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Figure 1 Picture of organised deep convective clouds, with visible rain shafts, over the
ocean. This is the kind of convective system we aim to study. Credit: Alphacoders

Figure 2 Picture of a diverse population of clouds over the Warm Pool in the tropical
Pacific: shallow clouds, congestus clouds, cirrus clouds. A deep convective cloud under
wind shear condition can even be seen on the top-right-hand corner. This epitomizes
one of the main challenges for a convective parameterization: how to represent such a
wide population of clouds, each with their own life cycle? Photo by Maxime Colin.
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Introductory poems

L’Etranger, by Charles Baudelaire

in Petits Poemes en prose,

from “ (Buvres complétes de Charles Baudelaire, Michel Lévy fréres, 1869, IV. Petits
Poémes en prose, Les Paradis artificiels (p. 7).”

— Qui aimes-tu le mieux, homme énigmatique, dis 7 ton pére, ta mére, ta sceur ou
ton frere 7

— Je n’ai ni pére, ni mére, ni sceur, ni frére.

— Tes amis ?

— Vous vous servez la d’une parole dont le sens m’est resté jusqu’a ce jour inconnu.
— Ta patrie ?

— J’ignore sous quelle latitude elle est située.

— La beauté 7

— Je l'aimerais volontiers, déesse et immortelle.

— L’or ?

— Je le hais comme vous haissez Dieu.

— Eh ! qu’aimes-tu donc, extraordinaire étranger ?

— J’aime les nuages. .. les nuages qui passent... la-bas... les merveilleux nuages !
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Series of short quotes

“Clouds come floating into my life, no longer to carry rain or usher storm, but to add
color to my sunset sky.” Rabindranath Tagore, Indian polymath from Kolkata, late
19th and early 20th centuries. Verse 292, Stray Birds, 1916.

“Try to be a rainbow in someone’s cloud.” Maya Angelou, American poet.

“Clouds in the sky very much resemblels| the thoughts in our minds! Both changels]|
perpetually from one second to another!” Mehmet Murat ildan, Contemporary
Turkish writer.

“Behind every cloud is another cloud.” Judy Garland, American actress and singer,
who played in The Wizard of Oz.

“Clouds are on top for a reason. They float so high because they refuse to carry any
burden!” Jasleen Kaur Gumber, Young Indian poet.

“I planted my self in the middle of a great many Glasses full of Dew, tied fast about
me, upon which the Sun so violently darted his Rays, that the Heat, which attracted
them, as it does the thickest Clouds, carried me up so high, that at length I found
my self above the middle Region of the Air.” Cyrano de Bergerac, French playwright
from the 17th century, in A Voyage to the Moon.

viil



Clouds in Chinese poetry
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“Going far away”, by Wang Zhihuan

Far up the yellow river lies in between white clouds
A lonely city with 10 000 mountains.

Why do you have to blame the willow?

The spring breeze does not blow in Jade Gate Gorge.
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https://tw.answers.yahoo.com/question/index?qid=20060927000011KK00448&
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Abstract

Convective parameterizations struggle to represent the spatial and temporal
variability of convection. This may be because they wrongly assume that convection
can be diagnosed from the large-scale state, without knowing the convective history.
The concept of convective memory, which states that convection depends on its own
history, could be used to overcome this issue. This thesis proposes a new framework
for convective memory, with a distinction between microstate (unresolved) memory

and macrostate (large-scale) memory.

The thesis uses a hierarchy of models either in Radiative-Convective Equilib-
rium or under fixed-macrostate conditions, and analyses the recovery to homogen-
isation perturbations. It exploits three types of models: a Cloud-Resolving Model,
a General Circulation Model (GCM) in 1D and in 3D, and a simple predator-prey

model.

The results show that convective memory plays a role on time scales between
an hour and a day. Convective memory in time is dramatically enhanced by con-
vective organisation in space. Microstate memory is found to be mostly stored in
boundary layer microstate structures of water vapour and temperature, with a dom-
inant water vapour memory. Furthermore, the convective microstate is shown to be
inherently unstable, which confirms that knowledge of the macrostate conditions
is not sufficient to predict convection. The standard version of the GCM already
shows a reasonable level of convective persistence. A simple modification of the
GCM convection scheme, meant to improve cold pools over oceans, improves some
aspects of memory but deteriorates others. With this modification, the GCM cold
pools become less cold and thus weaker to trigger convection. This leads to more

intermittent precipitation, partly correcting a typical GCM bias.
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Overall the thesis fosters the idea of introducing prognostic variables into GCMs
and suggests ways to do it. It reveals the potential of microstate memory to improve

GCM large-scale properties.
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Résumé

Les paramétrisations représentent encore mal la variabilité spatio-temporelle de
la convection. Cela peut provenir du fait que les paramétrisations supposent, a tord,
que la convection peut étre diagnostiquée a partir des conditions de grande échelle.
Le concept de mémoire de la convection, signifiant que la convection dépend de sa
propre histoire, pourrait permettre de résoudre ce probléme. Cette thése propose
un nouveau cadre d’étude faisant la distinction entre la mémoire micro-état (non

résolue) et la mémoire macro-état (de grande échelle).

La thése a recours a une hiérarchie de modéles: un modéle résolvant les nuages,
un Modéle de Circulation Générale (GCM) en 1D et en 3D, et un modéle simple
proie-prédateur. Ils sont placés soit en Equilibre Radiatif-Convectif soit en condition

de macro-état fixé, et on analyse leur réponse a des perturbations d’homogénéisation.

La mémoire de la convection a un temps typique compris entre une heure et
un jour, et elle apparait fortement liée a ’organisation convective dans ’espace. La
mémoire du micro-état est essentiellement stockée dans les structures micro-état de
couche-limite de la vapeur d’eau et de la température, la mémoire de la vapeur d’eau
étant dominante. De plus, le micro-état convectif est intrinséquement instable, ce
qui confirme que la connaissance de ’état de grande échelle n’est pas suffisante pour
prédire la convection. On montre ensuite que le GCM de référence a déja des formes
encourageantes de mémoire. Par une modification simple du GCM, on améliore
certains aspects de la mémoire, mais en détériore d’autres. Cette modification rend
les poches froides moins froides et ainsi moins aptes a déclencher la convection. La
pluie du GCM modifié devient ainsi plus intermittente, résolvant un biais typique

des modéles.

Xix



Cette étude promeut l'introduction de variables prognostiques dans les GCMs
pour représenter la mémoire du micro-état, permettant ainsi d’améliorer les pro-

priétés de grande échelle des GCMs.
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Chapter 1

Introduction

1.1 The nature of convection

1.1.1 What is convection?

Defining convection is already a challenge: it has different meanings in different
fields. Firstly, the widest definition for convection given by physicists in fluid mech-
anics is perhaps the following: the general motion of a fluid due to the collective
effect of all the movements of its molecules. In this view, convection is seen as one
of the three basic mode of energy transfer, alongside thermal conduction (diffusion)
and radiation. Sometimes, convection refers more to the transport of energy by
the general motion of a fluid rather than to the motion of the fluid itself. In some
cases, convection is even taken to include any motion of the fluid, whether it is a
bulk motion (advection) or the motion of individual particles (diffusion), so that it
includes two of the three previously mentioned modes of energy transfer. Secondly,
in thermodynamics, convection may have a stricter meaning: the general motion
of a fluid due to a gradient of temperature or a gradient of other properties of the
fluid. This is somewhat similar to the general definition proposed by Emanuel [1994]
which states that convection is the ensemble of motions resulting from the action of
a steady gravitational field upon variations of density in a fluid. Thirdly, in meteor-
ology and other geosciences, the meaning of convection is restricted even further to

the vertical motion of a fluid, usually associated with gradients of density or temper-
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ature. In the rest of the manuscript, convection will refer to the "collective" vertical
motions of the air, where the term "collective" can refer to any scale, as long as it
includes a large number of fluid molecules. Most of the time, the scale of convection
will be taken as the scale of clouds, excluding some smaller-scale convection (such as

laboratory-scale convection) and some larger-scale convection (such as the Hadley

cell).

Convection bears an interesting contradiction: it is based on very simple phys-
ical laws, yet it is responsible for acute complexity in fluid dynamics and thermo-
dynamics. So let us start with one of the most typical examples of convection:
Rayleigh-Benard convection [Bergé and Dubois, 1984|. Rayleigh-Benard convection
is the buoyancy-driven flow that occur in a horizontal fluid layer heated from below
and cooled from above. The usual experimental setup is such that the fluid is placed
between two plates maintained at fixed temperatures, with the temperature of the
bottom plate being higher than the temperature of the top plate. Below a critical
temperature difference, the energy transfer is done by heat diffusion, and there is
no convection. Above a critical temperature difference (or adimensional number
called Rayleigh number), convection occurs, the fluid has a general motion carrying
energy from the bottom to the top, with a spatial organisation into rolls or cells
(see figure 1.1). When there is no cold top plate and cooling is done by the air,
these convective cells tend to self-organise as polygons (usually hexagons): in this
case one talks about Benard-Marangoni convection (figure 1.2). In the typical setup
with two plates, the size of the cells, and the velocity in the fluid is related to the
temperature difference imposed by the two plates as boundary conditions. Further

discussions in light of atmospheric science are presented in Emanuel [1997].

In atmospheric science, dry convection is the first illustration of convection, and
is also the closest to Rayleigh-Benard convection. Dry convection means there is
no phase change of water involved in the air motion, so no clouds. Dry convection
is usually observed in the lower part of the atmosphere, that is in the atmospheric
boundary layer, and gives birth to boundary layer thermals, and what is called
“dry turbulence” in meteorology and aviation. With dry convection, the first law of
thermodynamics only involves work against the pressure forces for expansion, and

heat from external sources (e.g., radiation). When there is no water vapour, the
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Figure 1.1 Rayleigh-Benard convection, with a fluid placed between two plates,
the bottom plate being maintained at a higher temperature than the top plate.
Convection spontaneously appear in the fluid when the temperature difference
between the two plates is large enough, with the convective cells being spatially
organised, a clockwise cell alternating with a counter-clockwise one. From ht-
tps://www.mis.mpg.de/applan/research /rayleigh.html

conserved variable is potential temperature, defined in equation 1.1. When there
is water vapour (but still without phase change), the same potential temperature
is only approximately conserved, and one may prefer to use a different and more
accurate formula for the conserved variable (potential temperature in the humid

case). In the case without any water vapour, potential temperature reads:

Rq

0 =T (Zﬁ)CP (1.1)

p
with T the temperature, p the pressure, cp the specific heat of air at constant
pressure per unit of mass, Ry the gas constant for dry air, and pg = 1000 hPa a

reference pressure.

Since convection is made up of vertical movements, pressure decreases expo-
nentially with height, and water vapour is ubiquitous in the atmosphere, water
phase changes are often involved in convective processes: this is moist convection.
When some air is less dense than its environment, it moves upward according to
Archimedes’ principle, carrying water vapour along. Along the upward motion,
pressure drops, and at a certain height the air reaches the saturation water vapour

pressure: the water vapour starts to condense, thus releasing latent heat, and modi-
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Figure 1.2 (left) Experimental setup for Benard-Marangoni convection, with energy
transfers symbolised by red arrows (for high energy transfer) and cold arrows (for
low energy transfer). Motion is the fluid organises as convective cells. From ht-
tps://www.esrl.noaa.gov/psd/outreach /education /science/convection /RBCells.html
(right) Image representing the hexagonal patterns observed from the free top in the
Benard-Marangoni experiment. From Wikipedia.

fying the energy budget. The air becomes warmer and less dense than without water
condensation, which modifies the motion itself. This positive feedback between dens-
ity and motion, between thermodynamics and non-linear fluid dynamics, is one of
the main reasons why moist convection is still an enigma. For moist convection, we
have saturated adiabatic transformations, so the conserved variable is the equivalent

potential temperature 6., which is defined by:

Rq
. =T (@> TR el (1.2)
Dd

where T is the temperature of the parcel, py the partial pressure for the dry com-
ponent of the air, cp; a specific heat at constant pressure taking into account dry
air and water content, rh the relative humidity (water vapor content over saturated
water vapor content), ¢, the mixing ratio of water vapor (mass of water vapor per
unit of mass of dry air), R, the gas constant for water vapor (universal ideal gas
constant over molar mass of water), [, the latent heat of vaporization per unit of

mass. See Legras [updated 2016| for derivations and explanations.

Moist convection is said to be shallow if it is limited to the lower free tropo-
sphere, that is if convection occurs only in the first 4 km of the atmosphere or so. In
other words, shallow moist convection is associated with the formation of cumulus

and stratocumulus clouds, but it excludes cumulonimbus. When convection reached
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much higher in altitude, close to the tropopause, we talk about deep moist convec-
tion. Deep moist convection is associated with the formation of congestus (5-9 km)
and cumulonimus clouds (10-16 km). Deep convection is potentially more violent
than shallow convection, since it is able to go higher, and generate larger clouds. In
particular, deep convection will not only form liquid water, but it will also form ice
particles: latent heat release is even higher, and given the large variety of condensate

water particles, it is even more complicated to understand, model, and predict.

Figure 1.3 Perfectly symmetric cumulonimbus surrounded by its army of lower clouds.
These lower clouds become increasingly higher as they are located closer to the
cumulonimbus itself. We can also see the anvil around cloud top, as well as the cloud
overshoot. From http://tpevolavoile.e-monsite.com/pages/meteo/cumulonimbus.html

Once convection is deep enough, it generates precipitation that is generally able
to reach the surface: this is precipitating deep convection. Because precipitation
reaches the surface, this kind of convection is important for humans, and it could
even lead to potential risks, such as heavy storms, flooding, or precipitation-related
winds. The microphysical processes involving ice and water particles leading to
precipitation at ground level are numerous. They occur at very small scales (~ 2 ym
to 2 mm) but they have a paramount influence at much larger scale (up to ~ 100
km). This also explains in inherent multi-scale multi-interaction nature of deep

convection.
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1.1.2 Convective processes and structures

In this thesis, we consider deep convection. It involves many processes and many
convective structures, so that we only intend to present a highly simplified view of
deep convection here. Even if this exercise is necessarily incomplete, we provide
here a list of convective processes and structures. Note that this list would probably
evolve in the future, since new concepts and new points of view on the convective
processes are likely to be proposed. However, we hope that this incomplete list of

key processes and structures contains most of the main ideas (see figure 1.4).

UNCERTAINTIES IN FORMULATING CLOUD AND ASSOCIATED POCESSES
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Figure 1.4 Schematic of the basic convective processes occurring in deep convective
clouds. From Arakawa [2004].

The first structures to consider are related to the separation between the sat-
urated part (clouds) and the unsaturated part of convection. The saturated part is
made up of a spectrum of clouds of various depths and various heights: some clouds
may have their base near the boundary layer top (e.g. cumulus, cumulus congestus,
cumulonimbus), and some clouds may have their base higher aloft (e.g. the anvils
produced by cumulonimbus clouds). Furthermore, the saturated part of convection
is at least made up of updrafts and downdrafts. Precipitating downdrafts, which
can be either saturated or unsaturated, are produced by the cooling resulting from

evaporation of condensed water at first order and from fusion of ice particles at
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second order.

The first main convective structure is the updraft. It is a volume of air that is
moving higher up with the convective motion. It somehow amounts to the rising part
of the Rayleigh-Benard cells. The updraft usually takes buoyant air from the surface
or from the boundary layer, and brings it to the free troposphere, contributing
to convective heating of the free troposphere and thus stabilisation of the vertical
profile. Because they are carrying humid air upwards, updrafts are responsible for
water vapour condensation, and consequently for creating convective clouds such
as cumulus and cumulonimbus. Condensation of water vapour releases latent heat,
which enhances the upward motion of the updraft. Because they are associated
with cloud formation, and because they usually occur as early as the first stages
of convection development, updrafts are always the first structure to consider to

understand convection.

Updrafts are associated with mass convergence near their base, and with mass
divergence near their top, though it might actually be a little more complicated.
There is a direct link between the vertical motion (updraft) and the horizontal
motion near the surface (mass convergence, i.e., horizontal convergence of mass
flux). However, the direction of the causal link is not always clear: horizontal mass
convergence can create an updraft, but an updraft generated by positive buoyancy
can generate mass convergence as well. It is not always easy to disentangle which

one is cause and which one is effect [Arakawa, 2004].

Mass convergence near the surface, where specific humidity is large, leads to
humidity convergence (i.e. horizontal convergence of humidity flux). So updrafts
are also associated with humidity convergence near the surface. Once again, it is dif-
ficult to know whether humidity convergence generates larger Convective Available
Potential Energy (CAPE) which generates an updraft, or whether a rising updraft
induces humidity convergence because of mass conservation and high humidity near

the surface.

The counter-part of the updrafts are downdrafts. Downdrafts are downward-
moving volume of air due to convection. They can be created as follows. Cloud water

droplets created in the updraft region grow larger and larger, until they become
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massive enough to fall as rain. When rain (or any other condensed water) falls into
a non-saturated area, part of the rain re-evaporates, thus cooling down the air. This
cooling makes the air denser and denser, until a buoyancy-driven downward motion
is generated: the downdraft. The downdraft is usually found close to the updraft,

so that it partially acts to guarantee mass compensation.

When downdrafts reach altitudes close to the surface, below cloud base, they
can create cold pools. Cold pools are cold volumes of air created by precipitation
evaporation and located close to the surface, say under cloud base. Downdrafts
themselves are dense, cold air volumes. Moreover, downdrafts reaching cloud base
usually still contain a lot of rain, so when the rain reaches air located under cloud
base, where it is always unsaturated, rain evaporation continues to be important,
which keeps cooling down the air and making it denser. This downward motion of air
under cloud base reaches the surface, where vertical velocity has to be zero, and the
downward motion is converted to horizontal motion: this is the cold pool spread.
Cold pools are fed (in part) by downdrafts, so that at the beginning of their life
cycle, cold pools may be understood as an extension of the downdrafts towards the
surface (“jet spread” model). However, because cold pools quickly become buoyancy-
driven, they quickly behave like density currents which spread because of their weight
(“density current” model). Cold pools spread at the surface due to mass conservation,

creating gust fronts at their edges, which are strong chaotic horizontal winds.

For deep moist convection, updrafts and downdrafts are not completely sym-
metric to each other, unlike Rayleigh-Benard convection or some dry convection. So
the mass they transport vertically does not completely balance out. So there can be
a general vertical motion of the convective area (usually upward for deep convection),
when taking into account both updrafts and downdrafts. But mass conservation will
still be valid at larger scales, so that there must be a slow non-convective downward
vertical air motion to compensate for the general upward motion of the convective
area. This is called the compensating subsidence. Compensating subsidence may be
considered as part of the convective process, as it allows convection to satisfy mass
conservation. Although it occurs as larger scales, it is important to understand
convection. While compensating subsidence can be explained by mass conservation,

it is also considered as a radiative process. A non-convective part of the atmo-
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Figure 1.5 Schematic of the different structures appearing in a deep convective cloud
(cumulonimbus): updraft, downdraft, and cold pool. The updraft and the detrained
air are embodied by the red arrows, the downdraft is represented by the blue arrows,
and the cold pool boundary is shown by the blue curve withblue triangles near the
surface. The cold pool edge is located near the updraft location, because of their
interplay. From UCAR and NOAA National Weather Service.

sphere undergoes radiative cooling, mostly in the long-wave spectrum, so that it
slowly cools down and slowly moves downward. Sometimes this radiatively-driven

subsidence can even be used as a driver for convection is a nearby location.

The question of what happens in convective columns is at the limit between
the understanding of convection and its modelling. We will thus discuss it further
in Section 1.2. There exists several images: either with elongated (anisotropic)
updrafts, or with more isotropic bubbles. In the first case, updrafts are considered
stronger structures. In the second case, bubbles are more transient, and it is the

collective behaviour of bubbles that leads to an updraft-like behaviour.

There is one more aspect of convective processes that is critical: the micro-

physics. The microphysics is the ensemble of processes which explain water phase
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changes at a micrometer scale. This includes cloud droplet formation, rain droplet
formation, coalescence of liquid droplets, freezing of liquid water, collision of ice
particles, evaporation of rain, and many other processes. It is a key aspect of moist
convection, as the feedback between the dynamics and the microphysics completely
modifies convection, as compared to dry or Rayleigh-Benard convection. It is a
complex topic, because of the tiny scales involved, because of the diversity of con-
densed water particles, because of the interplay between radiation, dynamics, and
microphysics. The wide range of scales that are involved in convection, from the
microphysical scale, to the cyclone scale, via the cloud scale, brings convection at
the heart of many atmospheric problems. Numerous multi-scale interactions are in

the typical nature of convection.

1.1.3 The role of deep convection in the water and energy

cycles

This study will focus on tropical deep convection in the atmosphere. While
radiative processes tend to cool down the troposphere, leading to vertical instabil-
ity, deep convection is a key process to redistribute energy and moisture along the
vertical direction, bringing back the vertical stability. Thus, radiation and convec-
tion are a fundamental duo of the atmosphere. The impact of deep convection is
even more important in the tropics, because there is much more moisture and heat
at the surface, so that clouds reach much higher altitudes and convection creates
much more precipitation. Consequently, it is in the tropics where most of the energy
transfers occur in the atmosphere. Therefore, tropical deep convection is one of the

most important phenomenon to understand thoroughly in the climate system.

10
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1.2 Convection in the context of General Circula-

tion Models

1.2.1 The grand challenge of convection

Convection remains one of the main challenges that limits our understanding
in weather and climate science |Bony et al., 2015|. It is thus an important focus for
the research community. With better understanding of convection, we hope to be

able to make better climate projections, seasonal forecasts, and weather forecasts.

General Circulation Models (GCMs) are probably the most important tool for
scientists to investigate current and future climate. Given the current limits of
computational resources, the typical resolution used in these climate models ranges
roughly from 30 to 300km [Rio et al., 2009]. At such scales, many phenomena (such
as deep convection) remain unresolved, and therefore it is necessary to come up with
parameterizations to represent their effects on the resolved state. A parameterization
is a set of approximate equations whose objective is to express the collective effect
of unresolved processes on the resolved state. These approximate equations try to
capture in a realistic way the essence of unresolved processes in a pixelised world.
Despite constant research efforts and progress, the representation of deep convection

in these models still remains one of their major sources of uncertainty.

1.2.2 Representation of convective processes by parameter-

izations of convection

It is very common to conceptualise an updraft in terms of a rising plume,
with carries air parcels upward. First, the concept of an air parcel assumes that
it contains many molecules so that a continuous approximation can be made: the
scale of a parcel is at least a few meters. Second, it assumes that there is local
thermodynamic equilibrium, so that thermodynamic properties of the parcel can
be defined. This means that turbulence at the scale of the parcel or even smaller

scales does not lead to any gradient. Once we can apply the parcel concept, we can

11
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schematically represent an updraft by a plume: a large vertical pipe that would pick
up air from the surface to bring it and release it at the cloud top. By doing so, it
is usually assumed that a single plume could represent an ensemble of updrafts, so

that a plume is representing the “bulk” effect of updrafts.

But plumes are not a perfect model for updrafts and even less so for convection.
A competing point of view is the bubble. Deep convection is seen as a population
of bubbles, that rise up in the air. They are more transient, more updraft-like,
and smaller in size. Convection can be viewed as an ensemble of transient bubbles,
that spin around like duos of vortices [Sherwood et al., 2013; Yano, 2014]. This
representation is appealing because it helps explain why cumulus and cumulonimbus
look so bubbly or sheep-like. However, it introduces additional degrees of freedom
and calls for the use of statistics on turbulent objects. The question on whether

convection is similar to a bubble or a plume has been reviewed by Yano [2014].

First of all, when is convection parameterizable? Arakawa and Schubert [1974]
and Arakawa [2004] state that the quasi-equilibrium assumption (defined in Sub-
section 1.2.4) is necessary for parameterizability. Convection is considered to be
parameterizable when it can be related to the past history of the large-scale forcing.
In this thesis, we are looking to extend the range of convection parameterizability

beyond this definition.

There have been two main traditional schools of thought to parameterize con-
vection: one based on moisture convergence, and one based on moist-convective ad-
justment [Arakawa, 2004]. The schemes based on moisture convergence assume that
low-level large-scale moisture convergence causes convection, whereas the schemes
based on adjustment focus on the result post-convection and impose a post-convective
profile from a family of profiles. For the adjustment school, convection is acting to
reduce instability created by large-scale processes. Beyond these two schools of
thought, there are two main types of schemes: pure adjustment schemes, and mass-

flux schemes.

Pure adjustment schemes do not attempt to represent convective processes ex-
plicitly. They relax the atmosphere to a pre-defined type of vertical profile, using

boundary layer equivalent potential temperature. In the simplest case, the adjusted

12
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profiles are moist adiabats, whose equivalent potential temperature is the current
value of the boundary layer. The Betts and Miller [1986] scheme is an example of

such parameterizations.

Most schemes are now expressing convective vertical mass flux, as a minimal
requirement to represent the details of the convective processes: we talk about mass-
flux schemes. Arakawa and Schubert [1974], one of the first mass flux schemes, still
contains very challenging components for today’s models. In a mass-flux scheme, the
atmosphere is typically divided into an ascending part representing the updraft, and
a compensating subsidence part. In some cases, they can also include a descending
part representing the downdraft. Typically, the updraft region and the downdraft
region are assumed to be small compared to the grid size, which allows for useful
simplifications in scheme derivations. For example, it implies that the vertical velo-
cities in the updraft and downdraft regions are much larger than the vertical velocity
in the compensating subsidence region. However, this assumption is getting less and

less valid with increasing resolutions.
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Figure 1.6 Schematic of vertical mass flux and entrainment of environmental air into
a rising cloud. This particular schematic is the three-layer model representing tropical
cyclone development which was developed by Ooyama [1969]. Figure from Arakawa
[2004].

Most convective parameterizations require three components to build a closed
system: a triggering, a cloud model, and a closure (see review by Yano et al. [2013]).
The triggering is a switch that decides whether there is deep convection or not in
the grid cell at the current time step. The triggering allows to decide when to use
the convective scheme, and when to skip it. It is a key condition, which usually

helps make choices between dry, shallow or deep convection. Then the cloud model
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is a representation of convective processes that allows to split the amount of mass,
humidity and energy provided by convection between each level of the atmosphere.
It typically includes the vertical distribution of mass fluxes, entrainment, and de-
trainment (figure 1.6). This is where various influences on the convective processes
can be included. Finally, the closure gives the intensity of convection. It imposes the
absolute value of convection, for example the cloud-base mass flux, while the cloud
model imposes the relative distribution of this intensity with height and between

processes. The closure is where convection is scaled with the large-scale processes.

1.2.3 Issues with convective parameterizations

Many of the current atmospheric General Circulation Models (GCMs) have
shortcomings, and some of them are attributed to the convective parameterizations.

Here are a few ones:

e First, in terms of precipitation. GCMs rain too often and too little [Stephens
et al., 2010], so they are said to drizzle all the time. In reality, we observe
much more heavy precipitation events. GCMs yield too much convective rain

compared to stratiform rain [Dai, 2006].

e Second, in terms of clouds. They tend to produce too much high cloud and too
little shallow cloud [Chepfer et al., 2008; Sherwood et al., 2013|. This problem
is also related to the lack of sensitivity of convective schemes to environmental

humidity [Derbyshire et al., 2004].

e Third, in terms of spatial organisation of convection |[Bony et al., 2015]. In
the real world, there are organised patterns of convection, so that convective
structures are not purely random. Convection often organises spatially into
propagating structures such as Mesoscale Convective Systems (MCS) [Houze,
2004] or the Madden-Julian Oscillation (MJO) [CLIVAR Madden-Julian Os-
cillation Working Group: Waliser et al., 2009]. But even though GCMs may be
able to represent some organised features of convection, they do not capture
the upscale growth towards MCS [Rowe and Houze, 2015|, and most of them
do not capture the Madden-Julian Oscillation |CLIVAR Madden-Julian Oscil-
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lation Working Group: Waliser et al., 2009; Jiang et al., 2015]. Worse, some
GCMs show an unrealistic double Inter-Tropical Convergence Zone (ITCZ)
[Dai, 2006; Oueslati and Bellon, 2013]. Also, their convective parameteriz-
ations do not consider organisation explicitly [Mapes and Neale, 2011; Tan

et al., 2015].

e Fourth, in terms of diurnal cycle. The timing of parameterised convection
in the tropics is usually inaccurate |Rio et al., 2009; Langhans et al., 2013;
Bechtold et al., 2014]. The diurnal cycle of convection, chiefly over tropical
land, is poorly captured by GCMs. Obviously insolation peaks around mid-
day. Many GCMs predict a precipitation peak too early in the afternoon,
sometimes even in phase with solar forcing, while observed tropical precipita-
tion is usually maximum in the late afternoon (or even during the night over
ocean). Significant improvements have already been achieved [Rio et al., 2009;
Stratton and Stirling, 2012; Folkins et al., 2014], but the diurnal cycle obtained

by parameterized convection is still largely unrealistic.

e The triggering of convection is another major issue of convective parameteriza-
tions. Is convective initiation mostly due to moisture convergence (large-scale
forcing) or to moistening of the atmosphere by cumulus clouds (local thermo-
dynamics)? Hohenegger and Stevens [2012] support the idea that the transition
from shallow convection to deep convection (i.e. deep convection initiation) is
related to large-scale forcing. Conversely, many studies show that deep con-
vection initiation is more strongly dependant on thermodynamical factors such
as Convective Inhibition (CIN) or moistening of the lower and medium free

troposphere by previous clouds [Chaboureau et al., 2004; Yano et al., 2013].

e Perhaps the most striking flaw is that models differ so much from one another
that in idealized configurations, they can produce cloud and precipitation re-

sponses to warming that have opposite signs [Stevens and Bony, 2013].

