dynamics and found less consensus
between two SDMs than bulk and bin models. This was across a range
of metrics but notably included precipitation amount and onset. They
suggested the differences could have been caused by “(i) the size ini-
tialization of the superdroplets, (ii) interpolation of collision efficien-
cies, and/or (iii) numerical convergence with the number of collision

35



36 using cleo to constrain uncertainties in warm-clouds

pairs per second.”1 and therefore concluded that we “do not have
a satisfactory numerical benchmark for precipitation processes”. The
advent of SDM had raised the expectation that SDM would alleviate
inherent model uncertainty and therefore enact more consistent mi-
crophysics than conventional models, yet in that study the compar-
ison of two SDMs seemed to directly contradict this notion. This is of
particular concern to us because if modelling choices in SDM impact
precipitation, they would confound efforts to use SDM to understand
shallow cloud organisation (Sec. 1.3.2). Given the gravity of this, not
only as a challenge to one of the most important expected advantages
of SDM, but also to our goal of using SDM to better constrain the role
of precipitation and its evaporation in shallow cumulus organisation,
we found it necessary to further assess these statements’ validity.

We used 1-D KiD models for two different SDM implementations,
Cleo and PySDM [21, 123], coupled to the same dynamical driver,
PyMPDATA [20], to explore the potential sources of uncertainty in
precipitation from SDMs, including the three sources suggested by
H2023. We choose to deviate slightly from the strict specification of
the KiD model which specifies the implementation of the dynamical
driver from Shipway and Hill [244], and we improved on the bound-
ary conditions for superdroplets from H2023 (App. D Sec. D.3.3). Not-
withstanding these changes, our SDMs couple to the same dynamical
driver equivalently to previous KiD studies; therefore our KiD mod-
els using Cleo and PySDM have the same advection scheme and
prescribed-flow, prescribed-temperature thermodynamic setup. The
KiD thermodynamic setup stipulates a 3 km column model with a
constant potential temperature profile and an initial relative humidity
profile and concentration of CCN. A prescribed updraught velocity for
the first 10 min then advects water vapour, CCN and liquid droplets,
but not temperature or dry air, which causes droplet activation and
growth in the upper levels of the column followed by precipitation.

We ran ensembles of 10 members using Cleo and PySDM and ana-
lysed the sensitivity of the Liquid Water Path (LWP) and precipita-
tion in the column to various different modelling choices. To invest-
igate any sensitivity of precipitation to the size initialisation of su-
perdroplets, we used the alpha-sampling method from Matsushima
et al. [165], whereby a different value of the single parameter “alpha”,
α, constructs a different choice of initialisation, as demonstrated in
Figure 3.1 (App. D Sec. D.3.3). To test sensitivity to collision efficien-
cies, we used Cleo with a realistic parametrisation based on Long
[159], and compared this to Cleo and PySDM without collision effi-
ciencies (i. e. collision efficiencies equal to 1.0 for all droplets). Finally,
to resolve any discrepancies arising from different degrees of numer-

1 Size initialisation in this context means the method used to sample the initial aerosol
distribution to initialise superdroplet radii. Collision efficiencies here means the effi-
ciency with which two droplets collide and coalesce according to the hydrodynamic
kernel, see e. g. Shima et al. [241] equation 4.
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Figure 3.1: An example from this study of the different ways superdroplets
can be initialised to represent an aerosol distribution via the
alpha-sampling method. With α = 0.0 superdroplets are initial-
ised with equal multiplicities and their distribution of sizes are
randomly sampled to recreate the shape of the aerosol distribu-
tion; with α = 1.0 superdroplets are initialised with approxim-
ately equidistantly spaced sizes in log-radius space and their
multiplicities sample the shape of the aerosol distribution in-
stead. Intermediate values of α lie between these two end-points,
as exampled here by α = 0.5. Thus by changing the value of
α one can seamlessly move between different methods of super-
droplet initialisation. Also visible here is that lower values of α
less well sample the tails of the aerosol distribution. This figure is
reproduced from App. D Sec. D.3.3.

ical convergence across SDMs, we explored the effect of increasing the
number of superdroplets per grid-box in the column. In these ways
we sought to test the significance of the speculated sources of inher-
ent model uncertainty and revisit whether or not SDMs can achieve
consensus for the behaviour of precipitation from warm-clouds, and
therefore be useful as a numerical benchmark for microphysics model
development as well as for studying shallow cumulus organisation. A
manuscript detailing the early results from our work, of which I am
first author, is currently in preparation and can be found in Appendix
D.

3.1.2 Results of the 1-D KiD with Cleo and PySDM

We find that the sources of spread amongst SDMs cannot be attributed
to differences in superdroplet initialisation and it is implausible that
realistic collision efficiencies cause significant differences (Fig. 3.2).
When we do not use collision efficiencies in both Cleo and PySDM,
regardless of the value of α we observe that precipitation onset differs
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Figure 3.2: LWP and surface precipitation as a function of time for three dif-
ferent aerosol loadings, Nc, (a) 50 cm−3, (b) 150 cm−3, and (c)
300 cm−3. The different lifestyles indicate different superdroplet
initialisation methods via different values of α. The different col-
ours indicate different microphysics: Cleo with parametrised col-
lision efficiencies, Ecoll (purple), Cleo without collision efficien-
cies (blue), and PySDM without collision efficiencies (red). This
figure is reproduced from App. D Sec. D.4.

by almost 10 min. This shows that precipitation in our KiD models is
sensitive to differences unrelated to the sampling method or collision
efficiencies. As will be explained below and in Section 3.1.3, these
other differences are also a more plausible explanation for the spread
amongst SDMs seen in H2023. With regard to the amount of spread
that can be caused by collision efficiencies, by comparing Cleo us-
ing realistic collision efficiencies to Cleo using none, we can see that
under the cleanest aerosol conditions the maximum amount of pre-
cipitation decreases by an order of magnitude and precipitation onset
is delayed by approximately 10 min (co-incidentally a similar amount
as the difference between PySDM and Cleo without collision efficien-
cies). In scenarios with higher aerosol loading, not using collision ef-
ficiencies can even trigger precipitation which would not occur when
using a realistic parametrisation. These results indicate precipitation
modelled by SDM can be sensitive to the choice of parametrisation
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of collision efficiencies. However, we hypothesise that the difference
in precipitation as a result of using two different realistic paramet-
risations, rather than between using and not using a parametrisation,
would be much smaller and therefore could not explain the large dif-
ferences reported by H2023. Further work is on-going to test our hypo-
thesis. With regard to changing the method of sampling used during
superdroplet initialisation, changing the value of α makes almost no
difference to the LWP and precipitation for both Cleo and PySDM; and
any difference is certainly negligible within the ensemble spread. Our
results therefore suggest precipitation is more robust to the choice of
superdroplet initialisation and collision efficiencies in SDM than pre-
viously thought, which rules them out as major sources of inherent
model uncertainty.

In addition, we found that SDMs are highly sensitive to ambiguities
in the prescription of thermodynamics in the 1-D KiD setup. The setup
described in Shipway and Hill [243] and H2023 defines the poten-
tial temperature and initial relative humidity profile, but this leaves
subtle ambiguities about how to derive the pressure, density, and
temperature profiles which SDM requires to enact microphysics. We
therefore tested the sensitivity of precipitation to these ambiguities by
running Cleo with parametrised collision efficiencies whilst making
different assumptions for the thermodynamic derivations (Fig. 3.3).
These were: not accounting for the effect of water vapour on the
pressure profile, deriving the pressure profile from the Exner func-
tion instead of hydrostatic equilibrium, and additionally assuming
constant density for the updraught velocity calculation. Superficially,
these changes seem small and therefore could be easily overlooked,
however they significantly affect the supersaturation of the cloud
layer which has consequences for the DSD evolution modelled by SDM

and hence LWP and precipitation (such large effects on the DSD may
equally well be apparent in bin schemes although this is beyond the
scope of our study). Because SDM shows high sensitivity to relatively
small differences in the prescribed thermodynamics, it is plausible
that similarly small differences, for example related to the calcula-
tion of supersaturation within different SDMs, could explain the large
spread across SDMs in H2023 and the remaining difference between
PySDM and Cleo without collision efficiencies. This is plausible even
though the SDMs couple to the same dynamics driver (in our case
PyMPDATA, in H2023 the driver from Shipway and Hill [244]). At the
very least subtle differences in the thermodynamic setup appear to be
a more plausible reason for large differences between SDMs in the KiD

than superdroplet initialisation, collision efficiencies, or, as will be ex-
plained next, the degree of convergence of precipitation with respect
to the number of superdroplets per grid-box.

Overall, our first results using the 1-D KiD framework indicate that
two SDMs could agree more closely than previous work suggested.
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Figure 3.3: Accumulated precipitation as a function of time with 50 cm−3

initial aerosol loading under various different microphysical and
thermodynamic setups. The solid lines refer to the standard hy-
drostatic setup as in Figure 3.2 for Cleo with parametrised col-
lision efficiencies, Ecoll, (purple), Cleo without collision efficien-
cies (blue), and PySDM without collision efficiencies (red); The
different marker styles denote three different superdroplet ini-
tialisations: α = 0.0 (†), α = 0.5 (+), and α = 1.0 (×). The other
line-styles refer to the setups of Cleo with Ecoll (and α = 0.5) un-
der perturbed thermodynamics: hydrostatic without accounting
for water vapour, Hno-vapour (dotted); thermodynamics instead
calculated with the Exner function, Π (dashed); and thermody-
namics calculated with the Exner function but also with a uni-
form density profile, Πconstant-density (dash-dotted).

From Figure 3.2 and Figure 3.3 (red and blue lines) we can see that
the precipitation rate and total amount of precipitation modelled by
Cleo and PySDM very nearly agree with one another within ensemble
error, except that, as mentioned earlier, the triggering of precipitation
in Cleo is almost 10 min earlier than in PySDM. We are still working
to understand the cause of this difference as discussed in the follow-
ing section. Nevertheless, the pattern of precipitation is reassuringly
extremely similar between the models and we are confident we will
be able to understand and rectify the remaining discrepancy. Once
we have, we will be able to show the consistent “solutions” from Cleo
and PySDM for our KiD setup. Furthermore, by increasing the num-
ber of superdroplets per grid-box in Cleo we found the mean of pre-
cipitation is already converged at O(10) superdroplets per grid-box,
which rules out superdroplet number as a source of spread in H2023.
As well as this, because the variance decreases sufficiently quickly, at
O(1000) we would be able to use SDM to provide a solution which
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has a sufficiently small ensemble error to be useful as a numerical
benchmark for comparing with other microphysical models.

3.1.3 Summary

Using Cleo and PySDM we have found that precipitation modelled
by SDM in the KiD setup (prescribed-flow, prescribed-temperature) is
much less affected by inherent model uncertainty than previous work
suggested. Specifically, we have found it is robust to three arbitrary
modelling choices in SDM: the number of superdroplets per grid-box,
superdroplet initialisation, and the choice of collision efficiencies. Pre-
cipitation shows negligible sensitivity to the choice of superdroplet
initialisation, and is already sufficiently converged at O(10) super-
droplets per grid-box. Our early results testing precipitation’s sens-
itivity to collision efficiencies leads us to conclude it is implausible
they can explain the large differences between SDMs reported in H2023.
Moreover, we have found other large sensitivities related to ambigu-
ities in the thermodynamic setup which suggest subtle differences
between thermodynamics could be a more likely explanation for the
differences between SDMs reported in that study. We conclude that not
only does SDM eradicate many of the sources of model uncertainty
which conventional bulk/bin microphysics models suffer from, but
also that the macrophysical properties of warm-clouds, in our case
LWP and precipitation, can be robust to three potentially large sources
of model difference in SDM. Our results therefore lend support to one
of the key expectations of SDM, that it can reduce uncertainty in cli-
mate models by reducing inherent model uncertainty.

As well as reducing model uncertainty, our results support further
work towards the use of SDM as a numerical benchmark for warm-
cloud microphysics. We are able to provide a consistent solution for
the pattern of precipitation across two different computational imple-
mentations of SDM except that the timing of precipitation is still not
within error. Nevertheless, we are confident that with further work we
can diagnose and rectify this discrepancy, and this in itself will bring
further insight into what precipitation modelled by SDMs is sensitive
to. We have already ruled out many potential factors and, given the
sensitivity of the SDMs to the details of the KiD setup, we are work-
ing to understand if remaining differences in thermodynamics are
playing a role. Besides this, we are exploring whether a parametrisa-
tion not discussed here, for example the relative fall velocities of the
droplets, could be responsible for hastening the DSD evolution in Cleo
compared to PySDM. Whether the difference is SDM or KiD-setup re-
lated, we should be able to resolve it and provide a consistent solution
for the pattern of precipitation across these two different implement-
ations of SDM.
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Such a consensus across SDMs is something bulk/bin models have
been unable to provide and it supports the use of SDM to model shal-
low cloud organisation. One reason is that we can use SDM to explore
the effect of knowledge gaps on shallow clouds with more confidence
than if we used bulk or bin models that our results are not confoun-
ded by high sensitivity to arbitrary model parameters. For example,
if we see that in one SDM without accounting for turbulence there is
too little homogeneous mixing at the boundaries of shallow cumuli
as compared to observations, then we can say with some certainty
that turbulence is important for shallow cloud development and is
not just compensating the outcomes of the modelling choices made
by a particular SDM implementation. In contrast there would be less
certainty of such a conclusion made using a bulk/bin scheme because
it would be compromised by the fact there is no agreed solution for
how such models should behave.

Having a numerical benchmark also aids modelling of shallow cu-
mulus organisation because it can help identify where existing large-
domain LES and GSRMs using bulk schemes need modification. Fur-
ther work with our KiD setup could identify the ways in which the
assumptions made in a bulk scheme differ from the solution given
by SDM and then elucidate how to adjust the parametrisations in bulk
schemes to make them more physical, for example regarding the func-
tional form of rain DSDs. In turn such improvements could change the
representation of shallow clouds in large-domains, including their or-
ganisation, or at the very least make their representation more phys-
ically motivated.

Given that our work therefore supports the use of SDM to model
shallow cumulus organisation, in the next section I explain how we
used Cleo to better constrain the amount of, and controls on, rain
evaporation in the sub-cloud layer of shallow cumuli.

3.2 constraining rain evaporation

3.2.1 A Model For Constraining Rain Evaporation

Despite the importance of rain evaporation for shallow cumulus or-
ganisation there is a scarcity of models and observations. As explained
in Section 1.3.1, rain evaporation is a central ingredient for shallow cu-
mulus organisation. The vertical profile of evaporative cooling is im-
portant for the distribution of latent cooling and moistening and this
consequently affects the boundary layer stability locally as well as the
triggering of cold pools [e. g. 120, 199, 236, 250]. The evaporation frac-
tion, the fraction of precipitation from cloud-base which reaches the
surface, is the other principal metric for rain evaporation because it
determines the intensity of surface precipitation. Furthermore in com-
bination with sub-cloud moisture circulations it determines whether
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or not clouds disintegrate, which could have repercussions for their
subsequent organisation [136, 199, 221, 224]. However it is difficult
to quantify rain evaporation, both its cooling rate and fraction, from
direct measurements; retrievals do exist but have large measurement
uncertainties and have not yet been applied to shallow cumuli [282].
As a replacement for observations, a few modelling studies that were
constrained with observations have been conducted [222, 223], but the
results lack robustness and generality. Furthermore, they have never
accounted for collisions, and especially collisional breakup, despite
several studies suggesting they could have a significant impact on
rain evaporation through changes to the DSD (Sec. 1.3.1.2).

In the face of such scarcity, we conducted a novel modelling study
using SDM to constrain the amount of and controls on rain evapora-
tion in the sub-cloud layer of shallow cumuli. Our main goal was to
create an independent model of sub-cloud rain evaporation so that
we could compare its results with those of [222, 223] to assess the
reliability of our, and their, constraints on rain evaporation. In doing
so, we also aimed to provide a “pipeline” for running Cleo in con-
junction with observations from Barbados Cloud Observatory (BCO);
primarily because with this pipeline we would be able to compare
model estimates of rain evaporation more easily and directly with
the upcoming rain evaporation retrievals from the Rain and cloud
Organization in the Trades using ObseRvations and models (ROTOЯ)
project. On top of these goals however, we also sought to assess for
the first time whether shallow cumuli rain evaporation is impacted
by droplet collisions, and especially collisional breakup. The paper
about this work, of which I am joint-first author together with my
former master student Nils Niebaum, is currently under review at
Atmospheric Chemistry and Physics and can be found in Appendix C.

To simulate rain evaporation in the sub-cloud layer beneath shal-
low cumuli we setup 1-D column models using observations from
EUREC4A [263]. We identified 102 raining clouds from in-situ meas-
urements of the DSD at cloud-base and then identified airborne drop-
sonde measurements in the vicinity of each raining cloud [32, 48, 68,
69]. From these measurements we setup a 1-D column for each rain-
ing cloud with thermodynamic profiles fitted from the dropsondes
and superdroplets initialised at the top of the column and sampled
from fits to the cloud-base DSDs. Superdroplets then evolved freely
in the sub-cloud layer until they reached a steady-state, from which
we could look at “snapshots” of the evaporation rate and evaporation
fraction for each cloud.

We ran four different simulations for each cloud to assess the im-
pact of droplet collisions and collisional breakup on sub-cloud layer
rain evaporation. All the setups modelled droplet motion (droplets
falling according to their terminal velocity) and evaporation/condens-
ation. The control setup, “EvapOnly” modelled no other microphys-
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ics and is comparable to the setup used by Sarkar et al. [222]. “Evap-
Coal” additionally modelled collision-coalescence, and
“EvapCoalBuRe-many” and “EvapCoalBuRe-few setups” further in-
cluded collisional breakup and rebound. EvapCoalBuRe-many and
EvapCoalBuRe-few represented the upper and lower bounds on the
effect of breakup on rain evaporation, by producing very many and
very few fragments respectively. This bracketing strategy was used to
test the plausible sensitivity of rain evaporation to collisional breakup,
whilst not relying on a particular parametrisation which would have
large knowledge uncertainty (Sec. 1.1.2.2). Each of the setups dis-
cussed here was created using Cleo’s monoids, simply compiling the
microphysical process for each simulation with or without one of
Cleo’s treatments for the collision algorithm (Sec. 2.2.3).

3.2.2 The Amount of and Controls on Rain Evaporation

3.2.2.1 The Amount
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Figure 3.4: Distribution for the 102 clouds in our sample modelled with
the EvapOnly setup of (a) column integrated evaporative cool-
ing and (b) evaporation fraction. This figure is reproduced from C. J.
A. Bayley∗ and N. Niebaum∗ et al. [40] (App. C Sec. C.4).

The total sub-cloud layer evaporative cooling from all the 102 clouds
in our sample has a skewed distribution ranging from 0 − 800 W m−2

with a mean of 150 ± 170 W m−2 and a median of 72 W m−2; the
evaporation fraction ranges from 0 − 80% and is less skewed, with a
mean of 30 ± 20% and a median of 25.6% (Fig. 3.4). Somewhat sur-
prisingly the total evaporative cooling and the evaporation fraction
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display no correlation and, except in a few rare cases, evaporation
has a bottom-heavy profile, with its maximum in the lowest third of
the rain-shaft. We could explain these findings, and their differences
to Sarkar et al. [222], by the factors we found controlling sub-cloud
layer evaporation.

3.2.2.2 The Controls

Evaporative cooling is mostly determined by the cloud-base Rain Wa-
ter Content (RWC) and the sub-cloud layer relative humidity profile.
We find a strong correlation between the cloud-base RWC and column
integrated evaporative cooling, suggesting that clouds with higher
RWC have more water available to evaporate in the sub-cloud layer
too. For a given RWC, a steeper relative humidity gradient induces
greater evaporation. However, the relative humidity in the sub-cloud
layer is extremely similar between clouds in our sample because the
sub-cloud layer is so well mixed, and so we suspect that the import-
ance of the relative humidity profile would be greater if it varied more
substantially between clouds or in time.

Evaporation fraction appears to be uncorrelated with evaporative
cooling because it depends primarily on the cloud-base DSD, regard-
less of the total RWC the distribution holds. DSDs with a smaller mean
(mass) radius contain more droplets which evaporate efficiently and
therefore increase the evaporation fraction. Moreover, we are able
to accurately predict the evaporation fraction with a simple analyt-
ical single-droplet, mean-field approximation (Fig. 3.5a) (App. C Sec.
C.8.1). The exceptions to this approximation are clouds with broad
DSDs because for those clouds the single-droplet approximation does
not summarise the distribution well.

Figure 3.5a also shows the ventilation effect is crucial for determin-
ing evaporation, increasing evaporation fraction by almost an order of
magnitude in many cases. The ventilation effect is the increase in the
evaporation rate due to droplet motion compared to the rate calcu-
lated according to Köhler theory for a stationary droplet. It increases
the evaporation rate of mm-size droplets by up to a factor of 20 [23],
and therefore strongly increases rain evaporation from clouds which
have cloud-base DSDs with similarly large mean radii. Accounting for
the ventilation effect is therefore necessary for correctly simulating
cold pool formation, as will be further discussed in Section 3.2.3.

Collisions have negligible effect on rain evaporation in the sub-
cloud layer of shallow cumuli. We compared our 1-D column mod-
els using Cleo with/without collisions to assess, for the first time,
the effect of collisions on rain evaporation. Figure 3.5b shows how
accounting for collisions affects evaporation fraction and the same
results hold qualitatively for evaporative cooling. Except for cases of
severe breakup, the variability amongst the DSDs in our cloud sample
has a greater effect on evaporation than collisions. Having said that,
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Figure 3.5: Evaporation fraction against cloud-base mean (mass) radius for
all the 102 clouds in our sample. “Theory” black dashed lines
depict the analytical approximation. (a) The EvapOnly setup
demonstrates the importance of the ventilation effect; the grey
data shows the results when ventilation is not accounted for.
(b) The impact of collisions is negligible; different marker-styles
indicate the different setups.

for a handful of clouds with cloud-base rain rates exceeding approx-
imately 3 mm h−1, collisional breakup occurs frequently enough that
it can have an appreciable effect on rain evaporation. Therefore, al-
though we find collisions have negligible impact on evaporation from
shallow cumuli, they are likely to be significant for more heavily pre-
cipitating clouds.

3.2.2.3 Agreement with Previous Studies

Our results are mostly in agreement with Sarkar et al. [222] and
Sarkar et al. [223], which used bin microphysics in a 0-D model
and neglected droplet collisions. Our column integrated evaporat-
ive cooling rates are slightly higher than, but still comparable with,
Sarkar et al. [222] and although our evaporation profiles are more
bottom-heavy and our evaporation fractions are concordantly lower,
this can be explained by the fact our model is based on measurements
taken further downstream in the Trades than theirs. Further down-
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stream, the cloud layer is deeper and hence RWCs are slightly larger,
and cloud-base DSDs have larger droplet radii. Based on our findings
this is indeed expected to result in greater evaporative cooling and
lower evaporation fraction. We also agree with Sarkar et al. [223] that
larger droplet radii decrease evaporation fraction and that environ-
mental conditions play a secondary role to microphysical influences
on rain evaporation beneath shallow cumuli. Whilst they identify
cloud droplet number as the dominant control on evaporative cool-
ing, this could be somewhat synonymous with what we identify as
cloud-base RWC, meaning that here too we are in agreement. Since
we also find we can neglect droplet collisions, our results strengthen
the robustness of the findings of Sarkar et al. [222] and Sarkar et al.
[223].

3.2.3 Summary

Our results, in agreement with previous studies [222, 223], emphas-
ise the DSD, and therefore the microphysics which determines it, as
the dominant control over rain evaporation in the sub-cloud layer be-
neath shallow cumuli. Correctly representing the cloud-base DSD is
crucial for predicting evaporation fraction, likewise cloud-base RWC

is necessary for evaporative cooling. Environmental factors, such as
relative humidity and cloud-base height, play only a secondary or
insignificant role, most likely because they show such little variation
between shallow cumuli. The concordance of these results with pre-
vious studies strengthens their reliability and helps to overcome the
deficit of direct measurements or radar retrievals for evaporation.

Furthermore, we find that collisions between droplets have a negli-
gible effect on rain evaporation, which bodes well for modelling rain
evaporation with simpler models of warm-cloud microphysics, such
as bulk microphysics schemes. The analytical approximation which
well captures our SDM results shows that other simple models should
also be able to correctly diagnose rain evaporation rates, at least for
the vast majority of lightly precipitating clouds, provided they can
accurately calculate cloud water content and the mean radius of the
DSD (although this is by no means guaranteed and would require val-
idation against observations or, failing that, SDM). Crucial however,
is that models account for the ventilation effect. Ventilation increases
rain evaporation rates by up to a factor of 10 and is therefore a first-
order influence on cold pool formation and hence cloud organisation.
This result has also been corroborated by SDM simulations which did
not account for the ventilation effect and therefore struggled to gen-
erate strong enough cold pools to simulate squall lines (S. Shima,
personal communication, April 22, 2025).

Our column model is ready to be used with any analogous meas-
urements to the dropsondes and cloud-base DSDs we have used in
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this study. It could therefore be used in conjunction with long-term
measurements from BCO, which would make a useful comparison for
upcoming radar retrievals from ROTOЯ. Furthermore in this study
we used in-situ DSD measurements from the SAFIRE ATR42 aircraft
[32], however many more such measurements were also taken dur-
ing EUREC4A from aboard the Twin Otter aircraft and these are com-
plemented by radar and aerosol measurements from BCO [158]. We
could therefore easily extend this study using their measurements too.
With either ROTOЯ or more measurements from EUREC4A we might an-
swer whether our results hold for a wider set of environmental and
microphysical conditions than our sample allowed, especially more
heavily precipitating cases. In such cases we might also explore the
relative importance of cloud layer evaporation from outside the edges
of sheared clouds too, as well as start to see the impact of collisions
between droplets, especially those causing frequent droplet breakup.
Using radar-based observations from either ROTOЯ or EUREC4A natur-
ally also raises questions about how we compare radar measurements
with microphysics model output, as will be elaborated on in Section
4.2.2.

Nevertheless, regarding shallow cumuli, we have provided new
constraints on the amount of, and controls on, rain evaporation in
their sub-cloud layer; rain evaporation which is crucial for triggering
cold pools and therefore shallow cumulus organisation.
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C O N C L U S I O N

Perhaps cloud photographs can supply the needed observations.

— E. N. Lorenz [160]

4.1 closing thoughts

4.1.1 Where Have We Come To?

Our ability to model tropical precipitation and cloud organisation is
being improved by SDM. Many of the persistent differences in the
macrophysical properties of warm-clouds across GSRMs and LES, and
in comparison to observations, arise from the bulk and bin schemes
we conventionally use to model cloud microphysics. These schemes
introduce inherent model uncertainty through the modelling choices
they make to represent hydrometeors and microphysical processes,
and they confound our ability to explore uncertainty stemming from
gaps in our knowledge of cloud microphysics. Although SDM intro-
duces its own, different, modelling choices as well as computational
challenges, SDM offers a more fundamental representation of micro-
physics which eliminates conventional sources of inherent model un-
certainty and makes it easier to understand knowledge gaps. The
benefits of SDM are already being exploited and make it an extremely
appealing model to apply to mesoscale (20 − 200 km) domain LES of
shallow cumulus, because it would enable us to improve our repres-
entation and understanding of the coupling between cumulus organ-
isation and precipitation mediated by warm-cloud microphysics.

Motivated primarily by the need to make SDM computationally
feasible for elucidating the role of microphysics in mesoscale do-
mains, in the last four years I, together with my collaborators, have
created a new computational implementation of SDM from scratch.
We therefore designed our novel SDM, Cleo, with certain characterist-
ics to make it well-suited to large simulations on high-performance
computers as well as conducive to microphysical process studies. As
a result, Cleo’s computational performance on shared memory archi-
tectures is highly promising, with ideal superdroplet-scaling and suf-
ficient strong-scaling to invite Cleo’s next stage of development. This
next stage of development will be elaborated on in the following sec-
tion and primarily regards the particle transport via MPI on exascale
computers. It is the final crucial aspect of making mesoscale domain
LES using SDM computationally feasible.

49



50 conclusion

In terms of its microphysics, Cleo is a fully-fledged SDM capable of
simulating all the principal microphysical processes in warm-clouds.
This includes explicit representation from Köhler theory of droplet
(de-/re-)activation, condensation, and evaporation, and an explicit
representation of droplet motion including their terminal velocities,
as well as the canonical SDM collision-coalescence algorithm accord-
ing to Shima et al. [241]. On top of this, we created an extension to
this algorithm which can be used to probe the impact of collisional
breakup within the bounds of its large knowledge uncertainty (re-
garding the probability of collisional breakup and fragment size dis-
tributions), and in a computationally efficient manner. Simulations
using Cleo can be 0-D, 1-D, 2-D, or 3-D and Cleo can be coupled
to different dynamical drivers, optionally with an independently de-
termined grid and domain decomposition. Cleo is therefore a novel
computational implementation of SDM which satisfies the necessary
requirements for simulating warm-clouds to better understand the
role of microphysics in shallow cumulus organisation.

In this dissertation I presented two studies using Cleo as 1-D column
models to constrain uncertainties concerning warm-cloud precipita-
tion and rain evaporation, both of which are relevant for shallow cu-
mulus organisation. In the first, we used Cleo in collaboration with
another SDM, PySDM, to clarify whether precipitation is sensitive to
inherent model uncertainties in SDM which arise from the chosen
method of superdroplet initialisation, parametrisation of collision ef-
ficiencies, and number of superdroplets. Encouragingly, these arbit-
rary modelling choices in SDM are unlikely to explain significant dif-
ferences in precipitation. Our work also supports the argument that
using SDM we can provide a numerical benchmark for warm-cloud
simulations upon which, for a given set of microphysical processes,
all microphysics models should agree. In light of this, we used Cleo
in the second study to constrain uncertainty in rain evaporation in the
sub-cloud layer of shallow cumuli, in particular exploiting its flexible
representation of microphysical processes and knowledge gaps. We
found that collisions between droplets have negligible effect on lightly
precipitating conditions, whereas the ventilation effect increases rain
evaporation by up to a factor of 10. On top of this, our magnitude of
and controls on rain evaporation are broadly in agreement with previ-
ous work using bin microphysics in a simpler setup [222, 223], which
strengthens their reliability. Both the studies summarised here build
on our understanding of shallow cloud precipitation and how we can
model it. Furthermore they demonstrate some of the benefits of SDM

and Cleo especially; they therefore support Cleo’s use in larger do-
mains which can capture the relationship between precipitation and
shallow cumulus organisation.
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4.1.2 Where Can We Go From Here?

There are several fruitful ways in which the two studies presented in
this dissertation could be extended. Regarding the SDM inter-compa-
rison study, the addition of more SDMs, and possibly other Lagrangian
microphysics models, would add confidence to our conclusions. So
too would more complicated setups, for example the 2-D KiD [244],
or a similar setup in which microphysics can feed back on thermo-
dynamics. As I already explained in Section 3.1.3, we could also im-
prove bulk schemes by comparing their behaviour in our 1-D KiD to
that of SDM. Regarding the second study, our column model using
Cleo for rain evaporation is ready to be combined with other obser-
vations. We can therefore explore whether our constraints on the con-
trols on rain evaporation hold in more heavily precipitating regimes,
where the role of collisional breakup may be greater and the effect of
rain evaporation may saturate the relative humidity profile in some
cases. As well as this, we could profit by extending the setup from
simple “snapshots” of each cloud to include their time evolution, for
example to explore the effects of aerosol scavenging and how quickly
the sub-cloud layer becomes saturated. The relevance of cloud layer
evaporation from the edges of sheared clouds and the effect on rain
evaporation of turbulent entrainment in downdraughts could also be
better understood with our column model.

The original motivation for Cleo still stands, to use SDM in LES with
domains large enough to resolve mesoscale cloud organisation. The
clear next step towards this goal is performing the first LES with Cleo
fully-coupled to a fluid-dynamical model such as ICON, and we are
now in a position to sketch out the feasibility of such LES in large
enough domains. Consider LES of mesoscale cloud organisation re-
quiring O(10

10) superdroplets to have a 150 km × 150 km × 7 km do-
main with grid-spacing 150m horizontally, 40m vertically, and 128

superdroplets per grid-box. For a conservative estimate of the cost, let
us assume that overhead from particle transport via MPI and commu-
nication with the dynamics-solver increase Cleo’s wall-clock time per
simulated-second by a factor of 10. Then, by using 250 “Levante-like”
GPU-nodes (1000 NVIDIA A100 GPUs), the performance tests sum-
marised in Section 2.3.2 indicate that Cleo would take one second
of wall-clock time per simulated-second and have an order of mag-
nitude less memory consumption than the maximum on each node.
That would make Cleo’s throughput approximately a factor of 10 less
than the strong-scaling limit of ICON [133], which is reasonable for
LES and could be improved by increasing the number of nodes and
thereby moving closer towards Cleo’s strong-scaling limit. Thus we
are confident that large-enough LES for mesoscale cloud organisation
can be pursued, especially given the growing availability of ever more
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powerful exascale computers. We should therefore consider the next
stage in Cleo’s computational development towards such large LES.

Being able to use Cleo in domains large enough to resolve shal-
low cumulus organisation now above all depends on development
of its particle transport library. In particular, it depends on improv-
ing the efficiency with which superdroplets are communicated via
MPI. This problem is common to Lagrangian particle-in-cell methods
and relates closely to load balancing, and thus about choosing a suit-
able MPI domain decomposition for a given simulation on a given
computer architecture. Possible solutions require further investiga-
tion, for example exploring dynamic load balancing and/or conceal-
ing the time spent on particle transport in asynchronous communica-
tion with Cleo’s host dynamical model. Using integer coordinates, as
was done by Matsushima et al. [165], or mixed precision could also
offer improvements by reducing the amount of data transfer. Mixed
precision is also relevant for reducing the memory demands on each
node, as would be selectively reducing the number of superdroplets
in certain regions, for example through adaptive resampling of su-
perdroplets [e. g. 233, 285] or using Twomey CCN activation [78]. The
success of such optimisations will determine not just whether large
enough domains for shallow cumulus organisation are feasible, but
also just how large the number of superdroplets per grid-box and
spatial domain could become.

4.2 outlook

4.2.1 Extensions Of or Beyond Microphysics

Given the flexibility we have designed Cleo with, we can easily extend
Cleo to include further microphysical processes. The crudest part of
Cleo’s microphysics is its representation of collisional breakup. As
our knowledge of the probability of breakup and the fragments pro-
duced by breakup increases, naturally so too can we incorporate that
in the fidelity of Cleo’s parametrisations for them. Furthermore, argu-
ably the biggest deficiencies in Cleo’s representation of warm-rain lie
in the various ways in which turbulence could influence microphysics
(although this reflects prevalent knowledge gaps in them). To the ex-
tent one may want to assess their importance, we could therefore add
representations for the effect of subgrid-scale turbulence on supersat-
uration, collision efficiencies, droplet clustering and droplet velocities
[54]. Of course increasingly detailed microphysics could easily be im-
plemented in Cleo, for example introducing a process to represent
subgrid-scale mixing [100] or cloud electrification [310], but discern-
ment is required to avoid the “dilemma of growth” which jeopardises
understanding [87, 207].
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In contrast, the extension of Cleo beyond warm-phase microphys-
ics would provide clear benefits with fewer liabilities. Such extensions
are also facilitated by the flexibility in Cleo’s definition of microphys-
ical processes, achieved via Monoids as explained in Chapter 2, and
how easily superdroplet attributes could be modified. The most obvi-
ous one is the implementation of ice microphysics, as is already under
exploration [36, 242, 249, 303]. However, SDM is also reaching further
afield in modelling marine plankton [122] and nuclear fallout [168],
and Cleo could be easily adapted to other self-interacting particle-
based components of our climate system. This would bring with it
all Cleo’s computational benefits, for example to modelling icebergs
or animal populations. Finally, we could even use Cleo for modelling
silicate-based clouds on exoplanets, to explore atmospheres beyond
our climate system.

4.2.2 Observations of Shallow Cloud Organisation

Recent field campaigns have given us exceptional observations of
tropical shallow cumulus. During the two months I spent particip-
ating in ORCESTRA [264], I worked as the cloud radar operator aboard
one of the aircraft and witnessed the use of lidar and a visible scan-
ning spectrometer aboard too1. Amongst many other lessons, I began
to appreciate the shear wealth of information hidden in the interac-
tion of droplets with radiation. The spectrometer made highly accur-
ate measurements of DSDs at cloud tops, encapsulating the effect of
microphysics combined with cloud-top turbulent mixing [204]. The
radar and lidar measurements offer high temporal and spatial resolu-
tion which reveal precise details of aerosols, precipitation, ice habits
and turbulence, and also offer reasonably large samples of differ-
ent cloud types, in my opinion remarkably so. Similar statements
could be made about EUREC4A and BCO radar and lidar measure-
ments [257, 263], and current satellites such as Earth Cloud, Aerosol
and Radiation Explorer (EarthCARE) [302] offer a different perspective
with orders of magnitude larger spatial and temporal coverage. In
combination with all this remote sensing, in-situ measurements from
particle spectrometers, disdrometers, particle image velocimetry and
holographic instruments make for an extraordinary collection of rel-
evant data.

By performing LES with Cleo in large-enough domains, we would
be able to, for the first time, assess shallow cumulus organisation
modelled with SDM in comparison with this abundance of observa-
tions. The first logical comparison would be extending the work of

1 Specifically I worked aboard High Altitude LOng range research aircraft (HALO)
[259] as the HALO Microwave Package (HAMP) [170] operator and witnessed the use
of Water Vapor Lidar Experiment in Space (WALES) [306] and spectrometer of the
Munich Aerosol Cloud Scanner (specMACS) [61].
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Vial et al. [295] and Schulz and Stevens [232]. These works evaluated
the fidelity to EUREC4A and BCO observations of shallow cumulus or-
ganisation in LES using ICON with a bulk scheme. Amongst other
things they compared different cloud patterns’ precipitation, cloudi-
ness, and vertical profiles. By extending this work to include LES with
Cleo we would gauge the extent to which SDM improves their repres-
entation. Furthermore with increasing the number of superdroplets
LES with Cleo would converge towards a simulation of fundamental
equations for microphysics we understand, and with increasing resol-
ution we would in tandem resolve more turbulent eddies. We would
therefore be able to decipher if our current knowledge of cloud mi-
crophysics is sufficient to correctly capture shallow cumulus, their
precipitation and their organisation, in a way we can not with con-
ventional bulk/bin microphysics models.

Going one step further, rather than simply comparing LES to ob-
servations, we could revisit the way we perform such comparisons.
Radar and lidar simulators are used to convert LES output into observ-
able quantities but they suffer from similar uncertainties to those of
conventional microphysics schemes; for example in the case of bulk
method simulators they are forced to make assumptions about the
functional form of the DSDs, and in the case of bin methods they are
limited by the curse of dimensionality. We already know that SDM

overcomes these sources of inherent model uncertainty and provides
an explicit representation of hydrometeors and aerosols. We could
therefore use Cleo to eradicate many of the uncertainties in current
radar and lidar simulators by performing radiative transfer calcula-
tions on superdroplets in the same fundamental way we would for
real droplets or aerosols; and we could even create similar simulators
for visible scanning spectrometers. With computing power increasing
we will also be able to use Cleo in ever larger domains. In GSRMs

the interactions between clouds and circulation primarily result from
three processes: phase changes, radiative transfer, and turbulent trans-
port of air parcels [34]. The complementarity of Cleo and GSRMs there-
fore once again would become apparent because SDM has the poten-
tial to derive not just phase changes and the turbulence motion of
hydrometeors directly from first principles, but also radiative trans-
fer. In doing so, Cleo would therefore become not just a powerful
model for microphysics and cloud organisation, but also for building
a stronger relation between our simulations and what we can actually
observe. Not necessarily just in the warm-phase and the tropics, but
for all clouds in our current and changing climate.
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a.1 abstract

Cleo is a Super-Droplet Model (SDM) designed for performance portabil-
ity on high performance computer architectures and with the intention of
modelling warm-clouds in domains large enough to resolve shallow meso-
scale cloud organisation O(100 km). This paper introduces Cleo’s novel C++
implementation of SDM, in particular how we map SDM theory to compu-
tations which optimise performance, primarily by conservative memory us-
age and efficient memory access patterns. To further speed-up simulations
and to ensure a portable and maintainable code, we avoid conditional code
branching and implement thread parallelism through the Kokkos library. As
a result Cleo shows optimal linear scaling with increasing number of super-
droplets and can use CPU and GPU thread-parallelisation across a diverse
range of computer architectures. But Cleo is not just a model for computa-
tional performance, it is also designed for warm-cloud process understand-
ing. Cleo possesses a high degree of flexibility, especially with regard to
the configuration of microphysical processes and data output, that makes it
well-suited to analysing sensitivity to microphysics. Cleo is therefore a new
SDM ready to be used for understanding warm-cloud processes.

a.2 introduction

Persistent and large discrepancies between observations of warm-rain and
Large Eddy Simulations (LES) have been ascribed to cloud microphysics
for decades [e.g. 2, 3, 214, 289] [references in 130, 182]. With the advent of
Global Storm Resolving Models (GSRMs) which remove the need to para-
metrise convection, obscurity in cloud microphysics is now also one of the
leading sources of uncertainty in global models [e.g. 17, 140, 176, 185, 262,
268, 272]. To tackle uncertainty in both LES and GSRMs we not only need
to address fundamental gaps in our microphysics knowledge, but we must
also reconsider how we represent cloud microphysics in models [84].

Conventional bulk and bin microphysics schemes have intrinsic deficien-
cies, for example due to numerical diffusion, the categorisation of condens-
ates into discrete types, and gross assumptions about particle size distribu-
tions. The consequent deficiencies in simulated clouds are well documented
and contribute to uncertainties in their radiative properties as well as pre-
cipitation [e.g. 121, 130, 232, 265]. To state just one example, numerical dif-
fusion in physical space is known to activate droplets at cloud-edge and
broaden the droplet size distribution, and so may cause unphysical precipit-
ation from stratocumulus [57, 95, 181, 254]. Problems like these are inherent
to bulk and bin microphysics schemes and therefore cannot be eradicated by
refinement of such models. Indeed, decades of research has aimed to limit
the impact of numerical diffusion on cloud microphysics, and yet the prob-
lem still persists [84]. If we seek to resolve such issues definitively, then the
fundamental limitations of bulk and bin schemes need to be surmounted.

The Super-Droplet Model [SDM; 241] [see also 9, 11, 21, 36, 96, 187, 215,
249], is a fundamentally different model of cloud microphysics with differ-
ent limitations and a number of key conceptual advantages [84]. In SDM
the cloud condensate population is modelled by “superdroplets”. Super-
droplets’ motion, microphysics and attributes (for example their masses and
radii) are similar to what we expect of real condensate particles; however
a superdroplet also has a “multiplicity”, which expresses how many real
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particles that superdroplet represents. SDM is a much closer representation
of the underlying physics than bulk and bin schemes and, because it is a
Lagrangian model, it is non-diffusive (in both physical and mass space) [84,
181]. Furthermore, SDM has a profound convergence property because as
the number of superdroplets increases, the model tends towards a Direct
Numerical Simulation (DNS) [241]. This makes SDM’s physical interpreta-
tion both conceptually elegant and straightforward.

SDM is also particularly well-suited to trends in high performance com-
puting. Its coalescence algorithm conserves the number of simulated particles,
i.e. superdroplets, which is beneficial for load balancing. Moreover SDM is
extremely parallelisable, which makes it ideal for multi-threaded CPU and
GPU architectures and explains impressive scaling with increasing number
of superdroplets [11, 19, 58, 165]. Its scaling with increasing microphysical
complexity is also better than that of conventional models once the number
of superdroplet attributes is greater than about four [241]. Both the concep-
tual and computational advantages of SDM make it a promising tool for
better modelling of cloud microphysics [182], and in step with the growth
of high performance computers (HPCs) we can now use SDM for more am-
bitious simulations than ever before.

One emerging application for SDM is to model warm-rain in domains
large enough to resolve shallow mesoscale organisation O(100 km). The evap-
oration of warm-rain drives cold pool formation and is therefore a key
player in mesoscale circulations and cloud organisation [18, 235, 236, 298].
Of particular importance in the tropics, mesoscale cloud organisation has
major repercussions for the radiative properties of shallow clouds [33, 192]
and is highly sensitive to the formation of precipitation [235, 308]. There
is also ample evidence that mesoscale cloud organisation modulates warm-
rain formation [e.g. 193, 211, 212, 231, 255], and so there are important two-
way interactions between the micro- and meso-scale of warm-clouds which,
in order to be understood, require an accurate representation of the droplet
size distribution, a clear depiction of the microphysical processes at play,
and domains large enough to resolve shallow mesoscale circulations. SDM
would be an ideal candidate to meet such requirements, except that, presum-
ably limited by computational resources, the largest domains for SDM have
not yet exceeded O(10 km) [165, 228, 242] — far smaller than the O(100 km)
domains needed for resolving mesoscale organisation, and far smaller than
that which may be feasible in the age of exascale computing. This is just one
example of how, if SDM could be made inexpensive enough at large-scale,
it would benefit the community who use large-domain explicitly-resolved-
dynamics models — including not just LES, but also GSRMs.

Hence we are creating a SDM called Cleo: a novel implementation of SDM
to model clouds through Lagrangian microphysics on exascale computers.

In this first paper we introduce Cleo’s fundamental computational struc-
ture and explain how it is intended for high performance on exascale com-
puters as well as warm-cloud process understanding. Notwithstanding SDM’s
many advantages in comparison with bulk and bin microphysics, SDM faces
the typical challenges of Lagrangian particle models; namely simulations
can be memory-intensive and it is time-consuming to transport particles in
memory. The particle transport’s performance on exascale computers de-
pends on both its shared- and distributed-memory parallelism, and the
distributed-memory parallelism strongly varies not only with Cleo’s fun-
damental structure, but also with the fluid-flow given by the host dynam-
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ical model as well as the computer network topology. In a follow-up paper
we will therefore present Cleo’s distributed-memory parallelism (MPI do-
main decomposition) and evaluate its performance specifically for LES on
exascale computers. With regard to Cleo’s fundamental computational struc-
ture, the memory and particle transport expenses are prevalent when access-
ing, sorting, and shuffling superdroplets. Conscious of this, we chose Cleo’s
memory layout to economically allocate memory and to optimise memory
access patterns for loops over superdroplets whilst compromising on other
aspects of performance. Secondly, we’ve made Cleo able to efficiently alloc-
ate resources on parallel computer architectures; both through its handling
of domain decomposition, which allows SDM and the dynamics to distrib-
ute work independently of one-another, as well as through its use of Kokkos
for portable thread parallelism [283, 284].

As well as for high performance, Cleo has various features to facilitate
warm-cloud process understanding. We took the idea of monoid sets from
mathematics and created a computational analogy which enables adaptive
time-stepping, avoids conditional code branching, and makes microphysics
and data output highly configurable. The flexibility of microphysics makes
sensitivity studies easy to conduct and, for data output, it’s easy to target
output specifically to ones needs. Also for the purpose of sensitivity studies
we made it straightforward to switch Cleo’s grid and couple Cleo to differ-
ent dynamical drivers. The companion to this paper, Bayley et al. [23], de-
scribes the numerical methods for the warm-cloud microphysics and droplet
motion which Cleo makes available.

Cleo’s fundamental design is described in Sections A.3, A.4, and A.5, with
particular emphasis on how it is intended to make SDM simulations suitable
for high performance computers (HPCs). In Section A.3 we describe Cleo’s
underlying memory layout and how it is designed for efficient memory man-
agement; Section A.4 is for how Cleo enables economical resource allocation,
and Section A.5 describes Cleo’s flexibility through monoids. Overviews of
Cleo’s time-stepping routine and performance on a single node are found
in Sections A.6 and A.7, respectively.

a.3 memory layout

Efficient memory management is principally achieved by Cleo’s underlying
memory layout of superdroplets and grid-boxes (Sections A.3.1 and A.3.2).
We store superdroplets within each shared memory space in an ordered
and contiguous chunk of memory. This optimises access patterns for loops
over superdroplets and avoids needing additional buffers which increase
memory consumption. However, this layout comes at the cost of sorting
superdroplets and increasing cache-misses as the number of superdroplet
attributes increases. We explain the details behind this compromise in Sec-
tion A.3.3.

a.3.1 Grid-Boxes

“Grid-Boxes” (cells) compose Cleo’s spatial domain. Each grid-box defines
a distinct region of space for the SDM collision algorithm and thereby de-
termines which superdroplets may interact with one another. In some sense
the volume of each grid-box therefore determines the accuracy of the SDM
because as the volume of each grid-box decreases given a certain number
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of superdroplets, the resolution of the flow-field for superdroplet motion in-
creases, and the multiplicity of each superdroplet decreases, thus decreasing
the errors in the SDM.

Grid-Boxes are structures consisting of three parts as shown in Figure
A.1a. The “GBx-index” is a unique immutable identifier, typically a con-
stant unsigned integer; the “state” defines the macrophysical properties of
the volume, such as the wind velocity and thermodynamics (temperature,
pressure, relative humidity etc.); and the “view” of superdroplets specifies
all the superdroplets which occupy the volume at a given time.

The state may change due to microphysical processes, for example con-
densation lowers the water vapour pressure and increases the temperature,
or it may change through information received from the host dynamical
driver as explained in Section A.4.3.

The view specifies all the superdroplets at a given time whose spatial
coordinates fall within the grid-box’s boundaries. Rather than actually con-
taining the superdroplets, it is an indicator to their location(s) elsewhere in
memory. For example, the view could be a linked-list of pointers to indi-
vidual superdroplets, or it could be two pointers to the start and end of a
sub-section of a larger array of superdroplets (as it is in our current imple-
mentation).

2

Grid-Maps

8 bytes

variable size

Grid-Box

State ViewGBx-Index

Superdroplet

SD-GBx-Index

coordinates
multiplicity

attributes
(optional) 

unique identity

a)

b)

Figure A.1: Schematic for the memory layout of (a) each grid-box, and (b)
each superdroplet. The grey box contains a key for the memory
consumption of each unit.

Grid-Boxes are agnostic to the underlying grid, meaning they contain no
information about their spatial coordinates or their neighbours. This is be-
cause LES grids can vary substantially, for example SCALE uses a Cartesian
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Arakawa-C grid, whereas ICON uses a icosahedral-triangular Arakawa-C
grid [101, 189, 226], and decoupling the microphysics from the grid of the
dynamics driver makes it simple to switch between different grids to aid
model inter-comparison studies. For a given grid, a collection of maps/func-
tions called “grid-maps” are assembled, to map from a given GBx-index to
grid-dependent information. Such maps take a given GBx-index and return
for example the coordinates of the boundaries of that grid-box in a partic-
ular direction or the GBx-index of the neighbouring grid-box. In doing so
they determine the type of grid, the boundary conditions of the model, and
whether the model is 0-D, 1-D, 2-D, or 3-D. Thus, changing these properties
for different simulations only requires a replacement of the grid-maps. The
rest of Cleo, including the grid-boxes themselves, remains unchanged.

a.3.2 Superdroplets

Each superdroplet in Cleo is a structure composed of four, or optionally five
parts, as shown in Figure A.1b. The four compulsory parts are its attributes,
multiplicity, spatial coordinates, and “SD-GBx-index”. The SD-GBx-index
always matches the GBx-index of the grid-box whose boundaries enclose
the superdroplet’s spatial coordinates. It is not a requisite of SDM but assists
with keeping the superdroplets ordered by grid-box, which is necessary for
efficient cache loading as explained in Section A.3.3.

Optionally, each superdroplet can be given an unique identity to facilit-
ate tracking the evolution of individual superdroplets. Alternatively, when
tracking is not required, superdroplet identities can be given no unique
address. During compilation these identities are optimised out, enabling a
simple memory-saving measure especially for simulations involving a very
large number of superdroplets. The same optimisation could be applied
to grid-boxes’ GBx-indexes (since their positions in memory could act as
unique identifiers instead) however we keep GBx-indexes for generality.

a.3.3 Access Patterns

0 1 NGBxs-22 NGBxs-1GBx-Index =

SD-GBx-Index = 0 0 0 0 i j k

Figure A.2: Schematic for the AoS memory layout of grid-boxes and super-
droplets. For illustration here the coordinates of the first four
superdroplets are within the first grid-box, hence their SD-GBx-
indexes match that grid-box’s GBx-index and that grid-box’s
view refers to them.