Among the issues that convective parameterizations still have, two of them are

of particular interest for this study: the diurnal cycle, and convective organisation.

Note that these issues could be attributed to two kinds of flaws in the paramet-

erizations of deep convection: either to the lack of representation of some important
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processes, which implies that current schemes can be incrementally improved by
adding new technical features (for example cold pools), or to the basic assumptions
of parameterizations [Arakawa, 2004; Yano, 2014]. Or it could be attributed to both
kinds. Tackling the basic assumptions is clearly much harder to achieve than to add

new processes, but it may still be a necessary step for significant improvement.

1.2.4 Quasi-Equilibrium

Local convective quasi-equilibrium is an assumption which was first proposed
by Arakawa and Schubert [1974] during an era where tremendous steps forward
were made to forge convective parameterizations, in a quickly growing field of at-
mospheric modelling. It was also formulated in a more statistical way by Emanuel
et al. [1994]. Quasi-equilibrium is defined as the assumption that the convective
response is in equilibrium with the large-scale forcing: the response is determinist-
ically and rapidly related to the disequilibrium introduced locally by the large-scale
dynamics and by the other parameterizations. Quasi-equilibrium applies after an
adjustment time whose time scale is several hours [Emanuel et al., 1994]. Quoting
Arakawa and Schubert [1974], this assumption “means that the cumulus ensemble
follows a sequence of quasi-equilibria with the current large-scale forcing. We as-
sume that this is the case for the cumulus ensembles we wish to parameterize”. For
Emanuel [1991], usual schemes “have somewhat different ways of calculating the
cloud-base mass flux of updrafts, but (...) these differences should not affect the res-
ults of the schemes under quasi-equilibrium conditions in which the environmental
forcing effectively determines the cloud-base mass flux”. Raymond [1995] defines
the quasi-equilibrium hypothesis the following way: “convection occurs as needed
to just balance the production of convective instability and (...) the timescale to
establish this balance is much less than the timescales of tropical disturbances”. He
also says: “Quasi-equilibrium postulates that convective destruction of instability
approximately balances its non-convective creation on a short timescale compared
to nonconvective timescales”. Pan and Randall [1998] define quasi-equilibrium as
“a closure assumption based on the hypothesis that the convective clouds quickly

act to convert whatever moist convective available potential energy is present in
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convectively active atmospheric columns into convective kinetic energy”. They draw
an analogy with team sports: with quasi-equilibrium, cumulus clouds “closely fol-
low the large-scale forcing, quickly reacting to changes in the large-scale forcing in
a very short ’adjustment time’, like a basketball player in a man-to-man defence.”
Raymond and Herman [2011] also have a long discussion on quasi-equilibrium: they
define quasi-equilibrium by the hypothesis stating that “the time scale for convection
to remove a buoyancy perturbation at any level in the atmosphere reached by the
convection is of order the time required for a convective cell to pass through its life

cycle, i.e., a few hours”.

In many people’s opinion, quasi-equilibrium is still one of the major assumptions
made explicitly or implicitly in most convective schemes used by GCMs |Arakawa,
2004; Dawvies et al., 2009, 2013a; Bechtold et al., 2014]. According to Arakawa [2004],
most convective parameterizations “are based on the quasi-equilibrium concept”.
Some parameterizations assume full quasi-equilibrium, some assume a quasi-equilibrium
with a non-zero relaxation time scale. However, some schemes can also be derived
without this assumption. For example, without assuming quasi-equilibrium expli-
citly when deriving the parameterization, Emanuel [1991| argues the numerical ap-
plications of the convective scheme support equilibrium convection. Undoubtedly,
quasi-equilibrium is a very useful assumption in order to derive successfully the
scheme equations [Mapes and Neale, 2011] and has been helpful for GCMs to make

strides.

Yet, most convective parameterizations used in current GCMs have a separ-
ate triggering function, which means that the convective adjustment is only ap-
plied under certain conditions: this is a non-linear non-equilibrium condition. A
separate triggering of convection implies there is no quasi-equilibrium anymore, be-
cause a given quantity (such as CIN) has to exceed a threshold before the balance
between large-scale forcing and convection can be established in a quasi-equilibrated
way. This recognizes that the existence of triggering is incompatible with quasi-
equilibrium. There are two reasons to explain this apparent discrepancy in the use of
the word quasi-equilibrium. The first is, as pointed out by several studies [Arakawa,
2004], that most schemes are “based on” quasi-equilibrium. This is different from

imposing it. It suggests that most schemes are an extension of quasi-equilibrium, but
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they do not assume quasi-equilibrium. In other words, many schemes are said to be
based on quasi-equilibrium because their asymptotic behaviour is quasi-equilibrium,
without strictly assuming quasi-equilibrium. The second reason is that, as pointed
out by Arakawa [2004], quasi-equilibrium is fine if the purpose is to predict general
weather and climate, that is, if space and time resolutions are not too fine. If we
wish to predict finer details than general weather and climate, such as localised
phenomena, this is not within the scope of quasi-equilibrium. Many studies have
already pointed out quasi-equilibrium does not hold at small grid spacing, and fine

temporal resolution.

Other studies express the incompatibility between quasi-equilibrium and trig-
gering function. Yano and Plant [2012b], which analyse the relationship between
triggering and quasi-equilibrium, have a similar stance on the fact that schemes
with a separate triggering function cannot be said to be in quasi-equilibrium. They
say: “A strict CQE [Convective Quasi-Equilibrium| hypothesis does not work in this
type of situation, and many operational schemes introduce a trigger condition for
just this reason”. Emanuel [1991] points that a condition on instability may exist for
quasi-equilibrium: “All the aforementioned schemes have somewhat different ways
of calculating the cloud-base mass flux of updrafts, but (...) these differences should
not affect the results of the schemes under quasi-equilibrium conditions in which the
environmental forcing effectively determines the cloud-base mass flux, given only
that the schemes turn on when the atmosphere is unstable to parcel ascent”. It
goes further about quasi-equilibrium: “Naturally, these arguments do not apply to
stored energy convection of the kind experienced occasionally in middle latit-
udes (particularly North America); here the rate at which stored energy is released

becomes an important consideration.”

Here we mostly advocate for a change of vocabulary: most schemes do not
actually assume quasi-equilibrium, they essentially do a non-linear approach towards
it.

Beyond the use of vocabulary, the quasi-equilibrium assumption in itself is

problematic. Even though it is thought to be widely used, at least as a base for

more flexible convective parameterizations with some departure from equilibrium,
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the quasi-equilibrium assumption cannot be strictly correct. Even Arakawa and
Schubert [1974] acknowledge a weakness of quasi-equilibrium, by clarifying that cu-
mulus will develop based on the large-scale forcing “provided that there is a triggering
mechanism”. Raymond [1995] argues that quasi-equilibrium is not valid, and instead
proposes a separate concept of boundary layer quasi-equilibrium. He states that
instead of quasi-equilibrium, convection follows boundary layer quasi-equilibrium,
because there is a threshold to exceed (convective inhibition) for convection to be
triggered. This threshold condition can be given in terms of boundary layer equi-
valent potential temperature, by comparing it to conditions just above cloud base.
What is in quasi-equilibrium here is the value of boundary layer equivalent potential
temperature, and not the whole thermodynamic profile of the whole atmosphere as
the usual quasi-equilibrium would state. Raymond and Herman [2011] reformulates
this by saying that only the lower troposphere obeys rapid convective adjustment,
while the upper troposphere adjusts much more slowly. In a similar vein, Mapes
[1997] argues for activation control of convection rather than equilibrium control of
convection. For example, a discussion of the activation control is given by Yano
and Plant [2012b]. Current schemes tend to follow the activation control idea by
representing more and more boundary layer processes and let them control convec-
tion |Grandpeix and Lafore, 2010; Rio et al., 2013]. Pan and Randall [1998| also
go beyond quasi-equilibrium, and already recognise that quasi-equilibrium prevents
clouds from having a memory of their past history. Arakawa [2004] also recognizes
the problem of mesoscale organisation of cumulus convection for quasi-equilibrium.
“Fluctuations in cumulus activity [in these organized forms of convection are| not
fully modulated by large-scale forcing. (...) These fluctuations cannot be para-
meterized using a quasi-equilibrium assumption, showing that there is a limit of
diagnostic or deterministic parameterizability. To go beyond this limit requires the
introduction of more prognostic equations to predict transient cumulus activity or
stochastic components representing uncertainties on the initial conditions for those
equations. The concept of quasi-equilibrium can be either implicit in the prognostic

system or can be used as a weaker constraint on the system.”

More recently, quasi-equilibrium has been recognized as a drawback preventing

convection schemes to become more versatile and accurate [Mapes, 1997; Davies
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et al., 2009; Raymond and Herman, 2011; Davies et al., 2013a; Bechtold et al., 2014].
Indeed, convection is a response of the atmosphere to large-scale forcing. If we had
equilibrium convection, convection would be in phase with the large-scale forcing,
and convective precipitation may, for example, peak around midday over tropical
land (in a simple example where large-scale forcing is in phase with solar forcing).
However, in observations, due to the late trigger of deep convection during the day
(diurnal cycle), the response of convection is out of phase: there is non-equilibrium
convection. Yano and Plant [2012b] also point out parameterizations with triggering
cannot be said to assume quasi-equilibrium. Even though parts of their formulation
may be based on quasi-equilibrium, they do not in practice ensure that convection

is in quasi-equilibrium with the large-scale forcing.

This particular problem of the diurnal cycle peaking at midday may be partly
alleviated by moving from “hard adjustment” to “soft adjustment”. If we assume
that convection consumes CAPE as fast as it is produced (hard adjustment), then
convection should peak when the solar heating is greatest, which indeed would be
noon. According to this assumption the CAPE would reach a limit in the morning
and remain approximately constant throughout the rest of the day until sunset. But
this type of hard adjustment has already been superseded. A more acceptable soft
adjustment model (with a time constant characterising the rate of relaxation to the
reference state) also seems “quasi-equilibrium” in the sense there is no triggering
condition and the convective activity is proportional to the CAPE with no delay.
But since the CAPE grows throughout the middle of the day due to ground heat

capacity, the convection peaks in the afternoon or early evening.

Another reason showing that quasi-equilibrium is inaccurate is that a scale
separation between parameterized convection and the resolved large-scale forcings
is necessary for quasi-equilibrium to be valid [Mapes, 1997|. Yet, the current trend
is for models to have finer grid spacing and shorter time steps. When spatial and
temporal resolutions increase, inertial and stochastic effects become more important,
the scale separation vanishes, and quasi-equilibrium cannot hold [Hagos and Houze,

2016].

Arakawa [2004] explains that, by 2004, the scientific community had not taken
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on the question of quasi-equilibrium, so that it was not a mature scientific question
yet. But this is probably starting to move ahead nowadays. In section 5, he explains
that indeed, many convective schemes assume quasi-equilibrium (explicitly or impli-
citly or even virtually). However, there exists some relaxed and triggered adjustment
schemes that all have a non-zero time scale for convection response to relax towards
equilibrium. For example Betts and Miller [1986] and Kain and Fritsch [1990]. In
this category of schemes, some non-equilibrium behaviour is likely to exist already.
Arakawa [2004] also reports that there are a few schemes which do have a prognostic
closure |[Emanuel, 1991; Pan and Randall, 1998]. These schemes do require time
to return to quasi-equilibrium thanks to the implementation of short-term physical
processes. Can these schemes therefore be said to have memory? As shown in Sec-
tion 1.3, we consider that they do only if they explicitly re-use variables from the
previous time step in the convective effects of the current time step. Partial relax-
ation towards quasi-equilibrium is not memory, unless some measure of convection

from the previous time step is reused in the current convective calculation.

To address some of the shortcomings of quasi-equilibrium convective paramet-
erizations, some studies have tried to introduce some forms of non-equilibrium be-
haviour, by working without the quasi-equilibrium assumption. Several interesting
pathways are currently investigated: Hagos and Houze [2016] draw a picture of
the challenges and current directions for convective parameterization developments
or for alternatives, in order to overcome the quasi-equilibrium assumption. For
example: Probability Density Function (PDF)-based turbulent convective schemes
|Golaz et al., 2002; Bogenschutz et al., 2012, 2013|, superparameterization |Grabow-
ski and Smolarkiewicz, 1999; Randall et al., 2003; Grabowski, 2004; Randall, 2013;
Randall et al., 2013], global Cloud-Resolving Models [Satoh et al., 2008; Miyamoto
et al., 2013|, dynamical representation of organized convection |Khouider and Majda,
2006; Peters et al., 2013] ... Another very promising avenue to go beyond quasi-
equilibrium is to add a prognostic variable into the scheme. The first approach was
probably the scheme by Pan and Randall [1998], which was a major step forward:
instead of assuming quasi-equilibrium, it contains a prognostic closure. Other pro-
gnostic schemes followed |Piriou et al., 2007; Grandpeiz and Lafore, 2010; Mapes
and Neale, 2011; Park, 2014|. All these examples fall in one of two categories: either
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improving parameterizations, or trying to do without them. This thesis is more

relevant for the first category.

In a nutshell, there has been debate around quasi-equilibrium. Decades ago,
some studies showed the importance of relaxing the strict quasi-equilibrium assump-
tion by introducing a non-zero time lag [Emanuel, 1993]. And this approximation,
even in some less strict forms, is now recognized to prevent convection schemes from
tackling some modern issues, e.g. convective organization, memory, increasing res-
olution [Mapes, 1997; Davies et al., 2009; Raymond and Herman, 2011; Davies et al.,
2013a; Bechtold et al., 2014]. Consequently, many current convective parameteriz-
ations and theories do not assume quasi-equilibrium, and alternative pathways are

being investigated |Hagos and Houze, 2016].

In this thesis, we do not argue against all quasi-equilibrium ideas, we rather

advocate for a more flexible quasi-equilibrium.

1.3 The origins of the convective memory issue

1.3.1 The diagnostic assumption

A similar question to quasi-equilibrium, but perhaps more fundamental, is the
“diagnostic assumption”. It is this assumption, which has received much less atten-
tion, that we examine in this study. To understand it we first define some key terms
in the modelling context. State variables are the variables used by the model to
compute advection and to be used in the parameterizations. State variables com-
pletely define the state of the system: knowing all the state variables is enough to
know everything about the system. The phase space is the space in which evolve
the state variables. A prognostic variable is one which is remembered for the next
time step in a numerical model. In the mathematical world, this is equivalent to
saying that the variable has a time derivative in its governing equation, so that
its future value is calculated based on its present value. Conversely, a diagnostic
variable does not have any time derivative in its governing equation: it does not

have to be remembered by the model, and can be deduced at each time step from
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other current variables. With all the prognostic variables in a model, the whole
state of the system is known (in its phase space), so that all other variables can be

reconstructed through diagnostic relationships.

For convection, the “diagnostic assumption” is the assumption that convective
effects at a large scale can be diagnosed from the state variables at that scale, instead
of following a prognostic relationship. This assumption is made almost universally
in traditional convective parameterizations used in GCMs, although it is unclear
from basic principles why convection would obey a diagnostic relationship with the
instantaneous large-scale state. We think that the diagnostic assumption is made in
most traditional convective parameterizations [see subsections 5b and 5c¢ in Arakawa,
2004, observational analyses [e.g. Masunaga, 2012; Tan et al., 2013; Davies et al.,
2013b|, and many modeling studies |e.g. Kuang, 2010]. Examples of diagnostic
schemes as per Arakawa [2004]’'s classification are: Tiedtke [1989|, Arakawa and
Schubert [1974], Lord et al. [1982], Donner et al. [2001], Grell [1993], Betts and
Miller [1986], Gregory et al. [2000], Kain and Fritsch [1990], Moorthi and Suarez
[1992] (relaxed Arakawa-Schubert), Zhang and McFarlane [1995]. Among traditional
parameterizations, notable exceptions which do not make a diagnostic assumption
are Emanuel [1991] and Pan and Randall [1998|, as pointed out by Arakawa [2004].

We will review how newer schemes deal with this assumption in Subsection 1.3.3.

Note that, in comparison with the diagnostic assumption, quasi-equilibrium
is an even stronger assumption: it states that not only can convective effects be
diagnosed, but they also act in order to keep modifications of a closure variable (e.g.
Convective Available Potential Energy) close to zero. So for example, convective
schemes that involve a separate triggering of convection are not quasi-equilibrium
schemes, since a triggering condition must be met before allowing convection to
respond to the forcing |Yano and Plant, 2012b; Emanuel, 1991|. However, such
schemes may still diagnose both the triggering and closure variables from the current

grid-scale state: they may still make the diagnostic assumption.

The case of relaxed and triggered adjustment schemes requires a bit more at-
tention. As discussed above, triggered adjustment may not really be considered as

quasi-equilibrium schemes, although they may still make the diagnostic assumption.
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Relaxed adjustment schemes, which have a relaxation time scale longer than the
model time step, can still be said to be a softer form of quasi-equilibrium. But it
does not mean they do without the diagnostic assumption, since a partial relaxation
obtained in a diagnostic way is still non-prognostic. The only way for a relaxed
adjustment scheme to become prognostic is to re-use a convective variable from the
previous time step. In this case only can they be said not to make the diagnostic
assumption. Traditionally, relaxed and triggered adjustment schemes still make
the diagnostic assumption. The case of certain newer schemes will be discussed in

Subsection 1.3.3.

1.3.2 The diagnostic assumption problem: why it may be

inaccurate

But it is far from clear that the “diagnostic assumption” is justifiable. Because
of the finite resolution of models, many unresolved processes, which generally have
their own inertia and internal time scales, could bring inertia to the system. And
a diagnostic relationship cannot represent this, because it automatically assumes
that all such time scales are no longer than the model time step, which is typically
of order 10 minutes in global atmospheric models for climate prediction. Yet the
time for a single updraft to penetrate the troposphere is already longer than this.
Moreover, the current trend is for models to have finer grid spacing and shorter time

steps, so that this diagnostic assumption is increasingly problematic.

1.3.3 Solution: a prognostic formulation

To go beyond the diagnostic assumption one would need to add one or more
prognostic variables into the scheme, which would carry information (“memory”) on
the previous behaviour of unresolved processes. If convection were to be diagnosed
by an equilibrium with the large-scale forcing, it would only be sensitive to the recent
history of the forcing. With a prognostic formulation, not only do we have non-
equilibrium convection (i.e. an approach to quasi-equilibrium), but convection is also

made sensitive to its own history. Many examples already exist. To our knowledge,
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the first was Pan and Randall [1998|. Their prognostic variable is the Cumulus
Kinetic Energy (CKE), whose source is taken to be the product between the cloud
work function (a measure of Convective Available Potential Energy (CAPE)) and
the cloud-base mass flux. Later, in the Prognostic Condensates Microphysics and
Transport (PCMT) parameterization with memory |Piriou et al., 2007], the source
of a prognostic memory variable is chosen to be precipitation evaporation, because
downdraft-induced gust fronts are thought to be involved. The higher this variable,
the lower the entrainment rate. Similarly, Mapes and Neale [2011]| use a prognostic
“ORG” variable to quantify the spatial organisation of convection. They assume that
precipitation evaporation is the main source of ORG. Willett and Whitall [2017]
also introduce some memory in the UK MetOffice model: the source of memory
is surface precipitation, and the effect is also on the entrainment rate. Grandpeix
and Lafore |2010] and Del Genio et al. [2015] have some memory arising from the
thermodynamic properties of cold pools, although they do not remark on its role,
and Park [2014] has memory due to both cold pools and mesoscale organized flows.
While these efforts are important, they were arguably ad hoc and have not led to a
consensus on whether memory needs to be explicitly included in models or how to
do it. The current study is intended to establish more generally whether memory is

important and how it might best be represented.

To epitomize this problem, here is an extreme example. To compute the fea-
tures and effects of convection, traditional parameterizations of convection in GCMs
may use large-scale variables such as temperature, moisture, and winds, etc... at
instant t only. But they rarely explicitly look back in time (although they can
implicitly look back in time through large-scale processes such as the sensitivity of
convection to large-scale humidity. Nevertheless, we know that the previous con-
vective states also influence the current convective state [Mapes and Neale, 2011].
Therefore, to solve this issue, it seems reasonable to introduce into the parameteriza-
tion a prognostic variable (a variable that is carried in time by the model, in order to
be used in subsequent time steps) representing the previous states of the convective
atmosphere. This variable would allow the model to remember the main features of

convection at previous time steps, and would then influence future convection.
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1.4 Convective memory

1.4.1 Definition

We define process memory (such as convective memory) as the phenomenon
where the behavior of a process (such as convection) depends on its own history,
rather than just on current large-scale (i.e. external or “environmental”) conditions.
This is an extension broadly consistent with the understanding of convective memory
provided by Davies et al. [2009]. Even if they instead define convective memory via
convective life cycle (and more precisely via the convective response time scale to
varying forcing), our definition is consistent with the properties of memory they

found for an intermediate value of their memory time scale.

Our definition can be further formulated in terms of conditional probabilities.
First, one should select a length scale A, which we select as a typical GCM grid cell
(O(100 km)). At each time ¢, let us define a measure of the convective state C'(\,t)
and a measure of the “environmental” variables (A, t). Now statistics based on
Probability Distribution Functions (PDF) can be made with varying ¢. Convective
memory is the dependence of the PDF of C'(\) on its own history, for given environ-
mental conditions (A, t). If convection had no memory, the convective state C'(\, to)
would be conditionally independent from earlier convection C(\,t) Vt < ty. But if
convection has memory, then for a fixed environmental state £()), the convective

state C'(\, to) is conditionally dependent on earlier convective states C'(\,t) Vt < t,.

There are two important concepts that should not be confused: the storage of
memory (hereafter the repository), and the sources and sinks filling or consuming
the repository of memory. The repository can be a prognostic variable itself, or
a diagnostic function of prognostic state variables. It can be seen as a “memory
bank”. Presumably, the repository is a variable that is likely to represent some
form of atmospheric structure, so that it could be the variance of some relevant
variables (which relates to information theory’s entropy). Because one does not
necessarily know the repository, in this study we will focus on standard prognostic

state variables, in order to guide the identification of the repository and its role in
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memory.

1.4.2 Memory vs Persistence

Note that convective memory is more than just persistence of convection: even
if C'(\, ty) shows persistence, this could be due to persistence of {(\, ), itself arising
for whatever reason. Thus, while memory implies persistence, persistence does not

necessarily imply memory (contrary to the example given by Davies et al. [2009]).

A supermarket analogy may help understand this distinction. If one goes to the
supermarket without one’s shopping list, one will be much more sensitive to the items
displayed on the supermarket shelves, so that one may buy unexpected items, instead
of remembering one’s needs, written down consciously before entering the shop. In
other words, with convective memory (a shopping list), one is not only sensitive to
the environmental conditions (the supermarket’s displays and marketing), but also

to its own history (one’s needs at home).

Even if one always forgets one’s shopping list, one may still end up buying the
same products every week if the shop’s displays remain unchanged, via the effect
of good marketing on one’s buying intentions. In other words, without memory
(no shopping list), there may still be persistence in the convective states (items
bought) if the environmental conditions persist (supermarket shelves). This means
there can be persistence without memory. Conversely, if one always remembers
one’s shopping list, even if the supermarket always changed the displays to lure
customers into buying new products, one may not be so affected, thanks to the
inertia provided by one’s shopping list. In other words, with convective memory,
a change in environmental conditions is not enough to generate a rapid change in

convective state: memory implies persistence.

1.4.3 Three types of memory storage

In this framework, there are three important concepts that should not be con-
fused: the storage of memory (the repository), the prognostic state variables which

are used to define the repository in a diagnostic way, and the sources and sinks
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filling or consuming the repository of memory. The repository can be seen as a
“memory bank”. The repository is a variable that is likely to represent some form
of atmospheric structure, so that the storage would be the variance of some rel-
evant variables (which relates to information theory’s entropy). In this study, we
are mostly interested in the prognostic state variables used to define the repository,

since they are our best guess towards the repository.

To understand the hierarchy of spatial scales involved, an analogy can be drawn
between convection and statistical physics applied to an ideal gas. A full description
of the gas particles specifies the so-called microstate, while the description of the
collective behavior via either statistical physics or thermodynamics gives knowledge
about the macrostate (pressure, temperature, volume). By analogy, one can define a
microstate (description of all elementary units) and a macrostate (description of the
collective behaviour) for convection. If the particle ensemble size is large enough,
the law of large numbers can be applied, so local thermodynamic equilibrium (LTE)
is valid at the macrostate and governing relationships hold between macrostate
quantities (e.g., the ideal gas law): there is no need to know the microstate. But
when the ensemble size becomes too small, individual particle effects start to be
seen at the macrostate, and local thermodynamic equilibrium does not apply: a
non-equilibrium description of the microstate is needed to explain the macrostate.
While in usual fluid-dynamics applications there are enough gas particles to apply
LTE, the cumulus ensemble size is much smaller for convection, especially as grid
sizes decrease, so that one grid cell only represents a few clouds. Note that Yano
and Plant [2012b] also discussed a comparison between microscopic and macroscopic

views, but for different purposes.

In accord with this analogy, we will refer to the state variable fluctuations
below the scale A as the microstate and the associated subgrid-scale processes as
micro-scale processes. The state at the scale )\ is referred to as the macrostate
and processes at that scale as macroscale processes. Finally, some processes involve
interaction between the local environment and more remote regions (e.g., Rossby
waves or the Hadley cell). We refer to these as synoptic-scale processes, and to
the atmospheric state including these remote regions as the synoptic state. System

memory can reside at each of these three scales: we distinguish between microstate
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Figure 1.7 Schematics of the three repositories of convective memory (in red): the
microstate, the macrostate and the synoptic state. A few key processes are added
in blue: convection and solar radiation. The impact of one element on another is
symbolised by a black arrow. The green dotted line separates the elements that we will
not be able to simulate in a small domain model with periodic boundary conditions.

memory stored in microstate structures, macrostate memory stored in macrostate
structures, and synoptic state memory stored in synoptic state structures. All three
types refer to convective memory (how future convection is conditionally dependent

on its own past), but with a repository done at different scales.

Feedbacks are needed for memory. Convection refers to a multi-scale process
which depends on the microstate, the macrostate and the synoptic state. So con-
vection is not unequivocally defined by its diagnostic macrostate variables, since
other degrees of freedom are missing (e.g. the microstate). Macrostate convective
memory relies on a reciprocal interaction between convection and the macrostate:
convection influences the macrostate, which can influence convection back. This
way, convection influences itself via the macrostate. For synoptic state memory,
the feedback loop between convection and the synoptic state is even more obvious,
because memory is stored across a large area beyond the local grid cell. In this
case, convection influences itself via changes in the synoptic state. Davies et al.
[2013a| found that macrostate memory is relatively weak compared with microstate

memory, and they thus fostered the incorporation of microstate memory into GCMs.

Following this reasoning, the definition given in Subsection 1.4.1 is actually a
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more appropriate definition for microstate memory. We can reformulate here the
idea given in terms of conditional probabilities for microstate memory. Microstate
convective memory is the dependence of the PDF of C'(\,t) on its own history, for
given environmental conditions £(A,t). If convection had no microstate memory,
the convective state C'(\,tg) would be conditionally independent from earlier con-
vection C'(A\,t) Vit < to, given the large-scale state {(A,t). Otherwise, convection

has microstate memory.

A schematic summarising these ideas is presented on Figure 1.7.

1.4.4 Processes inducing convective memory

In GCMs, microstate convective memory must be represented via an addi-
tional prognostic variable, whereas macrostate and synoptic state convective memory
should be captured by diagnostic representations because their memory is stored in
the resolved fields. In the real world, many physical processes generate convective
memory, by impacting transitions between convective states (for example between

shallow and deep convection). The physical processes include:

e The preconditioning of deep convection. Before creating deep convection, it
is necessary for the atmosphere to start with shallow convection, which gets
deeper and deeper with time. This process is the preconditioning of deep
convection |Chaboureau et al., 2004; Stevens, 2007; Rio et al., 2009; Hohenegger
and Stevens, 2012].

e The cold pools. When a first deep convective event is mature enough, it creates
precipitation. When the precipitation fall into unsaturated air, the droplets
partly evaporates, which is a sink for heat. Thus, the air becomes colder: this
is a cold pool. When cold pools spread at the surface, they are likely to initiate
further events of convection, bringing memory to the system. See Rio et al.

[2009]; Schlemmer and Hohenegger [2014].

e The dependence of entrainment rate on the width of the cloud. When a cloud

grows, it becomes wider, so its entrainment rate decreases, so that it keeps
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growing even more. This positive feedback carries convective memory, as a
big cloud is more likely to keep growing than a thin cloud [Romps and Kuang,
2010; Mapes and Neale, 2011; de Rooy et al., 2013; Piriou et al., 2007|. This
has been used in the literature to create prognostic variables for convective

memory (see subsection 1.4.5).

e Secondary initiation of convection. The mechanisms of convective development
have been investigated in some observational studies, which showed triggering
of convection by previous convective clusters, and suggests there is convective

memory |Morcrette et al., 2006; Marsham and Parker, 2006].

These physical processes could be chosen for prognostic representations into
models with microstate memory, and they have all been chosen in previous studies
to incorporate convective memory in parameterizations. Note that some of these
processes may act through both the microstate and the macrostate, which ideally

should be disentangled before parameterizing.

The role of gravity waves in the memory process is unclear, since gravity waves
transport information about temperature to adjacent locations, which can influence
future convection in local and remote locations, but the gravity wave propagation
time scale may be smaller than a GCM time step. For example, cloud spacing has
been shown to be more important than gravity waves to determine the response

time scale to macrostate perturbations [Cohen and Craig, 2004].