The memory layout of both grid-boxes and superdroplets in a single
shared memory space targets efficient memory access patterns. In this lay-
out, the structures for each grid-box are stored together in a single array
(an Array of Structures; AoS), and likewise superdroplets are stored in their
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own AoS, in a contiguous block of memory completely separate from grid-
boxes. Additionally the superdroplets’ array is ordered by increasing SD-
GBx-index, and hence the view of superdroplets for each grid-box is formed
by references to the start and end of the sub-block of superdroplets whose
SD-GBx-indexes match the grid-box’s GBx-index. This is all summarised
in Figure A.2. The memory layout we have chosen benefits some compu-
tational operations at the expense of others. In particular, ordering the su-
perdroplets by SD-GBx-index makes cache loading efficient but requires the
additional expense of sorting them during superdroplet motion, and us-
ing AoS favours data transfer over Single Instruction, Multiple Data (SIMD)
operations. In the following section we discuss in more detail how these
conflicts manifest in Cleo’s SDM algorithms.

Single, ordered arrays of grid-boxes and superdroplets efficiently handle
memory allocations and cache loading for loops over superdroplets. As op-
posed to having superdroplets scattered in memory, e.g. by having a separ-
ate array of superdroplets for each grid-box, having a single array of super-
droplets requires less frequent memory (de)allocations when superdroplets
move around the domain and therefore also avoids the need for buffers
which would increase the memory consumption of the model. The layout we
have chosen is also computationally efficient for enacting loops over super-
droplets — exactly as occurs during microphysics and while updating super-
droplets’ spatial coordinates — because both grid-boxes and superdroplets
are ordered and accessed sequentially, and the required data from each grid-
box is only loaded to the cache memory once for all the superdroplets in a
grid-box. We also minimise cache misses during collisions between super-
droplets because only superdroplets in the same grid-box may interact with
one another and so, by storing them in a contiguous chunk of memory, we
maximise the locality of reference between them. As such, Cleo is designed
for both efficient memory allocation and cache blocking. Matsushima et al.
[165] also employed cache blocking to drastically improve the performance
of another implementation of SDM.

Whilst keeping the superdroplet array ordered by SD-GBx-index makes
loops over superdroplets highly efficient, it also means that during super-
droplet motion we must sort the array, as illustrated in Figure A.3. Super-
droplets’ spatial coordinates and hence SD-GBx-indexes may change, break-
ing the crucial condition for cache blocking that superdroplets occupying
the same grid-box exist in a contiguous chunk of memory. We therefore ap-
ply a counting-sort algorithm to the superdroplet array as the last step of
superdroplet motion. Although this algorithm scales linearly with increas-
ing number of superdroplets, it nevertheless involves time-consuming data
copies, scatter-gather patterns and/or atomic operations, and it doubles the
memory consumption of the superdroplet array. Choosing to keep the su-
perdroplet array ordered is therefore a trade-off. On the one hand it makes
loops over superdroplets more efficient, on the other hand it makes super-
droplet motion more expensive due to sorting.

Using an AoS for superdroplets rather than a Structure of Arrays (SoA)
prioritises efficient data movement over vectorisation. With the AoS layout,
irrespective of the number of attributes of each superdroplet, the speed of
algorithms which sort/shuffle superdroplets during motion/microphysics
scale only with the number of superdroplets. In contrast the SoA layout
would need to perform sorting/shuffling on the array for each individual
sub-component of the superdroplets separately, resulting in more compu-
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0 1 1 1 2 9 9

1. Superdroplets are ordered by SD-GBx-index

5 1 0 1 3 8 1

2. Coordinates and SD-GBx-indexes are updated; array is unsorted

0 1 1 1 1 7 8

3. Superdroplets are sorted to re-instate ordering by SD-GBx-index

Figure A.3: Schematic of the superdroplet array before, during and after su-
perdroplet motion. To illustrate the ordering, the superdroplets
have been given SD-GBx-indexes for grid-boxes from 0 to 9.

tations. Another strength of AoS over SoA is that the addition or removal
of superdroplets during motion involves less memory (de)allocations and
more efficient cache loading. However, with the AoS layout, operations that
act on a single attribute can be less efficient because Single Instruction, Mul-
tiple Data (SIMD) parallel processing is harder to apply. Also if the number
of attributes of each superdroplet is increased, the number of cache misses
likewise increases.

Which data layout results in better performance certainly depends on the
computer architecture (e.g. cache size and types of processors) as well as the
number of superdroplets and number of superdroplet attributes as a result
of the compromise between fast computations through vectorisation and
fast memory access patterns. For simulations involving many superdroplets
(lots of data transfer) with few attributes (few cache misses), the memory
layout we have chosen should be more suitable, but rigorous benchmarking
would be needed to confirm the preferred layout for a given setup. In the
end, some compromise between the two (an Array of Structures of Arrays,
AoSoA) may be the better than either extreme. The decision for the memory
layout of Cleo is nevertheless bolstered by the work of Matsushima et al.
[165], who also focused on data movement to optimise their SDM’s per-
formance, as well as by the rising weight given to the High Performance
Conjugate Gradients Benchmark when ranking HPCs, which demonstrates
the increasing concern for the performance of memory bandwidth limited
computations.

a.4 resource allocation

Cleo has the potential to allocate resources economically because of its paral-
lelism and the way it couples to a host dynamical driver. We used Kokkos to
implement thread parallelism and Message Passing Interface (MPI) for do-
main decomposition. As such, Cleo can make use of the available memory
hierarchies and execution resources on a diverse set of HPC architectures.
To advect thermodynamics Cleo must be coupled to a host dynamical driver
capable of advection, however the domain decomposition and computa-
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tional resources for the dynamics can be independent from those used by
SDM. This allows us greater freedom to improve load balancing and there-
fore to run economical simulations.

a.4.1 Kokkos Thread Parallelism

Cleo depends on Kokkos for performance portable thread parallelism across
a diverse range of computer architectures. Kokkos is a collection of libraries
which enable us to write a single source code that builds for an arbitrary
number of CPU cores and optionally GPU cores [60]. During compilation
on a given computer architecture, Kokkos evaluates the hardware available
and optional user-defined specifications, to determine how to appropriately
allocate the memory and execution resources to achieve high performance.
For example, it determines whether to use column- or row-major layouts
for arrays of grid-boxes and superdroplets in order to avoid cache misses,
and it chooses task sizes for threads of parallelised loops which optimise
cache blocking. By doing so, Kokkos implements (hierarchical) parallelism
of loops over grid-boxes and superdroplets and selects memory layouts de-
signed to be efficient for a specific processor or accelerator. (Alternatively
the memory layouts and task distribution can be manually specified.) The
key benefits are that in abstracting the parallelism, we are able to separate
the software’s purpose from the details of a computer’s hardware, and we
can provide specialised thread parallelism at the same time as portability
and maintainability across many architectures. At the time of writing, we
have tested CUDA, OpenMP and C++ Threads, and the full list of available
parallel execution spaces also includes OpenMPTarget, HIP, SYCL and HPX.

a.4.2 MPI Domain Decomposition

For distributed memory parallelism Cleo uses MPI domain decomposition.
The layout described in Section A.3 is replicated for the sub-domain given
to each MPI process and an extra step in superdroplet motion between
the second and third steps of Figure A.3 is activated to send superdroplets
between processes. Cleo’s MPI domain decomposition is functioning but we
reserve its performance evaluation for a follow-up paper which discusses its
optimisation in the context of realistic flows and coupling to a specific dy-
namical driver.

a.4.3 Coupling Cleo to a Host Dynamical Driver

Cleo is designed to run concurrently to a host dynamical driver called
a “dynamics-solver” and exchange information with it via a “dynamics-
coupler”. In a one-way coupling, Cleo receives information for the state of
each grid-box from the dynamics-solver, whereas in a two-way coupling,
Cleo also sends state information back. For illustration, a simple one-way
coupling is when thermodynamics at a particular time-step are received
from a dynamics-solver which stores arrays read from a file. To advect
thermodynamic fields as per fluid dynamics, Cleo must be coupled to a
dynamics-solver with a fluid-dynamical core.

The dynamics-coupler determines the degree of independence of the grid
and of the resource allocation for Cleo and the dynamics-solver. For the max-
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imum possible flexibility, Cleo can be coupled to a dynamics-solver through
Yet Another Coupler [YAC; 92]. YAC uses MPI communication and can also
interpolate variables between different grids meaning that, by using YAC,
Cleo and the dynamics-solver can not only have different domain decompos-
itions, but also have different grids. Using different grids is advantageous
because it enables the dynamics-solver to compose the domain in the op-
timal way for its fluid-dynamics. Meanwhile Cleo can compose the domain
more favourably for SDM, for example using a nested grid, or grid boundar-
ies which reduce grid-box volumes and/or simplify the numerics of super-
droplet motion. In general, using MPI means Cleo and the dynamics-solver
do not have shared memory and that their domain decompositions are inde-
pendent. Whilst this can result in costlier communication, it also maximises
our freedom to optimise the load balancing and so economise the allocation
of computer resources.

a.5 flexibility through monoids

Cleo uses monoids to enable model flexibility without added run-time from
conditional code branching. In abstract mathematics, a monoid is a closed
set with an associative binary operation (a semigroup) and an identity ele-
ment. We apply this idea computationally by creating types, including an
identity type, which obey specific constraints to ensure they can be com-
bined pairwise (and associatively) to create a new type which also obeys
these constraints. This means any number and permutation of such things
can be combined sequentially during compilation to create the instantiation
of a template to be used at run-time. We use C++20 concepts to impose
the constraints for each monoid on templated types. This has the added be-
nefit of more comprehensible error messages than ordinary template meta-
programming.

As an example, consider some code which calls a function “do_microphy-
sics” through an object called “Z”. Z can be any object as long as it obeys
some constraints: it contains a function called “do_microphysics”, which
takes a view of superdroplets as an argument and potentially modifies it.
Now let us create any number of objects, A, B, C, ... which all obey these con-
straints but have different implementations of the “do_microphysics” func-
tion. For example A.do_microphysics may model condensation, whereas
B.do_microphysics may model collision-coalescence. We then define an as-
sociative binary operation for these objects that returns a new one which
likewise satisfies the constraints of the “do_microphysics” function. For ex-
ample the operation could return “AB” from A and B where
AB.do_microphysics = A.do_microphysics followed by B.do_microphysics.
Defining the outcome of the operation (AB) to also satisfy the constraints
means that we can then combine AB with further objects, C, D, etc. to cre-
ate one final object, Z, whose “do_microphysics” function is an assembly
of all the microphysics we desire. Everywhere else in the code we use
Z, for example to call the “do_microphysics” function (rather than A, B,
or C etc.), meaning that if we wish to change the microphysics we need
only recompile Cleo with a different combination of things comprising Z.
This allows us extraordinary freedom regarding the implementation of the
“do_microphysics” function whilst keeping the rest of the code intact1.

1 Note in general our monoids are not commutative; AB ̸= BA, condensation enacted
before collisions may have a different outcome to condensation after collisions.



A.5 flexibility through monoids 67

Using monoids to enable model flexibility provides faster run-time per-
formance than using conditional code branching. The decisions regarding
which functions are called occurs upon instantiation of each templated type
during compilation. This is in stark contrast to a code which makes de-
cisions at run-time, for example by using if-statements to determine whether
or not to call functions. Indeed, demanding the same degree of flexibility
from a code which uses if-statements would require an excessive number of
conditional branches — in the example above, to be able to model just A,
B, AB, or BA requires three. If this were implemented in Cleo, each branch-
ing would add computational expense and reduce code maintainability and
readability.

Thus, to ensure run-time performance whilst enabling flexibility, Cleo
uses monoids for microphysics and data output. Section A.5.1 details the
constraints imposed on objects used to enact microphysics and how such
objects can therefore be combined with one another using a binary oper-
ator. Likewise, Section A.5.2 details the constraints and associated binary
operator for data output.

a.5.1 Microphysical Processes

Microphysics in Cleo is enacted by the instantiation of a templated type
which satisfies the constraints of a “microphysical process”. The constraints
are chosen to ensure a type instantiated to perform microphysics will func-
tion in the time-stepping routine displayed in Figure A.4a. They are that
every microphysical process has three (GPU compatible) functions, next_step,
on_step, and run_step, each with specific signatures as imposed by the
C++20 concept shown in Listing 1. Naturally, types which count as valid
microphysical processes may contain additional information beyond these
three functions, e.g. a time-step value or a random number generator for a
specific microphysics algorithm, however such additional information is not
a requirement of a microphysical process.

/* define a microphysical process */

template <typename P>

concept MicrophysicalProcess =

requires(P p, TeamMember &tm, unsigned int t, view_supers supers,

State &state, NullMonitor mo) {

{ p.next_step(t) } -> std::convertible_to<unsigned int>;

{ p.on_step(t) } -> std::same_as<bool>;

{ p.run_step(tm, t, supers, state, mo) } -> std::same_as<void>;

};

Listing 1: The definition of a microphysical process in Cleo

We also choose to define the associative binary operation A⊕ B = C for
types that obey the constraints of a microphysical process such that:

• C.next_step = minimum(A.next_step, B.next_step),

• C.on_step = (A.on_step or B.on_step),

• C.run_step = A.run_step, then B.run_step.
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This definition enables us to compile a single microphysical process that
obeys the time-stepping routine in Figure A.4a but is actually constructed
from the sum of any permutation of microphysical processes, as demon-
strated in Listing 2. The flow diagram between C.run_step and C.next_step
in Figure A.4a is simply supplanted by calling the run_step function of each
of the original microphysical processes sequentially, as exampled by Figure
A.4b.

/* define how to combine microphysical processes */

template <MicrophysicalProcess M1, MicrophysicalProcess M2>

struct CombinedMicrophysicalProcess {

M1 a; /**< First microphysical process. */

M2 b; /**< Second microphysical process. */

unsigned int next_step(const unsigned int t) const {

return Kokkos::min(a.next_step(t), b.next_step(t));

}

bool on_step(const unsigned int t) const {

return a.on_step(t) || b.on_step(t);

}

void run_step(const TeamMember &tm, const unsigned int t, view_supers supers,

State &state, const Monitor auto mo) const {

a.run_step(tm, t, supers, state, mo);

b.run_step(tm, t, supers, state, mo);

}

};

auto operator>>(const MicrophysicalProcess auto a,

const MicrophysicalProcess auto b) {

return CombinedMicrophysicalProcess{a, b};

}

// ... ///

/* use a combination of microphysical processes */

const MicrophysicalProcess auto mphys1 = condensation(config);

const MicrophysicalProcess auto mphys2 = collision_coalescence(config);

const MicrophysicalProcess auto mphys3 = collision_breakup(config);

const MicrophysicalProcess auto microphysics =

mphys3 >> mphys2 >> mphys1; // change this line to change microphysics

}

Listing 2: Example code showing how microphysical processes are com-
bined in Cleo. Here we choose “≫” to be the operator in the
definition of A⊕B = C for microphysical processes.

By defining the addition of microphysical processes in this way, we also
ensure adaptive time-stepping in which the combined microphysical pro-
cess always takes the largest possible time-step such that the time-steps of
original processes are respected. Consider the microphysical process C =

A⊕ B. The time-stepping routine in Figure A.4a starts at time=0 s, which is
less than the final time for time-stepping, t_final. When C.run_step is first
called, both A.on_step and B.on_step return false and afterwards C.next_step
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Start 
time = 0

End

time < t_final?

time = C.next_step 

false

true

C.run_step 

do C's microphysics

C.on_step? false true

do B's microphysics

B.on_step? false true

B.run_step 

A.run_step 

do A's microphysics

A.on_step? false true

a) b)

Figure A.4: (a) The flow diagram for the time-stepping routine of some mi-
crophysical process “C” as described by the example in the text.
(b) The flow diagram replacing that in the orange box of (a)
when C = A⊕B.

updates the time to the smaller value out of A.next_step and B.next_step. On
the next loop iteration, the microphysical process(es) out of A and B which
return true from their own on_step function enact microphysics, C.run_step
then returns and time is incremented again. The loop for microphysics en-
acts this logic repeatedly until t_final is exceeded and the simulation termin-
ates. For demonstration, if t_final=20s and A and B have constant time-steps
of 3 s and 5 s, respectively, time advances with the letter in the bracket indic-
ating which microphysics would be enacted at each time-step in the follow-
ing sequence: 0 s -> 3 s (A) -> 5 s (B) -> 6 s (A) -> 9 s (A) -> 10 s (B) -> 12 s (A)
-> 15 s (A and B) -> 18 s (A) -> 20 s (B). In general, A and B need not have
constant time-steps and can themselves be formed from the summation of
other microphysical processes. Thus we can construct a single microphys-
ical process during compilation which is the sum of any permutation of
microphysical processes and enables adaptive time-stepping which adheres
to each process’ time-steps.

For completeness of the monoid for microphysical processes, the set has
an identity element, NullMicrophysicalProcess shown in Listing 3. This is
useful as an initial microphysics construction, or in simulations when no
microphysics is desired.
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/* define the identity element for a microphysical process */

struct NullMicrophysicalProcess {

unsigned int next_step(const unsigned int t) const {

return std::numeric_limits<unsigned int>::max();

}

bool on_step(const unsigned int t) const { return false; }

void run_step(const TeamMember &tm, const unsigned int t, view_supers

supers,↪→

State &state, const Monitor auto mo) const {}

};

Listing 3: The identity element of the microphysical process monoid in Cleo.

a.5.2 Observers

Data output, for example writing information to non-volatile memory or
statements to a terminal window, is entirely analogous to microphysics.
Output is done by the instantiation of a templated type which satisfies
the constraints of an “observer” - a concept for things which have the
possibility to read and copy information from Cleo at selected points dur-
ing time-stepping. Structures called “Monitors” are used by some observ-
ers for output which cannot be obtained at the start or end of a time-
step, but rather must be monitored during a SDM time-step — for ex-
ample the mass change due to condensation/evaporation. Monitors are
also a monoid in Cleo, but we omit the set’s definition here for the sake
of brevity. The constraints on an observer are chosen to ensure the type
instantiated as the observer will function in Cleo’s time-stepping routine
shown in Figure A.9 (pink boxes). They are that every observer has six
functions, before_timestepping, after_timestepping, next_step, on_step,
at_start_step, and get_monitor, each with specific signatures as imposed
by the C++20 concept shown in Listing 4.

Any type which satisfies these constraints is a valid element of the mon-
oid for observers and can therefore be combined with another element using
the associative binary operation A⊕B = C, which we choose to define as:

• C.before_timestepping = A.before_timestepping, then

B.before_timestepping,

• C.after_timestepping = A.after_timestepping, then

B.after_timestepping,

• C.next_step = minimum(A.next_step, B.next_step),

• C.on_step = (A.on_step or B.on_step),

• C.at_start_step = A.at_start_step, then B.at_start_step,

• C.get_monitor = A.get_monitor ⊕ B.get_monitor,

as demonstrated in Listing 6.
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/* define an Observer */

template <typename Obs>

concept Observer = requires(Obs obs, unsigned int t, view_constgbx gbxs,

view_constsupers supers) {

{ obs.before_timestepping(gbxs) } -> std::same_as<void>;

{ obs.after_timestepping() } -> std::same_as<void>;

{ obs.next_step(t) } -> std::convertible_to<unsigned int>;

{ obs.on_step(t) } -> std::same_as<bool>;

{ obs.at_start_step(t, gbxs, supers) } -> std::same_as<void>;

{ obs.get_monitor() }; // should return a Monitor type

};

Listing 4: The definition of an observer in Cleo

Exactly like, but independent of, microphysical processes, the sum of dif-
ferent observers ensures adaptive time-stepping. Likewise this means ob-
servers can have different output frequencies and ones that are not necessar-
ily factors of each other. In fact, the constraints on the time-stepping func-
tions for observers and microphysics are so similar they could stem from
the same parent time-stepping concept, but for simplicity we keep them
distinct.

Observers that write data to non-volatile memory are designed to write
large datasets efficiently. Buffers hold output data in RAM until they reach
a specified chunk size (∼10 MB by default). These are then written to chunks
of arrays in a dataset according to the Zarr storage specification version
2. Zarr is chosen because it is well-suited to high throughput of large N-
dimensional arrays, especially because it enables parallelised reading/writ-
ing. The dataset is compliant with the requirements of Xarray, and is there-
fore also compatible with NetCDF. Data can be written as any data-type of
the NetCDF Climate and Forecast (CF) Metadata Convention, but to save
memory it is cast to 4-byte types by default. Additionally, arrays of super-
droplet data (e.g. their spatial coordinates) are output according to the CF
Metadata Convention’s contiguous ragged representation. This is because
the number of superdroplets may change over time if superdroplets leave
or enter the domain and so the length of data at each output time-step may
change. A ragged array, as opposed to a fixed shape array with dimensions
of the largest length of data, does not contain empty data points and so
saves memory.

For completeness, the monoid for observers has an identity element,
NullObserver, shown in Listing 5. This is useful as an initial observer con-
struction, or in simulations which do not require output from Cleo.

a.6 time-stepping cleo

Cleo’s entire time-stepping routine is shown in Figure A.9. In summary, one
time-step consists of seven key stages:

1. Determine the next time-step, t_next.

2. If on a coupling time-step, receive thermodynamics and wind velocity
fields for SDM from the dynamics-solver via the dynamics-coupler.
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/* define the identity element for an Observer */

struct NullObserver {

void before_timestepping(const view_constgbx gbxs) const {}

void after_timestepping() const {}

unsigned int next_step(const unsigned int t) const {

return std::numeric_limits<unsigned int>::max();

}

bool on_step(const unsigned int t) const { return false; }

void at_start_step(const unsigned int t, const view_constgbx gbxs,

const view_constsupers supers) const {}

Monitor auto get_monitor() const { return NullMonitor{}; }

};

Listing 5: The identity element of the observer monoid in Cleo.

3. If on an observation time-step, perform observation.

4. Time-step the dynamics-solver from the current time to t_next.

5. Time-step SDM from the current time to t_next via the sub-time-stepping
routine shown in Figure A.9b, enacting microphysics followed by su-
perdroplet motion.

6. If on a coupling time-step, send thermodynamics from SDM to the
dynamics-solver via the dynamics-coupler.

7. Increment the time to t_next.

The length of one time-step and the exact implementation of each of these
parts is determined by types instantiated for the dynamics-solver, dynamics-
coupler, grid-maps, observer, superdroplet motion, and microphysical pro-
cess. For example, when using a one-way coupling the dynamics-coupler’s
function for step 6 is empty. The sub-time-stepping routine for SDM shown
in Figure A.9b is simply an extension of the logic from Figure A.4a to in-
clude observers and superdroplet motion as well as microphysics. Although
currently it is performed afterwards, to reduce run-time the entire sub-time-
stepping routine could in principle be made asynchronous to the time-step
of the dynamics-solver.

a.7 performance

Here we show the performance of Cleo’s superdroplet-scaling and strong-
scaling using OpenMP, C++Threads and CUDA parallelism. The simula-
tions are performed on a single node of Levante HPC at the German Cli-
mate Computing Center (DKRZ) using 1, 16, 64 or 128 CPU threads and,
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Grid-Boxes Total Superdroplets ∆x / m ∆y / m ∆z / m

1 2.560× 102 6000.0 300.0 1500.0
8 2.048× 103 1500.0 150.0 1500.0

64 1.638× 104 750.0 75.0 750.0
512 1.311× 105 375.0 37.5 375.0

2048 5.243× 105 187.5 37.5 187.5
4096 1.049× 106 187.5 18.8 187.5

16384 4.194× 106 93.8 18.8 93.8
32768 8.389× 106 93.8 9.4 93.8

131072 3.355× 107 46.9 9.4 46.9

Table A.1: The problem size for the performance tests in terms of the num-
ber of grid-boxes composing the domain and the consequent total
number of superdroplets and domain grid-spacing.

when CUDA is enabled, an additional GPU2. The node’s configuration and
the software used are listed in Table A.4. To change the problem size we
decrease the volume of each grid-box, holding the domain volume and the
number of superdroplets per grid-box fixed [165] [as opposed to fixing the
grid-box volumes and increasing the number of superdroplets per grid-box;
58]. This not only decreases the variance in the number of droplet collisions
and increases the precision of the droplet size distribution, but also increases
the resolution of the flow field and the accuracy of each superdroplet’s posi-
tion [23]. The better this superdroplet-scaling, i.e. grid-box scaling, the more
efficiently we can run accurate simulations.

The simulations are of a 3-D Cartesian domain 6000m × 300m × 1500m
with 256 superdroplets per grid-box, varying grid-spacing as listed in Table
A.1 and with the initial conditions shown in Figure A.5a-d. They include
condensation, evaporation, collision-coalescence and droplet motion using
the configuration listed in Table A.5 for the physics described in Bayley
et al. [23]. The droplets in every grid-box are initialised from a bimodal
log-normal dry-aerosol distribution of NaCl. The modes are at 20nm and
150nm with standard deviations of 1.4 and 1.6, respectively, their relative
probability is 3:2, and the total droplet number concentration is 500 cm−3.
Superdroplets are created by randomly sampling 256 evenly-in-log-space
bins between 5nm and 1µm — as in the “Single-SIP-init” method of Un-
terstrasser et al. [286], but in radius not mass space. Superdroplets’ spatial
coordinates are uniformly randomly sampled from the space within each
grid-box. The dynamics are a simplified version of the 2-D kinematic flow
model from Arabas et al. [11]. We prescribe the same divergence-free wind
field and hydrostatic equilibrium, but the kinetics are held constant in time,
without feedback from microphysics, rather than relaxed towards the initial
profiles. To mimic sub-cloud and in-cloud conditions, the temperature has
a lapse rate of 9.8K km−1 below 750m and 6.5K km−1 above, while the

2 Tests with CUDA parallelism also used OpenMP for parallelised CPU code, e.g.
some parts of initialisation. Since the majority of the time is spent on GPUs, changing
the number of CPU threads has negligible effect on the CUDA build’s speed-up and
so we only show plots for the tests with 128 CPU threads.
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a) b) c)

d)

e)

Figure A.5: An example of the performance tests with 16384 grid-boxes. (a-
d) The initial conditions, (e) The growth and movement of a
random sample of 500 superdroplets between 1500m < x <
3000m for the test case with 1.638× 104 superdroplets overall.

water vapour has a lapse rate of 2.97 g kg−1 km−1 below 750m and super-
saturation is fixed at 0.1% above. The surface pressure is 1013.15hPa, the sur-
face temperature is 297.9K, and the surface water vapour mass mixing ratio
is 16 g kg−1. We ran the simulations for 80mins without data output and
present results per 1 s of simulated time. An example of the superdroplets’
evolution is shown in Figure A.5e.

The superdroplet-scaling of the wall-clock time is shown in Figure A.6
for the maximal set of resources for each build: serial (1 thread), CUDA
(128 CPU threads and 1 GPU), OpenMP (128 threads) and C++Threads
(128 threads). The wall-clock time for all the builds is almost entirely time-
stepping SDM, as opposed to initialisation or the dynamics-solver, and time-
stepping SDM scales linearly with increasing number of superdroplets once
the total number of superdroplets is large enough. This is because the bottle-
neck of microphysics is the (serial) random shuffling of superdroplets dur-
ing collisions and the bottleneck of motion is the aforementioned counting-
sort algorithm (Section A.3.3). Both of these algorithms scale linearly with
increasing number of superdroplets. For C++Threads and OpenMP builds,
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Figure A.6: The superdroplet-scaling of the wall-clock time for each simu-
lated second given the maximum set of resources for each build
on Levante HPC: (a) Serial (dash-dotted), (b) CUDA (dotted), (c)
OpenMP (solid), and (d) C++Threads (dashed). The colours de-
compose the total time (blue) into the time spent on SDM (cyan),
motion (purple) and microphysics (red)

motion (i.e. sorting) is the dominant bottleneck, while for serial and CUDA
builds, it is the microphysics (i.e. shuffling). The time-per-call of motion
is, however, three times greater than shown here since the time-step was 3 s.
The expense of motion per-call is therefore comparable to that of microphys-
ics for all builds, and considerably more for OpenMP and C++Threads.

The strong-scaling in Figure A.7 shows the speed-up of the wall-clock
time with increasing number of CPU threads for various problem sizes2.
Overall, none of the builds reach optimal efficiency (Figure A.7a); CUDA
suffers from microphysics (Figure A.7b), while OpenMP and C++Threads
suffer from motion (Figure A.7c).

The limit for CUDA parallelism due to microphysics can be seen in Table
A.2. The speed-up of motion maximizes at 150 for the largest problem sizes,
however microphysics appears to plateau at smaller problem sizes and at
70. The bottleneck is again the shuffling algorithm we use during collision-
coalescence, presumably due to the relatively slow clock-speed of a single
GPU thread, and so a different (parallelised) shuffling algorithm may im-
prove performance. Alternatively, the shuffling could be performed con-
currently with other parts of the time-stepping routine. For OpenMP, the
strong-scaling of microphysics is almost perfect, at 100% efficiency for large
enough problem sizes, however, the overall speed-up is limited by the speed-
up of motion which is no greater than 8. The scaling of C++Threads is bet-
ter than OpenMP despite slightly less-optimal scaling of the microphysics
because motion scales better for all but the largest problem size. The bottle-
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Figure A.7: The strong-scaling of the speed-up of wall-clock time relative to
the serial simulations with increasing number of CPU threads
on Levante HPC for (a) time spent on SDM, (b) microphysics,
and (c) motion. The line-style denotes the build and the colours
from purple to green indicate increasing problem size in terms
of the total number of superdroplets in the domain. The speed-
up of motion from CUDA exceeds the y-axis scale and is repor-
ted in Table A.2 instead.

neck of motion on CPUs is not the data copying itself, but rather the syn-
chronisation of threads required by scatter-gather patterns in the counting-
sort algorithm. Data copying nevertheless doubles the memory footprint of
the superdroplets. A more specialised sorting algorithm which exchanges
rather than copies superdroplets and uses the relationship between the GBx-
indexes to avoid scatter-gather patterns would therefore provide better per-
formance both in terms of memory usage and speed. Our results are in
agreement with Matsushima et al. [165] who found that after optimising
their SDM, superdroplet tracking (movement and sorting) was indeed the
bottleneck of SDM on CPUs, and for the largest simulation this was predom-
inately due to superdroplet sorting.

The bottlenecks in Cleo’s microphysics and motion are expected to be-
come less acute with more complex simulations. The addition of more micro-
physical processes, for example to model frozen condensates, will increase
the cost of microphysics in ways that decrease importance of the shuffling
algorithm. Coupling Cleo to a dynamics-solver capable of advection will
diminish SDM’s role in the total run-time and introduce other dynamics-
related bottlenecks. Above all, the expense of transporting superdroplets
between MPI processes is expected to make the cost of sorting during su-
perdroplet motion inferior to the cost of MPI domain decomposition, even
once optimised.
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Figure A.8: (a) The superdroplet-scaling of the serial build for the resid-
ent set size high-water memory consumption (brown) and for
the maximum memory allocation (grey); (b and c) The strong-
scaling of the same memory footprints for the parallelised
builds: OpenMP (solid), C++Threads (dashed) and CUDA (dot-
ted). The colours from purple to green indicate increasing prob-
lem size in terms of the total number of superdroplets in the
domain.

Figure A.8 shows the superdroplet- and strong-scaling of Cleo’s memory
consumption is as expected. The memory footprints increase linearly with
increasing number of superdroplets and are almost constant with increas-
ing CPU threads. The overhead from using OpenMP or C++Threads paral-
lelism is almost insignificant. It is larger for smaller problem sizes but still
no greater than 1%, and is predominately from the creation of thread-safe
random number generators and arrays for the scatter-gather patterns. Due
to the large number of threads on a GPU, the overhead of CUDA paral-
lelism for problem sizes less than approximately 106 superdroplets can be
relatively large because thread-safe random number generators are more ex-
pensive than the superdroplets and grid-boxes themselves. For large enough
problem sizes however, the overhead of CUDA is also insignificant, and the
maximum memory allocation (i.e. the superdroplet memory allocation) can
actually be substantially smaller than in serial. The high-water memory con-
sumption, that is the largest resident set size memory used, can divided into
the apparent memory consumed by a single superdroplet and grid-box. As
demonstrated in Table A.3, for all builds both superdroplets and grid-boxes
are effectively O(100 bytes), whereas by default stand-alone they are 68 bytes
and 120 bytes, respectively.
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CUDA Speed-Up
#SDs in Domain SDM Microphysics Motion

1.638× 104 10.9 12.4 6.86

1.311× 105 49.3 50.8 43.8
1.049× 106 76.5 69.9 139.5
3.355× 107 79.0 71.6 152.3

Table A.2: The speed-up of wall-clock time for the CUDA build relative to
the serial simulations for problem sizes plotted in Figure A.7.

Serial OpenMP C++Threads CUDA

% of high-water
memory consumption
Superdroplets 99.3 97.5 97.5 99.1
Grid-Boxes 0.2 0.2 0.2 0.6

Apparent size / bytes
Superdroplet 314.4 309.8 308.6 332.9
Grid-Box 162.1 162.7 162.0 515.9

Table A.3: The apparent size of superdroplets and grid-boxes calculated
from their contribution to the high-water memory consumption
for the simulations with 32768 grid-boxes (256 superdroplets per
grid-box).

a.8 conclusions

To satisfy our curiosity about cloud responses to climate change, SDM of-
fers a promising new way to model cloud microphysics. SDM overcomes
many of the problematic features of conventional microphysics representa-
tions and this has already proven fruitful, for example in studying the role of
turbulence during droplet growth [44, 86, 151]. However, the computational
cost currently inhibits SDM from certain areas of research, an important
case being the study of interactions between cloud microphysics and their
mesoscale organisation. This research requires LES that can clearly depict
warm-cloud microphysical processes and resolve droplet sizes whilst also
capturing mesoscale circulations. We therefore need a SDM for studying
warm-clouds in LES with hectometre resolution and O(100 km) domains.
Cleo is a new computational implementation of SDM intending to be fit for
that purpose. Of course, to make such large-domain LES feasible, Cleo must
be able to harness both the shared- and distributed-memory parallelism of
exascale computers, and whilst the shared-memory performance depends
mostly on the fundamental structure of the code, the distributed-memory
parallelism is also sensitive to the fluid-flow given by the host dynamical
model and the computer network topology. As such, we will evaluate Cleo’s
distributed-memory parallelism in an follow-up paper specific to LES on
exascale computers, whilst this paper discusses Cleo’s fundamental com-
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putational design and it’s performance on shared-memory architectures. In
Bayley et al. [23], the numerics of Cleo’s warm-cloud microphysics is de-
scribed.

Efficient memory management is a principal feature of Cleo’s design for
high computational performance of large simulations. We have chosen the
layout of grid-boxes and superdroplets in contiguous ordered chunks of
memory to try to minimise cache loading and support data locality. Whilst
keeping superdroplets ordered requires a costly sorting algorithm, this ex-
pense will become less significant with larger simulations involving MPI
domain decomposition, more complex microphysics and a fluid-dynamical
core. The memory layout we have chosen also favours data transfer over
SIMD operations, as is deemed appropriate for simulations involving fre-
quent transport of a large number of superdroplets which have a low num-
ber of attributes. Since simulations of many superdroplets are exceptionally
memory demanding, Cleo’s optional features, such as superdroplet tracking,
can be optimised out of simulations. Data output is also designed econom-
ically by following the Zarr storage specification to write binary files and by
using ragged arrays to represent superdroplet data.

Cleo’s resource allocation is designed flexibly so that large simulations
can be economised. To exploit parallelism on HPCs, we use MPI for domain
decomposition and Kokkos for abstracted and hierarchical thread parallel-
ism. Kokkos makes Cleo concise and maintainable, but most importantly
performance portable, meaning Cleo can make use of the various forms of
thread-parallelism available on a diverse set of computer architectures, in-
cluding those with GPUs. Further flexibility is built into how Cleo couples to
a host dynamical driver. The coupling allows SDM and the dynamics to have
independent domain decompositions, meaning we have greater freedom to
allocate computational resources in a way that achieves load balancing and
therefore produces more economical simulations.

Cleo is highly configurable as well as computationally performant. Mon-
oids, defined through template meta-programming with C++20 concepts,
enable adaptive time-stepping and make choices regarding which variables
to output and which microphysical processes to include highly flexible. In
contrast with flexibility obtained through conditional code branching, flex-
ibility via monoids has faster run-time and makes the code more readable.
The coupling between Cleo and a host dynamical driver not only allows dif-
ferent domain decompositions, but also makes it easy to switch host model
to conduct sensitivity studies and optimise the numerical methods of SDM
and the dynamics-solver separately. Additionally, Cleo has flexibility over
the choice of grid for SDM. All this flexibility makes Cleo well-suited for
detailed study of microphysics, for example evaporation, its influence on
hydrometeor evolution and atmospheric dynamics.

Cleo’s current state of development raises opportunity for further optim-
isation and larger simulations. The bottlenecks of Cleo’s SDM algorithms on
a single node are the shuffling during collisions between droplets (acute in
GPU simulations), and the sorting during superdroplet motion (in CPU-only
simulations). Using a parallelised shuffling algorithm may be more optimal
for GPUs, but optimisation could also come from making parts of the shuff-
ling algorithm execute concurrently with other computations at each time-
step. Similar optimisations could provide better performance of the sorting
algorithm on CPUs, as well as lower its memory consumption. However,
whether such optimisations are worthwhile should be assessed with more
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ambitious simulations, where the transport of superdroplets between nodes,
additional microphysics, and/or the expense of the dynamics-solver and
communication with it, could surpass these algorithms as the major bottle-
necks. Given Cleo’s current state of development however, we can speculate
about the minimum cost of such ambitious simulations. Consider LES with a
150 km × 150 km × 7 km domain with grid-spacing 150m horizontally, 40m
vertically and 128 superdroplets per grid-box. In other words, O(1010) su-
perdroplets overall. For a conservative estimate on the cost, let us assume
that the wall-clock time for superdroplet motion increases by a factor of 10

due to the transport of superdroplets via MPI, but that all of the run-time of
the dynamics-solver and communication can be made asynchronous. Then,
by using 1000 NVIDIA A100 GPUs (250 “Levante-like” GPU-nodes), the
SDM setup from the performance tests presented here suggest that O(107)
superdroplets per MPI process would need approximately one second of
wall-clock time for every second of simulated time. Even for a more con-
servative estimate, where the performance is slower by a factor of 1000, a
simulation of several hours that takes several weeks to run is still conceiv-
able. Future development of Cleo is therefore a promising avenue to pursue
towards using SDM to study the interactions between cloud microphysics
and mesoscale cloud organisation.

a.9 code availability

Cleo is published on it’s GitHub page: github.com/yoctoyotta1024/Cleo, along-
side it’s documentation: https://yoctoyotta1024.github.io/Cleo. Version v0.39.0
is described and tested in this paper.

a.10 code and data availability

All the code and results included this paper can be accessed from the dataset:
Bayley [25].
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/* define how to combine observers */

template <Observer Obs1, Observer Obs2, Monitor Mo>

struct CombinedObserver {

private:

Obs1 a; /**< First Observer. */

Obs2 b; /**< Second Observer. */

Mo mo; /**< Combination of First and Second Observers' Monitors */

public:

void before_timestepping(const view_constgbx gbxs) const {

a.before_timestepping(gbxs);

b.before_timestepping(gbxs);

}

void after_timestepping() const {

a.after_timestepping();

b.after_timestepping();

}

unsigned int next_step(const unsigned int t) const {

return Kokkos::min(a.next_step(t), b.next_step(t));

}

bool on_step(const unsigned int t) const {

return a.on_step(t) || b.on_step(t);

}

void at_start_step(const unsigned int t, const view_constgbx,

const view_constsupers supers) const {

a.at_start_step(t, gbxs, supers);

b.at_start_step(t, gbxs, supers);

}

Monitor auto get_monitor() const { return mo; }

};

auto operator>>(const Observer auto obs1, const Observer auto obs2) {

const Monitor auto mo12 =

CombinedMonitor{obs1.get_monitor(), obs2.get_monitor()};

return CombinedObserver{obs1, obs2, mo12};

}

// ... //

/* use a combination of observers */

const Observer auto obs1 = StreamOutObserver(config);

const Observer auto obs2 = TimeObserver(config, dataset);

const Observer auto obs3 = StateObserver(config, dataset);

const Observer auto obs4 = SuperdropsObserver(config, dataset);

const Observer auto observer =

obs4 >> obs3 >> obs2 >> obs1; // change this line to change observer

}

Listing 6: Example code showing how observers are combined in Cleo. Here
we choose “≫” to be the operator in the definition of A⊕ B = C
for observers. Monitors are also monoid, with their own C++20

concept, associative operation, and identity element, but we omit
their definition here for brevity.
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time = t_next

a)

b)

receive dynamics

on coupling 
time-step?

false true

time-step dynamics solver

send dynamics

on coupling 
time-step?

false true

Start 
time = 0

End

time < t_final? false

true

call observer 
before time-stepping 

call observer 
after time-stepping 

t_next = min(next observation 
step, next coupling step) 

on observation 
time-step?

false true
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at start of time-step
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run microphysical 
process step

t_sdm < t_next?false
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microphysical process, next 
step for superdroplet motion)

get observer's monitor

t_sdm = time

time-step SDM 
via sub-time-stepping routine

1.

2.

3.

4.

5.

6.

7.

Figure A.9: (a) The flow diagram for Cleo’s time-stepping routine. Each step
is coloured by which of Cleo’s structures it involves. The steps
involved in the SDM sub-time-stepping routine are shown in (b)
and are an extension of the logic presented in Figure A.4a to in-
clude output and superdroplet motion as well as microphysics.
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b.1 abstract

The numerical methods of conventional Eulerian models have obscured our
fundamental understanding of cloud microphysics and introduced artifi-
cial uncertainties. In contrast, the Super-Droplet Model (SDM) provides a
transparent link between model and theory, and remedies the numerical
artifacts that hindered decades of cloud modelling. In light of its numer-
ous advantages we’ve created a novel SDM for warm-cloud microphysics
called Cleo, with the goal of making it feasible to run Large-Eddy Simula-
tions (LES) with SDM in domains large enough to resolve shallow mesoscale
cloud organisation O(100 km). Here we document the microphysics ground-
ing Cleo and how it is translated into numerical methods, with the inten-
tion of assisting the physical interpretation of future LES and comparison
with observations. We highlight subtle but important points where we differ
from existing SDMs: in how we model the ventilation effect on evaporation,
and how we account for uncertainty in our knowledge of droplet collisions.
As well as modelling collision-coalescence we propose a low-cost extension
to the original SDM algorithm which adds both collisional rebound and
breakup. We demonstrate Cleo’s capabilities with known test-cases for con-
densation/evaporation, collisions between droplets, and droplet motion, in-
cluding an integrated test using the 1-D Kinematic Driver framework. Cleo
can therefore now be used stand-alone, one-way coupled for piggybacking,
or two-way coupled for LES, as a fully-functioning SDM capable of repres-
enting all the main microphysical processes driving warm-clouds.

b.2 introduction

Substantial differences exist between conventional Eulerian models for cloud
microphysics. Excessive degrees of freedom within one- and two-moment
bulk schemes, the least expensive of existing microphysics models, allow for
varying definitions of condensate categories, as well as the parametrisations
for how they interact with one another, and their assumed size distributions
[e.g. 130]. Increasing in sophistication, even the most conventional spectral
bin schemes still vary in how they define condensate categories and their
parametrisations. They also introduce differences in numerical implementa-
tions, for example to tackle numerical diffusion [182], such that even if two
bin schemes solve the same equations they could calculate different results.
These differences matter for more than just microphysics.

The differences between conventional Eulerian models have a wide-range
of macrophysical ramifications. In global storm resolving models [e.g. 37,
176], only changing fall velocity parameters in one- and two- moment bulk
schemes can substantially alter the relationship between moisture and con-
vection, which has consequences for the Madden–Julian oscillation and the
radiation balance of the entire atmosphere [185, 268, 272]. Varying defin-
itions of condensate size distributions are also problematic because they
alter shallow-cloud fraction and albedo, even in non-precipitating clouds,
and their underlying assumptions are inconsistent with even the most ba-
sic kinematic processes [109, 110]. When Large-Eddy Simulations (LES) and
observations are compared, differing precipitation patterns are frequently
attributed to differences in microphysics schemes, and bin schemes are just
as disparate as bulk ones [131, 232, 289]. Indeed there is extensive literat-
ure showing the many ways in which microphysics can appreciably effect
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larger-scale dynamics [e.g. 18, 67, 90, 121], and thus as long as there are
differences between microphysics schemes we can expect there to be differ-
ences in macrophysical outcomes. Differences inevitably arise from gaps in
our knowledge of cloud microphysics, however, the differences highlighted
above are not caused by knowledge gaps, but rather by “model uncertainty”,
uncertainty inherent to the way that conventional Eulerian models represent
what we already understand.

The Super-Droplet Model [SDM; 241] eradicates the biggest sources of
conventional model uncertainty. SDM is a Lagrangian particle model for
cloud microphysics where the condensate population is modelled by “su-
perdroplets”. Superdroplets have the same properties as real condensates as
well as an extra one, the multiplicity, which states how many real condens-
ate particles that superdroplet represents. SDM therefore makes no assump-
tions about condensate categories or size distributions and it does not suffer
from same intrinsic problems as bin schemes, such as numerical diffusion
and the “curse of dimensionality” [84]. In the same way the accuracy of the
condensate size distributions is bounded by the number of moments in a
bulk scheme, and the number of bins in a bin scheme, it is the number of
superdroplets which limit the accuracy of SDM. However SDM has an im-
portant convergence property. As the number of superdroplets increases, a
simulation tends towards what we expect from explicit individual particle
simulations, and the mean of many simulations approaches the solution
to the Smoluchowski equation [247]. This is in stark contrast to bulk and
bin schemes, where increasing refinement does not converge to a generic
solution because the field-based description of particles has conceptual and
numerical flaws [84, 182]. Moreover, the link between our fundamental un-
derstanding of microphysical processes and their representation in SDM is
clear and direct, meaning that variations between SDMs hold a strong rela-
tion to differences in our understanding of the underlying physics.

We have created a novel computational implementation of SDM, Cleo,
for a simplistic representation of warm-cloud microphysics well-suited to
high-performance computers. In the companion to this paper we described
the fundamental computational design of our SDM and its computational
performance [22]. In this paper we document Cleo’s numerical methods
for warm-cloud microphysics and demonstrate their behaviour in known
test-cases. Since the link between the numerical methods and fundamental
theory is so clear in SDM, by carefully describing our numerical methods
we assist the physical interpretation of studies using Cleo and comparisons
with other microphysics models.

Cleo models all the major microphysical processes of warm-clouds: con-
densation/evaporation, collisions between droplets and droplet motion. Most
of the methods are already found in the literature, but in addition to docu-
menting which of those Cleo adopts, we highlight particular novelties of our
approaches and explain how the flexibility we incorporated reflects the un-
certainties in our current understanding of warm-cloud microphysics. More
specifically, we clarify the methods of Shima et al. [241] and Matsushima
et al. [165] for modelling condensation/evaporation and extend them to
include ventilation effects. For collision between droplets, Cleo facilitates
various definitions for the collision kernel and the outcome of collisions
between droplets. The breakup of raindrops as a consequence of collisions
is included in De Jong et al. [51] and Bringi et al. [38], but is neglected by
the majority of SDMs (and some bulk and bin microphysics schemes), des-



90 cleo : the numerical methods

pite the fact it could be an important influence on the rate of evaporation
in downdraughts [178, 180, 203, 235, 265]. Cleo therefore offers an extended
version of the Shima et al. [241] collision-coalescence algorithm to permit
the study of rebound and breakup.

In this paper the ith superdroplet is defined by its spatial coordinates,
x⃗i, its multiplicity, ξi, and its attributes, a⃗i, wherein Ri and Ms,i are its
radius and its mass of solute (aerosol), respectively. The total mass of each
superdroplet is given by

MT ,i = Ms,i(1−
ρl
ρs,i

) +
4

3
πρlR

3
i , (B.1)

to account for the solute’s volume whilst neglecting its change due to dis-
solution, where ρl and ρs,i are the densities of liquid water and the solute,
respectively. a⃗′

i symbolises x⃗i as well as all the superdroplet’s intensive at-
tributes, for example ρs,i.

Cleo’s numerical methods for microphysics and superdroplet motion are
found in Sections B.3 to B.5, and their validations are found in Section B.6.
Section B.3 describes how Cleo models condensation/evaporation, includ-
ing ventilation effects and an adaptive sub-time-stepping algorithm. Section
B.4 explains how we have extended the collision-coalescence algorithm of
Shima et al. [241] to include a framework for collisional breakup and re-
bound, and Section B.5 explains how Cleo determines superdroplet motion.

b.3 condensation/evaporation

We use Köhler theory to describe droplet growth due to evaporation/con-
densation, but also account for the enhancement of evaporation of mov-
ing droplets by including a ventilation factor. The change of the ith super-
droplet’s radius, Ri, is therefore

Ri
dRi

dt
= fv

(S− 1) − a
Ri

+ b
R3
i

Fk + Fd
, (B.2)

where fv is the ventilation factor; S is the ambient saturation ratio of the grid-
box; Fk and Fd are, respectively, the heat conductivity and vapour diffusion
factors; a

Ri
represents the effect of curvature on the saturation at a droplet’s

surface; and b
R3
i

accounts for the reduction in water vapour pressure due

to the presence of solute. We use the same formulations for Fk, Fd, a and
b as in Shima et al. [241] [134, 218]. Supersaturation fluctuations caused by
sub-grid-scale turbulence are not taken into account.

We obtain the ventilation factor, fv, by fitting the curve

fv(R) = 1+

(
1

α1Rβ1
+

1

α2Rβ2

)−1

(B.3)

to the curve from Pruppacher and Klett [208], such that α1 = 6.954 ×
107 m−β1 , α2 = 1.069×103 m−β2 , β1 = 1.963, β2 = 0.702. This gives similar
values as Pruppacher and Klett [208] [given the terminal velocity paramet-
risation from 208] but makes the size dependence more explicit whilst neg-
lecting the small dependence of fv on pressure variations. Additionally we
constrain fv ⩽ 20.0 to reflect the fact that droplets with a radius larger than
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approximately 3mm have the same terminal velocity. As shown in Figure
B.1, fv is negligible for droplets with radii less than about 0.1mm, but can
increase the evaporation rate of large droplets by an order of magnitude.

Figure B.1: The ventilation factor we use in Cleo compared to the experi-
mental data from Kinzer and Gunn [132], and Pruppacher and
Rasmussen [209], and compared to the fit to the data from Prup-
pacher and Klett [208] at T = (288.15± 15.00)K in a standard
atmosphere.

Careful consideration of the numerical methods for integrating Equation
(B.2) is required because this ordinary differential equation is stiff. We use
an implicit Euler method with a Newton-Raphson root-finding algorithm
similar to Shima et al. [241] to ensure stability when integrating the modi-
fied version of the ODE in Equation (B.2). Our method saves computational
cost by permitting a comparatively large default time-step (∆tcond ∼1 s) and
very often keeping the number of Newton-Raphson iterations below three.
Explicitly, given the time-step for condensation/evaporation, ∆tcond, and
the notation Ri(t

n) = Rn
i , we make the approximation fv(R) ≈ fv(R

n
i ) and

let fv(R
n
i ) = fv, the ODE is discretised as

0 =
Z− (Rn

i )
2

∆tcond
−

2fv[(S− 1) − aZ−1/2 + bZ−3/2]

Fk + Fd
; (B.4)

where Z = (Rn+1
i )2. The Newton-Raphson method is then used to find the

real positive root of the polynomial,

g(Z) =
Z− (Rn

i )
2

∆tcond
−

2fv[(S− 1) − aZ−1/2 + bZ−3/2]

Fk + Fd
; (B.5)

such that the radius of each superdroplet at the subsequent time-step is
given by Rn+1

i = +
√
Z when g(Z) = 0. We use g(Z) rather than the higher

order polynomial in terms of +
√
Z because it converges more rapidly — in

fact in the limit a = b = 0, the Newton-Raphson method can find the true
root of Equation (B.5) with one iteration. A reasonable initial guess close to
the true solution for g(Z) = 0 can make convergence fast and so we choose
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our first guess for Z to be (Rn
i )

2 unless S > 1+
√

4a3

27b , in which case the
superdroplet is already activated and we make the initial guess very large:
at least 10−6 m2.