1.4.5 Examples of introduction of convective memory into

GCMs

The first study which introduces convective memory (i.e. a prognostic variable)
in convective parameterizations is probably Pan and Randall [1998]. The prognostic
variable carrying the memory is the Convective Kinetic Energy, some measure of
the turbulent kinetic energy related to convective motions, This prognostic variable
is fed by a single source, which is the product of the cloud work function (similar to

Convective Available Potential Energy (CAPE)) and the cloud-base mass flux. The
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asymptotic behaviour of this scheme is the quasi-equilibrium, but it already has the

ability to be out of equilibrium and more importantly, non-diagnostic.

Piriou et al. [2007| started a different branch in the recent development of
convective parameterizations with prognostic variables, by relating memory to rain
evaporation. They chose a different prognostic variable which is the probability of
undiluted updrafts. Essentially, this is related to the entrainment rate, so that the
storage of memory is done via entrainment. The higher the prognostic probability
of undiluted updraft, the lower the entrainment. The source of memory, which is
the source of the prognostic variable, is chosen to be precipitation evaporation. This
variable is interesting since it is a vague proxy of the age of the convective system:
there is more precipitation and thus more precipitation evaporation in an older or
stronger convective system. They made this choice of memory source, since they
anticipate a memory effect due to downdraft-related cold pools and consequently
gust fronts. Note that they performed this study in a single-column model only,
but they had a dramatic improvement of the diurnal cycle over land: introducing
memory does seem to delay the diurnal cycle and correct one of the typical GCM

weaknesses.

Mapes and Neale [2011] also implemented an idea of memory related to rain
evaporation, but in a 3-D setup, although they did not explicitly talk about “memory”.
They introduce a prognostic variable as well, which is a non-dimensional scalar vari-
able meant to represent convective organisation, as will be motivated further in
section 1.5. In their GCM, the prognostic variable builds a time-lagged positive
feedback in the parameterization of convection. The source of this prognostic vari-
able is rain evaporation, which is a simple representation of current convective state
(figure 1.8). This prognostic organisation variable is then used to enhance convec-
tion in several ways, and in particular by reducing the entrainment rate (making
wider clouds) and increasing plume base temperature. Both studies |Piriou et al.,
2007; Mapes and Neale, 2011] represented this time-lagged relationship by adding

a prognostic variable to link precipitation evaporation (related to the strength of

convection, so related to cloud width) and entrainment rate.

In the wake of such studies, Martin Willett, at the UK MetOffice [Willett 2014,
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b) implementations tested so far
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Figure 1.8 Convection scheme with prognostic organisation variable “org” as imple-
mented by Mapes and Neale [2011]. Rain evaporation is a source for org, which then
influences the width of the cloud (and therefore entrainment rate), and a few other
variables. This positive feedback is a process that leads to convective memory. From
Mapes and Neale [2011]

personal communication| | Willett and Whitall, 2017], has also tested a similar pro-
gnostic variable in the Unified Model to capture the effects of convective memory.
They relate the surface precipitation (roughly related to the strength of convection,
so related to cloud width) at time t, t-1, etc. .. with the entrainment rate at time t.
We can simply think about it as the past precipitation affecting the future entrain-
ment rate. The prognostic variable is a 3-D evolution of recent surface precipitation,
so that the memory storage is done via a kind of surface precipitation bucket. The
source of this prognostic variable is the actual surface precipitation. The memory
variable in turns affect the entrainment rate computation, so that with a higher
memory storage, the cloud is wider and there is a lower entrainment rate. This gave
very promising results as well, with not only a more realistic diurnal cycle, but also

better convection structures in the tropics.

These three previous studies [Piriou et al., 2007; Mapes and Neale, 2011; Willett
and Whitall, 2017], via a varying entrainment rate depending on previous convective
conditions, have all introduced some form of convective memory. They suggest it is

relevant to focus efforts on convective memory.

Other recent studies have come up with a promising pathway to introduce
convective memory: via cold pools. Although it was not their main objective,

Grandpeiz and Lafore [2010] and Del Genio et al. [2015] introduced some memory
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via their prognostic cold pool schemes. The prognostic variables are the cold pool
thermodynamic properties (their temperature and humidity anomalies) and some
cold pool geometric properties (such as the surface fractional area occupied by cold
pools, and in Del Genio et al. [2015] the cold pool depth as well): the memory is
stored in the cold pools. In other words, one could claim that cold pools are the
memory storage. There are several sources for these prognostic variables, but in
essence they are in the downdraft mass flux and downdraft properties, which entail

precipitation evaporation.

There is also a scheme fully based on prognostic representation of prognostic
processes: Park [2014]. In this scheme, there are numerous prognostic variables,
so that the memory storage becomes multiple. These prognostic variables include
sub-grid cold pools but also mesoscale organised flows in the boundary layer. This
scheme allows not only for a better representation of the diurnal cycle, but also for
a better Madden-Julian Oscillation, showing that schemes with memory can also

improve spatial organisation of convection.

The main prognostic variables used in the above studies are relatively diverse:
convective kinetic energy, probability of undiluted updrafts, convective organisation,
recent convective precipitation, cold pools (thermodynamic and geometric proper-
ties), and mesoscale organised flows. These are the main memory repositories iden-
tified by parameterization developers. These prognostic variables also have a very
diverse range of sources: CAPE, precipitation evaporation, surface precipitation,

and cold pool formation processes, in particular downdraft mass flux.

Nevertheless, these studies did not bring systematic evidence, nor experimental
evidence to support their hypotheses on where memory resides (memory storage)
and where it comes from (sources of memory storage). They proposed such memory
sources based on physical reasoning or practical purposes. The only few previous
studies which have tried to demonstrate the origins of convective memory are Davies
et al. [2013a] and perhaps Jones and Randall [2011|. In this thesis, we aim to
determine more thoroughly where memory resides and points to where it comes
from, with a systematic method based on cloud-resolving simulations. Findings

could help develop prognostic closures for convective schemes with more grounded
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arguments.

1.4.6 Time scales of convective memory

Convective memory effects naturally lead us to think about the time scale of
this memory. Most of studies that have investigated convective memory or convect-
ive organisation have pointed out typical time scale of a few hours. For example,
Mapes and Neale [2011] have chosen about 3 hours for 2°grid cells (for the feedback
related to their organisation factor). Similarly, Martin Willett at the UK MetOffice
[Willett 2014, personal communication| chose time scales ranging from an hour to
a few hours to describe the lasting effect of precipitation on the atmosphere. So, in
attempts to represent memory in GCMs, the time scales involved are often about a
few hours. In studies that have focused on a particular aspect of convective memory,
we also find very similar time scales. For instance, Rio et al. [2009], resorting to
preconditioning of convection and cold pool effect, managed to shift the diurnal
maximum of precipitation by about 4 hours. It seems that simulations by Piriou
et al. [2007] have a phase lag ranging from 3 to 7 hours, which remains consistent

with the above values.

Other investigations have completely focused on the time scales related to con-
vective history. For example, Davies et al. [2009] have used a relatively simple
theoretical model to investigate the consequences of choosing a memory time scale
on the development and occurrence of convection. They have shown that for theor-
etical systems with little memory (that is, small value of memory time scale, ~ 1 h),
convection is tightly knit to the forcing, and thus convection is quite predictable. For
systems with long memory (high value of memory time scale, ~ 24 h), convection
doesn’t feel the variations of the forcing much, it only feels the time-averaged for-
cing. In this case, convection is also predictable. However, for intermediate value of
the memory (between about 6h and 20h), convection becomes non-repetitive, with
sometimes strong convective events and sometimes weak convective events. In the
latter case, closer to reality, convection is very hard to predict, and seems to bear a
strong random component. This is exactly the case that will be tackled here, in a

different context. They demonstrated that it is for forcing time scales between 6h

35



CHAPTER 1. INTRODUCTION

and 20h that it is the most difficult to predict convection. These results with three
distinct categories of behaviour were confirmed afterwards by a cloud-resolving mod-
elling study by Davies et al. [2013a]. Note however that the numerical values from
Davies et al. [2009] may not be totally applicable in a more realistic simulation, as
these values may depend on many assumptions made to build the theoretical model,

and on the parameters chosen to run it.

Note that the introduction of a small lag (a few hours to a few days) between the
large-scale forcing and convection can have indirect effects on convective variability

on longer time scales (intraseasonal) [Emanuel, 1993; Bony and Emanuel, 2005].

1.4.7 Simple models of memory

Some simple models also try to capture some aspects of convective memory
[Davies et al., 2009; Yano and Plant, 2012a|. Masunaga and Sumi [2017| have a toy
model of convection with moisture storage, acting as a memory repository. These
studies have attempted to look at convective memory in simple models either by
mentioning memory explicitly [Davies et al., 2009] or implicitly |Yano and Plant,
2012a; Masunaga and Sumi, 2017|. Mathematical aspects of memory and persistence

have also been studied |Panchev and Spassova, 2005].

1.5 The relationship between memory and organ-

isation

1.5.1 Why such a link?

Convective memory is for time what convective organisation is for space. They
are both coherence, lag-correlation (in space or time), and more accurately depend-
ence of convection at the point of interest on its neighbours or its history (in space
or time). In crude terms, spatial convective organisation reduces the randomness of
the atmosphere, so it can also be seen in terms of memory: the atmosphere keeps the

memory of its previous organisation, its previous clouds and fluctuations. The organ-
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isation effects of convection give memory to the system, by the fact that organisation
can only entail common, coherent, and reciprocal changes (if any). But the repres-
entation of this organisation-induced or more generally structure-induced memory is
still lacking in most convective parameterizations of current GCMs. .. Organisation

is definitely an important component of convective memory.

Arakawa [2004] already recognises the problem of mesoscale organisation of
convection for the quasi-equilibrium problem. He writes: “Fluctuations in cumu-
lus activity [in these organised forms of convection are| not fully modulated by
large-scale forcing. (...) These fluctuations cannot be parameterized using a quasi-
equilibrium assumption, showing that there is a limit of diagnostic or deterministic
parameterizability. To go beyond this limit requires the introduction of more pro-
gnostic equations to predict transient cumulus activity or stochastic components
representing uncertainties on the initial conditions for those equations. The concept
of quasi-equilibrium can be either implicit in the prognostic system or can be used
as a weaker constraint on the system”. He goes even further and explains that
to represent convective organisation, one needs to have a prognostic scheme, i.e.,
memory. Without making the connection with memory explicitly, this sentence

already suggests the intimate link between organisation and memory.

Pan and Randall [1998] first introduced the idea of memory, but did not ex-
plicitly mention convective organisation. They decided the memory would reside
in the Convective Kinetic Energy. Although they did not talk about organisation
explicitly, they did seem to have some organised convective structures in mind, the
ones carrying the kinetic energy. With Mapes and Neale [2011], it is the opposite:
they talk about organisation, but not memory. Their goal was clearly to repres-
ent convective organisation, and since they did it in a prognostic way, they did
introduce some memory. These two studies already made important steps towards
linking memory and organisation. Other studies [Mapes et al., 2009] have shown
evidence towards the link between convective organisation (spatial systems) and
memory (the timing). A previous PhD thesis first proposed the connexion between

convective organisation and memory |Davies, 2008].
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Yano and Plant [2012b] are also close to making the connection between memory
and organisation. They discuss two alternative theories to quasi-equilibrium: activa-
tion control [Mapes, 1997, and self-organised criticality. The idea of activation con-
trol directly tackles the issue of triggering for quasi-equilibrium, and self-organised
criticality relates to organisation. In their opinion, these two theories are compat-
ible between each other, but then it is unclear whether quasi-equilibrium can hold
or whether parameterizations must become prognostic. Here we state that the ac-
tivation control is a non-quasi-equilibrium behaviour, because there is no direct link
between the large-scale forcing and convection, since one has to check whether the
activation threshold (e.g. convective inhibition) is overcome before applying any bal-
ance between the large-scale forcing and convection. The activation control, i.e., the
triggering condition, clearly introduces a hysteresis in the system, so that no quasi-
equilibrium idea can hold. Moreover, we state that if one really takes on both ideas
of activation control and convective organisation, not only would quasi-equilibrium
be invalid, but the diagnostic assumption would also have to be abandoned, because
of the dependence of convection on its own history, at least through the non-linear
activation threshold to overcome and the spatial coherence. So a prognostic for-
mulation is required to fully implement both activation control and organisation

theories, necessarily introducing memory into the system.

There is probably a two-way relationship between convective organisation and
convective memory. In a case with more convective organisation, we have stronger
structures, so that there may be more memory: organisation would imply memory.
To confirm this intuition, we will investigate in details the impact of different con-
vective organisation types on the memory (chapter 2). Reciprocally, if there is a
lot of memory in the system, it must be carried by some structures (the memory
repositories). This suggests a form of organisation is necessary to carry the memory
from one time step to the next: memory would imply organisation as well. Thus, it
is likely that organisation is both a sufficient and necessary condition for memory.
Although we have no evidence of it at this stage, it is even possible that convective
memory and convective organisation are actually different points of view of the same

phenomenon.

For further discussion, see the comments given in Chapter 2, which is part of a
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manuscript submitted for publication as: Colin et al (2018), Identifying the sources
of convective memory in cloud-resolving simulations, Journal of the Atmospheric

Sciences.

1.5.2 Convection organisation and convective self-aggregation

The organisation of convection in space is ubiquitous: it happens all around
the Earth, at a wide range of scales. It can take a wide range of shapes and lots
of phenomena may be involved. More importantly, there are many spatial scales
of convective organisation, from 1 km to thousands of kilometres. Usually, it is
understood that organised structures on scales smaller than 1 km (or larger than
thousands of kilometres) may be not included in “convective organisation”, since
not all convective-related structures may be called “organisation”. Convective or-

ganisation can range from cold pools to tropical cyclones, via Mesoscale Convective

Systems (MCS).

Tropical cyclones |Wang and Wu, 2004] are an extreme form of organization at
a large scale, but with different scales being involved. They lead to heavy rainfall,
potentially causing flooding and landslide [Emanuel, 2005; Chang et al., 2013] and

they have consequently been the centre of attention for a long time.

Mesoscale Convective Systems |Houze, 2004] are good examples of organised
convection. They can be squall lines [Houze, 1977|, supercells [Grant and van den
Heever, 2014], and other forms of multi-cumulonimubus cloud systems which produce
rain continuously over large areas. They have a non-trivial dynamics, related to
interplay between scales. MCS feed back on the large-scale environment, and can
even lead to tropical cyclone. Observations from satellites and scatterometers by
Mapes et al. [2009] have shown the life cycle of wind convergence and precipitable

water accumulation associated with MCS over the tropical oceans.

Squall lines are a common type of MCS, observed for example over continental
West Africa |Provod et al., 2016] or over tropical oceans |Houze, 1977|. They consist
in a line of convective cores, connected by a large trailing stratiform part. Low-

level wind shear seems to play a key role in forming and shaping the squall line, as
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formalised by Rotunno et al. [1988]. The sensitivity of squall line and convective
organisation more generally was investigated in a more idealised configuration by
Robe and Emanuel [2001]. These studies seem to show that the role of wind shear is
connected with the cold pools created by the squall line, thus self-maintaining itself.

The circulations in these squall lines is still an active topic of research [Bryan et al.,

2007].

Figure 1.9 Photo of a squall line from Nebraska, United States. From Business insider.

A theory to classify and model convective organisation was proposed by Mon-
crieff [1981]; Miller and Moncrieff [1983], based on observed convection. These
models of convective organisation are important to generate understanding and im-
prove parameterized convection. The key variable in their classification is vertical
wind shear, although they recognise CAPE and downdrafts are also playing a role
in organising convection. They come up with four main types of organised con-
vection: classical, steering-level, propagating, and jump type. There is also a fifth
type of organisation, which is called the cellular model, and is similar to convective
self-aggregation (which will be defined below). An alternative model for convective
organisation designed for parameterization was written by Moncrieff [1992]. This

model was a combination of the jump and the steering-level models. Instead of try-
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ing to be as comprehensive as the four organisation types, it was aiming to be easier
to implement in GCMs. But unfortunately, this model has not been implemented

in GCMs yet.
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Figure 1.10 Schematic of four types of organised convection, for different wind shear
profiles and consequently different dynamical regimes, entailing different qualitative
transport of momentum. From Miller and Moncrieff [1983]

Another different kind of convective organisation is the Madden-Julian Oscilla-
tion (MJO) [Zhang, 2005; Raymond and Zeljka Fuchs, 2009]. The MJO is the most

important component of intraseasonal variability in the tropics, and as such attracts
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a lot of attention. It is a large-scale Eastward-propagating wave creating wind dis-
turbance and enhanced convection, observed in the tropical Indian and western
Pacific ocean only. Its period varies between 30 to 90 days. Since it is a persistent
kind of organisation at large-scale related to larger-scale waves, it is very different
from the convective organisation types mentioned above (such as MCS). Not only
is convection organised longitudinally, due to the peaks and crests of the large-scale
wave, but it is also organised meridionally, due to the trapping of the MJO along the
Equator. The MJO is largely observed, usually through a series of indices |CLIVAR
Madden-Julian Oscillation Working Group: Waliser et al., 2009], and it has also
been reproduced in cloud-resolving models | Wang et al., 2016]. Although progress
are being made |Krishnamurti et al., 2016|, a consistent and accepted theory of the

MJO is still lacking [Jiang et al., 2015].

One could also argue that the Inter-Tropical Convergence Zone (ITCZ), and
the associates monsoon regimes, are also a form of convective organisation, though
it is on much larger scales. The ITCZ is the region of the world where precipitation
is the highest, due to heat and moisture availability and low-level large-scale wind
convergence. The monsoons are still a major topic of research, since predicting when
they will occur is of direct relevance to the population affected by heavy monsoon

rainfall.

One particular form of convective organisation that has generated a lot of atten-
tion recently is self-aggregation. With this form of organisation, convection spontan-
eously aggregates to create a small dense moist and convective region, surrounded
by a large dry and subsiding region. This happens without external forcing. This
is mostly a behaviour that appears in Cloud-Resolving Models (CRM) [Bretherton
et al., 2005; Muller and Held, 2012; Wing and Emanuel, 2014; Tsai and Wu, 2017] and
General Circulation Models (GCM) |Coppin and Bony, 2015; Becker et al., 2017].
Although it is still difficult to observe aggregation in the real world, some attempts
are being made and could prove increasingly insightful |Tobin et al., 2012; Hollo-
way et al., 2017|. The self-aggregated state appears as an alternative equilibrium
state of the models, which were originally thought to reach a simple scattered con-
vection equilibrium state when run to a statistical radiative-convective equilibrium

[Emanuel et al., 2014]. The possibility that models may have multiple equilibrium
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states naturally generates a lot of research.

The processes that initiate and maintain convective self-aggregation are numer-
ous and multifaceted, and recent studies try to disentangle them (see the review by
Wing et al. [2017]). It has been shown that convective self-aggregation is related
to the low cloud distribution (|Muller and Held, 2012]). To be more specific, they
suggested a mechanism for this effect, which consists of a positive feedback between
the longwave radiative cooling and the convergence circulation around low clouds.
So both factors have to be taken into account when looking for organised convection
in cloud-resolving simulations. But processes other than radiation may also be im-
portant for self-aggregation: Tompkins and Semie [2017] have shown the important
role of horizontal mixing (and potentially other processes impeding convection) to

generate self-aggregation.

Moreover, the conditions under which self-aggregation occurs in long-term sim-
ulations is another important enigma. Muller and Held [2012| show that self-
aggregation of convection can occur not only when the domain is large enough
(> 200 km), but also when the resolution is coarse enough (> 2 km). Jeevanjee and
Romps [2013] proposed an explanation based on cold pools to explain the depend-
ency on domain size. The sensitivity of convective self-aggregation to Sea Surface
Temperature (SST), convection scheme, and large-scale forcing has been investig-
ated by Bao et al. [2017] to understand the link between convective organisation

and extreme precipitation.

1.5.3 The role of cold pools in organisation

In the real world, cold pools are not only a key element in convective organisa-
tion, but they may also partly account for its development and its maintenance. The
cold pools are a defined structure of the low-level atmosphere, related to convection,
so they are part of the convective organisation. They can be determined thanks to
their density current property: the air volume at low levels that is denser than its
environment, when this high density is related to precipitation evaporation. This
means a cold pool boundary can be found by its low virtual potential temperat-

ure. However, for simplicity, it is still common to use the temperature for cold pool
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detection |de Szoeke et al., 2017|. A review of oceanic cold pools was written by

Zuidema et al. [2017].

Observations of cold pools are useful, though they are usually limited to a single
dimension. First, cold pools have been observed by surface stations, usually over
fixed land based stations |Provod et al., 2016], but also from ships [Feng et al.,
2015]. These only provide O-dimension measurements since instruments usually
measure the near-surface thermodynamic properties when the cold pool passes over
the station. Such measurements show that when the cold pool travels over the
station, temperature drops by about 1 K over ocean and by about 5 K over land,

water vapour mixing ratio may increase by 0.1 g.kg™! over ocean and decrease by

1 1

about 1 or 2 g.kg™" over land, wind speed increases by 2.5 m.s™" over ocean and

! over land, wind direction changes by about 80° over land, and pressure

by 5 m.s™
increases by about 2 hPa over land. While these station observations are very
insightful, they are sparse, case-dependent, and do not give a 3-dimensional view
of the cold pools. 3D cold pool observation techniques from radars are developing
[Lothon et al., 2011; Rowe and Houze, 2015; Feng et al., 2015], but they often require
manual checks. Satellite imagery could become useful but it is not sufficient for cold

pool detection yet |Zuidema et al., 2017]. This generally supports efforts spent for

more intensive observations of cold pools.

Cold pools are able to trigger subsequent convection, so that they may play a
role in convective organisation |Marsham and Parker, 2006; Rowe and Houze, 2015].
This can be explained by two different processes: a dynamic effect and a thermody-
namic effect of cold pools. The dynamic effect is related to the spread of cold pool
at the surface due to their negative buoyancy (density current). The spread of cold
pools mechanically lifts the air in front of the cold pools upwards since it is warmer
than the cold pool. This helps bringing air aloft for convection. Moreover, cold pool
spread creates gust winds near their leading edges. The resulting turbulence can
also favour convection near cold pool edges. This two aspects of the dynamic effect
of cold pools on subsequent convection was originally considered the main reason for
convective triggering by cold pools. But there is also a thermodynamic effect due to
the presence of moisture patches around the edges of cold pools [ Tompkins, 2001a,;

Schlemmer and Hohenegger, 2014]. The moisture patches reduce convective inhib-
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Figure 1. A sequence of S-Polka radar-observed convective cells and cold pools (subjectively identified by white-dashed circles) over the trapical Indian Ocean an 10 October 2011 at {a)
1100 UTC, (k) 1130 UTC, (€} 1200 UTC, and (d) 1230 UTC. The 5-Pol radar was deployed on Addu Atoll, Maldives during the 2011 AMIE/DYNAMO field campaign. Each concentric solid
white circle increases by 25 km and the outer most circle marks the 150 km maximum range of the radar.

Figure 1.11 Cold pools over the tropical Indian ocean, as seen by the absence of
reflectivity from radar observations, during the AMIE/DYNAMO field campaign. The
cold pools are subjectively identified and marked by white dashed circles, at (a) 1100
UTC (b) 1130 UTC (c) 1200 UTC (d) 1230 UTC. The spatial scale is given by the
concentric circles centred around the radar: there is one circle every 25 km. From
Feng et al. [2015].

ition, thereby supporting new convection. The origin of the moisture patches, or
moisture rings, is multiple: rain evaporation, surface fluxes, older moisture advected
from the downdrafts, and entrainment at the boundary layer top. The contribution
of each of these processes to the moisture patches has been investigated by [Langhans
and Romps, 2015; Schlemmer and Hohenegger, 2016; Torri and Kuang, 2016]. The
thermodynamic effect has been thought to be dominant over the dynamic effect,

although both effects may actually play a role [Torri et al., 2015].

Although cold pools help trigger new convection around their edges, they are a

negative feedback for self-aggregation. Indeed, the air inside the cold pool is cold and
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Figure 1.12 Schematic of upscale growth of convection due to cold pools, for different
phases of the Madden-Julian Oscillation. New convection is triggered around cold pool
edges, and this allows for convective organisation, and development of a Mesoscale
Convective System (MCS). From Rowe and Houze [2015].

dense, so that it has a low moist static energy. This makes it less likely to generate
new convection. This negative feedback of cold pools and associated downdrafts on
self-aggregation has been shown by Jeevanjee and Romps [2013]; Muller and Bony
[2015] and others.

This means there are two competing effects of cold pools on convection: they do
trigger convection, but also make it sparser. This is simply because cold pools trigger
subsequent convection around their edges, but prevent convection inside them. This
trade-off could still be clarified further, which would probably help make cold pools

easier to represent in GCM.

1.5.4 Representation of cold pools in GCMs

Although it is still a recent and new area of GCM parameterization, cold pool
parameterizations are becoming increasingly popular. The first cold pool scheme was
probably Qian et al. [1998]. Their cold pools, called wakes, already have detailed
geometrical and thermodynamic features. The cold pool model includes special
calculation of surface fluxes in the cold pools, entrainment at cold pool top, and gust
front properties. By coupling this cold pool scheme with a downdraft scheme, they

are able to simulate a convective life cycle, including the termination of a convective
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event. This is very encouraging when thinking about improving the diurnal cycle.
This scheme was tested in a 1-D GCM (the Community Climate Model, CCM3) by
Rozbicki et al. [1999], which pointed at many difficulties when comparing with squall

line observations.

It is only a decade later that cold pool scheme development really took off.
Grandpeiz and Lafore [2010]| developed a cold pool scheme with prognostic thermo-
dynamic characteristics (cold pool temperature and humidity anomalies) and pro-
gnostic cold pool surface area in the grid cell. This scheme will be further described
in subsection 1.5.5. It was first implemented in 1-D [Grandpeiz et al., 2010]. And
then it was successfully added to the 3-D model developed at Institut Pierre-Simon
Laplace (IPSL): it entered the operational version B of the atmospheric component
of the IPSL GCM for CMIP5 (Coupled Model Intercomparison Project Phase 5), i.e.
the version LMDZ5B of the atmospheric GCM, which is part of the version IPSL-
CM5B of the coupled climate model [Hourdin et al., 2013]. According to the 1-D
implementation, the properties of parameterized cold pools were in relative agree-
ment with observations, and the coupling between cold pools and the convection
scheme led to similar heat tendency, moisture tendency, and precipitation as a com-
parable situation simulated by a cloud-resolving model. The 3-D implementation
of the cold pool scheme as well as other physical paramaterizations led to several

improvements, including the diurnal cycle [Hourdin et al., 2013].

The successes of this implementation probably inspired others, and a few cold
pool parameterizations exist nowadays. Park [2014] developed a unified convection
scheme, UNICON, with prognostic cold pools and mesoscale organised flow in the
boundary layer. This is a very elegant way of replacing traditional scheme by a
unified convection scheme with cold pools, able to represent dry convection, shallow

convection, and deep convection.

Grandpeiz and Lafore [2010] cold pool parameterization is quite detailed. To
take advantage of such a detailed scheme but in a more pragmatic way, Del Genio
et al. [2015] developed a simpler cold pool scheme inspired by both detailed explicit
cold pool schemes [Qian et al., 1998; Grandpeix and Lafore, 2010; Park, 2014] and
also by simple implicit treatments |Piriou et al., 2007; Mapes and Neale, 2011]. This
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parameterization still has prognostic cold pool thermodynamic properties (cold pool
temperature and humidity) and prognostic geometric properties (cold pool surface

area and depth).

Part of the community requests simpler parameterizations, with fewer details
and processes, and more heuristic approches. With this philosophy, the UK MetOf-
fice is developing a simple cold pool representation where cold pools simply increase
the Turbulent Kinetic Energy (TKE) in the boundary layer, and therefore enhance
subsequent convection [Alison Stirling 2017, personal communication|. This work is

based on similarity theory results by Rooney [2015].

Whether it is by an explicit representation of cold pool processes, or by simple
semi-empirical representation of cold pool effects, there is a clear tendency to develop

more and more cold pool schemes.

1.5.5 Case of LMDZ: deep convection scheme, cold pool

scheme, and thermal-plume scheme

The atmospheric component of the IPSL global climate model is LMDZ (Labor-
atoire de Météorologie Dynamique Zoomed). In this thesis, we use a version of
LMDZ which has undergone several recent developments with respect to LMDZ5B,
which was one of the LMDZ version used for the Coupled Model Intercomparison
Project Phase 5 (CMIP5). The version we use is almost identical to version 2420

from 2016-01-05, and it is described in this subsection.

LMDZ has a buoyancy-sorting mass flux deep convection scheme based on
Emanuel [1991] and Emanuel and Zivkovié Rothman [1999] but with subsequent
modifications, as well as an ALP closure controlled by two sub-cloud processes:
thermals and cold pools [Rio et al., 2013]. The interplay between all these compon-
ents is reviewed by Hourdin et al. [2013].