There are upto three real roots of g(Z) and so we must ensure that the
genuine solution for Rn+1

i is converged upon. If the droplet was previously
and is currently un-activated, and in an environment with a supersaturation
less than its activation supersaturation, i.e. if

S ⩽ 1+

√
4a3

27b
, and Rn

i <

√
3b

a
, (B.6)

then the uniqueness of the solution to g(Z) = 0 is guaranteed. Likewise, if
the time-step is small enough,

∆tcond ⩽
25b(Fk + Fd)

2a2fv

√
5b

a
, (B.7)

uniqueness is guaranteed (as in Matsushima et al. [165] modulo the vent-
ilation factor). In either of these cases we attempt two iterations of the
Newton-Raphson method and then perform a standard local error test for
convergence, whereby the method has converged if g(Z) < α+ βg

(
Rn
i )

2
)

for some absolute and relative tolerances, α and β, respectively1. Rn+1
i has

been found if the test passes, whereas if it fails we perform further iterations
and check for convergence after each one. However, to prevent parasitic
cases from running for infinite time, the simulation is terminated if a chosen
maximum number of iterations is exceeded1. When neither condition for a
unique solution is met adaptive time-stepping is performed, whereby ∆tcond
is divided into sub-steps which each obey the second criteria for uniqueness.
It is highly improbable but these sub-steps can be extremely small [165]. We
therefore allow a minimum sub-step to be set in order to reduce the cost of
the simulation but at the risk of finding the incorrect solution for Rn+1

i .

b.4 collisions

Modelling collisions between droplets in Cleo can be done with or without
collisional breakup and rebound. Collisional breakup during rainfall has
been observed in situ and has been suggested as an important control on the
timing and intensity of rain in LES [237, 275]. Since breakup converts large
droplets into significantly smaller ones, its effect on the higher moments of
the droplet size distribution can be appreciable [e.g. 167] [references in 182].
This motivates two alternative treatments for collisions in Cleo, schematised
in Figure B.2, which are:

(a) the original algorithm of Shima et al. [241] which models only collision-
coalescence ,

(b) the extended algorithm which also includes rebound and breakup .

In both treatments, the steps to determine whether or not a collision oc-
curs is the same as in Shima et al. [241]. All the superdroplets in a grid-box
are first randomly paired with one-another. Then for each pair the probab-
ility that they collide is compared to a random number, ϕα, to determine

1 By default we choose α = 0.01 and β = 0.0, and the maximum number of iterations
as 50.
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Figure B.2: (a) Schematic of the original collision-coalescence algorithm
from Shima et al. [241]. (b) The extended collision algorithm in-
cluding breakup and rebound as well as coalescence. A lighten-
ing/darkening of a superdroplet indicates a decrease/increase
in its multiplicity.

whether or not a collision is enacted. The probability that two superdroplets
collide, pα, is the probability that two real droplets collide, Pjk, scaled by
a factor dependent on the superdroplets’ multiplicities. Usually Pjk can be
calculated given a collision kernel, Kjk, as

Pjk = Kjk
∆tcoll
∆V

, (B.8)

for a pair of droplets j and k, where ∆tcoll and ∆V are the collision time
interval and volume, respectively [241]. The probability two superdroplets
collide is then

pα = max(ξj, ξk)
ns(ns − 1)/2

⌊ns/2⌋
Pjk, (B.9)

where ns is the number of superdroplets in the collision volume, ∆V .
Cleo defines the collision probability flexibly to make it easy to switch

between different formulations of Pjk. There are large uncertainties in de-
termining the collision probability of a pair of superdroplets’ because the
collision kernel is so poorly constrained. As such, several formulations for
Kjk exist, which differ for example in their treatment of turbulence [e.g. 15,
91, 159]. The calculation for Pjk in Cleo can therefore be changed before
compilation as long as it obeys the C++20 concept, [112] [see also 22], we
prescribe for the collision probability. There are two Pjk calculations imple-
mented at the time of writing: one for Golovin’s kernel [75], and the other
for the hydrodynamic kernel with the formulation for the terminal velocity
from Simmel et al. [245] and collision efficiencies from Long [159], as also
done by Grabowski and Wang [76].

If a collision occurs, treatments (a) and (b) differ in their outcome. In
the original algorithm, coalescence is assumed and the superdroplets are
updated as in Section B.4.1. Whereas if a collision occurs in the extended al-
gorithm, the last step of the original collision-coalescence algorithm is modi-
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fied as shown in Figure B.2b. Rather than assuming a successful collision of
two superdroplets results in coalescence, the attributes of the original super-
droplets are used to determine if the collision causes rebound, coalescence,
or breakup. We then modify the superdroplets to reflect the appropriate out-
come: as in Section B.4.1 for coalescence and as in Section B.4.2 for breakup.
In the event of rebound, the superdroplets remain unchanged.

Cleo has several options for how the attributes of colliding superdroplets
determine whether the outcome of the extended algorithm is rebound, co-
alescence, or breakup. This is physically motivated since properties of droplets,
such as their velocities, shapes, and masses, determine whether a collision
has sufficient energy to result in coalescence or breakup instead of rebound,
but exactly how such properties determine the outcome of a collision is dis-
puted. Our algorithm can therefore easily interchange various formulations
from the literature, at the time of writing from Low and List [161], Testik
et al. [274], and Szakáll and Urbich [270].

Figure B.3: The probability, based on Testik et al. [274], for whether a col-
lision between two droplets results in coalescence, rebound or
breakup. Inside the blue dashed contour it is certain that a col-
lision results in breakup, between the blue and purple contours
it may result in coalescence or breakup, and outside the purple
contour it may result in coalescence or rebound. The colour gives
the coalescence efficiency, in other words the probability of co-
alescence given that a collision occurs, according to Straub et al.
[266].

As an example, Figure B.3 demonstrates how the outcome of a collision
is determined based on Testik et al. [274]. There are three possible regimes
depending on the magnitude of the collision kinetic energy, TE, relative to
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the surface tension energy of the smaller and larger droplet, SS and SL,
respectively [276]. Using the definitions

TE =
2

3
πρl

R3
j R

3
k

R3
j + R3

k

| ⃗vj,∞ − ⃗vk,∞|2, (B.10)

Si = 4πσlR
2
i , (B.11)

RS = min(Rj,Rk), (B.12)

RL = max(Rj,Rk), (B.13)

where ρl is the density and σl is the surface tension of liquid water, these
three regimes are:

1. when TE < SS either coalescence or rebound occurs,

2. when SS < TE < SL either coalescence or breakup occurs,

3. when TE > SL breakup occurs.

In regimes 1 and 2 a coalescence efficiency, Ec ∈ [0, 1], gives the probability
two droplets coalesce, Pc,jk, given that they collided, i.e. Pc,jk = EcPjk. Here,
the parametrisation for Ec is

Ec = e−1.15W , (B.14)

where the Weber number, W = TE
Sc

, and Sc = 4πσ(R3
S+R3

L)
2/3; as argued for

by Straub et al. [266]. Unlike De Jong et al. [51], we rescale the original ran-
dom number which was used to determine that a collision occurred rather
than draw a new random number, ϕ′

α = ϕα/(⌊pα⌋ − pα), and then we
compare ϕ′

α with Ec to decide if the collision results in coalescence or the
alternative.

b.4.1 Coalescence

The change in attributes of a pair of superdroplets that undergo coalescence
follows Shima et al. [241] and is illustrated in Figure B.4.

Given a pair of superdroplets (j, k) we can choose without loss of general-
ity the multiplicity of the jth superdroplet to be at least as large as that of the
kth, i.e. ξj ⩾ ξk. The permitted number of consecutive coalescence events,
γ̃α, is then used to determine how the superdroplet attributes are changed
to enact coalescence. To calculate γ̃α, we compare pα to the random number
ϕα as well as the multiplicities of the superdroplets since

γα =

⌊pα⌋+ 1 if ϕα < pα − ⌊pα⌋,

⌊pα⌋ if ϕα ⩾ pα − ⌊pα⌋;
(B.15)

γ̃α = min(γα, ⌊ξj/ξk⌋). (B.16)

There are then two possible scenarios which enact coalescence:

(a) if ξj > γ̃αξk, the less multiplicitous superdroplet grows by consuming
γ̃αξk droplets from the other superdroplet,

ξ′j = ξj − γ̃αξk, ξ′k = ξk, (B.17)
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Figure B.4: Coalescence as in Shima et al. [241]. (a) The superdroplet rep-
resentation of coalescence whereby the multiplicity of the more
multiplicitous droplet decreases to increase the size of the other
superdroplet. A lightening/darkening of a superdroplet indic-
ates a decrease/increase in its multiplicity. (b) The real droplet
equivalent of the superdroplets above when ξj = 3, ξk = 2 and
γ̃α = 1.

R′
j = Rj, R′

k = (γ̃αR
3
j + R3

k)
1/3, (B.18)

M′
s,j = Ms,j, M′

s,k = (γ̃αMs,j +Ms,k), (B.19)

a⃗′
j

′
= a⃗′

j, a⃗′
k

′
= a⃗′

k; (B.20)

(b) otherwise ξj = γ̃αξk, and rather than ending up with ξ′j = 0 both
superdroplets are used to represent coalesced droplets,

ξ′j = ⌊ξk/2⌋, ξ′k = ξk − ξ′j, (B.21)

R′
j = R′

k = (γ̃αR
3
j + R3

k)
1/3, (B.22)

M′
s,j = M′

s,k = (γ̃αMs,j +Ms,k), (B.23)
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a⃗′
j

′
= a⃗′

j, a⃗′
k

′
= a⃗′

k; (B.24)

In the exceptional case that ξ′j = 0, we currently choose to terminate the
simulation rather than remove the superdroplet.

b.4.2 Breakup

To keep the computational advantages of the original SDM collision al-
gorithm, the fragments created from one breakup event are represented by
a single superdroplet. In reality, collisional breakup results in a spectrum of
different fragments whose likelihood depends on the two droplets that col-
lided. However the number of simulated particles must be unchanged dur-
ing collisions to ensure SDM is manageable, and thus the fragments from
breakup must all have the same attributes. Ideally these would be randomly
sampled from a known fragment distribution, as in De Jong et al. [51] and
Bringi et al. [38]. However observations of these distributions are limited by
both resolution and the undersampling of initial droplet sizes [161, 162, 205,
230, 270].

Given the acute shortage of empirical data and our desire for high com-
putational performance, our algorithm does not randomly sample a known
fragment distribution. Instead the properties describing the fragments from
collisional breakup, ξfrag, Rfrag and Ms,frag, are determined by the initial su-
perdroplet attributes. We provide several ways for how to do this in Cleo;
for example, one way asserts mass conservation and that the number of frag-
ments depends on a collision’s kinetic energy based on Schlottke et al. [230],
as detailed in Appendix B.10.1. Such a method does not seek to reproduce
the measured fragment distributions, but rather pursue an overtly simple
approach with the intention of exploring whether and how breakup could
impact observables such as rain evaporation rates and radar reflectivity sig-
nals [e.g. 40, 182].

Two previous papers have introduced a collisional breakup algorithm into
SDM [38, 51]. Unlike the breakup algorithm in McSnow [38], we ensure the
conservation of superdroplet number and thus computational tractability.
Our algorithm is similar to that of pySDM [51], but with two adjustments.
Firstly, whether a collision results in rebound, coalescence, or breakup is de-
terministic in our algorithm, whereas an additional probabilistic step is used
in De Jong et al. [51]. Secondly, in the event of breakup we avoid a recursive
algorithm by prohibiting multiple breakup events in a single time-step. In
the original algorithm of Shima et al. [241], consecutive coalescence events
can be enacted in a single time-step via the factor for the permitted num-
ber of consecutive coalescence events, γ̃α. Allowing consecutive coalescence
rests on the assumption that after the first coalescence event(s) the droplets
are similar enough that the coalescence probability is approximately un-
changed, meaning the collision probability and its outcome do not need
recalculation before subsequent events. In our breakup algorithm we make
the opposite assumption: that after a single breakup event there is negligible
probability of the resultant droplets undergoing further collisional breakup
with one-another and thus only one breakup event can occur per time-step
(γ̃α = 1). This is a reasonable assumption for the O(1 s) time-step required
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for collision-coalescence and is a necessary reduction to the computational
cost of the algorithm in large simulations.

Figure B.5: (a) The superdroplet representation of breakup decreases the
multiplicity of the more multiplicitous droplet to fragment the
other droplet. A lightening/darkening of a superdroplet indic-
ates a decrease/increase in its multiplicity. (b) The real droplet
equivalent of the superdroplets above when ξj = 3, ξk = 2, and
ξfrag = 10.

The change in superdroplets that undergo collisional breakup is illus-
trated in Figure B.5 and has two cases analogous to coalescence:

(a) if ξj ̸= ξk, we can choose without loss of generality ξj > ξk such that
ξk droplets from the more multiplicitous superdroplet are involved in
the breakup with the other superdroplet,

ξ′j = ξj − ξk, ξ′k = ξfrag, (B.25)

R′
j = Rj, R′

k = Rfrag, (B.26)

M′
s,j = Ms,j, M′

s,k = Ms,frag, (B.27)

a⃗′
j

′
= a⃗′

j, a⃗′
k

′
= a⃗′

k; (B.28)

(b) if ξj = ξk, both superdroplets are used to represent the result of breakup,

ξ′j = round(ξfrag/2), ξ′k = ξk − round(ξfrag/2), (B.29)
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R′
j = R′

k = Rfrag, (B.30)

M′
s,j = M′

s,k = Ms,frag, (B.31)

a⃗′
j

′
= a⃗′

j, a⃗′
k

′
= a⃗′

k; (B.32)

b.5 motion

We use a simple predictor-corrector method to model superdroplet motion.
One of the most computationally expensive parts to Lagrangian microphys-
ics is the motion of particles throughout the domain [22, 165]. However,
since a superdroplet’s location is not the true location of the droplets it rep-
resents, there is no imperative to precisely resolve a superdroplet’s position.
Indeed looking at the conceptual picture of SDM, perhaps the most suitable
choice for superdroplet motion would be probabilistic, similar to Curtis et al.
[50]. However, we save expense by choosing Heun’s method, a second-order
predictor-corrector method, with a simple linear interpolation of the wind
velocity. This method by construction preserves the divergence of the flow
field, and gives physically consistent results at a 1 s time-step [78].

In summary, we integrate the equation for the coordinates x⃗i of the ith

superdroplet,

dx⃗i(t)
dt

= u⃗i(x⃗i, t), (B.33)

where the superdroplet’s velocity, u⃗i(x⃗i,t), is

u⃗i(x⃗i, t) = w⃗(x⃗i, t) + ⃗vi,∞(x⃗i), (B.34)

and ⃗vi,∞(x⃗i) = −vi,∞(x⃗i) ˆ⃗z is the superdroplet’s terminal velocity, and w⃗(x⃗i, t)
is the wind velocity, obtained by simple linear interpolation of the wind velo-
city at a grid-box’s faces. In Cleo the terminal velocity is defined by a C++20

concept so that different formulations can be easily interchanged [112] [see
also 22]. The options currently available are depicted in Figure B.6. Using
the notation x⃗i(t

n) = x⃗ni , and the time-step for superdroplet motion, ∆tm,
the predicted coordinates at the subsequent time-step are

⃗̃xn+1
i = x⃗ni + u⃗n

i (x⃗
n
i ) ∆tm, (B.35)

which are corrected to

⃗xn+1
i = x⃗ni +

[
u⃗n
i (⃗x̃

n+1
i ) + u⃗n

i (x⃗
n
i )

] ∆tm

2
. (B.36)

This formulation for particle motion could easily be extended to account
for the effects of particle inertia and sub-grid scale turbulence, for example
following Naumann and Seifert [187], which would increase the fidelity of
the particle trajectories, especially for large droplets whose inertial relaxa-
tion timescale is larger than Kolmogorov time scale.
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Figure B.6: The formulations for terminal velocity currently available in
Cleo, and for comparison the formulation according to Prup-
pacher and Klett [208] at T = (288.15± 15.00)K in a standard
atmosphere .

b.6 validations

This section presents three test-cases which demonstrate the behvaiour of
our numerical methods for condensation/evaporation, collisions between
droplets, and droplet motion individually. Furthermore, we present a final
integrated test-case applying all three methods at once using the 1-D Kin-
ematic Driver (KiD) modelling framework [243, 244].

Figure B.9 shows the results from Cleo for the same test-case as described
in Section 7 of Arabas and Shima [13] for the adiabatic expansion/contrac-
tion of a rising/falling volume of air through a hydrostatically equilibrated
atmosphere. We used 0.0 and 0.01 for the relative and absolute tolerances
of our ODE solver, and 50 and 1ms for the maximum number of Newton-
Raphson iterations and minimum sub-time-step, respectively. Each column
shows the evolution of the air mass given a certain number concentration
and/or initial radius of its dry aerosol mono-size distribution. In particular,
it shows how the displacement, supersaturation, and droplet radii evolve
given three different mean vertical velocities, ⟨w⟩, for the ascent/descent of
the air mass. The first two columns show that, as expected, the faster the
vertical velocity, the higher the dis-equilibrium supersaturation during as-
cent (and the lower the dis-equilibrium supersaturation during descent). By
comparing the first two columns, we can also see that increasing the aerosol
concentration lowers the dis-equilibrium supersaturation. All these trends
in the supersaturation can be explained by faster vertical velocities and/or
fewer aerosol causing the rate at which the relative humidity increases with
height to be greater than the rate at which the droplets undergo condensa-
tion. Conversely, the lower the vertical velocity and higher the droplet num-
ber concentration, the closer the air mass to its equilibrium behaviour, where
supersaturation does not exceed 0% and the radii follow the Köhler curve.
In the third column however, the Köhler curve is not approached, because
the radii and number concentration are low enough that cusp bifurcation oc-
curs and a sudden “jump” in the droplet growth is observed instead. Due to
differing numerics and initial thermodynamic conditions compared to Ara-
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bas and Shima [13], the plots are not completely identical (we use 1000hPa,
298.15K, and 98.0%, for pressure, temperature and relative humidity, re-
spectively), but our supersaturations are within 0.1% of theirs and we also
observe cusp bifurcation, albeit at a slightly smaller radius of 0.03µm. Not-
withstanding these differences, we can say that Cleo is able to reproduce the
expected evolution of microphysical and thermodynamic conditions for all
three mean vertical velocities.
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Figure B.7: Test of SDM collisions as in Shima et al. [241, Sec. 5.1.4, Figure
2]. The line-style indicates the collision kernel; the line-width in-
dicates the number of superdroplets, N; the colour indicates the
time. Sub-figure (a) additionally shows the analytical solution
for the Golovin kernel at each time (solid grey). The sub-figures
are the same as in Shima et al. [241] except in panels (b) and (c),
where, as well as the hydrodynamic kernel, we additionally plot
the distribution’s evolution when breakup and rebound are ac-
counted for, based on the parametrisations from Schlottke et al.
[230], Straub et al. [266], and Testik et al. [274] (see main text,
Section B.4).

Figure B.7 shows the results from Cleo for the same test-case as described
in Section 5.1.4 of Shima et al. [241] for the stochastic collisions between
water droplets in an arbitrary volume of air. We show results for the same
setups as Shima et al. [241], namely for the evolution of the mass density
distribution (normalised by log-space bin-width) given different collision
kernels and droplet populations whose volumes are initially exponentially
distributed. Figure B.7a shows the evolution when the kernel from Golovin
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[75] is used, whereas Figures B.7b-c show the evolution when the hydro-
dynamic kernel is used. For all cases, we reproduce the results of Shima et al.
[241] when collisions are assumed to result in coalescence. We also demon-
strate in Figures B.7b-c how the distribution evolves according to the exten-
ded framework from Section B.4, which also allows for collisional breakup
and rebound. The probability of breakup and rebound was calculated from
Testik et al. [274] and Straub et al. [266] as described in Section B.4, and
if breakup occurred the fragment properties was determined based on the
parametrisation of Schlottke et al. [230] (as described in Appendix B.10.1).
Up-to about 600 s the evolution of the droplet size distribution is compar-
able to the coalescence-only case, but the subsequent growth of droplets is
much delayed and converges to a stationary distribution centred at 750µm,
rather than 2400µm in the coalescence-only case. As expected, collisional
breakup slows and inhibits the growth of mm-size droplets. It also has a
much larger impact on the distribution’s evolution than changing the col-
lision efficiencies from Long [159] to Hall [91] in the coalescence-only case.
It remains to be seen how a kernel accounting for turbulent effects would
behave, but that too would likely show considerably larger differences [76].

Figure B.10 shows the results from Cleo for the motion of particles in the
2-D kinematic laminar flow model described in Section 2.1 of Arabas et al.
[11]. 128 superdroplets are initially randomly distributed throughout each
grid-box in the domain and the flow is simulated for 1hour with a time-step
of 1 s for both motion and data output, and for three simulations with grid-
spacing ∆x = ∆z = 100m, 50m, and 25m, respectively. We do not simulate
microphysics and the droplets have no fall velocity, so the superdroplets
behave like tracers for the flow. As expected, Cleo’s particle motion does
indeed follow the flow field and respect its divergence-free properties, as
confirmed by the conservation of particle number in each grid-box through-
out the simulations (not shown). Figure B.10 also verifies that increasing
the grid resolution increases the accuracy of the particle motion because the
interpolation distances in the predictor-corrector algorithm reduce.

Figure B.8 demonstrates the integrated test of Cleo’s numerical methods
using the 1-D KiD framework. Here we setup the column as described by
Shipway and Hill [243], with a 25m grid-spacing and sinusoidal updraught
velocity for the first 10min with the maximum speed constant, w1 = 3m s−1.
We couple Cleo via python bindings to PyMPDATA [20] to advect water va-
pour, whereas we advect liquid water (superdroplets) within Cleo given
the wind field at each time-step (1.25 s). We show results for a 10 mem-
ber ensemble where for each member we initialise 50 cm−3 of dry aerosol
throughout the domain by assigning 256 superdroplets per grid-box each
a constant multiplicity and randomly sampling a single-mode lognormal
distribution with a geometric mean diameter of 0.08mm and a log stand-
ard deviation of 1.4, as chosen by Hill et al. [94]. Unlike both Shipway and
Hill [243] and Hill et al. [94], we specify the initial air density profile to be
consistent with hydrostatic equilibrium including the initial water vapour,
with the surface pressure at 1000hPa. The different microphysics schemes
and density profiles causes slight differences between our clouds and those
of Shipway and Hill [243], Hill et al. [94] and De Jong et al. [51], but nev-
ertheless the qualitative behaviour of the test-cases are in agreement and
our results lie within the spread amongst different SDMs in Hill et al. [94].
Figure B.8(a-b) shows the liquid water mass mixing ratio, ql, when only
condensation/evaporation is modelled. The cloud reaches a steady state im-
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Figure B.8: Evolution of the liquid water mass mixing ratio, ql, during the 1-
D KiD test-case: (a-b) only modelling condensation/evaporation,
(c-d) modelling condensation/evaporation, collision-coalescence
and droplet sedimentation. Results are shown for the mean and
interquartile range over an ensemble of 10 members, and figures
b) and d) are cross sections across the vertical coloured lines in
a) and b) respectively.

mediately after the updraught velocity terminates, with liquid water content
peaking in the middle of our cloud, albeit at a higher value and lower height.
Without collision-coalescence, there is no spread across the ensemble mem-
bers, which indicates little sensitivity of condensation/evaporation to the
sampling of the initial dry aerosol distribution, as reported by Hill et al. [94].
In contrast, Figure B.8(c-d) show the same setup when not only condensa-
tion/evaporation, but also collision-coalescence and droplet motion (includ-
ing their fall velocities) are modelled, and in these simulations the ensemble
spread is significant because of the stochasticity in the collision-coalescence
algorithm. The mean precipitation onset is around 30min, in agreement
with the range of SDMs in Hill et al. [94], and likewise the evolution of
the liquid water path, cloud droplet number concentration, mean volume
diameter and its standard deviation also lie within the SDMs’ spread (not
shown). More exact agreement is hard to achieve given the ambiguity in
the test-case setup and the large model spread reported by Hill et al. [94],
for which further inter-model comparison would be needed to more exactly
attribute the discrepancies. Nevertheless, Cleo does indeed behave as ex-
pected for a SDM and is in agreement with other microphysics models for
warm rain within the KiD framework.

b.7 conclusions

Cleo is a concise and fully-functioning SDM for warm-cloud microphys-
ics. We have validated our SDM against known test-cases for condensa-
tion/evaporation, collisions between droplets, and Lagrangian particle mo-
tion, including an integrated test including all three using the 1-D KiD
framework. The motion is less expensive than higher-order methods yet
still preserves the flow-field, is non-diffusive, and has increasing accuracy
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with increasing grid resolution. For condensation/evaporation we solve the
Köhler theory ODE explicitly. Our method incorporates ventilation effects
and droplet (re)activation as well as a number of cost-saving measures in-
cluding adaptive sub-time-stepping. For collisions between droplets, Cleo
has various options which reflect the uncertainty in the current knowledge
about collision probabilities and their outcomes. Cleo can easily switch
between different formulations of the collision kernel and, motivated by
a need to investigate the possible influence of collisional breakup on rain
evaporation and downdraughts, Cleo includes a framework to model col-
lisional breakup and rebound. We do this in a way that still respects the
key features of the original collision-coalescence algorithm by conserving
superdroplet number and decreasing the variance in the collisions with de-
creasing superdroplet multiplicity.

Cleo is useful to a broad group of researchers that require a model for
warm-cloud microphysics. Simulations can be up-to 3-D and can include
any combination of the primary microphysical processes behind warm-rain,
each with their own independent time-step. Cleo can be stand-alone, per-
form “piggybacking” of LES [80], or be used as a fully fledged microphys-
ics scheme. Like other SDMs, Cleo provides a precise representation of the
droplet size distribution and an intuitive depiction of microphysical pro-
cesses. We have also made sensitivity studies easy to conduct through Cleo’s
high-degree of flexibility, whereby microphysics and data output can be eas-
ily customised in order to assess the impact of individual microphysical
processes [22], potentially for probing microphysical uncertainties. Finally,
since Cleo is also well-suited to high-performance computers, it has the po-
tential to be used in more demanding simulations which probe how cloud
microphysics and its uncertainties propagate to larger spatial and temporal
scales.

b.8 code availability

Cleo is published on it’s GitHub page: github.com/yoctoyotta1024/Cleo, along-
side it’s documentation: https://yoctoyotta1024.github.io/Cleo. Version v0.52.0
is described and tested in this paper.

b.9 code and data availability

All the code and results included this paper can be accessed from the dataset:
Bayley [26].

b.10 appendix

b.10.1 Example Parametrisation for Fragments From Collision Breakup

Here we expound one of Cleo’s options for how to determine the properties
of a superdroplet which represents the fragments from collisional breakup;
namely how to define ξfrag, Rfrag and Ms,frag in Section B.4.2 for Equations
(B.25) to (B.32). As a simple approach for exploring the potential importance
of collisional breakup in warm-cloud microphysics, here we assert mass con-
servation and that the total number of fragments, Nfrag, depends on a col-
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lision’s kinetic energy, TE. Schlottke et al. [230] reported that Nfrag depends
on TE as:

Nfrag =

(
3

2
− (TE/µJ)0.135

)−1

. (B.37)

Since this equation diverges at TE/µJ = 1.5
1

0.135 , we limit Nfrag ⩽ 25 for
TE/µJ > 16.50; and so that collisional breakup always results in more droplets
than collided, even when ξj = ξk = 1, we impose the condition that
Nfrag ⩾ 2.5. Both of these amendments are concordant with the experi-
mental data presented by Schlottke et al. [230].

Given Nfrag is the number of fragments produced by a single (real) droplet
breakup event, the superdroplet multiplicity must be as follows,

ξfrag = round(ξk ∗Nfrag), (B.38)

and therefore, to ensure mass conservation,

Rfrag =

[
ξk
ξfrag

(R3
j + R3

k)

]1/3
, (B.39)

and

Ms,frag =

[
ξk
ξfrag

(Ms,j +Ms,k)

]
. (B.40)
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Figure B.9: Test of condensation/evaporation as in Arabas and Shima [13,
Sect.7, Fig. 5]. The panels are the same as in Arabas and Shima
[13], except the radius in the third column is 0.02µm smaller, be-
cause slightly different numerics and initial thermodynamic con-
ditions affect the radius at which cusp bifurcation is observed.
Each column shows the evolution of an air parcel as it adiabat-
ically rises and falls with a certain number concentration and
initial radius of mono-distributed dry aerosol. Top row: the dis-
placement of the parcel against its supersaturation; Middle row:
The supersaturation as a function of the droplet radii; Bottom
row: the displacement of the parcel against the droplet radii.
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Figure B.10: Results of tracer particle motion in the 2-D divergence free lam-
inar flow described by Arabas et al. [11]. Grid-spacing decreases
from top to bottom panel.
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c.1 abstract

Rain evaporation influences subcloud moisture and energy budgets as well
as boundary layer buoyancy, making it important for shallow cumulus or-
ganization. This study constrains the amount of, and controls on, rain evap-
oration in the subcloud layer of trade-wind shallow cumuli. We combine
observations from the EUREC4A field campaign with a 1D rainshaft using
superdroplet model (SDM) microphysics. With SDM we explicitly resolve
how the observed droplet size distributions (DSDs) evolve beneath cloud-
base, and explore, for the first time, the potential impact of raindrop colli-
sions. Constraining the amount of evaporation, we find mean column integ-
rated evaporative cooling of 150± 170W m−2, and evaporation fraction of
30± 20%. The dominant controls on rain evaporation are the subcloud relat-
ive humidity and the cloud-base DSD. Subcloud relative humidity determ-
ines the slope of the evaporation profiles, and cloud-base rain water content
(RWC) controls the column integrated cooling. In contrast, evaporation frac-
tion can vary substantially between clouds, even with comparable RWC,
because of small differences to the cloud-base DSD. For narrow DSDs, the
evaporation fraction is well captured by an analytical approximation, which
also highlights the importance of ventilation effects on evaporation. We find
collisions have negligible impact on rain evaporation, however, beyond rain
rates of ≈ 3 mm h−1, differences emerge which suggest that collisions, in
particular those causing severe droplet breakup, need to be considered for
heavier precipitation. Our results stress the importance of accurately meas-
uring and modeling DSDs for rain evaporation, but justify the use of sim-
pler microphysics models that only represent condensation/evaporation for
lightly precipitating regimes as observed during EUREC4A.

c.2 introduction

Below every precipitating cloud, raindrops pass through unsaturated air on
their way towards the surface and evaporate either partially or completely.
This sub-cloud layer rain evaporation reduces precipitation efficiency and
therefore the amount of rain that reaches the surface [183, 184, 211, 222, 235].
Rain evaporation also moistens and cools the surrounding air, thereby influ-
encing the energetics and stability of the atmosphere. But above all, rain
evaporation is a key component of the cloud life cycle. The cooling effect
from rain evaporation makes air negatively buoyant, driving downdrafts
which spread radially outward when reaching the surface in the form of
cold-pools [e.g. 216, 312]. These cold pools go on to trigger a chain of dy-
namic processes that influence the mesoscale organization and amount of
clouds [7, 298, 313]. In the trade-wind regions, precipitating cumuli are fre-
quent and, due to the relative dryness of the trades, rain evaporates effi-
ciently and triggers cold pools frequently [193, 298]. Overall, cold pools oc-
cur about 7.8% of the time during a day and about 73% when averaged over
all days in the winter trades [281, 298]. Cold pools thus have a strong impact
on both the coverage and organization of trade cumuli, with consequences
for cloud radiative feedbacks and precipitation patterns [7, 211, 212, 231,
298, 313]. Rain evaporation therefore has a critical impact on the energetics,
structure, and cloudiness of the trade-wind boundary layer. However, its
magnitude and controls have not yet been constrained.
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Due to a shortage of field observations, it is difficult to robustly quantify
rain evaporation rates from direct measurements. Tridon et al. [282] de-
veloped a method to obtain droplet size distributions (DSDs) from Dop-
pler velocity spectra measured with Kaand W band Doppler radars. They
retrieved evaporative cooling rates from a continental deep convection sys-
tem in the sub-cloud layer between 0.75− 3 km above sea level, with a large
range up to 60 K d−1 (or equivalently roughly 422 W m−2). Their retrieved
vertical profiles indicate most evaporation in the middle of the sub-cloud
layer. However there are large uncertainties in the retrieval method of Tri-
don et al. [282], and, because deep continental convection differs strongly
from winter trades, direct analogies are limited. Disentangling the various
factors influencing rain evaporation using field observations remains even
more elusive.

Models for rain evaporation are also scarce, and so far limited to models
of condensation/evaporation using bin microphysics schemes. Sarkar et al.
[222] used DSDs from in-situ cloud probes during the EUREC4A/ATOMIC
campaign [144, 201] to simulate trade-wind rain evaporation with a 1-D
rainshaft model with bin scheme microphysics. They found 63% of the rain
mass to evaporate in the sub-cloud layer in the mean, and a spread in lat-
ent cooling of 15 − 352 W m−2. Unlike Tridon et al. [282], their evaporation
profiles showed stronger evaporation near the cloud-base (top-heavy) than
near the surface (bottom-heavy) for the majority of profiles. Sarkar et al.
[222] were able to show the measured rain water content (RWC) was a
dominant constraint on the column integrated evaporation rate. They also
identified that the shape and mean radius of the DSD controls the top- vs.
bottom-heaviness, with larger raindrops favouring bottom-heaviness. The
large inter-cloud spread of evaporation simulated by Sarkar et al. [222] high-
light the challenge in constraining the magnitude, variability and vertical
structure of rain evaporation, for which we need both more observations
and modeling.

An alternative and arguably more realistic way to model rain evaporation
is through Superdroplet Models for cloud microphysics [SDMs; 9, 11, 21,
22, 36, 96, 187, 215, 241, 249]. SDM is a Lagrangian particle model which
represents a group of similar droplets with comparable radius, velocity, and
mass of solute through one simulated particle called a superdroplet. The
multiplicity of a superdroplet accounts for the number of real droplets it
represents, and all microphysical processes are modeled explicitly (i.e. each
superdroplet evolves freely and individually), except for collisions between
droplets which are modeled probabilistically [23, 241].

In contrast to classical bin and bulk schemes, SDM has numerous con-
ceptual and computational advantages [78, 182]. Relevant for this study, are
that SDM does not suffer from numerical diffusion, it makes no assump-
tions about droplet categories nor size distributions, and it models condens-
ation/evaporation according to fundamental Köhler theory [134, 208]. The
strong relationship between SDM and our fundamental theoretical under-
standing of cloud microphysics makes SDM a highly suitable model for
studying the magnitude and controls on rain evaporation.

By using a SDM, we are also able to investigate the indirect effect of
droplet collisions on rain evaporation. Previous studies using bin scheme mi-
crophysics neglected the effect of collisions between droplets on rain evapor-
ation [222, 223]. However, whilst collisions between droplets do not change
the total mass of raindrops, they do change the distribution of mass across
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raindrop sizes, and therefore could impact the total rate of evaporation. Col-
lisions leading to droplet coalescence shift mass towards larger droplets,
which fall faster and have a smaller surface to volume ratio than smaller
droplets, therefore lowering the evaporation rate [105, 236]. Conversely, col-
lisional breakup shifts mass towards smaller, faster-evaporating droplets,
and the higher the number of fragments, the stronger this effect. Rebound
has no effect except that it makes coalescence less likely than if it did not
occur. The net effect of collisions (coalescence, rebound, and breakup) on
sub-cloud rain evaporation has not been assessed before, but nevertheless
may be significant.

Taking into account the advantages of SDM and our ability to model
droplet collisions with it, this study uses SDM to quantify rain evaporation
beneath trade-wind shallow-cumuli, as well as elucidate how the evapora-
tion is impacted by microphysical processes, ambient thermodynamic condi-
tions (including cloud-base height), and the DSD. We setup the SDM called
Cleo [22, 23] to model steady-state 1-D rainshafts for clouds with cloud-base
DSDs and thermodynamic profiles fitted from the EUREC4A campaign. To
our knowledge this is the first time SDM has been applied to quantify sub-
cloud rain evaporation in the trades, also constrained by field observations,
and accounting for the effect of droplet collisions.

The paper is structured as follows: Section C.3 describes how we used
the observational data and the setup of our rainshaft model; Section C.4
presents the influence we have found of ambient thermodynamics, the cloud-
base DSD, and microphysical processes on rain evaporation; Section C.5
summarizes our findings and gives an outlook.

c.3 data and methods

c.3.1 Observational Data

To model realistic conditions representative of the sub-cloud layer beneath
shallow trade-wind cumuli, we use observational datasets for the cloud-
base DSDs and thermodynamic conditions from the EUREC4A campaign
(ElUcidating the RolE of Clouds-Circulation Coupling in ClimAte) as the
basis for our rainshaft. EUREC4A took place in the tropical North Atlantic
upstream of Barbados from January 20th to February 20th 2020 to under-
stand and quantify the interaction of trade cumulus clouds with their at-
mospheric and oceanographic environment across a range of scales, from
micro- to meso-scale [35, 263].

For the cloud-base DSDs, we use in-situ measurements at 1 Hz resolution,
corresponding to approximately 100 m spacing between measurements. We
use the pre-merged product by Coutris [48] based on the CDP-2 and 2DS
instruments onboard the ATR aircraft [32]. The measurements cover droplet
radii from 1 —m to 1.275mm in non-uniform radii bins [32, 48]. From this
dataset, we identify individual “rain clouds“ from 19 cloud-base rectangu-
lar flight tracks between 500 − 1200 m altitude flown east of Barbados over
11 days following the definition from Bony et al. [32] that rain measure-
ments contain raindrops of at least 250 —m radius. We then define an indi-
vidual cloud as at least three consecutive rain measurements, which gives all
clouds a horizontal extent of at least 300 m, given the ATRs flight speed of
approximately 100 m s−1. Because the concentration of raindrops is very low
compared to the measurement volume of the devices (30 cm3), we allow for
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up to five consecutive rain-free measurements in-between individual rain
measurements to still count as one rain cloud.

To facilitate comparability to other studies we fit the cloud-base DSD
measurements for each rain cloud with a bimodal log-normal distribution.
Although this is not a necessary requirement for SDM, by fitting an analytic
form to the cloud-base DSDs, bulk and bin schemes, which necessarily or of-
ten make similar approximations, can also use our droplet initialization data
[e.g. 222, 236]. The bimodal log-normal DSD of each cloud is the sum of two
log-normal probability distributions, L(r), for droplets of radius r following
Equation (C.1), where Na is the total number of drops, µg is the geometric
mean radius of the distribution (i.e. the median of the distribution), and σg

is the geometric standard deviation of the distribution.

L(r) =
Na√

2π r lnσg

exp
(
−
(ln r− lnµg)

2

2(lnσg)2

)
for r > 0 (C.1)

We further choose to fit the bimodal distributions only for radii greater than
50µm, which represents the boundary to cloud droplets [32, 248]; thereby
avoiding modeling droplets which do not fall at an appreciable speed and
therefore are not relevant to the rainshaft. Our fitting algorithm also weights
individual radii bins of the observational data based on the cube of the
radius, giving greater weight to larger radii bins in the loss function. These
would otherwise be underrepresented compared to the highly numerous
small droplets, although they contain most of the RWC. As a final constraint
on the modeled DSDs, we remove 13 outliers whose fitted distributions do
not agree with the observed RWC (Section C.3.3).

For most clouds, the fitted bimodal log-normal distribution is well in
line with the temporal mean of the observations. Figure C.14c shows the
fitted DSD overlain on the measured droplet sizes for a typical cloud. The
fitted cloud RWC in our model also aligns closely with the observed tem-
poral mean RWC for each cloud, as shown by Figure C.14d, with a Pearson
correlation coefficient R = 0.99 (log-log Pearson correlation coefficient of
Rlog = 0.91).

We use the JOANNE dropsonde dataset Level 3 Version 2.0.0 [68, 69]
to get humidity and temperature profiles in the vicinity of the measured
DSDs for each cloud. First we identify the dropsondes released by HALO
and P3 within 100 km and within ±3 h of the DSD measurements made
for each cloud. This definition is contentious, since the clouds whose DSDs
we measure have much smaller time- and length-scales, but it allows for a
more representative sample of the dropsonde measurements. After identify-
ing corresponding dropsondes for individual clouds, we fit the thermody-
namic profiles for each cloud with a constant potential temperature, a linear
relative humidity, and a linear pressure profile. For the potential temperat-
ure and pressure profiles, we fit to the dropsonde measurements between
200 − 500 m. For the relative humidity profile, we also fit to the dropsonde
measurements between 200 − 500 m but give dropsondes with moister pro-
files between 100 − 700 m more weight (using a smoothed weight with con-
stant prior). We do so, because moister profiles are more likely to repres-
ent atmospheric conditions below clouds than the clear-sky regions. Finally,
cloud-base is defined as the altitude of 100% relative humidity. An example
for the thermodynamic fits can be seen in Figure C.14a,b,c. Figure C.14b
further indicates that our fit follows the moister profiles more closely, and
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that the cloud-base altitude at 100% relative humidity aligns well with the
ATR flight altitude.

The resulting dataset excluding outliers contains 102 precipitating trade-
wind shallow-cumuli clouds, each with their own fitted thermodynamic pro-
files and DSDs.

c.3.2 Setup of the Superdroplet Model Cleo

We use the SDM Cleo v0.39.7 to simulate all the relevant warm-cloud micro-
physical processes for our study [22, 28]. We run Cleo as a quasi-stationary
1-D rainshaft to represent each cloud in our sample of identified rain clouds
from the EUREC4A observations (Section C.3.1). This means we keep the
thermodynamic profiles and the cloud-base DSD constant in time, matched
to the observations, and examine the time-averaged statistics of the sub-
cloud layer once it reaches a quasi-stationary state (Section C.3.3). In this
way we obtain a “snapshot” of each cloud’s precipitation flux, evaporation
rate and evaporation fraction, but do not explore the time-evolution of the
cloud, in which heavy rain may influence its environment e.g. through tur-
bulent mixing, downdrafts, and aerosol depletion.

For each cloud in our sample, we divide the 1-D rainshaft into a cloud-
base and a sub-cloud layer. The cloud-base is a single layer 100 m thick with
constant thermodynamics, and where the fitted DSD is applied by randomly
sampling it at every motion time-step (2 s). To randomly sample the DSD,
we randomly draw a superdroplet from each of 2048 uniformly-spaced log-
arithmic bins between 50µm to 3 mm and assign its multiplicity according
to the fitted DSD. At the end of each timestep we remove any remaining su-
perdroplets from the cloud-base layer and initialize 2048 new superdroplets.
Superdroplets which fall into the (initially empty) sub-cloud layer are not
removed and thereafter evolve freely. The sub-cloud layer has a 20 m grid-
spacing and the total height of each column varies with the fitted cloud-base
height. Within the quasi-stationary state each gridbox contains roughly 128

activated superdroplets, which is deemed sufficient for convergence of the
SDM collision algorithm, given we average over the quasi-stationary state
(equivalent to approximately 1000 separate SDM realizations) [177, 182, 286,
287].

We use four microphysical setups to investigate the importance of droplet
collisions, and these are summarized in Table C.1. All the setups simulate
droplet motion (droplets falling according to their terminal velocity) and
evaporation/condensation. The EvapOnly setup models no additional pro-
cesses and is considered as the “control” scenario because it is most com-
parable to previous studies which also quantified rain evaporation [222, 223,
282]. The EvapCoal setup additionally simulates collision-coalescence to ex-
amine the effect of collisions between droplets in the absence of collisional
breakup and rebound, as is typically assumed by conventional microphysics
models. The EvapCoalBuRe-many and EvapCoalBuRe-few setups further in-
clude collisional rebound and breakup as well as coalescence and they differ
in the fragments they produce when breakup occurs. Due to the large un-
certainty in parameterizing fragments from collisional breakup, we choose
to prescribe a fixed number of fragments per breakup event: EvapCoalBuRe-
few produces 5, whereas EvapCoalBuRe-many produces 50. EvapCoalBuRe-
few (5 fragments) represents the lower bound and EvapCoalBuRe-many
(50 fragments) represents the upper bound on evaporation enhancement
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by breakup. This bracketing strategy bounds sensitivity of evaporation to
breakup while ensuring that our results are not tied to a single uncertain
parameterisation.

Cleo outputs evaporation rates directly from the Köhler theory ODE for
the change in radii of the droplets via evaporation/condensation [23]. The
column integrated evaporation mass flux, Fe,tot, is then the sum of the
evaporation rate across all gridboxes, and the evaporation fraction (ξ) is
given as the fraction of quasi-stationary mean integrated evaporation flux
and the quasi-stationary mean cloud-base precipitation flux (Fp,cb), thus
ξ = ⟨Fe,tot⟩/⟨Fp,cb⟩ (Section C.3.3).

In the following sections, the mean mass radius, rM, is the mean of the
mass weighted distribution of droplet radii. It is calculated as rM =

∑
i
ri·mi
M ,

where ri and mi are the radius and mass of an individual raindrop (i ∈
[0,N]) and M is the total mass of all raindrops, M =

∑
imi.

c.3.3 Validation of model setup
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Figure C.1: Temporal evolution of surface precipitation in the EvapOnly
setup against simulation time. Individual clouds are shown as
thin, grey lines with a rolling mean over 60 s. The mean over
all clouds is shown as a dashed thick black line with the corres-
ponding standard deviation in light grey shading. The median
over the clouds as solid thick black line, with the inter-quartile-
range as dark grey shading. Colored horizontal bars at the top
roughly indicate the spin-up phase in blue and quasi-stationary
state in orange. We use data past 1500 s (vertical orange line)
as quasi-stationary state for our analysis. Temporal mean values
over the quasi-stationary state are shown in the legend.

Quasi-stationary state: The spin-up phase, when droplets initially start
falling into the sub-cloud layer and precipitation increases, lasts about 300 s
(Figure C.1). After the spin-up, all clouds show stable precipitation and the
model is in a quasi-stationary state with variance induced by our random
sampling of superdroplets. We analyse the mean over the quasi-stationary
state from 1500 s until the end of the simulation at 3600 s, thereby ensuring
that even the slowest falling droplets have penetrated into the surface layers,
and so the DSD at each height is in dynamic equilibrium. In this way we
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obtain our “snapshots” of each cloud’s precipitation flux, evaporation rate
and evaporation fraction.

Outliers: We omit all clouds which exceed the inter-cloud mean surface
precipitation and column integrated evaporation rate by more than 4 stand-
ard deviations. In other words, we omit 1.7% of the clouds, those that have
cloud-base precipitation exceeding 23.18mm h−1 and column integrated
evaporation of 2.37mm h−1. We further exclude 13 clouds for which the
fitted DSD’s RWC is not within 66 − 150% of the observed RWC. In total,
we analyze 102 clouds.

Precipitation and RWC: Figure C.2 shows the distributions of cloud RWC
and surface precipitation flux for the quasi-stationary state of all the clouds
in the EvapOnly simulations. The distribution of surface precipitation flux
covers a range from 0 − 10 mm h−1 with a strong skew towards lower values,
a mean of 1.00± 1.89mm h−1 and a median of 0.28mm h−1. This spread is
also aligned with observations, such as those taken aboard of MS Merian
during the EUREC4A campaign, which measured mean surface rain rates
ranging from 0 − 7.43mm h−1 [4]. In addition, our values span a range
which includes both the climatological mean rain rates and rain intensity
of trade wind cold pools identified by Vogel et al. [298] at the Barbados
Cloud Observatory.
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Figure C.2: Histograms of (a) cloud RWC and (b) surface precipitation flux
for the EvapOnly setup. Mean denoted as dashed vertical line
with standard deviation as shading. Median as solid vertical line.
Values are shown in the legend.

c.4 results and discussion

First of all, we quantify the sub-cloud evaporation for our sample of 102

clouds simulated with the “control”, EvapOnly setup. Figure C.3 shows the
distributions of column integrated evaporative cooling and evaporation frac-
tion and both distributions are skewed towards lower values: the evaporat-
ive cooling ranges from 0 − 800 W m−2 with a mean of 150± 170W m−2 and
a median of 72 W m−2. The evaporation fraction ranges from 0 − 80% and
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Figure C.3: Histograms of (a) column integrated evaporative cooling and (b)
evaporation fraction for the EvapOnly setup. Mean denoted as
dashed vertical line with standard deviation as shading. Median
as solid vertical line. Values are shown in the legend.

is less skewed, with a mean of 30± 20% and a median of 25.6%. Somewhat
surprisingly, the column integrated evaporative cooling and the evapora-
tion fraction are independent quantities, with a correlation R = 0.00 (Figure
C.11a).

The vertical evaporation profile is remarkably similar for almost all the
clouds, with more evaporation near the surface (bottom-heavy). Figure C.4
shows the vertical profile of evaporative cooling with altitude, normalized to
the individual cloud-base height for each cloud. Whilst there is considerable
spread in the evaporation rates, except for a few rare cases, the maximum
evaporation rate occurs in the lowest third of the rainshaft for all the clouds.

We have varying degrees of agreement with the shallow cumuli modeled
by Sarkar et al. [222]. Our column integrated evaporative cooling rates are
higher than, but comparable to, the results of Sarkar et al. [222], who identi-
fied a range of 15 − 352 W m−2 (comparable also with various measurement
campaigns they mention, around 100 W m−2). However, our estimated evap-
oration fraction is much lower than their average of 63%. Accordingly, whilst
we observe bottom-heavy evaporation profiles far more frequently than top-
heavy ones, Sarkar et al. [222] reported that top-heavy profiles were more
common. We discuss plausible reasons for these discrepancies in Section
C.4.1.

c.4.1 What controls the evaporation profile, rate and fraction?

In this section, we explore potential factors shaping sub-cloud rain evapora-
tion focusing on the role of cloud-base precipitation, the cloud-base droplet
size distribution and the sub-cloud layer relative humidity profile. Cloud-
base precipitation is strongly correlated to cloud-base RWC via the droplets’
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Figure C.4: Profile of the evaporative cooling rate against height for each
cloud in the EvapOnly setup, normalized by each cloud’s cloud-
base height and colored by rain water content at the correspond-
ing normalized height (thin lines). The mean (dashed purple
line), median (solid dark purple line) and IQR (purple shading)
are also shown.

fall speed, and so the results presented here for cloud-base RWC qualit-
atively also hold for cloud-base precipitation. The cloud-base DSD is well
characterized by its mean mass radius, rM. Therefore, we begin by invest-
igating how the evaporative cooling rate and the evaporation fraction of
our clouds are related to the relative humidity, cloud-base RWC and rM. We
present the results for the EvapOnly, "control", setup, and examine the effect
of collisions between droplets afterwards in Section C.4.2.

To first order cloud-base RWC controls the amount of sub-cloud rain evap-
oration. Figure C.4 shows that below all clouds, RWC decreases towards the
surface due to evaporation. Moreover clouds with higher cloud-base RWC,
i.e. higher cloud-base precipitation flux, induce more evaporation, as seen
both in the vertical profiles in Figure C.4 and integrated over the sub-cloud
layer in Figure C.5 (see also Figure C.6a; correlation of R = 0.90 between
cloud-base RWC and column integrated evaporative cooling). The higher
the RWC at cloud-base, the more rain mass is available to evaporate in the
sub-cloud layer. The remaining variance in evaporation can be explained by
the diversity of DSDs and relative humidity profiles in our cloud sample.

The vertical gradient of evaporation is mainly ruled by the relative humid-
ity profile, outweighing the effects of RWC decreasing towards the surface
and the slight increase in rM. Figure C.7 shows a strong negative correla-
tion of the evaporative cooling rate against relative humidity with height
for nearly all clouds, with an inter-cloud mean Pearson correlation coef-
ficient of −0.94± 0.13. This is in line with expectations, that lower relative
humidity leads to faster evaporation rates. Whilst RWC reduces towards the
surface and so could cause a concurrent reduction in the evaporation rate
towards the surface, we find that their correlation is negative −0.88± 0.16,
indicating that RWC responds to rather than controls the rate of evaporation.
rM typically increases towards the surface as the smaller droplets evaporate
completely but the correlation between the vertical profile of evaporation
rate and rM is only slightly positive and highly variable (R = 0.15± 0.77),
because relative humidity is the more dominant control on the vertical gradi-
ent of rain evaporation.



C.4 results and discussion 119

10 1 100 101 102 103 104

Cloud Base Precipitation Flux [W m 2]

10 2

10 1

100

101

102

103

Co
lu

m
n 

In
te

gr
at

ed
Ev

ap
or

at
io

n 
[W

m
2 ]

100 %

10 %

1 %

10 3 10 2 10 1 100 101
Cloud Base Precipitation Flux [mmh 1]

Figure C.5: Column integrated evaporative cooling against cloud-base pre-
cipitation flux for the EvapOnly setup. Dashed lines indicate con-
tours of evaporation fraction of 100, 10, 1%.