The cold pool scheme by Grandpeiz and Lafore [2010] models a population of
circular cold pools (or “wakes”) in each grid cell, without communication or propaga-
tion between grid cells at this point. The cold pools are assumed to be pure density

currents, which all have the same size. The parameterized cold pools have separate

48



1.5. THE RELATIONSHIP BETWEEN MEMORY AND ORGANISATION

2
\__/

() _

Figure 1.13 Representation of cold pools in a GCM grid cell, as seen from above, for
the cold pool parameterization used in the LMDZ GCM. From Grandpeix and Lafore
[2010].

thermodynamic variables (temperature and humidity) compared to their environ-
ment, which is one of their key properties and has a key effect in the paramet-
erization. These cold pools are able to spread at the surface, according to their
available potential energy, which is related to their negative buoyancy. They have a
downward vertical velocity, and entrain air from their environment near their top.
Cold pools impact convection in three ways: triggering via Available Lifting Energy
(ALE), closure via Available Lifting Power (ALP), and through the warmer environ-
ment they create outside of them (convection is only triggered out of the cold pools,
where the air is warmer than in the cold pools by definition). Creation of a warmer
environment outside cold pools can be seen as a representation of the thermody-
namic effect of cold pools, and the closure in ALP can be seen as a representation of

the dynamic effect of cold pools, although the two aspects of the parameterization
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probably do not match identically the two actual phenomena. The triggering of
convection is decided by a comparison between the convective inhibition and the
ALE due to cold pools or thermals. The ALE related to cold pools is calculated
as the vertical integral of cold pool negative buoyancy, thus being like a “Wake”
Available Potential Energy (WAPE), which is then converted to horizontal kinetic
energy during cold pool spread, which is in turns converted to upward vertical kin-
etic energy at cold pool edges, thus helping in triggering. These are the three ways
for cold pools to have an effect on convection. Reciprocally, convection also affects
cold pools via the updrafts/downdrafts separation: the unsaturated downdrafts feed
the cold pools, through their cooling and moistening tendencies, which models the
fact that precipitation evaporation drives the cold pools. Conversely, the saturated
updrafts remain outside the cold pools, which ensures updrafts do not affect cold
pool air. There is thus a two-way interaction between the cold pool scheme and the

convection scheme.

There is also a thermal-plume parameterization representing the Boundary
Layer (BL) thermals [Rio and Hourdin, 2008]. A key impact of thermals is through
the triggering of deep convection, which has been modified by recent developments
(post-CMIP5) [Rochetin et al., 2014a,b|. The thermals are now represented by a
size distribution following a double-exponential Probability Distribution Function
(PDF), based on Large-Eddy Simulations (LES) results. When the thermals be-
come large enough, their vertical velocity increases and they may be able to trigger
convection under two consecutive conditions. First, the maximal vertical velocity
of the strongest thermal has to exceed a given threshold, which means that the
thermal-related ALE and the convective inhibition have to be compared. Second, a
stochastic condition on the maximum cloud size reached by the cloud ensemble is
imposed: if this condition is met, the ALE is unchanged, but if the condition is not
met then the ALE is set to zero. Thus the dynamic triggering condition on vertical
velocity (via the kinetic energy, i.e. ALE) is modulated by a stochastic component

that interplays as an additional geometric triggering condition.

In the GCM, there are two ways to trigger convection: by cold pools, and by
boundary layer thermals. There is thus a competition between thermals and cold

pools to trigger convection, and the larger of their ALE has to be compared with
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the convective inhibition (CIN) to decide whether or not to trigger the convection
scheme. Conversely, for the convective closure, which is based on ALP, the effects

of cold pools and saturated thermals add up to each other |Rio et al., 2013|.

1.6 Aim of the thesis

The aim of the thesis is to trace back the physical origins of convective memory
and to better understand the processes involved in convective memory, in order
to improve parameterizations of tropical moist convection in General Circulation
Models (GCM) by introducing some elements of convective memory. Eventually,
the long-term goal is to help improve future predictions in climate and weather

contexts.

This general aim can be subdivided into three main objectives:
e Better understand where convective memory comes from, and better quantify
it
e Analyse the memory of a GCM and assess to what extent it resembles the

memory of a CRM

e Draw conclusions for future parameterization developments

This implies there are several intermediate goals:

e assessing whether convective memory is important, and evaluating its order of

magnitude

e providing a framework to better understand convective memory and to analyse

convective memory in a rigorous way

e determining where convective memory is dominantly stored, finding the dom-
inant sources of convective memory, and pointing at how this can help para-

meterization development

e understanding the basic physical process leading to convective memory and
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the extent of its impact
e building a simple model of convection with memory

e analysing the processes that may already bring some form of memory in the

convection scheme of a General Circulation Model (GCM)
e comparing convective memory in a GCM and in a cloud-resolving model

e showing how better knowledge about convective memory can be used in a

GCM

e testing a simple improvement of a convective parameterization (by changing its
memory ), and showing the improvement on process representation and climate

properties

The scope of the thesis is limited in different ways. First, the thesis is not aimed
at developing a convective parameterization in itself, but rather to act as a guide
for understanding of convection and parameterization development. Second, we do
not attempt to fully analyse each process that may lead to memory one by one, and
we do not attempt to compare an infinite list of processes together to determine
the proportion by which they are a source for memory. Instead, we develop a
comprehensive approach which encompasses all potential processes being a source
of memory, and we choose to ask where this memory resulting from many processes
is physically stored. Third, we mostly analyse Radiative-Convective Equilibrium
(RCE) simulations, and we do not try to compare them with a large number of
non-RCE simulations or observations. We thus assume that the RCE setup is a
good testbed for process understanding, so that its results would remain valid in

other setups, at least qualitatively.

1.7 Overview of the thesis

We will first determine the relevance, magnitude, sensitivity, and preferred stor-
age of convective memory (Chapter 2). We will then analyse more specifically the
physical mechanisms behind microstate convective memory, and we will build a

simple toy model of convection with memory to capture its essence (Chapter 3). A
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comparison between the memory in a Cloud-resolving Model and a General Circu-
lation Model (GCM) will be drawn to determine the issues related to with memory
representation in convective schemes (Chapter 4). An improvement of GCM rainfall
frequency thanks to changes in memory occuring via the cold pool scheme will then
be presented as a simple application of the knowledge gained on memory (Chapter 5).
The thesis will end by a final conclusion and discussion (Chapter 6), followed by

appendices on various issues connected to the approach to memory presented here.
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Chapter 2

Identifying the sources of
convective memory in

cloud-resolving simulations

Essential parts of this chapter form a revised manuscript which has been submit-
ted for publication as: Maxime Colin, Steven Sherwood, Olivier Geoffroy, Sandrine
Bony, David Fuchs (2018), Identifying the sources of convective memory in cloud-
resolving simulations for various convective organisation types, Journal of the Atmo-
spheric Sciences. 1 performed all the simulations, carried out all the analyses, and
led the writing of this manuscript. The design of the experiments has been done
with Steven Sherwood. The results have been discussed with all co-authors, and all
helped in the writing of manuscript. Olivier Geoffroy and David Fuchs occasionally

provided useful technical assistance.

2.1 Abstract

Most convective parameterizations diagnose convective effects from the simul-
taneous environmental mean state, but memory of previous convective-scale beha-
viour may also be important. This study proposes a new framework in which the

latter, “microstate” memory, is distinguished from macrostate memory, and conducts
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numerical experiments to reveal these memory types. A suite of idealized, cloud-
resolving radiative-convective equilibrium simulations in a 200-km square domain is
performed with the Weather Research and Forecasting (WRF) model. Three deep
convective cases are analysed: unorganised, organised by low-level wind shear, and
self-aggregated. The systematic responses to sudden horizontal homogenisation of
various fields, in various atmospheric layers, designed to eliminate their specific mi-
crostructure, are compared in terms of precipitation change and time of recovery to

equilibrium.

Results imply a substantial role for microstate memory. Across organisation
types, microstructure in water vapour and temperature has a larger and longer-
lasting effect on convection than in winds or hydrometeors. Microstructure in the
sub-cloud layer or the shallow cloud layer has more impact than in the free tropo-
sphere. The recovery time scale dramatically increases from unorganised (2-3 hours)
to organised cases (24 hours or more). Longer time scale adjustments also occur and
appear to involve both small-scale structures and domain-mean fields. These results
indicate that most convective microstate memory is stored in low-level thermody-
namic structures, potentially involving cold pools and hot thermals. This memory
appears strongly enhanced by convective organisation. Implications of these results

for parameterizing convection are discussed.

2.2 Introduction

Understanding atmospheric moist convection is one of the main challenges to
advance models used for climate projections, seasonal forecasts, and weather fore-
casts [Jakob, 2014]|. These Atmospheric General Circulation Models (GCMs) have
important shortcomings, and many of them are attributed to the convective para-
meterizations. GCMs rain too often and too little [Stephens et al., 2010|. They tend
to produce too much high cloud and too little shallow cloud [Chepfer et al., 2008,;
Sherwood et al., 2013]. They can even produce cloud and precipitation responses to
warming that have opposite signs [Stevens and Bony, 2013]. They struggle to rep-
resent a realistic diurnal cycle |[Rio et al., 2009; Stratton and Stirling, 2012; Bechtold
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et al., 2014; Folkins et al., 2014], and to simulate the spatial organisation of con-
vection [Mapes and Neale, 2011; Rowe and Houze, 2015; Tan et al., 2015] and its
temporal variability (e.g. Madden-Julian Oscillation (MJO)) [Dai, 2006; CLIVAR
Madden-Julian Oscillation Working Group: Waliser et al., 2009).

One prominent debate on convective parameterization concerned the “quasi-
equilibrium” hypothesis, which formed the basis for pioneering convective paramet-
erizations [Arakawa and Schubert, 1974; Arakawa, 2004]. Quasi-equilibrium in this
context means that convection is in equilibrium with the large-scale forcing: convect-
ive effects act to keep modifications of a closure variable (e.g. Convective Available

Potential Energy) close to zero, compensating for large-scale processes.

A similar but weaker and more fundamental assumption that has received much
less scrutiny is the “diagnostic assumption”, made in most convective parameteriza-
tions. For convection, this assumption is that convective effects at a large scale (and
at time t) can be diagnosed at all from the state variables at that scale (and at the
same time). Convective schemes that involve a separate triggering of convection do
not obey quasi-equilibrium |Emanuel, 1991; Yano and Plant, 2012b], since a trig-
gering condition must be met before allowing convection to respond to the forcing.
However, they usually do diagnose both the triggering and closure variables from

the current grid-scale state: they still make the diagnostic assumption.

But it is far from clear that the diagnostic assumption is justifiable. Because of
the finite resolution of models, many unresolved processes, which generally have their
own internal time scales, bring inertia to the system. And a diagnostic relationship
cannot represent this, because it effectively assumes that all such time scales are no
longer than the model time step, which is typically of order 10 minutes in GCMs.
Yet the time for a single updraft to penetrate the troposphere is longer than this.
Moreover, the current trend is for models to have finer grid spacing and shorter time
steps, so that this diagnostic assumption is increasingly problematic. This problem

is already partly discussed in Bougeault and Geleyn [1989).

To go beyond the diagnostic assumption one would need to add one or more
prognostic variables into the scheme, which would carry information (“memory”) on

the previous behaviour of unresolved processes. If convection were to be diagnosed
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by an equilibrium with the large-scale forcing, it would only be sensitive to the
recent history of the forcing. With a prognostic formulation, not only do we have

non-equilibrium convection, but convection is also made sensitive to its own history.

A few examples of such schemes exist. To our knowledge, the first was the
scheme by Randall and Pan [1993] or Pan and Randall [1998|. Their prognostic
variable is the Cumulus Kinetic Energy (CKE), whose source is taken to be the

product between the cloud work function and the cloud-base mass flux.

Another early work on prognostic closure is Chen and Bougeault [1993], whose
memory resides in prognostic convective vertical velocity and convective area frac-
tion. Later, in the parameterization with memory by Piriou et al. [2007], the pro-
gnostic memory variable is the probability of undiluted updraft, and its source is
chosen to be precipitation evaporation, because downdraft-induced gust fronts are
thought to be involved. The higher this variable, the lower the entrainment rate.
Similarly, Mapes and Neale [2011] use a prognostic “ORG” variable to quantify the
spatial organisation of convection. They assume that precipitation evaporation is
the main source of ORG. Guérémy [2011] uses a prognostic convective vertical ve-
locity, whose source is buoyancy. Willett and Whitall [2017] also introduce some
memory in the UK MetOffice model, via a prognostic variable representing a re-
cent surface precipitation bucket. Their source of memory is surface precipitation,
and its effect is also on the entrainment rate. Qian et al. [1998], Grandpeizr and
Lafore [2010] and Del Genio et al. [2015] have some memory residing in prognostic
cold pool thermodynamic (mostly temperature and /or water vapour) and geometric
properties, although they do not necessarily remark on its role. Their sources are
downdraft mass flux and associated cooling and moistening linked to precipitation
evaporation. Park [2014] has memory residing in both cold pools and mesoscale or-
ganised flows, with similar sources: downdraft mass flux and associated cooling and
moistening as well as other cold pool damping processes. Other potential memory

sources are gust winds, and cloud spacing [Cohen and Craig, 2004].

While these efforts are important, they were arguably ad hoc and have not led
to a consensus on whether memory needs to be explicitly included in models or

how to do it. The current study is intended to be a step toward establishing more
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generally whether memory is important and how it might best be represented.
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1 GCM grid cell = full CRM domain
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@ Synoptic-state memory (interaction between several GCM grid cells)

@ Micro-state memory (sub-grid for a GCM, resolved for the CRM)

Figure 2.1 Schematic of the three different types of memory that can emerge with
respect to a mesoscale A (which may be a finite model resolution, but also more generally
any length scale). Limited resolution stems from the GCM grid cell (equivalent to
a full CRM domain). (1) refers to synoptic state memory: it arises from processes
that involve several GCM grid cells, such as synoptic-scale convergence/divergence,
the Hadley circulation or Convective Instability of the Second Kind. (2) refers to
macrostate memory: it arises from processes that impact the local profiles of a single
GCM grid cell, i.e. the mean profiles of the full CRM box (for example the mean
profiles of specific humidity and potential temperature). And (3) refers to microstate
memory: it arises from GCM sub-grid scale processes, i.e. resolved CRM processes
(for example rain evaporation, cold pools, secondary triggering of convection by cold
pools, cloud entrainment, convergence under cloud base). Current GCMs resolve
the synoptic state memory through circulation, and the macrostate memory through
convective parameterization. However, they are generally blind to microstate memory.

We define convective memory as the dependence of convective behaviour on its
own history, for given current large-scale (i.e. external or “environmental”) condi-
tions. This is broadly consistent with Davies et al. [2009] who define it via cloud life
cycles. By analogy with statistical physics, one can define a microstate (description
of all elementary units) and a macrostate (description of the collective behaviour)
for convection. In accord with this analogy, let A be a typical length scale of the

system (e.g. typical GCM grid spacing (O(100 km))). We refer to the state variable
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fluctuations below the scale A\ as the microstate. The mean state at the scale A
is referred to as the macrostate. Finally, the atmospheric state at a scale larger
than A is referred to as the synoptic state. System memory can reside at each of
these three scales: we distinguish between microstate memory stored in microstate
structures, macrostate memory stored in macrostate structures, and synoptic state
memory stored in synoptic state structures (Figure 2.1). When X\ becomes smaller,
individual unit effects start to be seen at the macrostate, and we would expect a
non-equilibrium description of the microstate to be increasingly necessary to explain

the macrostate.

Microstate memory can be more precisely defined in terms of conditional prob-
abilities. At each time ¢, let us define a measure of the convective state C'(\,t) and a
measure of the large-scale variables £(\, t). If convection had no microstate memory,
the convective state C'(\, tg) would be conditionally independent from earlier con-
vection C'(\,t) Vt < ty, given the large-scale state {(\,t). Microstate convective
memory is the dependence of the PDF of C'(A,t) on its own history, for given envir-

onmental conditions &(\,t).

Though convective memory as defined above will make convection more persist-
ent, persistence alone does not establish memory: even if C(\, ;) shows persistence,

this could be due to persistence of {(A, ), itself arising for whatever reason.

Nonetheless, since memory should contribute to autocorrelation in time, con-
vective memory may be viewed as strongly related to organisation of convection in
time. Furthermore, spatial convective organisation is widely recognized as a key as-
pect of convective processes, more recently in simulations of self-aggregation [Bony
et al., 2015; Wing et al., 2017] but for many years in studies motivated by observed
organisation where background wind shear plays an important role |e.g. Moncrieff,
1981; Rotunno et al., 1988]. Thus, we want to investigate the link between organisa-

tion in time (memory) and organisation in space [Davies, 2008; Mapes and Neale,

2011; Moseley et al., 2016].

Most small-domain model studies examine unorganised (“popcorn”) convection
[Parodi and Emanuel, 2009; Wang and Sobel, 2011; Singh and O’Gorman, 2014].

But the degree of convective organisation may be important in convective memory
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|[Mapes and Neale, 2011; Moseley et al., 2016]. Thus, we will examine convective

memory for both organised and unorganised cases.

The approach for identifying convective memory proposed here is based on the
response of convection simulated by a Cloud-Resolving Model (CRM) for a domain
size A comparable to a typical global-model grid cell. We first introduce the methods
(Section 2.3). We then present results on the main variables and atmospheric layers
where convective memory resides, and we examine the role of convective organisation
(Section 2.6). Finally we summarize the results and discuss potential consequences

for parameterization of convection (Section 2.9).

2.3 Methods

2.3.1 The simulations

For simplicity, this study uses control simulations in Radiative-Convective Equi-
librium (RCE). RCE provides a testbed for assumptions about convection and

memory: if the assumptions are good, they should hold in RCE.

To assess convective memory in a wide range of situations, we conduct simula-

tions of several convection types:

e The “unorganised” case. It is run with fixed Sea Surface Temperature (SST),

interactive surface fluxes, and no wind shear. The convection is non-organised.

e Unorganised case with fixed surface fluxes. Latent and sensible surface fluxes
are held uniform in space and constant in time, to the average values in the

RCE state of the “unorganised” control run.

e Wind shear organised case. A wind, linearly varying with height (uniform
shear), is imposed between heights of 0 and 4 km, by a moderate relaxation
applied only to the domain-mean horizontal wind value. The imposed wind

1 at the surface, and 20 ms~! at 4 km and above. This is

profile is 0 m s~
similar to what was used in some previous studies [Robe and Emanuel, 2001;

Anber et al., 2014].
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o Self-aggregated case. To get self-aggregation in the model, it was necessary to

choose different turbulence and microphysics schemes (see Subsection 2.3.2).

In each case, simulations are spun up to an RCE state and then perturbed away

from RCE to observe the response.

(b) Wind shear organized (c) Self-aggregated

- Ko -
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Figure 2.2 Snapshots of Outgoing Longwave Radiation (OLR) in the domain, in the
Radiative-Convective Equilibrium state, towards day 80 or 81 of the control runs, for
three convective types with different convective organisation: (a) unorganised case, (b)
wind shear organised case, with the wind shear being positive and along the x-axis,
(c) self-aggregated case.
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Figure 2.3 (left) Instantaneous snapshot of Outgoing Longwave Radiation (OLR)
during the 90th day into the 3D control simulation, showing unorganised convection
(right) Instantaneous vertical section of the 3D cloud fraction for the same simulation
during the 90th day. Note that the y-axis is model levels, which are not linear with
height nor pressure.

The unorganised case leads to scattered (“popcorn”) convective cells (Figure 2.2
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(a) RH (b) Cloud fraction (c) Equiv. Pot. Temperature
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Figure 2.4 Horizontally-averaged equilibrium profiles for the 3D unorganised control
simulation (3D-Ctrl) (see table D.1), computed on the last month of the simulation.
(a) Relative Humidity. (b) Cloud fraction as defined on 3D grid cells. (¢) Equivalent
potential temperature.

and Figure 2.3). Overall, the mean RCE profiles (Figure 2.4) resemble those ob-
tained in previous studies (e.g. Romps [2011]). They also compare well with the
humidity profiles obtained from observations by radiosondes over the ocean, by Liu
et al. [1991]. In the case with imposed wind shear, convection creates elongated an-
vils parallel to the shear, with only one or two large convective cores in the domain.
This creates a single large cold area near the surface, fed by several downdrafts. In
the self-aggregated case, convection self-aggregates into a humid region surrounded

by extremely dry areas in about 20 days.

2.3.2 Model and setup

We use the Weather Research and Forecasting (WRF') model, Version 3.6, in its
Advanced Research WRF (ARW) form [Skamarock et al., 2008; Wang et al., 2014]
and in its “idealized test” framework. WRF-ARW dynamics solves the fully com-
pressible, Euler non-hydrostatic equations. The horizontal grid staggering follows
an Arakawa C-grid, and the vertical coordinate is the terrain-following hybrid eta-
levels. Time integration is done by a sophisticated 3rd order Runge-Kutta scheme.
Horizontal advection is a S5th-order scheme, and vertical advection a 3rd-order one.

We hereby present 3D simulations.

We use doubly periodic boundary conditions, and a fixed Sea Surface Temper-
ature (SST) of 302 K (except in the fixed-surface-flux case). The horizontal domain

size is 202x202 points, and the horizontal grid spacing is 1km. The vertical grid
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consists of 69 levels, going from the flat ocean surface up to the model top, which is
about 30km. We use a stretched vertical grid spacing: the vertical distance between
two consecutive levels starts from 30m near the surface, increases to 100m near the
cloud base, stays at 400m in most of the free troposphere, reaches 500m near the tro-
popause, and further increases to 2km near the model top. The Coriolis parameter

f is set to zero.

In terms of dynamical options, we choose an implicit gravity-wave damping
layer (sponge layer) for vertical velocity in the top 5 km of the model. We also
use full diffusion in physical space. A 3D prognostic equation for Turbulent Kinetic
Energy (TKE) is used to calculate turbulent eddy fluxes via a K coefficient based
on TKE, except for the self-aggregation case where the 3D Smagorinsky turbulence
scheme is used instead. The influence of the turbulence scheme on self-aggregation

has been investigated by Tompkins and Semie [2017].

The physical parameterizations include the Yonsei University Boundary Layer
scheme, which is a non-local K scheme, and a revised MM5 (NCAR Mesoscale Model
5) surface layer scheme based on Monin-Obukhov theory for computation of surface
heat and moisture fluxes. There is no need to impose a minimum wind for surface
flux calculations in this scheme [Jiménez et al., 2012|, since the wind is automat-
ically enhanced by a convective velocity (and for low-resolution runs by a subgrid
velocity), and since our runs already show realistic values of surface fluxes. No cu-
mulus parameterization is used. To be general, we choose a microphysical scheme
with intermediate complexity and allowing for unorganised convection for most of
our simulations: the WRF Single-Moment 6-class scheme (WSM6) [Hong and Lim,
2006, which includes water vapour, cloud water, rain, ice, snow, and graupel. We
replace it by the Thompson microphysics scheme for the self-aggregated convec-
tion case, as tests showed that this scheme always produces strong self-aggregation.
However, we could not use this latter scheme in all our cases, since it cannot lead
to unorganised convection. Explaining the sensitivity of self-aggregation to the mi-
crophysical scheme would require further study. Sensitivity tests confirmed that
choosing a different microphysical scheme does not change memory significantly,

provided convective organisation can be kept similar (see Subsection 2.6.7).

64



2.3. METHODS

We use interactive radiation, with the RRTMG schemes for both longwave (LW)
and shortwave (SW) radiation. Solar absorption by the specified (default) ozone
profile produces a stable stratosphere. For simplicity we remove the diurnal cycle
by making the cosine of the solar zenith angle constant at 0.8 (following Cronin
[2014]), and by decreasing the solar constant to 544 Wrm~2, applying the usual
mean insolation calculation to the Equator rather than to the whole Earth (see

Subsection 2.4.2).

2.3.3 Other simulation settings

For the spin-up to RCE in the unorganised control run, the initial profiles for
temperature and water vapour are chosen as the default initial sounding in the RCE
test case available in WRF v3.7.1. There is no initial wind (even in the wind shear
case). During initialisation, random temperature perturbations (white noise) of up
to 3 K amplitude are added in the first 2.5 km. These initial profiles do not matter

much since we only consider the RCE state in the rest of the study.

The runs are performed for 80 to 100 days, with about 30 days of spin-up time
required to reach statistical RCE equilibrium as measured by the mean precipitable
water | Tompkins and Craig, 1998]. To be conservative we skip the first two months

of each control simulation before initiating any experiments.

Following Held et al. [1993] and Wang and Sobel [2011], a light nudging to-
wards zero (or towards the imposed shear, in the shear case) is imposed on the
domain-mean horizontal winds. We do not expect the light nudging towards zero to

significantly affect results.

2.3.4 Design of perturbation experiments

To reveal convective memory, we impose instantaneous changes to the WRF
microstate without changing the macrostate. Our experiments use a very simple
kind of perturbation: horizontal averaging (hereby called “homogenisation”) of a
given subset of prognostic state variables on model levels, at a selected time step.

Then the model is restarted from these partly homogenised conditions with no other
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changes. We compare the evolution of convection following perturbations of differ-
ent prognostic variables (or sets of variables) to that with no perturbation applied
(control). We perturb all prognostic variables in WRF, namely: potential tem-
perature, water vapour mixing ratio, hydrometeor mixing ratios, 3D winds, geopo-
tential, column-integrated dry air mass, and Turbulent Kinetic Energy (TKE) (see

Table 2.1).

Table 2.1 List of variables averaged in the homogenisation experiments. The model is
restarted from different horizontally homogenised conditions of combinations of these
variables. ¢c,qr,qi,qs,q4 respectively refer to the mixing ratios of cloud liquid water,
rain, ice, snow and graupel.

Symbol Variable
Qv water vapour mixing ratio
0 potential temperature
u 3D winds (u,v,w)
Geond all hydrometeors (q.,q,,4i,9s,45)
PH geopotential
MU dry air mass in the vertical column
TKE Turbulent Kinetic Energy

Usually, Cloud-Resolving Model studies perturb the macrostate (the forcing),
and observe the time scale of the response |Kuang, 2010; Raymond and Herman,
2011]. The recovery in this case involves feedbacks between convection and macro-
state, so could be slow due to long macrostate memory, even in absence of microstate
memory (i.e. even if convection adjusts instantly to the macrostate). To minimize
this issue and reveal microstate memory instead, our homogenisation perturbations

do not affect the macrostate, only the microstate.

The RCE state varies in time due to chaotic internal variability. Consequently,
as in previous studies |Cohen and Craig, 2004|, we ensure statistically significant
results by constructing ensembles, repeating each experiment at 5-20 different restart
times taken from the RCE state reached by each convective case. A measure of

uncertainty is presented in Figure 2.13.
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2.4 Supplementary information on the methods

2.4.1 Methods for the preliminary 2D tests

Model set-up and physical parameterizations for the preliminary 2D tests

The 2D tests performed in this study almost have the same set-up as the 3D
experiments, except for the following points. The 2D tests are run with a 202x3 do-
main (the actual 2D set-up necessary in WRF'). The boundary layer scheme (Yonsei

University) was not activated in the 2D runs. And the diurnal cycle was kept in 2D.

Other simulation settings for the 2D tests

Some of the simulations are performed in a 2-Dimensional (2D) set-up. Since
the earliest 2D Radiative-Convective Equilibrium studies [Held et al., 1993; Tomp-
kins, 2000; Wang and Sobel, 2011], it has been noticed that an instability develops in
the 2D framework: horizontal wind jets become increasingly powerful and eventually
make the model unstable. Our simulations have shown this unstable behaviour. As
in previous studies [Held et al., 1993; Wang and Sobel, 2011], to solve this problem,
light nudging is imposed on horizontal winds: we add a term in the equation so that
horizontal winds are slightly relaxed back towards zero at each time step, with a

time scale 7,,,4, = 6h:

% _ _uavg - utarget (2 1)
8t Tnudg .

Here u is the wind along the x-axis, 4, its horizontal average along x and y,
and q,ger = 0 is the nudging target that we chose for u, except for the simulation

with shear where the target wind is non-zero.

This ensures stability in 2D. To ensure consistency and rigorous comparison
with the 2D runs, this light nudging on winds has also been kept active in the 3D

simulations.
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2.4.2 Methods for the 3D simulations

Imposing fixed Short-Wave (SW) radiation in the 3D runs: solar zenith

angle and solar constant choices

For an Equatorial situation, Cronin [2014] showed that a proper absorption-
weighted zenith angle, reflecting best the diurnal mean reflection of Short Waves
(SW) by the atmosphere, should have a cosine of 0.8 (see their figure 4). So we took

the cosine of the solar zenith angle as a pure constant of the model

p' = cos(¢*) =0.8 (2.2)

(where p* is the cosine of zenith angle to impose in the idealised simulation
without diurnal cycle, and ¢* the corresponding zenith angle). This choice implies
(* ~ 37deg. The insolation given by our idealised case must be equal to the time-

averaged insolation of the real Equatorial situation, which means [Cronin, 2014|

So u* = (I) (2.3)

(where S§ is the solar constant to impose in the idealised case, I the insolation of
the real world, and (.) denotes time and space average in the real world). The usual
reasoning for a planetary mean insolation, is that an area section of mR? incoming
solar beam is spread over the full area of the Earth 47 R? (with R the Earth radius),
so that

T R? S
(1) =S =7 (2.4)

(with Sy the solar constant of the real world). However, here, we only consider
an Equatorial situation, so that the incoming 1D solar beam segment of length 2R
coming towards the Equator is spread over a circle located at the Equator, of length

27 R. This is where our approach differs from Cronin [2014]. Hence, we instead have
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for the Equatorial case

2R S
(1) = S = (25)

Thus in the RRTMG short-wave radiation scheme used in WRF, we modified

the value of the solar constant to be

* <‘[> SO —2
= = — ~ 544 : 2.
Ss o~ 0sr 5 W.m (2.6)

This indeed gives us an insolation (downward SW flux at the top of the atmo-

sphere) of

I ={(I)="—=~436 W.m? (2.7)

Spin-up time before equilibrium in the 3D runs

The equilibrium state is reached after about 30 days in the main 3D control

simulation (see Figure 2.5).
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Figure 2.5 Time series of horizontally-averaged precipitable water (PW), for the 3D
"normal" control simulation. Statistical equilibrium seems to be reached after 30-40
days, so that afterwards, the atmosphere is in Radiative-Convective Equilibrium (RCE)
state.
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2.5 Exploration by 2D test simulations

We performed preliminary tests in a more economical 2-D setup to refine the
experiments to be done in 3-D. Results from these 2-D tests are shown here. All
experiments reported in the rest of the chapter are performed in 3-D. The homo-

genisation method is schematically represented by Figure 2.6.

AVERAGING horizontally
CRM
~ 30km
CRM, ~ 200km
No action (control run) No action (experiment run)

} > time

Restart with the averaged variable J

Figure 2.6 Schematic of the perturbations added in the model during restart: horizontal
homogenisation of some variables at an instantaneous (pseudo-initial) time.

First we ran the most extreme experiment: homogenising all prognostic vari-
ables. In this particular case, the time required for convection to recover (12 hours)
was determined by model numerics (e.g., related to float rounding errors) and so it
was not physically meaningful; but this ensured our method had been implemented
properly and we had not missed any prognostic variables. However, in experiments
where only some variables are homogenised, the remaining inhomogeneities should
relatively quickly be able to re-generate microscale motions and convection on a
time scale physically meaningful for memory, since non-homogenised variables will

keep their structures so numerical errors will be negligible.

Second, 2-D tests were used to qualitatively explore the role of different CRM
variables on memory. These tests showed that geopotential, column dry air mass,
and subgrid TKE did not contribute to convective memory, but that other variables
may have a significant effect. Thanks to this result (which was confirmed in 3-D)

we do not investigate further the role of these three variables.

70



2.5. EXPLORATION BY 2D TEST SIMULATIONS

Third, to test the sensitivity to the microphysical scheme in 2-D, we replaced
the WSM6 microphysical scheme by the simple warm-rain Kessler scheme. Qualitat-
ively the results were similar, including the relative importance of different variables
for memory, even if the response amplitudes for some variables (temperature and
hydrometeors mostly) were slightly different. We thus conclude that the results

should not be qualitatively sensitive to the microphysical scheme.

2.5.1 Convective memory attributed to microstate struc-

tures

First, to test the role of structures in memory, we run the most extreme ex-
periment: homogenising absolutely all the variables that are prognostic in WRF
(Figure 2.7). Thus we get rid of all microstate structures that could impact sub-
sequent convection. In this 2D experiment with diurnal cycle, convection is sup-
pressed for the longest time: all precipitation is suppressed for up to 12 hours. This
precipitation recovery time is longer than when we homogenise any smaller number
of prognostic variables. Moreover, the system is able to go further away from the
RCE state, and so the impact on convection is the strongest: precipitation drops

considerably, and we detect the maximum amount of memory.

In this particular case, the time required for convection to recover (12 hours)
is determined by model numerics and may not be physically meaningful: all we
are doing is checking to make sure it is long. This ensures our method has been
implemented properly. However, in other experiments when only some variables
are homogenised, the remaining inhomogeneities should relatively quickly be able

to re-generate convection on a time scale that will be physically meaningful.

The extreme experiment also confirms convective memory comes from the struc-
tures of the microstate. No microstate structures means no memory. As a contra-
position statement, we can rephrase: microstate structures are a necessary condition

for memory.
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Figure 2.7 Time series of horizontally-averaged precipitation rate for different 2D
Control and "Maximum effects" experiments (see table D.4), for the first 24h after
restart. These results have been averaged over an 18-member ensemble of 2D simu-
lations with warm rain microphysics (Kessler scheme), with members selected only
when convection was considered clearly disorganised.

2.5.2 Which variables are the main sources of convective

memory?

Second, the 2D tests are used to qualitatively explore the role of different vari-
ables on memory in the unorganised case, as 3D exploration would be too expens-
ive. Geopotential (PH), column dry air mass (MU), and Turbulent Kinetic Energy
(TKE) strictly have no impact on convective memory, although they are prognostic
in the WRF model. Thanks to this result, which is confirmed in 3D too, we will not
need to investigate further the role of these three variables on memory in the rest

of the paper.

The 2D experiments also confirm that the only prognostic variables in WRF
that may have an impact on memory are potential temperature, water vapour,
winds, and the hydrometeors. All other prognostic variables have almost no impact
on memory (see Figure 2.8 (right) and table D.4). It shows the additional impact of
any prognostic variable on the top of a reference experiment where both water vapour
and 3D winds were homogenised. Geopotential (PH), column dry air mass (MU),

and Turbulent Kinetic Energy (TKE) strictly have no impact on convective memory,
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Figure 2.8 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for the "Additional impact to base" 2D experiments (see table D.4).
(left) and (right) respectively show ensemble averages over 9 and 18 members. (left)
With the warm rain (Kessler) microphysics scheme, where there was clear convective
organisation. (right) With the warm rain (Kessler) microphysics scheme, where there
was no convective organisation.

although they are prognostic. Consistently with the 3D results, the hydrometeors
only appear as a slight source of memory. Conversely, temperature enhances memory
a lot, since precipitation recovery time scale increases at least by a factor 2, and the
amplitude of the jump out of the RCE state is larger: precipitation remains zero
for at least 6 hours. So water vapour, temperature and winds appear as the main
variables to consider. All other WRF prognostic variables are a negligible source of

convective memory.

So the thermodynamic variables are the dominant source of memory in com-

parison with dynamical and microphysical sources.

2.5.3 Role of convective self-aggregation in 2D
In 2D simulations with the Kessler (warm rain) microphysics scheme, some
basic forms of organisation appeared (Figure 2.9).

As a proxy for convective organisation, we use the horizontal standard devi-
ation of precipitable water. The simulation increasingly organises until day 30 (see

Figure 2.10). Then the horizontal wind shear becomes too strong and progress-
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30=
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Figure 2.9 Organised and disorganised convection in the 2D control simulation with
warm rain microphysics (Kessler scheme). (a) Instantaneous vertical section of water
vapour mixing ratio at the 31st day, showing a dry and a humid region. (b) Hovmuller
plot of Outgoing Longwave Radiation (OLR) during the organised phase (35th day).
(¢) Hovmuller plot of OLR during the disorganised phase (60th day).

ively breaks convective organisation. This allows us to separate days which were

considered organised and days which were considered disorganised.

In 2D, there is a dramatic increase in memory in the case with organised con-
vection, mostly for the thermodynamic variables: water vapour and temperature.
Comparing precipitation response between the organised case (Figure 2.11 (middle))
and the non-organised case (Figure 2.11 (right)) clearly shows how memory increases
with organisation. The precipitation response amplitude when homogenising tem-
perature is 5 times as large with organisation, compared to without organisation.
And the response time scale when homogenising water vapour is roughly 20 times
as large: in the organised case, precipitation remains zero for as much as 21 hours
after homogenising water vapour, whereas in the disorganised case, it remains zero
for only an hour. This highlights convective organisation strongly enhances memory,

at least for thermodynamic variables.
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Figure 2.10 Time series of the horizontal standard deviation of precipitable water
(PW), for the 2D control simulation with warm rain microphysics (Kessler scheme).
The standard deviation of PW is a measure of convective organisation. There is an
increase in convective organisation up to day 30, followed by a decrease. So we can
split the simulation between the most organised days and the least organised days.
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Figure 2.11 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for the "Single set" 2D experiments (see table D.4). (left), (middle)
and (right) respectively show ensemble averages over 5, 9 and 18 members. (left)
With the normal (WSM6) microphysics scheme used in this study, in which there
was no particular convective organisation. (middle) With the warm rain (Kessler)
microphysics scheme, when there was clear convective organisation. (right) With the
warm rain (Kessler) microphysics scheme, when there was no convective organisation.

2.5.4 Uncertainty estimate for the 2D results

Uncertainty has been estimated in the 2D “Single set” experiments by com-
puting the standard error of the mean over the ensemble members. Each ensemble,
corresponding to each experiment, is used to create a single line (Figure 2.11 without

error bars, and Figure 2.12 with the error bars). And each member of an ensemble
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Figure 2.12 Same as Figure 2.11 (middle), but with error bars. The error bars were
computed as the standard error of the mean, based on the ensemble of several members
we have for each plotted line.

is a realization of the homogenisation experiment for a different restart time.

The shaded areas confirm that the results are statistically significant, in partic-
ular for temperature and water vapour in the 2D self-aggregated case: the ensembles

are generally large enough.

2.5.5 Sensitivity to the microphysical scheme

Third, to test the sensitivity to the microphysical scheme in 2D, we replace the
WSMG6 microphysical scheme by the simple warm rain Kessler scheme. Qualitatively,
the results are not found to be sensitive to the microphysical scheme, and the relative
importance of different variables in memory is not altered, even though the actual
amount of memory due to some variables (temperature and condensates mostly) can

change slightly, when measured by response amplitude.

The previous experiments have shown the relative importance of different vari-

ables in micro-state convective memory: water vapour and temperature seem to be
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the key to memory. But to test the robustness of this result, a simple sensitivity

test to the microphysical scheme is performed in the 2D set-up.

In 2D, the hydrometeors contribute slightly more to memory than in 3D in
terms of recovery time scale (Figure 2.11 (left)). Even though water vapour and
temperature are still the main contributors to memory, winds and the hydrometeors

are in this case equivalent secondary sources of memory.

Changing the single-moment 6-species WSM6 microphysical scheme for the very
simple warm rain Kessler scheme, while focusing only on disorganised convection,
led to a reduction in the importance of temperature and hydrometeors for memory
(comparing Figure 2.11 (left) and (right)). In this 2D set-up, the choice of micro-
physical scheme does not matter for the memory time scale, but matters a bit for
the amplitude of the responses. In particular, the impact is seen for the responses
to homogenisation of temperature or hydrometeors: the importance of temperat-
ure and hydrometeors in carrying some memory is reduced with the very simple
Kessler microphysical scheme. Although being speculative, it suggests the sources
of memory could be slightly modified if we were to use a very refined microphysical
scheme too. However, the qualitative responses were not modified as much, since

the order of recovery to homogenising different variables was not swapped.

The microphysical scheme seems to play a slight role in the memory. In par-
ticular, 2D tests point out the role of temperature and hydrometeors themselves on
memory becomes more important when the microphysical scheme represents more
processes. It suggests that the development of microphysical schemes may help
increase the memory of convection in models. This could support convective devel-

opment attempts such as Piriou et al. [2007].

Despite this sensitivity to the microphysical scheme, shifting from a realistic
single-moment scheme to a scheme without ice was a dramatic change in the phys-
ical processes being included in the computation, but only a slight change in the
properties of memory, so that our results are unlikely to change with other reason-

able changes to the microphysical scheme.
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2.6 Results from 3D simulations

If convection were purely related to the macrostate via a diagnostic relationship,
it would resume as before very rapidly. Here we therefore take the time required
for recovery as a measure of microstate memory. Also, by eliminating particular
microstate structures, homogenisation should erase any corresponding microstate
memory, thus moving the system further away from RCE. We therefore take the
magnitude of this departure as a second measure of microstate memory. Here,

convection intensity is quantified via domain-averaged precipitation.

Independently, homogenising usually suppresses convection as well, because
convection is inherently associated with these microstate structures. Thus, dis-
carding structures should usually give responses with the same sign (a decrease in
precipitation). As explained in Subsection 2.6.2, this turns out to be true for most
experiments, and even exceptions can actually be explained by the same concept,

but slightly generalized.

2.6.1 In which variables is convective memory stored?

We homogenise selected variables (see Table 2.1) at all vertical levels, for a
single variable (“single set” experiments), and for multiple variables together (“double
set” experiments). Preliminary experiments showed that geopotential, column dry
air mass, and subgrid TKE did not contribute to convective memory. Therefore,
we focus our analysis on the role of the other prognostic variables that could be

important for memory: winds, hydrometeors, water vapour, and temperature.

The “single set” experiments (Figure 2.14) show that the amplitude of the pre-
cipitation response is larger when temperature or water vapour are homogenised
than when winds or hydrometeors are homogenised, indicating that thermodynamic
heterogeneities are more important than wind and hydrometeor heterogeneities. In
the unorganised case (Figure 2.14(a) and Figure 2.16), temperature homogenisation
leads to a recovery time scale of about 1.5 hours, water vapour 1 hour, and winds

1.5 hours, while for the hydrometeors the recovery time scale is about 20 min. The
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response to homogenising the hydrometeors has a large amplitude but rapid time
scale, indicating that while homogenising the hydrometeors impacts the precipit-
ation initially, they are not important for memory. These results are statistically

robust (Figure 2.13).
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Figure 2.13 Same as Figure 2.14(a) but with a measure of the uncertainty. The
standard error of the mean, for each type of homogenisation, is represented by lighter
colors as the width of the lines representing the ensemble mean by darker colors. In
practice, the standard error of the mean is smaller than the thickness of the lines, so
that it is subtle to distinguish. This shows high statistical significance.

In the shear-organised case (Figure 2.14(b) and Figure 2.17), water vapour still
carries most memory and hydrometeors still play a negligible role. But the winds
become a more important source of memory than temperature, probably because

the winds are what organises the convection.

In the self-aggregated case (Figure 2.14(c) and Figure 2.18), there is a dramatic
increase in memory residing in the thermodynamic variables: mostly water vapour,
but also temperature. The impact of the winds is just slightly enhanced relative
to the unorganised case. It remains much weaker than in the wind shear organised
case. The hydrometeors still do not store any memory. With self-aggregation, water

vapour and temperature prevail by more than an order of magnitude over dynamics

79



CHAPTER 2. IDENTIFYING THE SOURCES OF CONVECTIVE MEMORY

(a) Unorganized case (b) Wind shear organized case (c) Self-aggregated case
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Figure 2.14 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for the control run and for experiments on a single variable; colors
indicate different experiments, and the legend indicates the variable homogenised
in each experiment (see table 2.1). These are ensemble averages over 19 or 20
members. The panels represent experiments conducted on different convective types:
(a) unorganised convection, (b) convection organised by wind shear, (c) self-aggregated
convection. The peak precipitation rate following homogenisation of temperature in
the self-aggregated case (off scale) is 32 mm/day.
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Figure 2.15 Same as Figure 2.14 but for the first 24 h after homogenisation instead of
6 h.

and microphysics for memory storage. This is consistent with the fact that, in the
self-aggregated case, a strong contrast in humidity develops between wet and dry
subdomains, which does not develop nearly as strongly with disorganised convection

or wind shear organised convection.

The smaller memory storage of the dynamical variables (3-D winds) compared
to the thermodynamic variables is confirmed by the “double set” experiments (Fig-
ure 2.19). In the unorganised case, homogenising winds and water vapour together
has a similar impact as homogenising water vapour only. Likewise for winds and
temperature together. However, homogenising both water vapour and potential

temperature together leads to a recovery time scale twice as long (2.5 h) as when
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200

Figure 2.16 Snapshots of the OLR response to various homogenisation in the un-
organised case. (a) Control run. (b) Water vapour homogenisation. (c) Potential
temperature homogenisation. (d) Water vapour and potential temperature homogen-
isation. Time flows from top to bottom: at ¢ =0, 1 h, 3 h after homogenisation.

only one thermodynamic variable is homogenised (~ 1 or 1.5 h).

In the wind shear organised case, the combination of water vapour and temper-
ature still carries more memory than the combination between winds and either of
the thermodynamic variables. Homogenising water vapour and winds together leads
to the same response as homogenising water vapour only, while homogenising both
temperature and winds leads to an intermediate response more similar to wind-only.
These results show that winds and temperature are important, but winds are now

the secondary storage of convective memory after water vapour.

The self-aggregated case shows similar results in terms of the relative import-
ance of variables, but with much greater memory overall. When both water vapour
and temperature are homogenised, the combined effect is the largest of all experi-

ments: precipitation remains zero for about 18 hours.

It is not straightforward to know whether recovery after homogenisation leads
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Figure 2.17 Same as Figure 2.16 but for the wind shear organised case. Time flows
from top to bottom: at ¢ =0, 1 h, 3 h, 6 h after homogenisation.

to another self-aggregated state or not. Generally, convection remains aggregated
after homogenisation (Figure 2.18). If only water vapour or temperature is ho-
mogenised, convection clearly recovers to an aggregated state. However, if both
are homogenised, it recovers in a practically unorganised state, although slightly
aggregated, probably due to the persistence of wind (and perhaps hydrometeors)
structures. It is important to note where aggregation recovers: at the original loca-
tion when temperature is homogenised, but in the opposite part of the domain when
water vapour is homogenised. This is consistent with the modifications of sub-cloud

layer MSE between the convective and the dry regions by homogenisation.
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Figure 2.18 Same as Figure 2.16 but for the self-aggregated case. Time flows from
top to bottom: at t =0, 1 h, 3 h, 6 h, 12 h, and about 24 h after homogenisation.

2.6.2 Interpreting the response to homogenisation of tem-

perature

We would usually expect precipitation to be reduced when homogenising any

convective structures. Indeed, this hapiggis in most experiments. However, when
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Figure 2.19 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for the control run and for experiments on a double set of variables
(dashed), compared to the single-variable temperature and humidity results (solid).
Different experiments are indicated by different colors (see legend and Table 2.1).
These are ensemble averages over 19 or 20 members. The panels represent experiments
conducted on different convective types: (a) unorganised convection, (b) convection
organised by wind shear, (c) self-aggregated convection.
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Figure 2.20 Same as Figure 2.19 but for the first 24 h after homogenisation instead of
6 h.

temperature is homogenised, precipitation is enhanced.

To explain this result, we note that raining locations are associated with cold
pools, which means they are usually colder in the boundary layer than the non-
convective locations. When homogenising temperature, these cold pool areas become
warmer and more buoyant. Thus the humid areas of cold pools, now also warmer,

can generate increased convection.

This effect can be verified by examining Moist Static Energy (MSE) changes.
In most experiments the standard deviation of MSE near the surface (and to a
lesser extent at 500 hPa) is reduced in the first few hours after homogenising (Fig-
ure 2.21), which is intuitive for homogenisation experiments on thermodynamic

variables. Also, the standard deviation of MSE in the sub-cloud layer reacts earlier
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Figure 2.21 Response of micro-scale structures, for different 3-D experiments in the
unorganised convection case. Different experiments are indicated by different colors
(see legend and Table 2.1). Both panels show ensemble averages for 19 members. (a)
Sub-cloud layer average of the horizontal standard deviation of Moist Static Energy
(MSE). (b) Horizontal standard deviation of Moist Static Energy (MSE) at 500hPa.

than precipitation (see also Figure 2.14(a)), which suggests causality. The stand-
ard deviation of MSE is the most strongly reduced by homogenising water vapour,
and it is precisely the experiment in which convection is the most strongly reduced.
Conversely, and against the first intuition, homogenising temperature leads to an
increase in the standard deviation of MSE instead of a decrease. In moist convective
areas, even though near-surface MSE is high, the temperature is lower than in the
environment because of cold pools. This effect is removed by temperature homogen-
isation, which makes MSE even higher there. So micro-scale MSE structures in the
boundary layer are in fact strengthened by temperature homogenisation. Therefore

we get more favourable areas for convection and an increase in precipitation.

2.6.3 Which layer of the atmosphere carries most memory?

The results from Subsection 2.6.2 suggest an important role for the bound-
ary layer. To go one step further, we carry out experiments where we homogenise
variables only in one specific layer at a time: the sub-cloud layer (surface to 940
hPa ~ 600 m), shallow-cloud layer / mid-troposphere (940 hPa-700 hPa), or free

troposphere (700 hPa to tropopause). Following the previous results, for these ex-
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pe

riments we only average the thermodynamic variables: water vapour and temper-

ature.
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Figure 2.22 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for the control run and for experiments on specific layers only:
homogenisation before the restart is conducted over different atmospheric layers:
sub-cloud layer (surface-940hPa), mid layer (940hPa-700hPa), high layer (700hPa-
tropopause). Different experiments are indicated by different colors (see legend
and Table 2.1). These are ensemble averages over 19 or 20 members. Different
panels represent experiments conducted on different convective types: (a) unorganised
convection, (b) convection organised by wind shear, (c) self-aggregated convection.
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Figure 2.23 Same as Figure 2.22 but for the first 6 h after homogenisation instead of
24 h.

In the unorganised case, the precipitation recovery time scale is largest when

the sub-cloud layer is homogenised (Figure 2.22(a)). In contrast, the amplitude of

the response is almost zero when homogenising the free troposphere. Thus memory

mostly resides in the sub-cloud layer.

The shallow cloud layer appears to contribute as a secondary storage of con-

vective memory compared to the sub-cloud layer. The response time scale for ho-

mogenisation of this layer is only an hour, compared to the 2.5 h time scale for the

sub-cloud layer.
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It makes sense for the shallow cloud layer to have a very quick impact, since
homogenising this layer will directly impact clouds and soon after precipitation. It
also makes sense for the sub-cloud layer to have a slightly delayed impact since
it takes more time for the air in the sub-cloud layer to generate updrafts, clouds
and then only precipitation. This may explain the different precipitation recoveries

observed for these two experiments.

In the case with wind shear, the relative role of the shallow cloud layer is
stronger than the unorganised case, but not as strong as in the self-aggregated case

(Figure 2.22).

In the self-aggregated case (Figure 2.22), as in the two other cases, most memory
still comes from the lowest two layers: the sub-cloud and shallow cloud layers. The
free troposphere (700 hPa to tropopause) still plays a much weaker role, although
a little stronger than for the other cases, since there are slightly stronger structures
in the free troposphere in the self-aggregated case (stronger differences between the
convective and the dry regions). The main difference is that the memory coming
from the sub-cloud layer is dominant in the unorganised case (by a factor of two in
recovery time scale), but it is the memory coming from the shallow cloud layer that
is dominant with self-aggregation (also by a factor of about two). In comparison,
the memory coming from these two low layers is almost equivalent in the wind shear

organised case (the recovery time scales are the same).

2.6.4 Role of convective organisation

Convective organisation leads to a dramatic increase in convective memory,
particularly acute with self-aggregation. The recovery time scale for water vapour
experiments are one hour for unorganised convection, six hours for convection or-
ganised by wind shear, and more than 24 hours for self-aggregated convection (Fig-
ure 2.14): convective organisation enhances memory by a factor of up to 25. Also, in
the self-aggregated case, precipitation remains zero for 12 hours after homogenising,
whereas in the unorganised case, it does not even reach zero. With self-aggregation,
the precipitation response amplitude when homogenising temperature (32 mm/day)

is about five times as large as in the unorganised case (7 mm/day). Sensitivity tests
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confirmed that these memory changes are due to organisation, not to the choice of

microphysical scheme (see Subsection 2.6.7).

To explain why organised convection shows so much more memory, we can assess
the domain-mean value of CAPE in the equilibrium state of the different organisation
cases. CAPE is highest in the unorganised state (3200 Jkg™!), intermediate in the
case organised by wind shear (2350 Jkg~!) and lowest in the self-aggregated case (750
Jkeg™1). With more organised convection, the CAPE is smaller, so the atmosphere is
more stable, so it is harder to regenerate convective instability from a homogenised
state, therefore it takes longer to recover from homogenisation. This is consistent

with the fact that self-aggregation warms and stabilizes the domain.

Another explanation is that self-aggregation generates very large contrasts in
humidity across the domain, and therefore a large variance of atmospheric fields.
Likewise, wind shear organised convection has larger conversion of horizontal mo-
mentum to vertical momentum, and thus larger turbulence and associated variance.
Since memory is related to microstate variances, it must be larger in the organised

cases.

2.6.5 Negligible role of surface fluxes

In Subsection 2.6.3 we found that the sub-cloud layer thermodynamical vari-
ables are the main source of convective memory. Since this layer is in contact with
the surface, it raises the question of whether part of the long recovery might be
due to the surface fluxes (either to their average or to their microscale fluctuations).

Here we investigate this using the fixed surface flux experiments (Subsection 2.3.1).

The results (Figure 2.24) are almost identical to those with fixed SST. With
fixed surface fluxes the amplitude of the response is very slightly smaller, but other-
wise the same. The slight decrease in response amplitude simply points at a slight
enhancement of the memory with interactive surface fluxes. We draw two con-
clusions. First, surface flux heterogeneity is not a source of microstate convective
memory. Second, the macrostate surface-flux feedback does not play a significant

role in helping the system regain its RCE state. The overall result is that surface
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fluxes do not matter much for convective memory.
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Figure 2.24 With fixed surface fluxes. Response of horizontally-averaged precipitation
rate after homogenisation and model restart, for different 3D experiments (see table
D.1). These are ensemble averages over 8 members, for control, blank, and single set
experiments.

2.6.6 Secondary response: a microstate-macrostate feedback

In some of our experiments, there is a longer-term secondary response, which
usually has the opposite sign compared to the initial response. For example for
unorganised convection, see the experiment on 6 and ¢, together in Figure 2.22(a)
(where there is a 24 h secondary response time scale), or experiment on ¢ (7 h time
scale) or winds (5 h time scale) in Figure 2.14(a). While we cannot prove what this
is due to, it appears that there is a feedback between the microstate response and

the macrostate response.

Systems in RCE have many modes of variability, since they exhibit various
natural oscillations [Randall et al., 1994; Hu and Randall, 1995; Yano and Plant,
2012a]. The homogenisation experiments seem to excite some particular modes of
this dynamical system. There are at least two modes: a rapid mode related to
microstate memory, and a slow mode (secondary response) related to feedbacks
between the microstate and the macrostate. We discuss this slow mode in this

section only, and refer to it as the secondary response. Having such a dynamical
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system in mind, it is not so surprising to see some variables responding in phase
with precipitation, some others responding in quadrature, and some others with a

different phase difference.
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Figure 2.25 Response after homogenisation of variables given by the legend (colors, see
Table 2.1) and model restart, on longer time scale (24 h), for unorganised convection.
These are ensemble averages over 19 members. The response of different variables
is presented: (a) Horizontal average of precipitation rate, (b) Horizontal average
of CAPE, (c) Horizontal average of MSE at 500 hPa, (d) Standard deviation of
MSE at 500 hPa, (e) Horizontal average of the total wind at 500 hPa, (f) Standard
deviation of the total wind at 500 hPa. As shown by the legend, the lines show the
control run (black), single set homogenisation experiments on water vapour, potential
temperature, winds, hydrometeors (respectively green, red, dark blue, orange), and a
double set homogenisation experiment on water vapour and potential temperature
together (dashed cyan). The total wind is computed as the amplitude of the 3D wind
vector. The standard deviation of the total wind is very similar to the Convective
Kinetic Energy (CKE). CAPE and MSE respectively stand for Convective Available
Potential Energy and Moist Static Energy. Note that here CKE refers to the CKE
defined at each point by the velocities resolved by the CRM, which is different from
the parameterized sub-grid TKE used by the CRM.

Usually, in the unorganised case, most variables recover to their RCE value
after about 6 hours. This is true for most experiments, except for the one where
both water vapour and temperature are homogenised (Figure 2.25). In the latter
experiment, the precipitation response starts a longer-period oscillation away from

equilibrium at 7 h, which peaks at 13 h. To explain this, note that after 6 h,
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even though precipitation has recovered to its RCE value, CAPE has not, showing
that the macrostate after 6 h is different from the macrostate in RCE. Therefore,
even though the precipitation has temporarily recovered, the full equilibrium has not
been reached yet. This may allow the secondary response to be triggered, with a new
increase in precipitation away from equilibrium. Note that precipitation and CAPE
are almost in quadrature during the secondary response, since the precipitation

anomaly seems to be related to the time derivative of CAPE.

During the secondary response, the peak of precipitation (after 13 h) seems
to be in phase with a peak in high cloud cover (since deep convection produces
both high clouds and precipitation) and with the standard deviation of MSE in
the sub-cloud layer (a microstate variable probably driving convective intensity),
whereas the standard deviation of MSE at 500 hPa returns to equilibrium precisely
at that time. The standard deviation of the total wind (microstate), similar to
the Convective Kinetic Energy (CKE), peaks in phase with precipitation, But it
already differs from the RCE value after 6 h, slightly before the precipitation (7 h),
perhaps because of preconditioning of the deep convective anomaly. Overall, this
suggests a non-trivial interaction between the macrostate and the microstate during

the secondary response.

This secondary response should not influence our results on microstate memory
too much since it is of smaller amplitude, and we are focusing on the first part of the
response. We discuss a potential way to prevent interactions between the microstate

and macrostate in Subsection 2.6.7.

2.6.7 General caveats

In this study, feedbacks from the macrostate onto convection are not forbid-
den during convective recovery to RCE. Domain-mean temperature, humidity, and
CAPE are allowed to vary with time, so the macrostate is not held fixed (Fig-
ure 2.25). Thus, recovery of the microstate to homogenisation involves interaction
with the macrostate (for example, increase of CAPE). So the responses measured
here partly include macrostate memory. However, we conjecture the macrostate

feedbacks to affect all perturbations more or less similarly, and on longer time scales,
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so that comparing the recoveries to one another should still be valid. This conjec-
ture is consistent with results by Davies et al. [2013a]. Significant work would be
required to completely get rid of the macrostate feedbacks, which calls for further
study. A method to achieve this would be to impose the macrostate by nudging the
domain-mean temperature, humidity and horizontal winds towards their RCE value

at each time step, and to repeat the homogenisation experiments on this new setup.