Whilst the vertical profile of relative humidity shapes the profile of evap-
oration, the relative humidity does not appear to impact the column integ-
rated (i.e. total) evaporative cooling strongly (R = 0.01; Figure C.13i). This
may be because the fitted thermodynamic profiles do not vary sufficiently
enough between clouds to cause appreciable differences in the total evapor-
ation rate. We expect that for profiles in much more diverse environments,
the impact of mean relative humidity would be greater, e.g. as shown by
Srivastava [250, 251].

The mean evaporation height, a measure of the top-/bottom-heaviness
of the evaporation profile, depends most strongly on rM (Figure C.13k).
The correlation between rM and the mean evaporation height is negative
for small rM because increasing rM in this regime reduces the number of
droplets which completely evaporate higher in the column. Therefore clouds
with smaller rM, have a more curved, top-heavy evaporation profile, similar
to the profiles found by Sarkar et al. [222]. Meanwhile for larger rM, above
about 750µm, the mean evaporation height shows little correlation with rM
since so few droplets completely evaporate. We also find very little impact
of the cloud-base height on the evaporation fraction and column integrated
evaporation (Figure C.13e,j,o).

The evaporation fraction is fundamentally ruled by raindrop size distri-
bution at cloud-base. Higher rM implies larger droplets in the cloud-base
DSD, which evaporate less efficiently and thus lower the evaporation frac-
tion. Thus, for the same RWC, a cloud with smaller rM will have a higher
evaporation fraction. Figure C.6b shows this relation of the evaporation frac-
tion to rM, albeit the Pearson correlation coefficient underestimates the non-
linear relation of the two variables (R = −0.73). Figure C.8 shows the same
relation as well as an analytical single-droplet, mean-field approximation
for the evaporation fraction. This approximation predicts that the evapora-
tion fraction of a single droplet falling through a rainshaft with mean rel-
ative humidity and temperature scales with its radius as r−7/4 (Appendix
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Figure C.6: The leading controls on sub-cloud layer evaporation for our
sample of clouds, and their Pearson correlation coefficients. Each
marker indicates an individual cloud. (a) Column integrated
evaporative cooling is predominately controlled by the cloud-
base RWC; (b) Evaporation fraction is predominately controlled
by the cloud-base DSD, well-captured by the cloud-base mean
mass radius, rM. (Additional correlations are also shown in Fig-
ure C.13.)

C.8.1). The approximation is well in line with the results of our SDM for
most clouds with rM between 150 − 1000µm. The exceptions are clouds
with broad DSDs, which, as expected, cannot be approximated well by a
single radius and whose shape changes significantly with height. The spread
amongst clouds with similar rM but which still comply with the approxim-
ation can be explained by their slightly different relative humidity profiles
and DSD widths. Since these differences are very small, the mean mass ra-
dius rM of a DSD can be used to estimate the evaporation fraction well.

Figure C.8 also shows that accounting for the ventilation effect (the in-
crease in evaporation rate due to droplet motion; Bayley et al. [23] and Prup-
pacher and Klett [208]) is crucial for modeling evaporation. Ventilation in-
creases the evaporation rate of large raindrops significantly — roughly by a
factor 9 for radii of 1 mm, and so omitting ventilation strongly reduces evap-
oration for all the clouds, with the strongest reduction for clouds with high
rM. The size dependence of the evaporation fraction is proportional to the
ventilation coefficient fv (Appendix C.8.1). As such, setting fv = 1 changes
the evaporation fraction to scale with r−5/2 instead of r−7/4. Neglecting the
ventilation effect, as is often done in microphysics models, therefore has ser-
ious implications for sub-cloud energetics and the formation of simulated
cold pools.

The lower evaporation fraction, higher column integrated evaporative
cooling, and more bottom-heavy vertical profiles that we have found com-
pared to Sarkar et al. [222], are likely explained by our observations being
downstream of theirs. Further downstream in the trades rain tends to be
more abundant and stronger, resulting in measurements with higher RWC
and larger rM. Sarkar et al. [222] prescribed cloud-base DSDs with a rM as
low as 0.1mm, whilst rM of our distributions lies between 0.2− 2mm. There-
fore, we expect our simulations to show lower evaporation fractions and
more bottom-heavy evaporation. In addition, the higher RWC of our clouds
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Figure C.7: Histogram shows the intercloud mean Pearson correlation coef-
ficients along altitude between evaporation rate and relative hu-
midity (dark blue), RWC (blue) and rM (light blue) based on all
simulated clouds for the EvapOnly setup. Respective inter-cloud
mean and standard deviation of Pearson correlation coefficients
shown in the legend.

leads to higher column integrated evaporative cooling. These differences
highlight the major significance of cloud DSDs and their approximations
for estimating evaporation rates in the sub-cloud layer of shallow-clouds.

c.4.2 Effect of Collisions Between Droplets

Collisions between raindrops induce systematic but only minor differences
in rain evaporation for the clouds studied here. Figure C.9 shows the relative
differences of the evaporation rate profiles between the setups accounting
for collisions and the EvapOnly setup. The percentile shading also indicates
a modest spread across the clouds simulated, which increases towards the
surface because the differences induced at higher altitudes are propagated
downwards and thus accumulate through the rainshaft.

Including collision-coalescence (EvapCoal) decreases the mean and me-
dian by up to 5% near the surface compared to the evaporation/condensation-
only setup (Figure C.9a). However, including breakup and rebound as well
as coalescence in the EvapCoalBuRe-few setup, opposes the coalescence ef-
fect and leads to a mean profile similar to the EvapOnly setup (Figure C.9b).
If anything, the slight negative skew of the change in evaporation profiles
compared to EvapOnly shows the combined effect of breakup, rebound and
coalescence is more likely to increase evaporation for a population of clouds,
however, for individual clouds it is not clear-cut whether the combined ef-
fect leads to more or less evaporation. It depends on the DSD, because the
DSD controls the probability with which these three outcomes occur. Colli-
sional breakup is more likely in broader distributions with larger rM, and
this favors the increase of evaporation for these clouds because it creates
more, and smaller droplets. Vice versa for narrower DSDs with smaller rM
whereby collision-coalescence is favoured which produces larger droplets
that evaporate less efficiently.

Except for in cases of extreme breakup, the variability among our sample
of shallow cumuli exceeds the impact of collisions on evaporation. The mean
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Figure C.8: Evaporation fraction against cloud-base rM for all clouds in
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and standard deviation of the evaporation fraction and column integrated
evaporative cooling are nearly identical for EvapCoal and EvapCoalBuRe-
few setups, compared to EvapOnly values of 30± 20% and 150± 170W m−2

respectively (Figure C.11a). The values for the EvapCoalBuRe-many setup,
at 220± 360W m−2 and 32± 18%, are higher, because a few clouds undergo
very extreme breakup in the sub-cloud layer which enhances evaporation
there (Figure C.11a).

The lower tail of the distribution of vertical evaporation rates does not
change when more fragments are produced during breakup (EvapCoalBuRe-
many compared to EvapCoalBuRe-few), but the upper tail increases sub-
stantially (Figure C.9c). The upper tail contains the few clouds for which
breakup occurs frequently and here we see increases the mean evaporation
rate in the sub-cloud layer by 70% relative to the evaporation/condensation-
only setup. Since EvapCoalBuRe-many drastically increases the number of
fragments, to the extreme, these results can be considered an upper bound
to the effect of breakup on evaporation rates beneath shallow cumuli in a
more realistic setting.

Larger cloud-base precipitation fluxes lead to larger differences between
the setups which account for collisions and the setup which only accounts
for evaporation/condensation, differences both in evaporation fraction and
column integrated evaporative cooling. In general, clouds with cloud-base
precipitation above 2000 W m−2, roughly corresponding to 3 mm h−1 and
1 g m−3 RWC, are more affected by collisions both in their column integ-
rated evaporative cooling and in their evaporation fraction (Figure C.10, also
Figure C.12a, c), especially in cases of extreme breakup. These results sug-
gest that, although droplet collisions negligibly impact evaporation beneath
the shallow trade-wind cumuli we have simulated, it’s role becomes increas-
ingly important as clouds deepen and their DSDs widen. We thus expect
droplet collisions to play a greater role in controlling evaporation rates for
more heavily precipitating clouds.
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Figure C.9: Relative difference of evaporation profiles of (a) EvapCoal,
(b) EvapCoalBuRe-few, (c) EvapCoalBuRe-many, compared to
EvapOnly setup. Inter-cloud mean as dashed line. Inter-cloud
median as solid line. Percentile range as shadings from dark to
light are 33 − 66%, 25 − 75% and 10 − 90%.

c.5 summary and outlook

c.5.1 Summary

Bridging the gap between field data and modeling, we use a superdroplet
model (SDM) for cloud microphysics in conjunction with observations from
the EUREC4A field campaign to estimate the strength of, and controls on,
evaporation in the sub-cloud layer of precipitating trade-wind shallow cu-
muli. We identified 102 distinct clouds from the observations, with cloud-
base DSDs from in-situ measurements and thermodynamic profiles from
dropsonde measurements and used them to setup a steady-state 1-D rain-
shaft model so that we could analyse the evaporative cooling and evapor-
ation fraction in the sub-cloud layer, in a way that is more directly com-
parable to observations than idealized studies. By using SDM, we repres-
ent all droplets without the need for arbitrary condensate categorization
or any assumption on the droplet size distribution in the sub-cloud layer.
Furthermore, we have a clear link between our model and the fundamental
theories of cloud microphysics, meaning we can apply Köhler theory for
condensation/evaporation explicitly, without being confounded by numer-
ical diffusion, and we can test the impact of collision coalescence, rebound
and breakup on rain evaporation for the first time.

Simulating only evaporation/condensation and droplet motion we estim-
ate the column integrated evaporative cooling for our sample of clouds
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Figure C.10: As Figure C.5 but showing results for all microphysical setups
with markers and colors as indicated in the legend. Dashed
lines indicate contours of evaporation fraction of 100, 10, 1%.
The four setups for an individual cloud are connected by a thin
grey line.

ranges from 0 − 800 W m−2, with a mean of 150± 170W m−2 and a median
of 72 W m−2. Evaporated fraction ranges from 0 − 80% and is less skewed,
with a mean of 30± 20% and a median of 25.6%. These values are in the
same range as those of [222, 223], who also estimated rain evaporation from
precipitating shallow-clouds, but with a bin microphysics scheme based on
observations from another aircraft of the EUREC4A/ATOMIC campaign.

Based on our cloud sample we identified three key controls on rain evap-
oration in the sub-cloud layer. Cloud-base rain water content (RWC) rules
the column integrated evaporative cooling and explains most of the vari-
ance across our sample (R = 0.90), in agreement with Sarkar et al. [222]
and Sarkar et al. [223]. Relative humidity determines the overall gradient
of the evaporation profiles with a mean correlation along altitude of R =

−0.94± 0.13. Our results show more bottom-heavy evaporation than Sarkar
et al. [222], which can be explained by our DSDs having larger mean mass
radii, rM. The role of rM in shaping the top-/bottom-heaviness of the profiles
also aligns with our finding that rM is the key control on the evaporation
fraction — as expected because larger droplets evaporate less efficiently. For
narrow DSDs we can also match our evaporation fraction with a single-
droplet mean-field approximation that has an analytical form.

For the first time, the effect of droplet collisions: coalescence, breakup,
and rebound, on sub-cloud rain evaporation could be estimated. By using
SDM we run all 102 cloud simulations under four different microphysical
scenarios: excluding collisions (EvapOnly), including additionally collision-
coalescence (EvapCoal), and further including rebound and breakup with
either very few, or very many fragments produced in the event of breakup
(EvapCoalBuRe-few and EvapCoalBuRe-many respectively). Including col-
lisions in any scenario played a negligible role in our precipitating shallow-
clouds sample, meaning that under light rain conditions, simplified micro-
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physics which only considers condensation/evaporation is justified, as long
as it accounts for ventilation effects. Nevertheless, we cannot rule out the
importance of droplet collisions for more heavily precipitating clouds that
have more than 2000 W m−2 cloud-base precipitation, roughly correspond-
ing to 3 mm h−1 and 1 gm−3 RWC. For these clouds, the reduction in evap-
oration may easily exceed 10% if coalescence is included. Including breakup
and rebound additionally reduces the impact of coalescence, and may even
enhance rain evaporation, depending on the details of collisional breakup.

c.5.2 Outlook

Our results point to the importance of the DSD on evaporation beneath
shallow-clouds. Clouds with similar cloud-base precipitation can produce
different evaporation profiles solely due to differences in the shape of the
DSD. The most likely reason for our lower evaporation fraction, higher
column integrated evaporative cooling, and more bottom-heavy vertical pro-
files which we observe compared to Sarkar et al. [222] is the higher RWC
and larger rM of our cloud-base distributions. This points to the importance
of accurately representing DSDs and their evolution, which requires not
just a highly resolved microphysics scheme (SDMs, bin schemes, or many-
moment bulk schemes), but also accurate observations and a suitable fit to
model them. In the future, assuming the functional form of the DSD we use
in models should also be avoided, since how they distort the observed DSD
likely distorts the evaporation that is modeled too [109, 110].

It is encouraging that collisions play only a minor role in controlling evap-
oration for our cloud sample, but it is still unclear how heavily precipitating
cases are affected. Since microphysics schemes tend to agree on the evol-
ution of the DSD in the absence of collisions [94], it should be possible
to achieve a broad consensus for evaporation rates beneath shallow-clouds,
even including cruder models, as we show with our single-droplet analytical
approximation (accounting for ventilation effects). What remains to be seen
is whether this is true for a wider set of environmental and microphysical
conditions than our sample allowed, especially more heavily precipitating
cases. For this we require more long-term observations, which sample a
more variable cloud population. We also require a clearer understanding of
how to model droplet breakup because the uncertainties in the fragment
size distribution prevent us from tightly constraining breakup’s effect on
rain evaporation. For heavier precipitation than we have sampled, models
may have to account not only for the feedback of microphysics onto the
relative humidity profile, which could amplify the role of collisions on evap-
oration rates, but also the impact of evaporation on turbulent mixing and
buoyancy; both of which a non-steady-state rainshaft could capture.

Whilst we only studied precipitating trade-wind shallow cumuli observed
during EUREC4A, our model is ready to be applied to any analogous obser-
vational datasets. This opens the door to its use on long-term measurements
and to comparison with radar-based retrievals of rain evaporation [282]. A
larger record of rain evaporation, which involves more clouds also under
different environmental conditions, is needed to confirm that differences
in our cloud samples cause the differences between our results and those of
Sarkar et al. [222]. Such a record could also be used to extend our analysis to
different cloud regimes. Measurements from the Barbados Cloud Observat-
ory [258] are well-suited to this task, as they span the range of shallow and
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deep convection typical of the dry and wet seasons in the tropics. Under-
standing and accurately modeling rain evaporation is crucial for predicting
cold pool formation and cloud cover in the trades; our study provides new
constraints on this process and in conjunction with further observations can
improve how models represent shallow convection and its feedbacks in the
climate system.

c.6 code availability

Cleo is published on it’s GitHub page: github.com/yoctoyotta1024/Cleo, along-
side it’s documentation: https://yoctoyotta1024.github.io/Cleo. Version v0.39.7
is used in this study and was described and tested in Bayley et al. [23].

c.7 code and data availability

The code to preprocess the observational data and to perform the fitting
is published on the GitHub page: github.com/nilsnevertree/sdm-eurec4a. This
repository also includes code to post-process the output data of the Cleo
simulations and to produce the figures we use here. Post-processed simula-
tion data can be provided upon reasonable request to the authors.

c.8 appendix

c.8.1 Single-Droplet Mean-Field Approximation of Evaporation fraction

We consider an evaporating droplet of initial radius r0 and mass m0 fall-
ing in sub-saturated air (qv < qv,sat) from an initial height H. In classical
evaporation theory [142, 208], the radius r of the droplet evolves as

dr2

dt
= −2D∗fv

ρ

ρw
(qv,sat − qv), (C.2)

with

D∗ = Dv

/[
1+

ℓvDvρv,sat

kaT

(
ℓv

RvT
− 1

)]
. (C.3)

Dv is the molecular diffusivity of water vapor in air, ℓv the enthalpy of va-
porization, ka the thermal conductivity of air, fv the ventilation coefficient,
and Rv the gas constant for water vapor. We neglect curvature and solute
effects, which are negligible above ∼ 10—m. D∗ is an effective diffusion
coefficient that takes into account the thermal effects of evaporation [208].

We assume in this section that the droplet moves at its terminal velocity
U(r) at all times, which is reasonable on time scales longer than a few mil-
liseconds. Numerical integration of the full equations of motion for a single
droplet (not shown here) shows that the droplets are always within 0.01%
of their terminal velocities, except near the very end of their trajectories if
they evaporate completely. The height of the droplet can then be expressed
as dz = −U(r)dt, so that Equation (C.2) becomes

dr2

dz
= 2

D∗fv(r)

U(r)

ρ

ρw
(qv,sat − qv). (C.4)
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We assume the vertical profiles of T and qv to be uniform. Between cloud-
base height H and the ground where r(z = 0) = rf, Equation (C.4) then
transforms into∫rf

r0

U(r)

fv(r)
rdr = −D∗H

ρ

ρw
(qv,sat − qv) (C.5)

Exact closed-form solutions are difficult to find as they are set by the func-
tional dependence of U and fv with r. We can find an approximation in the
low evaporation limit where ξ ≪ 1 and the integral simplifies at first order,
since U/fv varies weakly:∫rf

r0

U(r)

fv(r)
rdr ≃ U(r0)

fv(r0)
r0(rf − r0) (C.6)

so that

r0 − rf = ∆r = D∗H
fv(r0)

U(r0)r0

ρ

ρw
(qv,sat − qv). (C.7)

The evaporation fraction ξ reads

ξ =
m0 −mf

m0
=

r30 − r3f
r30

= 1−

(
1−

∆r

r0

)3

, (C.8)

which approximates, in the limit of ∆r ≪ r0, to

ξ ≃ 3
∆r

r0
≃ 3D∗H

fv(r0)

U(r0)r
2
0

ρ

ρw
(qv,sat − qv). (C.9)

The dependence of the evaporation fraction with size is thus set by the
size dependence of the ventilation coefficient and the terminal velocity. The
terminal velocity can be reasonably approximated to be U(r) = b

√
r between

500—m and 2mm. In the case of no ventilation effect (fv = 1), this sets a
power law dependence ξ ∝ r

−5/2
0 in this limit. The ventilation coefficient

varies as fv ∝ N
1/2
Re with NRe ∝ U(r0)r0 the Reynolds number of the droplet

[208]. This gives ξ ∝ r
−7/4
0 when ventilation is taken into account.

c.8.2 Figures
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cooling for individual clouds and all microphysics setups. Col-
ors and markers as in Figure C.10 (EvapOnly in purple, Evap-
Coal in blue, EvapCoalBuRe-few in red and EvapCoalBuRe-
many in orange). Simulations for the same cloud are connected
by thin grey lines. Big error bars denote inter-cloud mean and
standard deviation, both values denoted at top left and bottom
right (Top to bottom: EvapCoalBuRe-many, EvapCoalBuRe-few,
EvapCoal and EvapOnly). (b) Histogram of evaporation frac-
tion for all microphysics setups. (c) Histogram of column integ-
rated evaporative cooling for all microphysic setups.
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and their mean (thin dark line); (a) shows potential temperat-
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d.1 abstract

Can Lagrangian particle models for cloud microphysics agree? For many
reasons, the superdroplet method (SDM) appears to be a promising Lag-
rangian model for cloud microphysics which can eliminate or at least allevi-
ate many of the sources of uncertainty which stem from conventional, bulk
and bin, microphysics models. However, the recent 1-D Kinematic Driver-
Aerosol (KiD-A) microphysics model inter-comparison (Hill et al. 2023, J.
Atmos. Sci., vol. 80) seemed to show the contrary, suggesting that model-
related uncertainties in SDM cause large differences in precipitation, even
in highly idealised setups and therefore cannot yet be used as a numer-
ical benchmark for warm-rain microphysics modelling. In this study we re-
visit these conclusions, using the 1-D KiD framework with two SDMs, Cleo
(v0.64.0) and PySDM (pre-v3), to test how sensitive they are to model-related
uncertainties and whether or not two SDMs can agree. We explore un-
certainty caused by superdroplet initialisation using the “alpha-sampling”
technique, as well as differences in collision efficiencies and the number of
superdroplets per grid-box. We find these SDM-related uncertainties can-
not explain large differences in modelled precipitation and our SDMs can
agree with one-another better than previously suggested. We also find that
SDM in the KiD framework is highly sensitive to relatively small changes
in the thermodynamics. We therefore provide the microphysics modelling
community with an unambiguous thermodynamic setup for the KiD as
well as a benchmark for warm-rain using SDM with a large enough num-
ber of superdroplets — one which tends towards to the expected solutions
from droplet-by-droplet simulations. This work supports the use of SDMs
to bring consensus to microphysics modelling and to develop more afford-
able microphysics schemes, such as bulk models or neural networks. It also
highlights the value of thorough model inter-comparison for microphysics
model development.

d.2 introduction

For decades uncertainty in warm-cloud microphysics has plagued both Large
Eddy Simulations (LES) and global climate models (GCMs) [e. g. 2, 3, 37, 127,
130, 214, 289], and the advent of Global Storm Resolving Models (GSRMs)
has further accentuated the need to understand and eliminate sources of mi-
crophysics uncertainty [e. g. 140, 176, 185, 262, 268, 272]. Uncertainty in mi-
crophysics is problematic because it allows differences between microphys-
ics models which have serious impacts on the macro-scale. Spatial and tem-
poral patterns of precipitation from warm shallow clouds vary significantly
amongst LES using different microphysics schemes [2, 93, 213, 289],and on
the global scale even changes within specific microphysics schemes can have
large repercussions for tropical precipitation, sources of climate variability,
and the Earth’s energy balance [17, 185, 196, 268, 272]. The high sensitivity of
both regional and global models to differences in warm-cloud microphysics
makes precipitation extremely challenging to predict, all the more so in re-
sponse to aerosol perturbations and global warming. It it therefore essential
to more tightly constrain the causes of these differences, the uncertainties in
warm-cloud microphysics.

The sources of uncertainty in cloud microphysics can be broadly divided
into two categories: knowledge and inherent model uncertainties. The former
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relates to gaps in our physical understanding of cloud microphysics, for
example how much droplet collision rates are increased by turbulent en-
hancement of droplet clustering or relative fall velocities. Inherent model
uncertainties on the other hand, arise from the way we model the physics we
already understand. That is, for a given physical description, all models are
forced to make to modelling choices which define how that physical descrip-
tion is represented. If these choices introduce poorly constrained parameters
which the model outcome is highly sensitive to, then we introduce inherent
model uncertainty into our simulations.

Conventional, bulk and bin, microphysics models give rise to various
large inherent model uncertainties. Bulk schemes, also known as moment
schemes, are useful for their comparatively low computational cost but they
are forced to make problematic and somewhat arbitrary modelling assump-
tions to define different hydrometeor categories, and also the function form
of the size distribution for each category (in the warm-phase for “cloud”
vs. “rain” droplets) [65, 84, 90, 104, 106, 108–111, 130, 188]. Additional as-
sumptions are then required to parametrise microphysical processes, which
further ties bulk schemes to unobservable, and therefore difficult to con-
strain parameters [130, 207], so much so, that the names of real microphys-
ics processes are often replaced with fictional ones, for example the pro-
cess of “collisions between water droplets” is redefined as three distinct
parametrisations called “self-collection”, “auto-conversion” and “accretion”.
The sensitivity of macrophysical outcomes to the choices behind hydromet-
eor categories, size distributions, and microphysics parametrisations is high,
and thus bulk schemes suffer from large inherent model uncertainty. Bin
schemes eradicate the assumption of a function form for each hydromet-
eor size distribution, and in the warm-phase they do not need to categorise
“cloud” and “rain” water separately. However, numerical diffusion in both
spectral (size) and spatial space is inherent to bin schemes, as is their “curse
of dimensionality”, and the mean-field approximation of the Smoluchowski
equation used to describe droplet collisions [1, 56, 79, 84, 100, 117, 145, 146,
171, 181, 182, 254]. Different bin schemes may employ different methods for
overcoming these limitations, especially with regard to numerical diffusion
and their depiction of aerosols, and they may also use substantially different
parametrisations for the same microphysical process, for example to depict
activation and condensation/evaporation. As a result, bin schemes intro-
duce sources of inherent model uncertainty, showing as large disagreement
as bulk schemes when it comes to modelling precipitation [94, 103, 289].

The superdroplet method [SDM; also known as the superdroplet model;
241] is a fundamentally different way of modelling cloud microphysics and
sets the expectation it can reduce inherent model uncertainties compared to
conventional bulk/bin microphysics schemes. SDM is a Lagrangian, particle-
in-cell method for cloud microphysics. It represents the real particle popu-
lation with simulated particles called “superdroplets” (also known as “su-
perparticles”), whereby each superdroplet has the properties of individual
real particles, but also an extra property called their “multiplicity” which
states how many real particles each superdroplet represents. The difference
between SDM and other particle-in-cell methods for cloud microphysics is
the collision algorithm, which conserves the number of superdroplets and
converges to the results of particle-by-particle simulations faster than others
[286]. Given its Lagrangian approach, SDM makes no assumptions about
hydrometeor categories, nor size distributions, and it is intrinsically non-
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diffusive and not limited by the Smoluchowski equation [84, 182]. Further-
more, the computational expense of incorporating more droplet and aero-
sol properties scales linearly in SDM, meaning it does not suffer from the
“curse of dimensionality” of bin schemes [84, 182, 241]. SDM therefore elim-
inates many of the major sources of inherent model uncertainty from con-
ventional bulk/bin microphysics. Additionally, for all the microphysical pro-
cesses in warm-clouds: activation, condensation/evaporation, collisions and
droplet sedimentation, the representation in SDM more explicitly relates to
our fundamental physical description than it does in bulk or bin schemes,
for example Köhler theory for activation and condensation/evaporation is
applied to individual droplets rather than parametrised for droplet size dis-
tributions (DSDs). Consequently, SDM reduces the scope for model differ-
ences arising from microphysics parametrisations which convolute actual
physics with model parameters. One would therefore expect SDM to allevi-
ate inherent model uncertainty compared to conventional bulk/bin micro-
physics models, but this is only true provided macrophysical outcomes do
not exhibit high sensitivity to SDM’s own model parameters.