By changing the microphysical scheme, we strongly modified the convective
organisation in space. We confirmed that the dramatic change in memory is due
to the change in organisation, not just to the change in microphysical scheme, by
evaluating the memory with the Thompson microphysics scheme but a very small
domain which forces a relatively unorganised state. The results show that memory is
similar to the unorganised case with WSM6 microphysics (see Figure 2.26). Despite
this test, we acknowledge that the sensitivity to the microphysical scheme could be

tested further.
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Figure 2.26 With Thompson microphysics, but a very small domain (31 km * 31 km),
so that convection is not very organised (almost unorganised). Response of horizontally-
averaged precipitation rate after homogenisation and model restart, for different 3D
experiments (see table D.1). These are ensemble averages over 22 members. For
homogenisation of control, and (a) single set experiments, (b) double set experiments.

Homogenisation is a very strong perturbation to the microstate. So one could
argue that our experiments may over-estimate recovery times compared to, for ex-
ample, replacing the convective microstate with a non-convective one. Nevertheless,

we still expect that the relative importance of the different sources of memory found
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in this simple approach, under different degrees of organisation, would hold in more
realistic approaches. In the future, more realistic perturbations could be considered

to test this.

This study is performed in the RCE set-up, so there is no externally-imposed
large-scale forcing. This may limit the generality of our results. It would be inter-
esting to check whether the results hold in an idealized atmosphere that undergoes
a large-scale upward vertical velocity, representing the trough of a large-scale wave,
and leading to higher precipitation rate. But even if RCE may neglect part of
the complexity of the real atmosphere, it is still an excellent framework to look at

convection-circulation feedbacks.

We have analysed the memory of tropical convection only. In the extra-tropics,
the role of winds could increase. In a parameterization, one could add an efficacy
term to the microstate memory as a function of the departure from tropical be-
haviour (e.g., latitude-based). Potentially, the wind shear experiments may partly

capture behaviours of synoptic weather systems in the extra-tropics.

Convective memory as considered in this study includes convection but also the
resolved turbulence, since the homogenisation technique acts on the whole micro-
state, independently from whether the microstate structures are more on convective

length scales or on turbulent length scales.

2.6.8 Implications for parameterizations

Our results show that in all three convective organisation types, water vapour
is the primary storage of memory, followed by temperature (especially in the unor-
ganised case) and then wind (especially in the case organised by wind shear). There
is thus a dominant “water vapour memory”. Our results also show that memory is
mostly stored at low levels. These results resonate with Stirling and Petch [2004],
who showed in a 2D set-up that the diurnal cycle of unorganised convection is most
strongly affected by micro-scale variability of relative humidity in the boundary
layer. They are also consistent with Dawvies [2008]. The importance of water va-

pour for convective memory is also consistent with its importance in self-aggregation
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[ Tompkins, 2001b).

Overall, our results suggest that some of the previous studies have chosen reas-
onable memory storage through thermodynamic variables (e.g., precipitation evap-
oration, cold pools), even though some other studies may have given too much
memory role to the dynamical variables (e.g., convective vertical velocity, subgrid-
scale TKE or CKE) or to the microphysics. Even though these dynamical variables
are likely to be ultimately controlled by the thermodynamic structures, they do
not appear to be the main storage of memory themselves. Choosing precipitation
as the storage of memory is probably not ideal, as there is no memory in the hy-
drometeors, even though precipitation is also controlled by many thermodynamic
conditions. The use of precipitation evaporation might be relevant, as it is per-
haps more a thermodynamical variable than a dynamical or microphysical variable.
Still, few studies have directly chosen water vapour and temperature as a memory
storage, apart from studies using cold pool thermodynamic profiles. Hopefully this
study will trigger more parameterization development based on these direct ther-
modynamic variables, for example by a prognostic representation of the unresolved
boundary layer thermodynamic structures (e.g., via spatial variance of water vapour
and temperature, or of Moist Static Energy). Finally, our results may help choose
the prognostic variable in order to build a convective parameterization with memory

in an implicit way such as Mapes and Neale [2011].

2.6.9 Why does memory come from near the surface?

In all three organisation cases, we found that microstate memory comes from
the lowest layers. This is consistent with Stirling and Petch [2004]|, who showed that
for unorganised convection, the most important atmospheric levels for diurnal cycle

development were in the boundary layer.

We conclude that convective memory mostly resides in low-level thermody-
namics (water vapour and temperature), which provides hints about the processes
involved in convective memory. Cold pools and thermals are very strong intrinsic
thermodynamical microstate structures at low levels, so they could be good can-

didates for processes leading to microstate convective memory. The apparent im-
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portance of cold pools (and low-level thermodynamics in general) for memory is
also consistent with the key role of cold pools in convective organisation | Tompkins,
2001a]. This inference tends to support the development of prognostic cold pool
schemes, which have been shown to bring memory to the system |Qian et al., 1998;
Grandpeiz and Lafore, 2010; Park, 2014; Del Genio et al., 2015]. This also suggests
that using precipitation (which occurs at the surface, though not clearly thermo-
dynamic), or better, using precipitation evaporation (which occurs in the sub-cloud

layer and generates cold pools), may be good quantities to spur future convective

growth.

2.7 Supplementary results

All these results are produced from the unorganised case.

2.7.1 Which layer of the atmosphere carries most memory?
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Figure 2.27 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for different 3D experiments performed by layers (see table D.2) in
the unorganised case. Homogenisation before the restart is conducted over different
atmospheric layers: sub-cloud layer (surface-940hPa), mid layer (940hPa-700hPa),
high layer (700hPa-tropopause). All panels show ensemble averages over 8 members.
For homogenisation of (left) ¢, and 6 (middle) g, (right) 6
When looking at the memory coming from water vapour, the sub-cloud layer
and the shallow cloud layer have similar contributions, as shown by figure 2.27
(middle), even though after an hour the memory coming from the shallow cloud

layer still drops. The dominance of the sub-cloud layer over the shallow cloud layer
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in terms of memory is not as prominent when homogenising water vapour only, but

it remains clear that the higher free troposphere is a negligible source of memory.

When looking at the memory coming from temperature, the sub-cloud layer
contributes slightly more, but the difference with the shallow cloud layer is not as
strong as when we averaged both thermodynamic variables (figure 2.27 (right)). So
there seems to be a non-linear effect so that the memory is really increased in the

sub-cloud layer when taking both water vapour and temperature into account.

Overall (figure 2.27 (left)), the sub-cloud layer is the main source of memory,
in particular in terms of thermodynamic memory. The role of the shallow cloud
layer is still important, but on time scales shorter than an hour. The higher free

troposphere has clearly no memory in these experiments.

Note that when the thermodynamic variables are homogenised at all levels
and when they are homogenised only in the sub-cloud layer, the responses are very

similar, except for the first 45 min.

2.7.2 Existence of structures vs detailed description of them

The next step in understanding where convective memory comes from is to
determine the scale of the micro-scale structures responsible for memory, via the
perturbation scale. We do not accurately tackle the scale here, but we can estimate
it in a simple way. We extend the homogenisation method in order to average a
variable only in parts of the domain where it is above its mean, or only in parts of
the domain where it is below the mean. The experiments consist in homogenising
only the warm areas (warmer than the mean temperature), only the cold areas
(colder than the mean temperature), only the humid areas (more humid than the
mean humidity), and only the dry areas (drier than the mean humidity). This allows

to compare the importance of hot spots versus cold pools for example.

This way, we can estimate whether the memory comes from the existence of
both areas above and below the mean, or whether it depends more on the smaller-
scale description of areas above the mean, or below the mean. For temperature for

example, this method can allow us to assess the role of cold pools versus hot spots.
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And it can tell us about the role of the existence of cold pools or hot spots versus

the role of their internal variances/inhomogeneities.

In this subsection, we focus on the unorganised case, and we intend to com-
pare the storage of memory either in the upper half or in the lower half of the
thermodynamic variable distributions. This is a first step towards expanding the
homogenisation method to estimate the horizontal scales mostly involved in micro-
state memory, although other methods such as Stirling and Petch [2004] and Davies
et al. [2013a] are probably more direct.
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Figure 2.28 Response of horizontally-averaged precipitation rate after homogenisation
and model restart, for different 3D experiments performed by layers and on specific
points only (see table D.3) in the unorganised case. Homogenisation before the restart
is conducted over the sub-cloud layer (surface-940hPa), and over specific areas only:
where values are above the horizontal mean (without touching values below the mean),
or when values are below the horizontal mean (without touching values above the

mean). All panels show ensemble averages over 8 members. For homogenisation of
(left) ¢, and € (middle) g, (right) 6

In the case of sub-cloud layer temperature, homogenising only the areas warmer
than the mean temperature, or homogenising only the areas cooler than the mean
temperature does not lead to any response away from the RCE state (figure 2.28
(right)). However, homogenising the whole temperature field in the sub-cloud layer
has an impact on precipitation. Thus, it suggests the microstate variance of cold
areas (the description of cold pools) does not matter, and the microstate variance of
hot areas (the description of hot spots or thermals) does not matter either. Rather,
these results show that it is just the existence of cold and hot structures that matters:
having a disparity between hot and cold areas. In that sense, we can say that the

coarsest scales of the micro-state temperature variance seem to be responsible for

the memory.
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In the case of sub-cloud layer water vapour, results are similar in the sense that
the variance of dry areas does not matter much. However, homogenising the areas
that are more humid than the mean humidity has a more significant importance than
what was shown for temperature (figure 2.28 (middle)). So the variance of humid
areas matters significantly. This means that a description of the inhomogeneities of
humid areas are more important for convective memory. Also, the existence of a

contrast between dry and humid areas may have some importance too.

When averaging both hot areas and humid areas only, we do capture a small
fraction of convective memory (figure 2.28 (left)). When we average both cold areas
and dry areas only, we do not capture much memory. Still, averaging all allows us
to detect much more memory. Consequently, memory seems to be strongly related
to the basic existence of cold/hot areas and dry/humid areas, rather than details
of cold/hot areas themselves. We speculate this could be due to the variance of
MSE structures, an argument presented earlier. This points towards a micro-state

memory mostly coming from the coarsest-scale structures.

2.8 Supplementary discussion

2.8.1 RCE state and method validation

This study is performed in the idealized Radiative-Convective Equilibrium
(RCE) framework. At the spatial scales studied here, RCE is not a perfect rep-
resentation of reality: there is no large-scale forcing, no diurnal cycle. However, our
goal is not to have a perfect image of reality, but rather to have a simple case in
which we can almost isolate the behaviour of convection from numerous feedbacks
with other mechanisms such as circulation. Although RCE has some limits, many
process studies have used it, and it is a good framework to work with for our pur-
poses. Our idealized experiments can be used to underline processes that are less

altered by the numerous interactions of the real atmosphere and its forcings.

Moreover, the equilibrium state reached here is satisfying enough, compared

with other RCE states in previous studies.
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2.8.2 Role of perturbation scale

Our experiments have shown that having a coarse description of the microstate
was generally enough to capture most memory: there is no crucial need to describe
the details of these structures. For example, having cold pools and warm thermals
would be more important than having a detailed description of either of them. This
can be interpreted as evidence showing that the larger-scale description of the micro-
state is the most important part in capturing convective memory. In other words,

convective memory essentially arises from the coarsest scales of the micro-state.

This suggests that just parameterizing the existence of basic micro-state fea-
tures should be enough to capture most of the memory. It is less important for
a parameterization to have a description of the micro-state inhomogeneities inside

these basic micro-state features.

These results are consistent with Stirling and Petch [2004] who showed that
larger-scale sub-grid variances have the strongest influence of the development of
convection. They even gave a threshold scale by arguing that structures larger
than 10km were the most important for this memory-related effect. Dawvies et al.
[2013a] found that structures of 5 to 20km spatial scale are carrying most of the
memory. This is potentially smaller than what is suggested by our results and those
by Stirling and Petch [2004], but it is still the same order of magnitude. Indeed,
our results suggest that having simple descriptions of cold pools and warm thermals
is enough to carry most memory. Besides, in our unorganised case, cold pools and

warm thermals are roughly 20km in size, which is consistent.

2.9 Conclusion

This study introduces a framework for distinguishing several types of convect-
ive memory, based on whether or not the memory can already be represented by
the large-scale processes resolved by GCMs. Convection can remember its previous
states through the impact the earlier convection has on the current synoptic state

(involving multiple GCM grid cells) or on the current macrostate (the local GCM
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grid column state), and this large-scale influence of past convection will then feed
back onto the current convection. This type of memory can in principle be cap-
tured by a GCM with an accurate diagnostic convection scheme (one that predicts
convective effects based on the current macrostate). However, convection can also
remember its previous state via persistence of the microstate itself (inside a single
grid cell), which is not resolved. Such microstate memory will not be captured by
a convective scheme unless the parent model carries additional prognostic variables
representing the microstate (such as sub-grid scale Convective Kinetic Energy, cold

pool variables, some measure of precipitation evaporation, or others).

We show that microstate memory is indeed present, and is highly enhanced
by convective organisation. Self-aggregated convection has the most memory, wind
shear organised convection has intermediate memory, and unorganised convection
has the least. Yet, even in the unorganised case, recovery of the RCE state after
a microstate perturbation can require several hours, which is much longer than a
GCM time step (~ 10 — 20 min). When convection is organised, such recovery can
take longer than the diurnal time scale (24 h) in some cases. This is a new and
significant finding which strongly supports efforts to add prognostic variables (i.e.
memory) into parameterizations. It also indicates that the degree of memory is very
sensitive to the degree of spatial organisation, so that a scheme capturing one should
also capture the other. It appears that indeed, the amount of microstate memory is

related to the magnitude of spatial inhomogeneities.

The main sources of microstate memory are found to be water vapour, then
temperature, and then winds. But the importance of winds increases with wind
shear. The memory mostly comes from the lowest part of the atmosphere: the sub-
cloud layer and the shallow cloud layer (up to 700 hPa). For unorganised convection
the sub-cloud layer is the most important, while the shallow cloud layer dominates

for wind shear organisation and even more clearly for self-aggregation.

This suggests memory comes from processes which contribute to the spatial
variance of low-level MSE and/or make convection sensitive to it. This includes
cold pools, or hot thermals, or other rain-associated thermodynamic processes, and

supports parameterizations in these directions. This supports choices made in some

100



2.9. CONCLUSION

previous attempts to include memory: e.g. precipitation evaporation, cold pool

thermodynamic variables.

Some physical interpretation of memory can help explain why the persistence
of micro-scale structures matters for convection. For example, convection will tend
to localize on the maxima of the sub-cloud layer Moist Static Energy (MSE), and
associated cold pools and local moistening by detrainment will favour nearby sub-
sequent convection, creating some microstate memory. These maximum values of
MSE also control the moist adiabat and thus the temperature profile of the whole

domain, creating some macrostate memory.

To further understand the origins of microstate convective memory, subsequent
investigations could experiment with less drastic perturbations, define perturbations
of diagnostic variables such as rain evaporation, assess the sensitivity to wind shear
strength and height, assess the sensitivity to a large-scale vertical velocity forcing,
and repeat the experiments at higher resolution. To narrow down the number of
low-level thermodynamic-based processes involved in memory, we could also use per-
turbations with spatial filtering to determine the scale of the processes or structures

leading to memory.

The study focuses on microstate memory: at this stage, we have not provided
insight on sources of macrostate and synoptic state memory. Presumably, free-
tropospheric water vapour could play an important role in the macrostate memory
| Tompkins, 2001b|, as well as higher-tropospheric temperature |Raymond and Her-
man, 2011], and this could be further clarified by expanding methods such as Kuang
[2010] via introducing time lag. An overall target for GCMs could be to better

represent these three types of memory.

Finally, this study revealed the link between memory and organisation, which
suggests that with improved representation of convective memory, a scheme should
have a better representation of convective organisation |[Tobin et al., 2013]. So
memory could be potentially helpful to improve the representation of organised phe-
nomena in GCMs, such as the Madden-Julian Oscillation, or monsoons. Examples
of this already exist, as seen in the improved representation of MJO by Del Genio

et al. [2015] after adding memory which resides in prognostic cold pools. Their best
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MJO is simulated where memory exists in the scheme, but too much memory also

degrades the MJO: what is needed is the right amount of memory.
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Chapter 3

Isolating microstate memory from

macrostate feedbacks: comparison
between a CRM (WRF) and a

simple stochastic toy model of
convection with memory (the

predator-prey model)

3.1 Introduction

In the previous chapter, our goal was (1) to detect the existence of micro-
state memory in Cloud-Resolving Simulations in Radiative-Convective Equilibrium
(RCE), and (2) to determine its sources from perturbation experiments. However, we
could not completely isolate the microstate memory apart from macrostate memory.

There are two types of evidence for this.

First, the time series of domain-mean CAPE, MSE, T500, and other macro-
state variables show an oscillatory behaviour (Figure 3.1). Note that, except for

precipitation, the variations are of relatively small amplitude compared to the RCE
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Figure 3.1 Response after homogenisation and model restart on a time scale of 24
h, for different experiments where different variables have been homogenised, for
unorganized convection. The variables homogenised are given by the legend (colors,
see table 2.1). These are ensemble averages over 19 members. The response of different
variables is presented: (a) Horizontal average of precipitation rate, (b) Horizontal
average of CAPE, (c) Horizontal average of MSE at 500 hPa, (d) Horizontal average
of MSE in the sub-cloud layer, (e) Horizontal average of the total wind at 500 hPa, (f)
Horizontal average of temperature in the subcloud layer. As shown by the legend, the
lines show the control run (black), single set homogenization experiments on water
vapor, potential temperature, winds, hydrometeors (respectively green, red, dark blue,
orange), and a double set homogenization experiment on water vapor and potential
temperature together (dashed cyan). The total wind is computed as the amplitude
of the 3D wind vector. CAPE and MSE respectively stand for Convective Available
Potential Energy and Moist Static Energy.

104



3.1. INTRODUCTION
(a) HOMOG EXP (b) CONTROL (c) EXP - CONTROL
14 ] —— 24h average 14 —— 24h average 14 —— 24h average
---- first 3h ---- first 3h ---- first 3h
---- last 3h ---- last 3h ---- last 3h
12 124 124
10 10 10, 1
£ E E i
X ~ ~ i
£ 84 £ 84 £ 8
= ot = i
< = = HEH
=) =) =) HIE
s 6] ‘s 61 ‘© 61 11
< kS £ HIH
I 1
1 A}
1 i
4 4 44
1
1
1 o
I 1
1 1
2+ 24 24 U
N0
——f‘ ‘———————--..____________
0 | | ‘ ° | ’ | [ 4=t ‘ |
0 5 10 15 20 ) 5 10 15 20 0.0 01 0.2 0.3
QVAPOR (g/kg) QVAPOR (g/kg) QVAPOR (g/kg)
Figure 3.2 Vertical profiles of water vapour mixing ratio, for different simulations: (a)
With homogenisation of water vapour and temperature (HOMOG EXP) (b) Control
(¢) For the difference HOMOG EXP minus CONTROL. The black lines correspond
to the average for the first 24 h after homogenisation and restart. The red lines
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(a) HOMOG EXP (b) CONTROL (c) EXP - CONTROL
™
14 —— 24h average 141 —— 24h average 14 —— 24h average
---- first 3h ---- first 3h ----_first 3h
---- last 3h ---- last 3h ---- last 3h
12 121 el
\I
1
10+ 101 !
— - - 1
£ E £ !
~ ~ ~ I
£ 8 £ 8 £
= ot - |
= < = \
> o o )
o 6 o 6 ° !
K= < £ ’l
,I
4- 4 //’
2 2 1
1
900 220 240 260 280 300 200 220 240 260 280 300 Z0.10-0.05 0.00 0.05 0.10
Temp (K) Temp (K) Temp (K)

Figure 3.3 Same as 3.2 but for temperature instead of water vapour mixing ratio

value (see the control case, by the black line). Also, not all experiments show a

strong long-lived response of the macrostate out of RCE: most experiments lead to

macrostate recovery after 4 to 5 hours. But the experiment where both water vapour

and temperature are averaged has a special behaviour since even after 24 hours, the

macrostate has not recovered to its RCE value.

respond to homogenisation.
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Figure 3.5 Same as 3.2 but for cloud fraction instead of water vapour mixing ratio

Second, the vertical structure of the macrostate response can be read from the
domain-mean profiles of water vapour mixing ratio (q), temperature (T), relative
humidity (RH), and cloud fraction (Figures 3.2, 3.3, 3.4, 3.5). If there is a difference
between the macrostate response to homogenisation and the control simulation, this
appears on panels (c¢), and it reveals that the macrostate was affected by homo-
genisation. The water vapour macrostate shows a strong response out of RCE in
the first 3 hours near cloud base (~ 600 m). Since the value of the difference in
water vapour between homogenisation experiment and control simulation is much

larger in the first 3 hours after restart compared to the last 3 hours of the first day
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after restart, it reinforces that the macrostate responded away from its natural RCE
fluctuations, which may be expected to feed back on the microstate. Cloud fraction
macrostate response is also interesting as homogenisation led to a decrease in high

clouds, which can have radiative feedbacks on future convection developments.

Because macrostate feedbacks are allowed, the macrostate memory and mi-
crostate memory are coupled: although the previous chapter intended to measure
mostly microstate memory, we might have actually measured the microstate memory
as coupled with the macrostate memory. Can we measure the microstate memory
alone, instead of the coupled memory? To achieve this, we have to isolate the

microstate memory from macrostate feedbacks.

Another major reason to isolate microstate memory from macrostate feedback
is that the macrostate is already represented by any GCM. By isolating the mi-
crostate from the macrostate, we can mimic a GCM that would see no change in
the macrostate and reveal what GCMs actually miss by not representing microstate

memory. So it is a proper testbed for what GCM parameterizations are missing.

3.2 Isolating the microstate memory from the mac-
rostate feedbacks in WREF': fixed-macrostate

experiments and instability

3.2.1 Method for the fixed-macrostate experiments: strong

nudging of domain-mean profiles

In order to isolate the microstate memory from macrostate feedbacks in WRF,
one way is to prevent the macrostate from evolving with time. We do this by
nudging. The general strong nudging method is to add an additional tendency
term in WRF to the typical macrostate variables used by convective parameteriz-
ations: potential temperature (T), water vapour mixing ratio (q), and horizontal

winds (u,v). This term is a first-order relaxation term proportional to the difference
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between the domain-mean value at time t and a target value, as follows:

8(1 . _d - C_Ltarget (3 1)

E B Tnudg

where a is either of (T,q,u,v); t is time, 7,44, is the nudging time scale, a denotes
the horizontal domain-mean average, and Gq,4e¢ is the target value to be imposed

by the user.

The target value is chosen to be the mean RCE macrostate profile when there is
no homogenisation, that is, in the control run. To ensure the macrostate can really
be considered fixed, the nudging time scale has to be quite short. So we will refer
to this method as “strong nudging”. The corresponding experiments will be coined

"fixed-macrostate" experiments since the macrostate is not allowed to vary.

To ensure a strong nudging, we set 7,,4y = 40 s, while the model time step is

9q

5 only depends on

6 s. We impose this term at each grid point, but the value of
(z,t).

There are a few subtleties in the numerical implementation of this method in
WRF, in particular due to the indices to use and to the parallelisation of the code for
a supercomputer (see an example of a strong nudging code in Figure 3.6). It should
also be pointed out that the way the target profiles of T,q,u,v are defined could
be important. To ensure the target profiles are a relatively good approximation of
the RCE state, we decided to define the target profiles by a 20-day average of the
domain-mean fields, with the 20-day period being centred around the day to be run
with strong nudging. Each simulated day would then have a slightly different target
profile, due to the RCE fluctuations in time.

For reproducibility of the results, the following describes the technical details of
the implementation into WREF of the strong nudging method, which is non trivial.
This required a lot of time and many trials and errors before achieving a satisfactory
implementation. The main WRF setup used for these experiments is to apply the
strong nudging from the surface up to the tropopause. The nudging tendency terms
are added not to the prognostic variables directly, but rather to their tendencies. The

actual nudging computations require to call a new subroutine from a new module,
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just before the tendencies are added up to the prognostic variables, at the end of
the time step. Since the model is run on multiple processors, each only having
information on the grid points they are in charge, computation of the domain-
mean value for strong nudging purposes has to be done from a special function
which gathers data from all processors. The loops over which the computations are
done must be coded in tile indices (not in patch indices, memory indices or domain

indices). More details can be found in Figure 3.6.

Applying this method on a test day chosen to be 2007-08-01 (the 62nd day of
the RCE control run, starting from the end of the 61st day) led to a very strong
instability with a huge amount of rain, extremely high local winds, and a highly
cloudy situation (described in detail in subsection 3.2.2). To check whether this
instability was a real physical phenomenon or a numerical mistake, we tried four

modifications to the nudging method:

1. Changing some characteristics of the method used and its numerical imple-
mentation: using tile indices instead of patch indices, forbidding negative val-
ues for water vapour mixing ratio, multiplicative nudging instead of additive
nudging, applying the nudging on tendencies instead of on prognostic vari-
ables, applying nudging in the troposphere only, nudging only in points away

from clouds or humidity maximum.

2. Changing some options in the way to run the simulation: e.g., nudging time
scale value, model time step value, radiation time step value, cold start instead
of restart, damping of maximum vertical velocity option, 6th-order diffusion

option, model configuration option, versions of the libraries used.

3. Applying the nudging on different subsets of the four variables it is supposed
to be applied to: (T,q,u,v).

4. Modifying the initial conditions and the target conditions, by applying the
strong nudging method from a different initial day. Following the way target
conditions are computed, when initial conditions are changed, target condi-

tions are changed as well.

The runs with the different modifications are summarised in the table presented
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00k = kts, minikte, kde-1)
dT_2 strong_nudging(k) = 0.0
END DO

00 k = kts, min(kte,kde-1, 54) | We only nudge up to the tropopause (level 54)
sum_var_hor = 0.
count_hor = 0,
DO j = jts, min(jte,jde-1) !jts ., jte ! jts, min(jte,jde-1)
DO 1 = its, min(ite,ide-1) lits , ite ! its, min(ite,ide-1)
sum_var_hor = sum_var_hor + T_2(i.k.])
count_hor = count_hor + 1.
END DO
END DO
boeeee-- compute global sum now. Maxime Colin 2015-106-18 ------
sum_var_hor = wrf_dm_sum_real ( sum_var_hor )
count_hor wrf_dm_sum_real ( count_hor )
| e e e e e e e e e e e e e e e e e e e e e mm e cmmeeeemmmee e e e
var_hor_average(k) = sum_var_hor / count_hor
dT_2_strong_nudging(k) = - ( var_hor_average(k) - T_target_prof(k) J tau_nudging
threshold_cldfra = @.
DO j = jts, min(jte,jde-1) !jts ., jte
DO 1 = its, min(ite,ide-1) I!its , ite
dT_2 strong_nudging 3D(i.k.j) = 0.
I--- TO IMPOSE NUDGING OMLY OUT OF CLOUDS OR OTHER GIVEN COMDITIONS ---
'if ( cldfraii.k.j) .Tle. threshold_cldfra J then
dT_2 strong_nudging_3D(i.k.j) = dT_2 strong_nudging(k}
T tend (i.k.j) = T_tend (i.k.j) + dT_2_strong_nudging (k) * mutii,j)
tendif

END DO

Figure 3.6 Extract of the implementation of the strong nudging method in WRF code

in the next two pages. Changing the details of the method (see 1) did not particularly
help alleviate the instability problem, it only in some cases made it worse, which
shows that the instability is a robust behaviour of the system under the conditions
which we imposed. The only change that allowed the instability to appear 1.5 times
later than originally was when the nudging was only imposed when humidity was
less than 80% the humidity maximum at each level. So it seems humidity is involved

in the instability, but this change is not enough to solve the instability problem.

Changing the options (see 2) allowed to slightly modify the instability. Most
importantly, using a longer nudging time scale makes the instability appear later.
But it required to have a nudging time scale 22.5 times larger to delay the instability
by only a factor of 2. The problem is we do need a strong nudging if we really want
to achieve fixed-macrostate experiments. These tests also showed that the 6th-
order diffusion option is not appropriate in this setup since it completely gets rid
of convection, which is not desired either. Theses changes reinforce our confidence

that the instability is a real phenomenon, and not an artefact.
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Applying the nudging on different subsets of of the four variables T,q,u,v (see
3) is very instructive. Our methods work totally fine in most cases: convection
is reasonable and stable, and the strong nudging is successful in controlling the
mean profiles. The only cases which develop an instability are when we try to nudge
both temperature and humidity at the same time: the instability only appears when
nudging (T,q), or (T,q,u,v), but nudging (T,u,v) or (q,u,v) for example works totally
fine. This is important to show that our method is valid and that the implementation
has been done successfully: there is no coding mistake. Further, it shows that the
instability mechanism must involve both temperature and water vapour: it seems

to be a thermodynamic instability. Can it be due to phase changes?

Finally, modifying the initial conditions (see 4) brings a new perspective. In
some cases, convection becomes extremely active, the instability grows, and the
system becomes unstable, but in other cases, convection slowly decays to zero. This
shows that there is a diverse range of behaviour: the system presents either a rapidly
growing instability or a decay of convection. In any case, the RCE state is unstable

and the system moves to a new state, which is either unphysical or totally quiet.
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3.2.2 Description of the instability that appears in the fixed-

macrostate experiments in WRF: growth and decay

With strong nudging of the macrostate, aimed at holding the macrostate fixed,
some of our simulations undergo a decay of convection, and some other simulations
develop a growing instability with gigantic convection, depending on the initial and
target conditions. The initial conditions we tested were all extracted from a natural
RCE control simulation without strong nudging, at different days, so with different
RCE state fluctuations (see Section 2.3). With different initial conditions, it does not
take exactly the same time for the instability to appear, develop or decay. However,
there is a consistent order of magnitude of about 10 hours before the instability
becomes visible (Figure 3.7). Among 9 different initial conditions, about half led to

a decay, and the other half to an instability growth.