Despite the expectation that SDM alleviates inherent model uncertainty,
comparisons of SDMs in highly idealised setups seem to show otherwise
and may prevent us obtaining a satisfactory numerical benchmark for warm-
cloud precipitation. Unterstrasser et al. [286] found that choices regarding
superdroplet initialisation affect the accuracy and convergence of the SDM
collision algorithm, especially when the right-hand tail of the distribution
is undersampled. Numerous studies also show sensitivity to the number
of superdroplets per grid-box, and although O(10) to O(100) superdroplets
per grid-box is generally considered sufficient for the mean statistics of colli-
sions and/or precipitation, the exact number varies depending on the setup
and the method of superdroplet initialisation [177, 286, 287, 311]. The most
concerning results comparing SDMs came from Hill et al. [94], who used the
Kinematic Driver (KiD) framework to compare nine different microphys-
ics models. They found larger spread when they modelled precipitation
amongst the three Lagrangian microphysics models, including two SDMs,
than amongst the three bin and three bulk schemes. This might be expected
given the latter are the outcome of several decades of work including tuning,
whereas the Lagrangian models originated in the late 2000s. However, they
also suggested that difference between the SDMs could be attributed to the
choice of initialisation, number of simulated particles per grid-box, and/or
the choice of interpolation for the collision efficiency in the collision ker-
nel. All three suggestions concern somewhat arbitrary model parameters in
SDM and therefore suggest that SDM has larger inherent model uncertain-
ties then conventional bulk/bin models, in direct conflict with the idea that
SDM would alleviate them. Based on these results Hill et al. [94] concluded
we do not yet have a satisfactory numerical benchmark for warm-cloud pre-
cipitation processes and thus we cannot agree on how microphysics models
should behave, even in highly idealised setups in the absence of knowledge
uncertainties. Given the gravity of this conclusion, both for the future use of
SDMs and for the broader community developing microphysics models, it
warrants further investigation.

In this study we use two SDMs to revisit the whether or not SDM can
alleviate inherent model uncertainty and be used as a numerical benchmark
for warm-cloud processes. We use the 1-D KiD framework similarly to Hill
et al. [94] with the SDMs Cleo (v0.64.0), [22, 23], and PySDM (pre-v3), [21,
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123], as the microphysics schemes. To explore uncertainty caused by super-
droplet initialisation we use the “alpha-sampling” technique described by
Matsushima et al. [165] and to explore any differences caused by collision ef-
ficiencies we setup the SDMs with extremely different parametrisations. To
eliminate any uncertainty in the KiD related to the number of superdroplets
per grid-box, we also show the convergence of the mean precipitation and
its error with increasing number of superdroplets. In these ways we sought
to address the concerns raised by Hill et al. [94]. During our investigation,
we also discovered that the KiD is highly sensitive to seemingly innocuous
changes to the thermodynamic profiles and therefore we also discuss this
non-SDM-related sensitivity. Based on our results, we conclude that its pos-
sible for relatively small differences in the prescribed thermodynamics of
the KiD to result in large differences in precipitation modelled by SDM. We
therefore provide the microphysics modelling community with an unam-
biguous thermodynamic setup for the 1-D KiD as well as a step closer to an
agreed benchmark for the setup using SDM with a large enough number of
superdroplets.

Section D.3 describes the models and setup of the investigation, including
the 1-D KiD, the microphysics schemes and the alpha sampling technique.
We discuss our results for the various sources of uncertainty in Section D.4
as well as our progress towards a numerical benchmark. In Section D.5 we
conclude with a summary of our findings and our reflections on using KiD
model comparisons as a method for model development.

d.3 kid setup

In this section we describe the KiD models and setups we studied, including
a detailed explanation of the thermodynamic profiles. This explanation is
partly to resolve previous ambiguities in the setup so that other modellers
can more easily run the KiD for their microphysics schemes under the same
conditions. We also describe the two SDMs employed in this study and the
method we used to initialise superdroplets in both models.

d.3.1 KiD Model

For our study the KiD model consists of either microphysics scheme, Cleo
or PySDM, coupled to the dynamical driver provided by PyMPDATA, [20].
The PyMPDATA-based reimplementation of the KiD from Shipway and Hill
[244] was originally developed for, and applied in the studies of De Jong et
al. [51] and Azimi et al. [16]. To couple PyMPDATA to Cleo, we use Cleo’s
python bindings. In this way our KiD models, using either Cleo or PySDM,
are coupled to the same driver and therefore the models have the same ad-
vection scheme and thermodynamic setups but different SDM implementa-
tions, analogously to Hill et al. [94].

PyMPDATA prescribes the thermodynamics of the 1-D column and an
updraught velocity for the first 10 min of the simulation which it uses to
advect only the vapour field. Cleo and PySDM advect the hydrometeors
and enact microphysical processes as explained in section D.3.2, but only
the changes to the vapour, including its indirect effect on the pressure and
density, are fed back into the dynamical driver, any temperature change due
to condensation/evaporation is neglected. The column extends to 3200 m
and has a grid-spacing of 25 m vertically and a horizontal cross-sectional
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Figure D.1: The prescribed thermodynamics of our 1-D KiD model. Top: (a)
The initial potential temperature and virtual potential temper-
ature, θ and θv respectively; (b) the initial water vapour mass
mixing ratio qv; (c) the updraught velocity, w as a function of
time at three different heights in the column. Bottom: (d) The ini-
tial total and dry pressure, P and Pd respectively; (e) the initial
total and dry density, ρ and ρd respectively; (f) the initial tem-
perature, T . The profiles of θv, Pd and ρd and T stay constant
throughout the simulation whilst the water vapour is advected
and responds to microphysics.

area of 1 m2. This is equivalent to the specifications in [243] and Hill et al.
[94], albeit with a different advection scheme and a different prescribed-
flow, prescribed-temperature thermodynamic setup, as will be explained in
the following.

We prescribe the thermodynamics similarly to the original 1-D KiD setup
[93, 243, 244] and the KiD-A microphysics model inter-comparison [94],
however we make some adjustments to clarify the setup and make it more
consistent. The prescribed thermodynamics and updraught velocity for our
setup are shown in Figure D.1. The initial vapour and potential temperat-
ure profiles are as described in the original 1-D KiD W2 and W3 setups
[243, table 2], however this does not fully constrain the pressure, temper-
ature, and density profiles in the column and these ambiguities make it
hard for model comparisons to match the previous setups. Additionally the
mass conservation of dry air was violated in the previous setups and the
initial pressure and density profiles were not in hydrostatic equilibrium. We
therefore chose to amend the original setup and to use hydrostatic pressure
and density profiles with a surface pressure of 1000 hPa, also accounting
for the mass of water vapour. The updraught velocity is similar to the ori-
ginal setup with w1 = 3 m s−1 in Shipway and Hill [243, equation 6] except
that we account for the dry air density profile in the column and advect the
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momentum of dry air consistently rather than purely the updraught speed.
Hence we use

ρd(z)w(z, t) =

w̃1sin(πt/t1), if t < t1,

0.0, otherwise,
(D.1)

where t1 = 600 s and w̃1 = 3 kg m−2 s−1.

d.3.1.1 Alternative Thermodynamic Profiles

During our investigation we also looked at the sensitivity of our results to
three other thermodynamic profiles. We choose these thermodynamic pro-
files because whilst we were setting up our model comparison we realised
these were all plausible variants of what can be interpreted from the previ-
ous 1-D KiD descriptions and, as will be discussed in Section D.4.3, we find
that the cloud development and precipitation display high sensitivity to the
relatively small differences between these thermodynamic profiles. The first
variant ignores the effect of vapour on the hydrostatic profile. The second
uses the Exner function as written in the source code of the original KiD
paper [243]. The third profile uses the same profiles as the former, except
that ρd(z) = 1 kg m−3 in Equation (D.1); in other words the density of air
used for advection is kept constant throughout the column. This last setup
is comparable to the setup in Hill et al. [94].

d.3.2 Microphysics Schemes

We use Cleo and PySDM with the microphysics summarised in Table D.1
in simulations with and without precipitation. In the no-precipitation sim-
ulations, Cleo and PySDM model condensation/evaporation and droplet
motion which neglects their fall velocities. In the simulations with precip-
itation, the SDMs model condensation/evaporation, droplet motion includ-
ing their fall velocities, and collision-coalescence. The particular algorithms
used to solve for droplet motion differ between Cleo and PySDM, as do
the parametrisations for droplet fall velocities. Whilst both SDMs explicitly
solve the Köhler theory for condensation/evaporation, their parametrisa-
tions for the hygroscopicity of droplets and diffusion factors are different,
and Cleo additionally accounts for ventilation effects which enhance the
rate of condensation/evaporation of moving particles compared to station-
ary ones. Both SDMs use the original collision-coalescence algorithm accord-
ing to Shima et al. [241] with they hydrodynamic collision kernel, but they
differ due to their different parametrisations of the droplet fall velocities
and collision-coalescence efficiencies, Ecoll. PySDM assumes a uniform ef-
ficiency, Ecoll = 1.0, whereas in this study Cleo uses either Ecoll = 1.0, or
the parametrisation with variable Ecoll based on Long [159] according to
Simmel and Wurzler [246]. Further details about the numerical methods for
microphysics used in this study can be found for PySDM in Bartman et al.
[21] and Jong et al. [123], and for Cleo in Bayley et al. [23].
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Figure D.2: An example of the superdroplet initialisation with alpha-
sampling for three different values of α and 50 cm−3 total aero-
sol number concentration in the lowest 25 m of the domain. The
real droplet size distribution (left) is reproduced from the super-
droplet size distribution (middle) and their multiplicities (right).
This example also highlights that lower values of α, towards
constant-multiplicity sampling at α = 0.0, less well sample the
tails of the aerosol distribution.

d.3.3 Alpha Sampling for Superdroplet Initialisation

We use the initial aerosol conditions as described in Hill et al. [94]. Namely,
we initialise dry NaCl aerosol with number concentrations, Na, of 50, 150,
and 300 cm−3 and a prescribed single-mode log-normal size distribution
with a log-normal geometric mean radius of 0.04mm and a log standard de-
viation of 1.4. We also weight the number concentration by the mass of dry
air such that it decreases slightly higher in the column, although sensitivity
tests showed the difference between that and a constant number concentra-
tion to be insignificant. During the simulation we treat the droplet boundary
conditions slightly differently to Hill et al. [94] so that the bottom boundary
of the domain is independent of the top and the superdroplet logic is im-
proved. When t < t1 and droplets are advected by the updraught, instead
of droplets which leave the top of the domain being reused, they are re-
moved from the simulation. New droplets are initialised according to the
prescribed aerosol distribution and brought into equilibrium with the ther-
modynamic conditions of the bottom boundary of the domain before they
are advected into the domain from the bottom boundary.

To initialise superdroplets we employ the alpha-sampling technique es-
tablished by Matsushima et al. [165]. By default we sample the aerosol dis-
tribution with 256 superdroplets per-gridbox and we use the 1-D case of
alpha-sampling, where the Wasserstein distance has a simpler form (see Ap-
pendix A therein), to sample superdroplet radii from the prescribed aerosol
distribution. With this 1-D case, we define two end-points for the sampling
method and a sampling-randomness. At one end-point the aerosol distri-
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bution is sampled such that all superdroplets have equal multiplicities and
the abundance of superdroplets with a certain radii follows the aerosol dis-
tribution. The second end-point is considered the opposite, whereby the
multiplicities of the superdroplets establish the shape of the aerosol size dis-
tribution and superdroplet radii are on average equidistantly spaced in log-
radius space. To move between these end-points, and thus change between
different superdroplet sampling methods, we only need to change a single
parameter, α. α = 0.0 is the constant-multiplicity sampling and α = 1.0 is
the on average equidistantly spaced log-radius sampling, as demonstrated
in Figure D.2. Mathematically, the chosen distribution sampled for super-
droplet radii is that which minimises the α-weighted sum of the Wasserstein
distances between that distribution and each end point distribution. The
sampling-randomness determines the degree to which superdroplets are ac-
tually equidistantly spaced (in log-radius space when α = 1.0) and this can
be deterministic, pseudo-random or quasi-random. In the deterministic case,
superdroplets are sampled at equidistant points along a distribution; in the
pseudo-random case they are pseudo-randomly sampled freely across the
entire distribution; and in the quasi-random case they are pseudo-randomly
sampled from evenly spaced bins of the distribution.

The only other ways to change the superdroplet initialisation method
would be to change the limits on the minimum and maximum radii we
sample, or to sample radii not in log-space, for example in linear space.
Since the minimum and maximum radii we sample represent the 0.00001

and 0.99999 percentiles of the droplet distribution we already comprehens-
ively capture the initial aerosol population and so did not find it neces-
sary to test the sensitivity of the KiD to changes in this sampling choice;
and since previous literature has already clearly shown the improved per-
formance of the SDM collision algorithm when using log-space sampling
instead of linear-space sampling, because it better samples the right-hand
tail of the distribution [e. g. 286], we did not test the sensitivity to changing
this sampling choice either. For similar reasons, pseudo-random sampling
of evenly spaced bins is usually considered superior to pseudo-random or
deterministic sampling and so we also found it sufficient to use only the
quasi-random sampling-randomness for this study. Therefore, we were left
with one single parameter, α, which spans the maximum possible differ-
ences SDMs can have when they initialise superdroplet radii conventionally
and quasi-randomly from (the 0.00001 to 0.99999 percentiles of) the chosen
aerosol distribution.

d.4 results

In this section we present the results of the sensitivity tests we did to un-
derstand whether or not inherent model uncertainties in SDM related to
the method for superdroplet initialisation, the Ecoll parametrisation, or the
number of superdroplets per grid-box are the cause of differences between
precipitation patterns in the KiD framework. For all simulations with precip-
itation we show results for the mean and standard error of an ensemble of
10 members. The variance is caused by the pseudo-randomness of the SDM
collision-coalescence algorithm and the quasi-randomness of sampling of
the aerosol size distribution. For no-precipitation simulations, there is no
detectable variance and so we only used one ensemble member.
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d.4.1 Sensitivity to Initialisation and Collision Efficiencies
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Figure D.3: The liquid water path (LWP) and precipitation as a function of
time for the three different aerosol loadings, Nc, (a) 50 cm−3, (b)
150 cm−3, and (c) 300 cm−3. The different lifestyles indicate dif-
ferent sampling methods via different values of α, the different
colours indicate different microphysics models.

Differences in the sampling to initialise superdroplets cannot explain the
spread amongst different SDMs in the KiD. Figure D.3 shows the liquid
water path (LWP) and precipitation as a function of time for different mi-
crophysics setups in the KiD: PySDM with Ecoll = 1.0, and Cleo with
Ecoll = 1.0 and Cleo with parametrised Ecoll. None of the different mi-
crophysics setups completely agree with one another, and plausible reasons
for this will be discussed in Section D.5.1. However, for each microphysics
setup it is clear that within the ensemble error, changing the value of α has
negligible effect on both the liquid water path (LWP) and precipitation. Of
course, considerable effects could still be possible from choosing narrower
upper and lower percentiles of the aerosol distribution to sample, or not us-
ing pseudo-random or log-space sampling. However, our results show that
when sampling is conducted across a comprehensive range of the distribu-
tion in a conventional way, the sampling method in SDM is not a source of
inherent model uncertainty.

Extremely large differences in collision efficiencies can explain some of
the spread amongst different SDMs but it seems unplausible. Comparing
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Cleo with Ecoll = 1.0 and Cleo with parametrised Ecoll in Figure D.3, in the
cleanest aerosol conditions it is possible to increase the maximum amount
of precipitation by an order of magnitude and hasten precipitation onset
by almost 10 min. In dirtier conditions it is possible to trigger precipitation
with Ecoll = 1.0 which would not occur otherwise. However the difference
between these two parametrisations is extreme and using Ecoll = 1.0 is un-
physical. We hypothesise that the differences between realistic parametrisa-
tions of Ecoll, for example between Hall [91] and Long [159], have a much
smaller effect on precipitation, possibly even a negligible one, although fur-
ther work is needed to test this hypothesis. However, even if small differ-
ences in collision efficiencies do cause some uncertainty in precipitation pat-
terns from SDMs, they cannot explain it all. This is clear by comparing Cleo
and PySDM both with Ecoll = 1.0, which shows that even with identical
Ecoll precipitation onset can differ by almost 10 min (co-incidentally the
same difference as between Cleo with uniform and parametrised Ecoll).
We draw from this that there must be other differences between Cleo and
PySDM which are responsible for the remaining discrepancies in their KiD
simulations and perhaps also the SDMs in Hill et al. [94]. These differences
are unrelated to superdroplet initialisation and Ecoll, and possibly more
significant than any subtle differences in realistic Ecoll parametrisations or
the interpolation of them. Some plausible candidates will be discussed in
Section D.4.3 and D.5.1.

d.4.2 Sensitivity to the Number of Superdroplets
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Figure D.4: (a) The liquid water path (LWP) and (b) precipitation as a func-
tion of time for the 50 cm−3 aerosol loading using Cleo with
parametrised Ecoll. (c) The mean and standard error of precip-
itation across the ensemble of simulations for a given number
of superdroplets. The different colours from yellow to purple in-
dicate increasing superdroplets per grid-box by the number of
superdroplets sampled from the aerosol distribution.

Precipitation already shows reasonable convergence at O(10) superdroplets
per grid-box. Figure D.4 shows the LWP varies negligibly between ensembles
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with 8 to 4096 superdroplets sampling the initial aerosol distribution per
grid-box. Whilst precipitation evolution shows much stochasticity, the tim-
ing of onset of precipitation and the mean precipitation amount are already
well captured with 32 superdroplets per grid-box. These results are in agree-
ment with Unterstrasser et al. [287] and Morrison et al. [177] which show
that with mixing between collision-coalescence volumes the number of su-
perdroplets needed for convergence is less than in box-model simulations
and O(10) superdroplets per grid-box. Also as expected, the standard error
decreases with increasing number of superdroplets as the variance in the
collision-coalescence algorithm decreases. From these results we can con-
clude that with O(1000), this KiD setup with SDM is converged enough,
and has small enough error, to make it practically useful as a numerical
benchmark to compare with other microphysics schemes or SDMs.

d.4.3 Sensitivity to Thermodynamic Profiles
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Figure D.5: (a) The liquid water path (LWP) and (b) precipitation as a func-
tion of time for the 50 cm−3 aerosol loading using Cleo with
parametrised Ecoll. Dotted lines show the no-precipitation simu-
lations, solid lines with precipitation. (c) The mean and standard
error of precipitation across the ensemble of simulations with
precipitation for a given thermodynamics. The different colours
indicate the different thermodynamic profiles, as described in
Section D.3.1.1. H (blue) is the standard hydrostatic thermody-
namics; Hno−vapour (purple) neglects the contribution of water
vapour pressure to the profile; Π (orange) uses the Exner func-
tion to calculate the thermodynamics; Πconstant−density (red)
also uses the Exner function but then sets the air density to be
uniformly 1.0.

SDM is highly sensitive to seemingly innocuous changes to the thermo-
dynamic profiles prescribed by the KiD. Whilst setting-up the comparison
between Cleo and PySDM we noticed the description of the KiD thermo-
dynamics contains ambiguities and so there are subtle differences in the
assumptions one can make to derive temperature, pressure, density and
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the updraught speed from the given potential temperature and initial water
vapour profiles. Using four different derivations, which are the usual hydro-
static one and three variants (Section D.3.1.1), results in large differences in
LWP and therefore precipitation as shown by Figure D.5. By not accounting
for the initial water vapour density, a seemingly minor contribution to the
hydrostatic profile, the LWP can nearly double and this results in almost
a five-fold increase in mean precipitation. Using the Exner function to de-
rive the thermodynamics results in even larger changes, and even the minor
assumption of constant density for the updraught speed, raises the LWP
still further, albeit less dramatically. This means that relatively minor differ-
ences in the KiD setup, show here by neglecting the effect of water vapour
on density, and treating the updraught speed differently, can result in very
large differences in the DSD evolution modelled by SDM, with consequent
large differences in the macrophysical cloud evolution as well as precipita-
tion. Such high sensitivity to the prescribed thermodynamics in the KiD is a
plausible explanation for large differences between SDMs in Hill et al. [94],
and it may explain the remaining differences between PySDM and Cleo in
this study, as will be discussed in Section D.5.1.

d.5 conclusion

In this study we have examined the sensitivity of LWP and precipitation to
differences in the setup of 1-D KiD simulations with SDM to assess whether
or not SDM can alleviate inherent model uncertainties and be used as a
numerical benchmark for warm-rain microphysics modelling. We tested the
sensitivity to three model-related parameters in SDM, suggested by Hill et
al. [94] to be potentially significant sources of inherent model uncertainty.
These were the method of superdroplet initialisation, the choice of collision
efficiencies, Ecoll, and the number of superdroplets per grid-box.

Using the alpha-sampling method from Matsushima et al. [165], it is clear
that the sampling method used for superdroplet initialisation is a negligible
source of uncertainty. Since changing the value of α has very little impact,
our results for both Cleo and PySDM show no appreciable sensitivity to
changing the sampling method all the way from constant-multiplicity to on
average equidistantly log-spaced radii sampling. Such negligible sensitivity
is provided that sampling is conducted across a comprehensive range of
the aerosol distribution in a conventional way, in other words, with large
enough maximum and minimum radii and with quasi-random log-space
sampling rather than e. g. linear-space and/or pseudo-random or determin-
istic sampling.

Different collision efficiencies in SDM can explain some uncertainty in
precipitation, but it is not a plausible explanation for the large differences
reported by Hill et al. [94]. By comparing Cleo with Ecoll = 1.0 and realistic
parametrised Ecoll, we can see that the amount of precipitation can change
by an order of magnitude and delay precipitation onset by almost 10 min.
However, we hypothesise that such large differences cannot occur if two
realistic parametrised Ecoll are used because they are much more similar
than compared to Ecoll = 1.0. Moreover, by comparing Cleo and PySDM
when they both use Ecoll = 1.0, we still observe different results which
cannot be explained by differences in Ecoll, with precipitation up-to 10 min
later in PySDM. There must be other sensitivities at play.
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When using SDM, minor differences in the prescribed thermodynamics
of the KiD have an incommensurate impact on cloud development and
precipitation and therefore could be a more significant contributor to dif-
ferences between models than any inherent model uncertainties stemming
from SDM. We have found that seemingly innocuous changes to the as-
sumptions made to derive the prescribed thermodynamics for the KiD, for
example excluding the effect of water vapour on density or deriving ther-
modynamics from the Exner function rather than hydrostatics, can drastic-
ally change the LWP modelled by SDM and consequently precipitation. The
sensitivity of LWP to pressure/density assumptions has also been pointed
out in previous discussions on SDM development [118], and such high sens-
itivity in the KiD is a plausible explanation for large differences between
SDMs seen both in Hill et al. [94] and in our comparison of PySDM and
Cleo with Ecoll = 1.0. Due to this high sensitivity, it is important to pre-
cisely set the thermodynamic profiles for future model comparisons and to
assist this we have carefully detailed our setup in Section D.3, including the
thermodynamics in Section D.3.1.1.

The 1-D KiD setup is relatively insensitive to changing the number of
superdroplets and we can therefore provide a useful numerical benchmark
using SDM with O(1000) superdroplets per grid-box for the KiD. In agree-
ment with previous studies, the mean precipitation from an ensemble of 1-D
column SDM simulations already appears to be well converged at O(10) su-
perdroplets per grid-box. By O(1000), the variance in the collision-coalescence
algorithm is also small enough to make the precipitation modelled by SDM
practically useful for comparison with other microphysics schemes. Of course,
we can only provide a numerical benchmark which sets the “solution” for a
given 1-D KiD setup, upon which all credible microphysics models should
agree, once we find that using different SDMs produces consistent results,
at least within what would be considered as a sufficiently small uncertainty
range. At the time of writing, PySDM precipitates up-to 10 min later than
Cleo, which makes the uncertainty in precipitation from these two SDMs
far too large for a useful numerical benchmark. Further work is ongoing to
understand and rectify this difference, as will be discussed in the following
section.

Despite the fact we cannot yet provide a numerical benchmark, we have
been able to rule out the supposed sources of inherent model uncertainty
suggested by Hill et al. [94], and therefore our results reinvigorate support
for the notion that SDM can reduce uncertainty in modelling warm-clouds
by eliminating or at least alleviating inherent model uncertainty stemming
from warm-cloud microphysics.

d.5.1 Debugging and Model Development

We have learnt both good and bad lessons from conducting this model com-
parison. Carefully analysing the differences between PySDM and Cleo led
us to uncover many subtle but important factors in the KiD setup which
were not previously documented. We uncovered and resolved ambiguities
related to the thermodynamics (Section D.3.1.1), which, as already explained,
are highly significant; and furthermore we uncovered and resolved ambigu-
ities in the boundary conditions for the superdroplets (Section D.3.3). Along
the way we also resolved a handful of bugs in our codes, both in our KiD
setups and in our microphysics schemes, and implemented new features
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in our models which their future use will benefit from. In these ways, the
model comparison was an important and fruitful exercise. At the same time,
we found that understanding model differences to the degree we can achieve
consensus, even for just two SDMs in a highly idealised setup, often involves
digging through source code and running perturbation experiments, both of
which are time-consuming and often unrewarding tasks. We conclude that
using the 1-D KiD framework to obtain model consensus is not just neces-
sary for microphysics model development but also highly beneficial, how-
ever, it should be conducted with the understanding that achieving model
agreement is surprisingly difficult.

Despite much de-bugging and tightly constraining the KiD setup, there
is still almost a 10 min difference in the onset of precipitation from Cleo and
PySDM. We are still working to understand this difference and have ruled-
out many possible explanations including differences in the number con-
centration of aerosol, the hygroscopicity, the ventilation factor for condens-
ation/evaporation, and almost all differences in the thermodynamic setup.
Nevertheless, it appears that Cleo activates aerosol slightly more readily
than PySDM and, counter-intuitively, precipitates earlier. We currently think
that the difference in activation is not the cause of differences in the precip-
itation onset, and that differences in the probability of collisions, potentially
due to the different calculation of relative fall velocities between droplets,
is the cause. We also cannot yet definitively rule out remaining thermody-
namic differences and we will never be absolutely certain there are no more
bugs troubling our code. A thorough investigation of the difference in pre-
cipitation onset between our models is currently being conducted and will
be reported in an updated version of the manuscript. As too will a discus-
sion of the extent to which the remaining discrepancy and thermodynamic
sensitivities we have already found also apply to bin and bulk schemes. We
are nevertheless quietly confident we will manage to rectify the difference
and thus use these SDMs in the 1-D KiD framework to provide a numerical
benchmark for precipitation from warm-clouds.
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