Simulation Instability? Beginning of instability in OLR movie Beginning of inSI;b(i)l\i,ti}é in Cloud fraction
wrfout_d01_2007-08-01_05:00:00 Yes, with growth 6.5h-8h 75h
wrfout_d01_2007-08-02_05:00:00 Yes, with growth 6.85 h 6.25h-8h
wrfout_d01_2007-08-03_05:00:00 Yes, with growth 11h-13h 145h
wrfout_d01_2007-08-04_05:00:00 Yes, with growth 6.85h-8h 65h-8h
wrfout_d01_2007-08-05_05:00:00 Convection slowly decays to zero 8.25h-9.25h 5.55h
wrfout_d01_2007-08-06_05:00:00 Convection slowly decays to zero 13.5h 10h
wrfout_d01_2007-08-07_05:00:00 Convection slowly decays to zero 75h 6h
wrfout_d01_2007-08-08_05:00:00 Convection slowly decays to zero 8h 5h
wrfout_d01_2007-08-09_05:00:00 Convection slowly decays to zero 10h 6h-11h

Figure 3.7 Two major behaviours of simulations with strong nudging for different
initial conditions: (1) instability growth up to an unphysical and highly convective
state, and (2) a slow decay of convection up to a quiet state with no convection.

To provide more understanding of the growing instability, we chose the be-
ginning of the 62nd day (2007-08-01, time = 61 day) as the initial condition, and
analysed the first day of the simulation after strong nudging method activation.
Note that strong nudging is activated at every time step, right from the initial con-
dition. This particular simulation will be the one analysed in this subsection and

the next subsection.
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Figure 3.8 Snapshots of Outgoing Long-wave Radiation (OLR) in a simulation with
strong nudging which developed an instability. Each panel corresponds to a different
time into the simulation after we started to apply the strong nudging method: (a) 0
h, output=0 (b) 2.5 h, output=10 (c) 5 h, output=20 (d) 7.25 h, output=29 (e) 8 h,
output=32 (f) 8.75 h, output=35 (g) 9.5 h, output=38 (h) 10.25 h, output=41 (i) 12.5
h, output=>50 (j) 15 h, output=60 (k) 17.5 h, output=70 (1) 20 h, output=80. Blue
corresponds to high clouds (low OLR) and red to the surface (high OLR).
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(a) Cloud fraction, output=0 (b) U, output=0
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(e) Cloud fraction, output=40 (f) U, output=40
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Figure 3.9 Vertical cross-section snapshots of cloud fraction (a,c,e,g) and U wind
(b,d,f,h) in the same unstable simulation as figure 3.8. Note that this shows the 3-D
cloud fraction, and that U wind is the wind along the horizontal x-axis. Each panel
corresponds to a different time into the simulation after we started to apply the strong
nudging method: (a,b) 0 h, output=0 (c,d) 7.5 h, output=30 (e,f) 10 h, output=40
(g,h) 20 h, output=80.

In this particular case, the instability develops after about 7 hours, and it
reaches a saturation and thus a new form of equilibrium, after about 18 hours,
as seen in Figure 3.8. While the RCE state has unorganised convection with well
separated clouds, the instability creates an increasing number of clouds, with anvils

that persist increasingly longer, so that in the end the system reaches a state almost
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completely overcast. In this final state, Outgoing Long-wave Radiation (OLR) is low

almost everywhere, except in one small area which manages to remain cloud-free.

The characteristics of the instability can be further understood with vertical
cross-section snapshots (Figure 3.9). In the RCE state, the cloud fraction is small,
there are a few shallow and congestus clouds, and a few larger deep convective
clouds, but with moderate anvils. The horizontal winds are then of the order of 2-3
m/s, as expected for a 1-km resolution. Then the instability develops by creating a
larger number of congestus clouds (7.5 h, output=30), which then quickly lead to
a very large upper cloud fraction (10 h, output=40). At this stage, the winds start
to increase, in the upper troposphere mostly. After the instability has saturated,
the cloud fraction is very large in the whole domain, being almost fully overcast
due to large thick high clouds. The winds then reach values of order of up to 80
m/s throughout the whole domain. This resembles Rayleigh-Benard convection,
but at high Reynolds number, and with moist convection, so that it could be called
turbulent moist Rayleigh-Benard convection. This is nothing similar to atmospheric
convection.

(a) PW before and after strong nudging (b) RH500 before and after strong nudging (C)
72.0 Pot. temp. at lev 30 before and after strong nudging

323.40

54.40

— During strong nudging

70.0 32330 - L

54.00
—Before strong nudging
323.20
68.0 .
53.60 < ]
4§ 323.10 -
66.0 — £

= 53.20

RH500 (%)

k3 ]
= 32300

e
52.80 — r 64.0 322.90 r

— During strong nudging —During strong nudging

52.40 - — Before strong nudging — 62.0 —Before strong nudging 322.80

322.70

52.00 T T
60.00 60.40 60.80 6120 61.60  62.00
Time (day)

60.0 60.00 6040 60.80 6120 61.60  62.00
60.00 6040 60.80 6120 61.60 6200 Time (day)

Time (day)

Figure 3.10 Time series comparing the control simulation without strong nudging
(blue) and with strong nudging, i.e., the same unstable control simulation as figure 3.8
(red). (a) Domain-mean Precipitable Water (b) Domain-mean relative humidity at
500 hPa (c¢) Domain-mean potential temperature at model level number 30 (about
500 hPa). The red curves only start from day 61, when strong nudging is activated.
The blue curves show RCE fluctuations.

To understand how this can happen even though strong nudging is activated
precisely to maintain the RCE macrostate, we compare the evolution in time of a
few key variables in the simulation with strong nudging, and in the equivalent sim-
ulation but without strong nudging (Figure 3.10). The simulation in RCE, without

strong nudging, shows statistical fluctuations of the domain-mean variables around
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its equilibrium (in blue). The strong nudging is activated from time = 61 day,
and we can see the quick adjustment of the domain-mean values immediately after
(in red). The values then remain successfully fixed for approximately 7 hours: the
strong nudging method is effective, and the macrostate is held constant. This is
true on either pressure levels (panels (a,b)) or model levels (panel ¢), for both water
vapour (panels (a,b)) and temperature variables (panel ¢). Suddenly, after about
9 hours, the domain-mean values diverge out of the target values, and after 11.5
to 12 hours they have reached a completely new value (in red), out of the usual
RCE fluctuation range (in blue). The instability takes time to appear, but it then
develops very quickly. The new state reached after the instability has saturated has
larger high-frequency fluctuations, and it seems to be a new stable equilibrium state,
though unrealistic for an atmosphere. Since the macrostate was successfully held
fixed for 7 hours even in a simulation which becomes unstable, it confirms that the
strong nudging method in itself works. But at some point an instability manages to

become stronger than the nudging terms, so that we lose control of the macrostate.

Even though the instability induces a drop of domain-mean precipitable water
(PW) of less than 2 mm between the original RCE state and the new final equilibrium
state, the increase in precipitation is tremendous: from 3 mm/day to 3000 mm /day
(Figure 3.11). The new state is clearly unrealistic. Interestingly, in less than a day,
the instability has pushed the tropopause significantly upwards, which also means
that the tropopause is now much colder. The OLR has reduced to less than 100
W/m? on average. The troposphere, which is usually cooled by radiation, is now
radiatively cooled only up to 5 km. Above 5 km, the troposphere is inversely warmed
by radiation. There is a clear transfer of water vapour from the lower troposphere
to the higher troposphere, as seen in the relative humidity profiles, which could
be partly responsible for the change in radiative heating profiles. The standard
deviation of PW, which is a simple proxy for convective organisation in general,
has significantly increased after the instability develops, since the scale of the new

Iy CC

state’s “clouds” is now much larger. The mid-troposphere has warmed by 0.5 K, and
the cloud fraction has sky-rocketed. Figure 3.11 shows that the instability affects
all variables, and brings the simulation into a new state that does not represent

a realistic Earth-like atmosphere. Still, this new state is a valid state as regards
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Figure 3.11 Time series and vertical profiles of the control simulation with strong
nudging which developed an instability (same unstable simulation as figure 3.8), during
the first day of simulation after we started to apply the strong nudging method. (a)
Time series of the domain-mean Precipitable Water (b) Time series of the domain-
mean rain rate (¢) Domain-mean temperature profiles (d) Time series of domain-mean
OLR (e) Domain-mean total (short-wave + long-wave) radiative heating profiles (f)
Domain-mean relative humidity profiles (g) Time series of the horizontal standard
deviation of Precipitable Water (h) Time series of domain-mean 500 hPa temperature
(i) Domain-mean 3-D cloud fraction as a function of time and model level.

fluid mechanics and thermodynamics, so it is important to understand how a cloud-

resolving model in a simple fixed-macrostate situation can lead to such a behaviour.

The next step is to compare the variables in the unstable situation with what
they should look like if instability had not happened, level by level. In the first
3 hours of the unstable simulation, since strong nudging is effective in controlling

the macrostate, there is virtually no difference between the domain-mean variables
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Figure 3.13 Same as figure 3.12 but for relative humidity

and their targets (red dashed lines in Figures 3.12,3.13,3.14,3.15). But in the last

3 hours of the first day after strong nudging is activated, that is, in the new state

reached after instability saturates, there are large differences with the targets (blue

dashed lines). Up to 6 km, the water vapour mixing ratio is lower than imposed

by the target, while it is larger above 6 km. This makes sense since convection in

the new final state is very violent, thus transporting a lot of water vapour from the
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Figure 3.15 Same as figure 3.12 but for total pressure

lower troposphere to the larger troposphere. Throughout the whole troposphere,
the relative humidity is much lower than the target profiles would require. This is
due to the vertical water vapour transport mentioned previously, but also to the
potential temperature which is larger than the target by roughly 1 K. Except in the
lowest 300 m where it is lower than the target, the potential temperature in the
new final state is indeed larger than the target. In terms of temperature, the values
are greater than the target throughout the troposphere, even close to the ground.
This is probably because of the pressure change: the pressure in the new final state

is larger than the target value, so that even tough temperature near the ground is
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larger than its target, the potential temperature near the ground is lower than its
target. Overall, the troposphere in the new final state is warmer than the target, so

it has dilated, the lower troposhere is drier, and the higher troposphere more humid.

Now the question is: what is the mechanism that leads to this instability growth

and eventually to this unrealistic but stable new final state?

3.2.3 Mechanisms explaining the instability development

To provide further understanding on the instability growth and propose a mech-
anism, it is useful to analyse how the variables can drift away from their target values
imposed by strong nudging, and to do so level by level. We will first focus on the

very beginning of the instability (soon after 7 hours after strong nudging activation).

In the early stages of instability development (Figures 3.16 and 3.17), the water
vapour mixing ratio near cloud base (about 500 m) becomes lower than the target.
Potential temperature and temperature throughout the troposphere become higher
than their target, except very close to the surface where it is lower. Simultaneously,
the pressure near the surface also starts to increase compared to its target. To
understand the instability mechanism, it would have been easier if some variable

anomalies grew before others, to detect causality. Unfortunately, it is not the case.

The evolution in time of the domain-mean anomaly profiles may also useful to
understand the anomaly growth (Figure 3.18). The lowest 6-7 km of the atmosphere
become increasingly dry, while the troposphere between 6-7 km and 12 km becomes
increasingly humid. The upward transfer of humidity can be attributed to the large
increase in convection strength. The whole troposphere is increasingly warm (in
terms of temperature), and it stays warmer than the target. In terms of potential
temperature, the troposphere is also warmer than the target, except in the surface
layer (lower than 300 m) where it is colder. This difference between the temperat-
ure anomaly and the potential temperature anomaly near the surface is likely to be
related to the increase in pressure anomaly with time, which is greater as altitude
decreases from 10 km to the surface. This causes the discrepancy between temper-

ature and potential temperature to be the largest near the surface. And because
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Figure 3.16 Vertical profiles of (a) water vapour mixing ratio (b) relative humidity
(c) temperature, for: (left) The target to be imposed by the strong nudging method
(middle) The control simulation with strong nudging (same unstable simulation as
Figure 3.8), at time t=8.75 h after strong nudging activation (right) The difference
(middle)-(left) between the control simulation at t=8.75 h and the target.
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Figure 3.17 Same as Figure 3.16, but for (a) potential temperature (b) total pressure.

the strong nudging tendencies are imposed in terms of potential temperature (the
actual prognostic variable in WRF), not in terms of temperature, this difference
between temperature anomaly and potential temperature anomaly in the sub-cloud
layer as soon the instability develops may be important. The temperature increase
throughout the troposphere also translates into a slight increase in domain-mean
vertical velocity up to 12 km. Since the system has periodic boundary conditions,
we would expect the domain-mean vertical velocity to be zero if the system was in
equilibrium. But the domain-mean temperature increase, symptomatic of the non-
equilibrium state, causes a dilatation of the atmosphere, and thus a small non-zero
domain-mean vertical velocity. Overall, it seems that all important variables move

away from their target rather at the same time, in a coupled way. We will have to
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Figure 3.18 Vertical profiles of the difference between a variable and its strong nudging
target, at different times of the control simulation with strong nudging (same unstable
simulation as Figure 3.8). Time evolves in each panel from left to right: 6 h, 8 h, 10h,
12 h after strong nudging activation. The variable anomaly presented are (a) water
vapour mixing ratio (b) relative humidity (c¢) temperature (d) potential temperature
(e) total pressure.

find other types of analysis to determine a potential mechanism.

Because of these general differences between the actual domain-mean state dur-

ing instability growth and the targets for potential temperature and water vapour,

125



CHAPTER 3. ISOLATING MICROSTATE MEMORY: CRM & TOY MODEL

the strong nudging tendencies are at each time step: (1) injecting dry static energy
near the surface, (2) reducing temperature in the free troposphere, (3) injecting
water vapour in the lowest 6 km of the atmosphere, and (4) reducing the water
vapour above 6 km. The combination of (1) and (2) results in an increase in CAPE,
thus partly explaining the steep increase in convection activity. The combination of
(1) and (3) results in an increase in sub-cloud layer MSE, thus also explaining the
increase in convection activity because of updraft strengthening and Lifting Con-
densation Level lowering. The strong nudging method is unfortunately in a situation
where it always brings energy and moisture to the lower troposphere, and the system
is efficient enough in exporting this to the higher troposphere via extreme convec-
tion to bring the lower troposphere back to a status where it is deficient in both
energy and moisture. This feeds a continuous cycle of energy absorption by the
system, and therefore help explain the instability growth up to a tremendously and

unrealistically convective state.

To determine a mechanism for this instability growth despite the apparent
coupling of all key variables to drift together, we chose to represent all time series of
such key variables together. Because all have different units and different values, we
rescaled the variables so that they are worth 0 on average over the first few hours of
the simulation, and 1 on average over the last few hours of the simulation, to be able
to precisely compare the variable evolutions together. If a variable v decreases during
the instability, we instead plot 1-v so that it can be plotted alongside increasing
variables. The first part of this analysis is presented on Figure 3.19. It is clear
that for all variables, the fluctuations in the new final state are much larger than
in the normal RCE state. The impact of strong nudging to control not only the
nudged variables, but also their dependants, is visible by the small jump or drop

near time—0.

To better understand the beginning of the instability growth and potentially
detect what is causing the instability in the fixed-macrostate simulation, Figure 3.20
presents the same as Figure 3.19 but zoomed between hours 4 and 10. It seems the
first variable to leave its expected value is the standard deviation of the temper-
ature at 2 m (T2), which is a microstate variable. Then the standard deviation

of MSE in the sub-cloud layer as well as the standard deviation of CAPE start to
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Figure 3.19 Time series of different variables (as indicated by legend), rescaled to
evolve from 0 to 1 throughout 1 day of the control simulation with strong nudging
(same unstable simulation as Figure 3.8). If a variable v was originally decreasing with
time, we plot 1-v so that it can be compared with the other variables. The solid lines
refer to standard deviations (microstate, std) and the dotted lines refer to domain
averages (macrostate, ave). Different colours stand for different variables. T 500hPa
is the temperature at 500 hPa, MSE subcloud is the Moist Static Energy in the
sub-cloud layer, PW is the Precipitable Water, CAPE is the Convective Available
Potential Energy, T2 is the 2-metre temperature, W _700hPa is the vertical velocity
at 700 hPa.

grow, which makes sense since the 2-m temperature will affect MSE and CAPE.
Then the standard deviation of vertical wind at 700 hPa starts to grow. Later, the
mean MSE in the sub-cloud layer decreases away from its target value, then the
standard deviation of temperature at 500 hPa increases, then the mean temper-
ature at 500 hPa increases, then the mean precipitable water decreases, then the

rain rate increases. This indicates the instability grows from the surface up to the
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Figure 3.20 Same as Figure 3.19 but zoomed between 4 h and 10 h after strong
nudging activation.

high troposphere, starting from thermodynamic surface properties, then affecting
the sub-cloud layer thermodynamics, then affecting winds in the lower free tropo-
sphere, then affecting thermodynamic properties in the mid-troposphere, then only
affecting the rain significantly. Another important feature is that the instability
starts from the microstate variables, and then only affects the macrostate. After
affecting the surface microstate, then the sub-cloud layer microstate, then the lower
free tropospheric microstate, the sub-cloud layer macrostate is finally affected, per-
haps as a response to downdrafts generated by the anomaly in standard deviation
of winds at 700 hPa. Then only is the mid-tropospheric microstate responding. So

this instability seems to be growing from the surface to the top, and seems rooted
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in the microstate before affecting the macrostate. This raises the question of the
role of microstate surface fluxes in generating the first anomaly in microstate 2-m

temperature, or other surface and radiative variables.
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Figure 3.21 Same as Figure 3.19 but for different variables (as indicated by legend).
CIN is Convective Inhibition, OLR is Outgoing Longwave Radiation, vel 1st lay is
the velocity in the lowest model layer, THF is the total surface heat flux (latent +
sensible), Q2 is the 2-metre humidity, and T2 is the 2-metre temperature.

It turns out surface fluxes only grow well after 2-m temperature standard devi-
ation, either via their microstate or via their macrostate (Figure 3.21). So they are
not responsible for this instability. Analysing the timing of other variable growth
shows that 2-m temperature standard deviation is definitely one of the first variable
to diverge. Only the OLR microstate and macrostate appear to drift beforehand.
The first point is that all variables in Figures 3.19 and 3.21 behave smoothly,
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by a monotonic increase in their value during the instability, except the standard
deviation of OLR (microstate OLR). And at this stage, we are unable to explain
confidently why. It could perhaps be related to the bounded character of OLR to
respect energy balance. Apart from the standard deviation of OLR, which drifts
away first, it is possible to sort out variables by the time they start to diverge,
starting with the quickest one after OLR standard deviation: OLR average, 2-m
temperature standard deviation, 2-m humidity standard deviation, 2-m humidity
average, first-level wind average and standard deviation, CIN average and stand-
ard deviation, surface fluxes average and standard deviation, and then only 2-m
temperature average. This confirms the instability starts from surface temperature
microstate, then affects surface water vapour, then surface winds, then surface fluxes
and other variables, then 2-m temperature average. The only variable which may
help trigger the anomaly in 2-m temperature standard deviation is OLR, but it is

unclear by which mechanism it could do so.

Possible explanations for the role of OLR would require more careful analysis.
We can speculate in two ways on how a system with fixed macrostate (domain-
mean) temperature (T) and water vapour (q) may regulate itself in response to any
infinitesimal perturbation. The regulation can be achieved either via a change in
clear-sky OLR, or via a change in clouds. Since the microstate is allowed to vary,
and since OLR is non-linear in both temperature and humidity, it is possible that
the T and q microstates become more or less prominent (while still keeping the
macrostate fixed), concentrating more or less of the heat or humidity in a small part
of the domain, thus varying clear-sky OLR to maintain an equilibrium. If the clear-
sky OLR does not vary enough, the only other factor which may regulate the system
is the cloud cover. To create a large cloud cover, strong winds may be plausible,

such as in our experiment.

To summarise, we are facing a rich intertwined instability, which grows in OLR
first, then in surface temperature microstate, to then affect increasingly higher tro-
pospheric variables (bottom-top development). The instability affects the microstate
first, then only the macrostate. The energy and moisture provided by the strong
nudging tendencies to the lower atmosphere is undoubtedly paramount to provide

fuel to convection and an eternal source of energy to the system instability, hence
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the dramatic precipitation rate and winds reached in the new final state. Overall,
this instability only develops in half the cases, depending on initial conditions. The
other final state that the system may choose if initial and target conditions are
appropriate is a completely quiet state with no convection and no clouds. This is
an instability of the formerly stable RCE state (local minimum of potential energy
in phase space) which has probably become a local maximum of potential energy
due to the macrostate being fixed. This twofold instability can evolve in either of
the two directions of the local maximum of potential energy, each direction having
its own “potential well”: exponential growth until a tremendous convective state,
or exponential decay until a quiet state with no convection. The overall behaviour
seems to be an unsuspected convective instability of the RCE state under fixed
macrostate conditions, which has never been reported before. This adds to the
radiative-convective instability of the RCE state to an SST increase reported by

Emanuel et al. [2014].

To simplify, explain, and tentatively understand this twofold convective in-
stability under fixed-macrostate conditions, we propose the study of a stochastic
toy model of convection with memory, to reproduce the results obtained with the

cloud-resolving model.

3.3 A stochastic toy model of convection with memory
to understand microstate memory and WRF

instability: the predator-prey model

3.3.1 Description of the toy model

We propose a stochastic toy model of convection with memory with 3 variables
and 3 equations. The goal is to better understand convective memory, and its con-
sequences in WREF simulations. In particular, it would be important (1) to assess
the role of memory in the instability of fixed-macrostate WRF simulations repor-

ted in Section 3.2, and (2) to help interpret the results from the previous chapter
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(Chapter 2) which did not isolate microstate memory from macrostate memory.

To represent microstate memory, one needs to have a prognostic variable cap-
turing the microstate. We call this variable V and consider it to represent the
small-scale heterogeneities. The most important here is to make sure that V is pro-
gnostic: this is what builds the microstate memory. Since we intend to work on
convection, one also needs a variable acting as a proxy for convection. One could
choose the convective vertical mass flux, but for simplicity we choose an easily ob-
servable variable, precipitation (P). Note that P is a consequence of convection, not
a direct measure of it. But since the time scale for deep convection to produce
precipitation is relatively short, P is probably a good proxy for convection. Finally,
an essential effect to predict convection is the large-scale environment. So we choose
r to be a representation of the large-scale environment, for example the mean pre-
cipitable water. As with a GCM, the large-scale state must be predicted from its
previous value, so we also choose a prognostic equation for r. This gives macrostate

memory to the system.

The physical foundations of the toy model are simple relationships described
here. Precipitable water is decreased by precipitation and increased by evaporation.
The microstate heteorogeneities (V) are formed by convection, so that they increase
when precipitation occurs. They are dissipated by turbulence and friction, and we
capture the natural decay of the microstate heterogeneities by a sink term propor-
tional to V. To produce precipitation, ones requires both a moist environment (high
r) and some small-scale turbulence or heterogeneities (V), so that P is given by a

non-linear relationship involving r and V.

The toy model equation system is as follows:

( Or

— =F,—-P

ot 0

oV

—_— :—adampV+ava+€v (32>
ot
kP ZOépTVeEp

The three model variables are r, the atmospheric humidity (it could also be

understood as the CAPE), P the precipitation rate, and V the small-scale variability
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or variance or turbulence. r and P are macrostate variables, but V is by definition a
microstate variable. Theses three variables are only dependent on time t: it is a 0-D
toy model. The model constants are Fy the evaporation rate, agemp, the damping
coefficient, ay, the sensitivity coefficient of V to P, ap the sensitivity coefficient
of P. Note that if r is understood as CAPE instead of humidity, then Ej is the
effective radiative cooling rate instead of the evaporation rate. Finally, there are
two stochastic variables: ey is an additive stochastic term to the V equation, and ep
is a multiplicative stochastic term to the P equation. The Probability Distribution
Function (PDF) of ey approximately amounts to a normal distribution of mean 0.1
and standard deviation 0.1, whose negative values have then been replaced by 0.
The PDF of ¢p is approximately a normal distribution of mean 1.5 and standard
deviation 0.5, whose negative values have then been replaced by 0 (see the PDFs on
Figure 3.22). The model has been cast in terms of non-dimensional variables and
constants, but the constants can a priori be of any order of magnitude to satisfy the

physics behind each equation.

Note that even though ogum, is the damping coefficient for the prognostic V
variable, and even though it has the dimension of the inverse of time, cgmp is not
the microstate memory itself. Microstate memory lies in the fact that the microstate
variable V obeys a prognostic equation, not in the value given to agm,. To measure
the microstate memory of the whole system, we still prefer to use the recovery time
scale to initial perturbations of the system as a proxy. While ogem, can contribute
to establishing the memory of the system, it may not be the only active factor in

the memory process.

The physics of the model necessary to justify the three equations is summed up

in Figure 3.23, and detailed below equation by equation, based on physical intuition.

Equation 3.2 for r

One can justify associating r with either Humidity (e.g. Precipitable Wa-
ter (PW)) or Convective Available Potential Energy (CAPE). If we interpret r

as PW, then this equation is just water conservation: the water vapour in the
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Figure 3.22 (left) Normalised PDF of the additive stochastic term in the V equation
(right) Normalised PDF of the multiplicative stochastic term in the P equation.

Humidity Variance

Figure 3.23 Schematic of the physics behind the toy model: the atmospheric humidity
represented by a single variable r has a source term, evaporation Ey (denoted by E
here), and a sink term, precipitation P. The key variable in this model is the variance
V, representing the microstate turbulence or microstate variability /heterogeneity.

atmosphere is a balance between surface evaporation and precipitation. If we in-
terpret r as CAPE, there is a balance between free-tropospheric radiative cooling
which steadily increases CAPE (FEjy), and free-tropospheric heating due to convec-
tion/condensation /precipitation, which reduces CAPE (P). In both interpretations,

Ey is a source term, P a sink term, and this leads to a budget equation.

Equation 3.2 for V

V is abstract, but it can be interpreted as the turbulent kinetic energy. Since
precipitation involves localised heating, P should generate V: when creating pre-

cipitation, convection introduces some turbulence and creates coherent microstate
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structures increasing the variability. Surface heating should also generate V, hence
the positive stochastic term ey,. Otherwise, V should decay with time due to friction,
therefore the first term on the right-hand side is simply expressed as an exponen-
tial decay. If we instead interpret V as boundary-layer heterogeneity (or microstate
variability), convective drafts create cold pools and other types of heterogeneity,
so precipitation generates variability. Many other phenomena can create some het-
erogeneity, such as surface fluxes (through dry convection) or radiation, hence the
positive stochastic term. On the other hand, mixing and friction eventually elimin-

ate heterogeneity, which justifies the exponential damping term.

Equation 3.2 for P

The more humid the atmosphere, the more likely it is to rain, the higher the
precipitation. For example a more humid environment will favour precipitation
by entrainment of more humid air, and reduced evaporation of falling rain. More
variability V implies more areas with higher sub-cloud MSE and stronger wind
convergence so enhanced convection and increased rain. This somehow reminds of
the “natural selection” of updrafts by convection [Mapes and Neale, 2011]. Therefore,
P should be increased by RH or CAPE, and by V. But the exact form of this equation
is somewhat arbitrary. So this equation is a form of diagnostic parameterization for
P. Here we chose to make P depend on the product of R and V| since this obeys
the “ingredients” idea of convection which states that several ingredients are jointly
needed (usually thermodynamic instability + lifting, perhaps other factors) so that
convection can actually happen. In particular, a large CAPE alone or a large lifting
alone will not be sufficient: the other also has to be present. This justifies that
the product of r and V, rather than the sum, is generating P, assuming that r
is analogous to instability and V to lifting. Precipitation is also modulated by a

stochastic number usually greater than 1.

Summary
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We have now postulated a system of stochastic non-linear ordinary differential
equations with memory. The microstate memory comes from prognostic equation for
the microstate variability V, while the macrostate memory is the water conservation

formulated as a prognostic equation for r.

Derivation attempts

While we set our equation system by intuition and induction, it may be possible
to derive it based on basic physical equations. Equation 3.2 for r can easily be derived
from water conservation, since the atmospheric humidity variable has a source term
(evaporation) and a sink term (precipitation). From the water vapour equation,
written in terms of water vapour mixing ratio q and wind #, one simply has to

neglect the advection term:

q9 -
— Nq=FEy— P 3.3
ot +u.Vq 0 (3.3)
Despite being less direct and not as compelling, it may be possible to establish

Equation 3.2 for V from the dry static energy budget:

% +@.Vs =P+ R+ Sens (3.4)

where s is the dry static energy, P the precipitation (directly related to convective
latent heat release), R the radiative warming (which we expect to be negative on
average), and Sens the surface sensible heat flux. We can introduce a Reynolds’
decomposition to extract an equation for the local departures (microstates, denoted

by ’) to the macrostate averages (denoted by ~). We thus write:
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By subtracting the average equation from the full equation, we get an equation

for the microstate:

0s'
ot

+a@Vs' + @' Vs+a@' Vs' —i@' Vs' =P+ R'+ Sens’ (3.6)

If we now (1) parameterize the numerous non-linear advection terms into a
simple exponential decaying term, advocating that the dynamical terms have a

damping effect on any gradient, effectively acting to ensure stability:

Vs' +i' Vs+i'. 3’—6’.63’:adamps’ (3.7)

1
<

and (2) approximate part of the right-hand term as a small stochastic forcing: R’ +
Sens’ = g4/, advocating that the radiative and sensible heat flux time scales are
much slower than the precipitation time scales, R’ and Sens’ thus varying spatially
at a much slower pace, which makes them small compared to the precipitation

forcing, we obtain:
s’
ot

= —Qdamp $' + P+ &5/ (3.8)

Naturally interpreting s’ as the microstate variability V, we obtain an equation
particularly similar to the Equation 3.2 for V in our model, which could complete

the derivation.

Nevertheless, one objection could be coming from the positivity of the right-
hand side terms, which is assumed in Equation 3.2 for V, but not guaranteed by
Equation 3.8. A second attempt to prove our Equation 3.2 for V would be to

multiply Equation 3.8 by s’, thus obtaining on equation on s’*:

Os "
ot

= —ldamyp ' s? 425 P'4em (3.9)

where the constants have been renamed to absorb various factors: agamp’ = 2damp

and egm = 28" g4,

Since s'* is a positive term, it can be even more satisfyingly interpreted as V.
In the rest of the derivation, we therefore set V = s>, As P’ should have the same

sign as s’ most of the time, s’ P’ should be a positive term too, as expected by the
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ayp, P term. This guarantees all expected positivity. The equation becomes:

oV
E:—adamp/‘/—{—Q\/vp/—i—Esm (310)
We can now modify the exact formulation of the parameterization for P by

altering the exponent used for V to 0.5, since our first choice of an exponent of 1

was arbitrary. It leads to the following system:

( Or

— =F,—P

ot 0

ov

E = _adamp, V+2 \/VP, + Egm (3'11)
\P :Oépr\/v&p

To complete the second derivation, we now have to assume P = P’ and
there is admittedly no good reason for that. Because of the fundamental difference
made here between macrostate and microstate, it is even most likely wrong. This
is unsatisfying and would require additional work. However, if we were to assume

this, the system would become close enough to our postulated model:

( Or

EAR A L

ot 0

ov

E = —Odamp Vv + ayp \/VP, +5V (312)
P’ :Oépr\/VEP

renaming all the constants as required. Even though we have modified the exponent
of V in the parameterization for P, it still gives the same non-linear product of r
and V as the source term for the equation for V. The prognostic equation for V is

therefore functionally unchanged.

None of the two derivations of the Equation 3.2 for V proposed here is a com-
plete derivation. But they still show that this equation is vaguely grounded in basic

principles.
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Comparison with other toy models

Finally, even though this is unintentional, our equation system resembles Yano
and Plant |2012a]. Although our context is different, and our justification non-

related to theirs, there is a parallel between these systems. Recall their equations:

(dA

— =F-9M

dt Y Mp

d_K =—D+ A Mg (3.13)
dt

\K = [ MgP

where A is the cloud work function (similar to CAPE), K the convective kinetic en-
ergy, Mp the cloud-base mass flux, F the large-scale forcing, v a convective damping
coefficient, D the dissipation, § a proportionality constant, and p a positive expo-
nent, Then they assume p = 1 and D = % where 7p is a dissipation time scale.

Their equation system becomes:

(dA

— =F-vM

dt Y MB

dK 1

— =—— K+ AM .

7 ™ + B (314)
1

My =-

7B

This system is quite similar to our system, except that (1) there is no stochastic
term and (2) the formulation of the non-linearity is slightly different. Indeed, our r
can be interpreted as CAPE, similar to their cloud work function A, our evaporation
E is similar to their external large-scale forcing F, our precipitation P must behaves
closely to their cloud-base mass flux Mg, our aygm, is the equivalent of the inverse of
their 7p, and our microstate variability reminds of their convective kinetic energy K.
One important difference is that our non-linear term is in the diagnostic equation,
which thus impacts both prognostic equations, while their non-linear term is directly

a source term for K, which only impacts one of their prognostic equations. If we
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substitute a new variable X = %, we can better compare the two systems:

(dA

X —_F-~NM

dt Y MB

dX 1 X dA

X4+ My-= ,

dt ™ M= (3.15)
1

Mg =-AX

7 8

This new formulation of their system shows that the difference with our system

X dA

of equations can be reduced to a a single term: they have an additional term —= <=

This confirms that our systems are similar but different, even without considering the
stochastic terms. Since their system showed a periodic cycle based on the recharge-
discharge mechanism, we are quite confident that our system captures the essence of
a memory behaviour: a delay or phasing between variables due to a need to exceed

some non-linear thresholds (the recharge and discharge processes).

Other toy models for memory have been proposed. The model by Davies et al.
[2009] is a linear system of equation, in which non-linearity is introduced as an
external condition to the system. And it shows a very interesting sensitivity of the

qualitative nature of the convective diurnal cycle to the memory time scale.

Description as a predator-prey model

Our toy model (Equation 3.2) turns out to be a predator-prey model. Combin-
ing the equation for P, it can indeed be written as a system of two coupled non-linear
equations, with the non-linearity being the product between the two variables, in

both equations, but with a different sign.

0
8—: :EO—(IPTV€P
(3.16)
oV
a5 = —Qdamp V +aypaprVep+ey
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Neglecting the stochastic terms for simplicity, the system reads:

% =Ey—aprV

(3.17)
oV
s = —Qamp V +aypaprV

The canonical predator-prey system (also called Lotka-Volterra equations) is

the following:

% = az — fry

(3.18)
9 __ + oz
ot 7Y Y

where x is the number of prey, y is the number of predator, and «, 3, 7, § are

positive real parameters.

Our toy model system is a predator-prey model, except that unlike the typical
predator-prey model which has an exponential growth of prey if no predator is
present, our model only describes a linear growth of the prey if it is not consumed
by the predator (through the constant Ej). In other words, the reproduction rate of
r is linear with time instead of being exponential. However, this discrepancy with

the canonical system is not key here.

By analogy, the prey is r (humidity, or CAPE), and the predator is V (boundary
layer microstate heterogeneity). In other words, the rabbits are the macrostate r,
and the foxes the microstate V. The microstate structures are thus “hungry” for

convective instability.

Why isn’t P (or convection) the predator instead of V7 First of all, the pred-
ator is V and not P from the equation system shown above. It would not be very
natural to have a prognostic equation for P since precipitation is rather a short-
term and small-scale process compared to the microstate heterogeneities that we
try to describe here. Second, the previous chapter showed that there is practically
no memory stored in the hydrometeors whereas most memory is stored in bound-
ary layer thermodynamic heterogeneities, which V is meant to capture. Third, P
is different from convection. If one considers that a model where convection is

the predator of CAPE or humidity makes more sense, then V can arguably be a
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better description of convection than P. The low-level thermodynamic turbulence
may indeed be well correlated with convection, while P is more clearly an effect of

convection, with some lag relatively to the convective life cycle.

Predator-prey models are commonly used in biology and ecology |Holmes et al.,
1994]. They have also been studied by mathematicians and physicists [Arneodo
et al., 1980], sometimes in the context of fluid mechanics |Garcia and Bian, 2003].
But it has rarely been applied to convection in atmospheric science. There are
three examples. Koren and Feingold [2011] used a predator-prey model to explain
aerosol-cloud-precipitation feedbacks. Feingold et al. [2015] used a similar approach
for the question of transition between open cloud cells and closed cloud cells. Nober
and Graf |2005] built an interesting convective parameterization as a predator-prey
model extended to a spectrum of prey, which may be a similar philosophy to the
full spectrum of plumes in Arakawa and Schubert [1974]. We hereby present how to

use a predator-prey model to understand convection and its memory.

3.3.2 Analytical analysis of the toy model

Non-dimensionalisation and canonical system

First, we will strive to learn as much as possible about the toy model by con-
ducting an analytical analysis of the equation system. Throughout this analytical
analysis, we neglect the stochastic terms for simplicity. As a first step, we non-
dimensionalise the equations to absorb all constants and express the equations in a

canonical way. Let the new non-dimensional variables be:

(

/
t = Oldamp t
ay, O p
r' =2
Adamp
ap
Vi = 4 (3.19)
Adamp ’
pr =222 p
AXdamp
Qyp Ap
I p
Ey' = —— Lo
\ Adamp
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Combining P’, we have the canonical system:

( /
g:/ :EQ/—’I"/V,
/
%‘; V' (' —1) (3.20)
P/ :T/V/

Stationary solutions

The stationary solutions of this system are such that:

or'
ot’
ov'’
ot’

—0
(3.21)

We conclude there are two stationary solutions. The first one verifies: V' =
and Ey’ = 0. Since we do not intend to impose a null evaporation condition, and
since having no homogeneity at all is not interesting, we disregard this case. The

only other stationary solution is:

r’ =1
V' =E, (3.22)
P =FE,

Linearisation and consequences

Then, we can substitute the perturbations away from the stationary solution

as new variables, following:

/

r =14z
(3.23)
VI =Ey+y
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The full equation system becomes:

ox

a7 =—y— (B +yx

aat (3.24)
Y /

7 _(E

ot (Eo' +y)x

We can now easily linearise the system around the stationary solution (now

formulated x = 0 and y = 0):

ox

g =y B

; (3.25)
—y = EOI.T

ot’

This is a system of coupled linear ordinary differential equations. A single equa-
tion can be expressed by differentiating the first equation in 3.25 and substituting
the other one:

Pu ,O0x

This is the equation of the damped harmonic oscillator. Recall the typical
formulations:

O ox 5 Pr  wy Ox

o2 T A wog g Fwr = t’2+Q8t’+w0 *r=0 (3.27)

By analogy, we can extract the natural frequency wy of the linearised system,

the oscillator quality factor Q, and the damping ratio (:

_ \/E_O/ _ \/ OéVpaPEO
Adamp
1 1 Qdam,
{Q =—= = P 3.28
wo vV Ey' \ OévpCYPEo ( )
) Ey’
kC 2 2

Depending on the sign of Q) — %, i.e., depending on the sign of ( — 1, the solution
is either an overdamped, critically damped, or underdamped oscillator. But in any

case, the solution converges back to zero after about ) pseudo-oscillations at the
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frequency wy.

To give orders of magnitude, let us estimate the oscillator parameters. We
arbitrarily choose ap = 0.1, ay, = 0.5, E = 1, and agamp € [0,1]. Let T be the

period associated with wy. This leads to:

1
B =-—
0 20 O gamp?
1
wWo =
447 agamy (3.29)
Q =4.47 AXdamp
(T =271 % 447 Qgamy

The natural frequency of the linearised system is thus approximately within

[0.2, +00] and the quality factor within [0,5], in the ¢’ variable. Based on equa-

tion 3.19, there is a factor of adl to convert from the ¢’ to the t variable. All the
amp

oscillator properties who have a time dimension must therefore be re-dimensionalised

by this factor to convert them in actual time t unit. It means that in the actual

time variable t, the linearised system has the following properties:

( 1
Wot = Qdamp Wo — m
Qt :Q = 4.47 Qdamp (330)
1
T, = T' = 2m % 4.47
\ Qdamp

In the t variable, the period of the linearised system is 27 % 4.47, which is approx-
imately equal to 28 time units (independent from agem,). And the quality factor,
unitless, is still within [0, 5]. This is an important source of information to analyse

the toy model.

Full non-linear system

However, the toy model is non-linear by nature. To resolve the full non-linear

system, the usual method would require to use elliptic functions, which does not
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give enough information (since elliptic functions do not have a direct expression)
and is out of scope. Yano and Plant [2012a] manage to find a simple expression
for the full non-linear orbit by separating the variables, but this does not work with
our equation system. It is possible to express the full system as a simple unique
equation:

L py=—— (3.31)

But this does not lead to a complete solution since it uses an integral of %, which
is unknown. Therefore, we will not go any further in attempting to solve the full

problem.

Fixed-macrostate condition

In WRF, we wanted to hold the macrostate fixed to its RCE value by strong
nudging (subsection 3.2.1). Mimicking what we did in WRF, we can also hold the

macrostate fixed in the toy model. This amounts to imposing ' = r’'gcp = 1, that

ST =rgcEg = % The equation system without stochastic terms then becomes:
(Or
- =90
ot
oV
_—_— = —adamp V =+ Oévp P (332>
ot
L P =QapT \%
This system can be reduced to:
oV
E = (an &p TRCE — adamp) Vv
(3.33)
P = &p TRCE \%

Re-injecting the condition that we fix the macrostate to its RCE value, we get

the equation:

oV
_ 34
5 =0 (3.34)

So the solutions to the fixed-macrostate problem are V' = constant and con-
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sequently P = constant. All three toy model variables should be constant, in the
case without stochastic terms. If we were to include the stochastic terms, the RCE
state could be slightly modified, and under fixed-macrostate conditions, V should

mainly be the integration of the stochastic term ey, i.e., a Markov chain (a random

walk):

(

R = TRCE

oV

o (= Qdamp + avpaprrepep) V + ey (3.35)
\P =aprrce V ep

Experimentally, in a real or simulated system, it is impossible to perfectly fix
the macrostate to its RCE value. There is always a small inaccuracy. We denote
0" = Tigrget — Trep this small inaccuracy, with r,4e¢ the target value actually

imposed and rrcg the ideal RCE value. The system becomes:

ov
5 = (avp ap [rreg + 0r] — adamp> \%
(3.36)
P = Op Ttarget V
Re-injecting the value of rrog, we finally have:
oV
5 = Qvpar orV (3.37)

This is an ordinary first-order differential equation, which leads to an exponen-

tial behaviour of V. The exponential time scale is:

1

ayy ap |0r]

(3.38)

Tfized—macrostate —

The time scale Tfized—macrostate 15 very large if or is very small. Depending on the
sign of dr, V is an exponential growth to infinity, or an exponential decay to zero.
Since P is proportional to V, it follows the behaviour of V: an exponential growth

or decay of relatively long typical time scale.
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A toy model without microstate memory

To assess how much of the toy model behaviour comes from microstate memory,

we can also decide to solve for a model without microstate memory. One way to do

this is to replace the prognostic equation for V (the one responsible for microstate

memory) by a diagnostic equation, with a similar physical link that P increases V.

For example, we could write:

% :anP+€V

P :OépTV€p

\

If the macrostate is held fixed to its RCE value:

(
r =TRCE

\% :OéVpP—|—€V

P =aprpeceVep
\

This leads to a direct analytical solution:

= TRCE

&v

1 —aypaprreeep

=aprrce V ep

(3.39)

(3.40)

(3.41)

For a toy model without microstate memory, the solution under fixed-macrostate

conditions is a series of stochastic numbers following the formulations in Equa-

tion 3.41: at each time t, each variable value is independent from its past value. So

each time step is similar to a new jump out of the origin of the domain. This is

very different from the solution of the toy model with microstate memory, and un-

der fixed-macrostate conditions, i.e. a Markov chain, since a Markov chain always

remembers its past value to advance a time step. In this case, each time step is
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similar to an additional jump, but starting from the previous position, not from the
origin of the domain. So microstate memory does matter under fixed-macrostate

conditions, even with stochastic numbers.

3.3.3 Numerical integration of the toy model: RCE runs

To fully exploit the toy model, we solve it numerically. The general method is
the following. We choose a very simple explicit forward first-order numerical scheme
in time. We first solve for r, then for V, then for P. The stochastic terms are built
from a Gaussian PDF modified to follow the rules specified in subsection 3.3.1. A
general stochastic time series is then defined for each stochastic number ey or ep. To
increase the statistical significance, we need to use an ensemble made up of several
members (typically 100 or 1000). Each member is a restart of the RCE Control run,
starting from a different time. The RCE state is computed by averaging a numerical
integration without any forcing nor perturbation over a long period (typically 200
or 1000 time units). Homogenisation experiments are carried out by setting all

microstate heterogeneities to zero (i.e., V = 0) before restarting the toy model.

We use two different methods to define the stochastic terms. In the default
method, the stochastic time series corresponding to a member is taken from the
general stochastic time series defined for the control run, but starting from the
member’s restart time. As a result, two consecutive members, starting for two
consecutive time units, have a stochastic time series shifted by one time unit. In
other words, both members use a different stochastic time series, but with a 1-time
unit lag-correlation. In the alternative method, each member uses a completely
independent time series for their stochastic terms. So in this case, there is no lag-

correlation among stochastic time series for different members.

Several variations of the toy model have been used to further understand its
behaviour: different method for the stochastic terms, fixed random seed, varying
ensemble size, varying the RCE computation duration, ability to have memory or
not, etc... These have generally shown consistency with the previous results, so that

we will not dwelve on this any longer.
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3.3.4 Oscillations in the free RCE experiments

P, Free, @ymp=0.3, 100mem r, Free, ay;mp=0.3, 100mem V, Free, agamp=0.3, 100mem
6
1.4 w— CTRL 25
12 5 —— V=0,Mtd=2
. 2.0
£10 Ta s
508 H S15
o 03 °
Sos £ £
a0 ,_ S10
0.4
0.2 m— CTRL 1 0.5 m— CTRL
’ —— V=0,Mtd=2 —— V=0,Mtd=2
0.0 0 0.0
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
time (no unit) time (no unit) time (no unit)
P, Free, a4amp=0.3, 100mem r, Free, d4amp=0.3, 100mem V, Free, ag;mp=0.3, 100mem
1.4 — CTRL 6 — CTRL 2.5 — CTRL
—— V=0,Mtd=2 —— V=0,Mtd=2 —— V=0,Mtd=2
1.2 5
z10 AR RPN RRAR SRR I~ s
30N I - g
508 5 s 1
g g3 g
= 0.6 £ £
a -5 >
0.4
0.2 1
0.0 0 0.0
0 100 200 300 400 0 100 200 300 400 0 100 200 300 400
time (no unit) time (no unit) time (no unit)

Figure 3.24 Responses of (left) P, (middle) r, and (right) V, for the toy model under
usual RCE conditions, i.e, without strong nudging (“Free” runs). The top row presents
the first 25 time units after homogenisation, and the bottom row the first 400 time units.
The black line shows the RCE time series if no homogenisation is performed (Control),
the blue line shows the time series after homogenisation (V=0). All simulations have
been done with agqmp = 0.3. Plots show the ensemble average over 100 members.

The results presented in Figure 3.24 show that homogenisation leads to damped
oscillations back towards the RCE state, for all three model variables. After homo-
genisation, precipitation first decreases strongly, then increases to a value higher
than the RCE state, starting an oscillation which is quickly damped. Because we
solve for r and V before solving for P, it takes one time step for the whole model to
feel the feedbacks from other terms, hence the non-differentiable (angular) point seen
in all three variables at t=1 after homogenisation. On longer time scales, the toy

model follows perfectly the fluctuations of the RCE state: it has perfectly recovered

from homogenisation.

We can now compare numerical results and analytical results. The typical
period of the oscillations is approximately 20 time units, in all three variables. Recall
that we found in the analytical analysis of the linearised equation system that the
period should be about 28 time units. So there is a relatively good agreement
between the analytical result from the linearised model and the numerical result

from the full model.
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Figure 3.25 Responses of P to homogenisation in the toy model under RCE conditions,
i.e, without strong nudging ("Free” runs). (a) For a toy model in the default config-
uration. (b) For a toy model where all stochastic terms have been turned off. Each
row is for a different value of aggmyp, from 0.1 at the top to 0.9 at the bottom. The
black line shows the RCE time series if no homogenisation is performed (Control), the
blue line shows the time series after homogenisation (V=0). Plots show the ensemble
average over 1000 members.
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We now analyse the sensitivity to cgemp. When writing the toy model equations,
we introduced agm, as a coefficient to damp the microstate heterogeneities. The
hypothesis could be that the more damped V is, the less it is able to carry its value
forward in time, the less memory we expect. To test this thinking, we can assess
the influence of agqm, on the homogenisation recoveries (Figure 3.25). With a larger
damping coefficient, the oscillations have a smaller amplitude, which is consistent
with our intuition about the damping term. Nevertheless, oscillation frequency is
almost unchanged (slightly reduced only) with a larger damping coefficient. This
shows that the aforementioned hypothesis is not valid in terms of time scales. With
the linearised analysis, we also showed that the oscillation period should be inde-
pendent from qgg,p. The slight reduction of frequency with increased ovgqm, can thus
be attributed to non-linear effects. This confirms the validity of a linear approach
in the RCE runs, even for homogenisation which is not a small perturbation of the
system at all. It also demonstrates that, at first order, the memory time scale in
RCE is not sensitive to agemp: the damping effect may play some secondary role on

memory, but at least it does not control the memory.

When stochastic terms are turned off, the ensemble-mean of all toy model runs
behaves almost exactly as when they are turned on. This shows that the stochastic
terms are not crucial to understand the response to homogenisation from the RCE

state, at least in terms of ensemble mean.

The spread between ensemble members may be important to check (Figure 3.26).
There is a significant spread between the 1000 members, although the general os-
cillatory tendency is confirmed by the overall shape of the spread boundaries. This

result is consistent with both methods to set the stochastic terms.

3.3.5 The stochastic toy model reproduces well the key memory
aspect of the CRM

To test how realistic our toy model is, we can compare the results we those
obtained in similar homogenisation experiments in WRF, as detailed in chapter 2.

It is clear that we can compare the toy model’s P variable with WRF' precipitation
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Figure 3.26 Same as Figure 3.25 but with the spread between ensemble members
added in gray, relative to the ensemble average in blue. (a) For a toy model in the
default configuration except that the RCE state was computed over 1000 time units
instead of 200. (b) For a toy model in which the stochastic terms were calculated in
an alternative way (each member having a different stochastic time series), and in
which the RCE state was also computed over 1000 time units instead of 200.
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rate. As for r and V, it is less clear which variables they should be compared to,
but the significance of toy model variables presented in subsection 3.3.1 can guide
us. We also heuristically determine that the best homogenisation that should be
compared with the toy model is the one where both humidity and temperature are
homogenised.
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Figure 3.27 Comparisons of the responses to homogenisation of different variables in
WRF (top row, see chapter 2) and in the toy model (bottom row). (left) Precipitation
rate, (middle) Horizontally-averaged water vapour mixing ratio in the sub-cloud layer
(humidity macrostate), (left) Standard deviation of water vapour mixing ratio in
the sub-cloud layer (humidity microstate). The black line shows the response if no
homogenisation is performed (Control, RCE state), the blue line shows the response
after homogenisation (V=0 in the toy model, homogenisation of potential temperature
and water vapour in WRF).

The best comparison is achieved with WRF sub-cloud layer humidity (Fig-
ure 3.27). This makes sense since r can be considered as the domain-mean humidity.
The precipitation response is surprisingly very similar, though the oscillations do
not resemble a damped harmonic oscillator as much in WRF, as they do in the toy
model. The response of the macrostate (r in the toy model, horizontal average of
sub-cloud layer humidity in WRF') match extremely well. The general shape of the
microstate response (V in the toy model, horizontal standard deviation of sub-cloud
layer humidity in WRF) is also well reproduced. In particular, the angular behaviour
of the toy model after 1 time unit is almost visible in the WRF humidity microstate
after 20 minutes. However the WREF response does not show any pseudo-periodic

behaviour since the response never exceeds the RCE state value, contrary to the
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Figure 3.28 Same as Figure 3.27, but for different variables in WRF to be compared to
the toy model’s r and V: (left) Precipitation rate, (middle) Horizontally-averaged CAPE
(CAPE macrostate), and (right) Standard deviation of CAPE (CAPE microstate). In
the WRF plots, additional lines have been left where different variable subsets are
homogenised (see legend). It is still the homogenisation of both potential temperature
and water vapour that compares best to the toy model.

toy model. Overall, it is satisfying that the toy model, built to capture convective

memory, does reproduce the WREF response to homogenisation so closely.

Another comparison can be drawn with the other interpretation of r: CAPE.
The toy model also seems to represent quite well the CAPE macrostate and micro-
state responses (Figure 3.28). The CAPE macrostate does not compare as well as
the humidity macrostate, but the overall behaviour is still well explained by the toy
model’s r variable. The microstate CAPE response and the microstate humidity
response are very similar, so they compare as well with the toy model’s V variable.
So the toy model does manage to capture both humidity and CAPE responses to

homogenisation, in both a macrostate and a microstate sense.

Other WREF variables show some similarities with the behaviour to our toy
model after homogenisation: 500 hPa water vapour, sub-cloud layer temperature,
precipitable water. But these variables do not match as closely as the the sub-cloud
layer humidity and CAPE. The precipitable water is an interesting case, since its
macrostate only loosely matches r, but its microstate does match V in a nice way.

Although it is elegant to compare a single WRF variable’s average and standard
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deviation with the toy model’s r and V, this is not a requirement of the toy model:
V is the overall heterogeneity of the domain, not only the unresolved standard
deviation of r, whatever r is. Actually, there is no reason for V and r to be based on
the same state variable. V could plausibly be Turbulent Kinetic Energy (TKE), but
r would clearly not be the mean kinetic energy. However, in the WREF responses,
we find that TKE only partly matches with toy model’s V. To conclude, it appears
V would be the standard deviation of precipitable water, and r would be the mean

sub-cloud layer humidity.

The close resemblance between the toy model responses and WREFE responses
gives us confidence that the toy model reproduces the key aspects of memory. Fur-
thermore, the toy model is built on r, which represents humidity or CAPE, and it
does match best with the experiment where both water vapour and temperature
are homogenised in WRF. Therefore, the same quantity found to control memory in
Chapter 2 also matches the behaviour of V, which makes a strong argument for V
mainly being sub-cloud thermodynamic heterogeneity, and in particular sub-cloud

moisture heterogeneity.

3.3.6 Interpretation of the CRM instability to fixed macro-

state experiments by a Markov chain

One advantage of the toy model is that we can reproduce the fixed-macrostate
experiments to try to isolate microstate memory, which showed an instability in the
WREF model (Section 3.2). Do we manage to avoid the instability in the toy model?

Or else if the instability appears, can we learn more about it?

When the macrostate is held fixed in the toy model (Figure 3.29), there are no
more damped oscillations of period 20 time units as we saw in the “Free” RCE runs
(Figure 3.24). Instead the responses are more similar to exponential approaches.
On long time scales, the toy model state does not come back to the RCE state, but
to a different value (for either P or V). [The time series of P and V on long time
scales show a response which first exceeds the final value, then decreases towards

the final value. This somehow resembles the responses under “Free” RCE conditions,
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Figure 3.29 Same as Figure 3.24 but for a toy model under fixed-macrostate conditions
(“strong nudging” runs). The top row presents the first 25 time units after homogenisa-
tion, and the bottom row the first 800 time units. The black line shows the RCE time
series if no homogenisation is performed (Control) and with free macrostate; the blue
line shows the time series after homogenisation (V=0) and under fixed-macrostate

conditions. Stochastic terms are activated, and plots show the ensemble average over
1000 members.

but with a much smaller amplitude and a much larger time scale, so it may not be

relevant. |

The final state reached by fixed-macrostate experiments takes a very long time
to eventuate, and is very sensitive to tiny differences in the macrostate. Contrary
to WREF, r is successfully nudged throughout the simulation, by construction of the
fixed-macrostate experiments in the toy model. However, it is impossible to impose
the exact RCE value to r. Consequently, r is sometimes nudged slightly too high,
which makes P and V reach values higher than their RCE states (Figure 3.29). In
other cases, r is nudged slightly too low, and to within positive stochastic terms,

this leads to P and V reaching lower values than their RCE state.

We now analyse the sensitivity to @gam, (Figure 3.30). With higher damping
coefficient, the response time scale seems to be much shorter, and the system ap-
proaches its final value earlier. In all cases, precipitation never recovers to exactly
the RCE value: it reaches greater or smaller values, depending on the value of im-
posed r. Overall, the impact of stochasticity seems larger under fixed-macrostate

conditions: with fewer degrees of freedom, the system cannot adjust as easily to its
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Figure 3.30 Same as Figure 3.25 but for a toy model under fixed-macrostate conditions
(“strong nudging” runs). (left) For a toy model in the default configuration. (right)
For a toy model where all stochastic terms have been turned off.
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preferred equilibrium. These results also show that without macrostate feedbacks,
the response time scale, related to microstate memory only, can become larger. So
in this case, the evolution of the toy model variables is similar to a Markov chain
which remembers its previous state and which jumps at each time step from its
previous state to a new value depending on a stochastic term. However, this may
not be called a random walk per se, since the spread between individual realisations
does not grow monotonically with time (Figure 3.31), contrary to the typical ran-
dom walk, in which the standard deviation o of the distribution varies as o ~ v/,

where t is time.

When stochastic terms are turned off, the evolution of precipitation is either
flat or an exponential. In the realisations shown on Figure 3.30, the response is
apparently flat for oemp = 0.1 or 0.3, shows a tendency upwards for agem, = 0.6,
and is a clear exponentail growth for agemp = 0.9. This is consistent with the
analytical results, which showed that a perfect fixed-macrostate experiment where
the macrostate is imposed to have its RCE value should lead to constant P and
V (same as cases Qgamp = 0.1 or 0.3 here). However, if there is a discrepancy
between the RCE value and the target value, the coefficient in Equation 3.33 is non
zero. Depending on whether the target value is too high or too low compared to
the RCE value, the coefficient sign changes, and we end up with an exponential
growth or an exponential decay (same as cases Qggmp = 0.6 or 0.9 here). The
larger the discrepancy, the smaller the time scale of exponential behaviour. This
possibility for exponential growth or exponential decay depending on the realisation
strongly reminds us of the WRF instability which led to exponential growth or decay
depending on the initial conditions (which influence the discrepancy between target

value and RCE value).

Given the random walk behaviour, the spread between ensemble members may
be important (Figure 3.31). The spread is not small, but the ensemble spread shape
follows the ensemble average line. The stochastic terms can definitely play a role
in a given member, in particular for high-frequency variability, but overall it still
resembles the ensemble mean. This result seems robust to both methods of choosing

stochastic numbers.
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Figure 3.31 Same as Figure 3.26 but for a toy model under fixed-macrostate conditions
(“strong nudging” runs). (left) For a toy model in the default configuration. (right)
For a toy model in which the stochastic terms were calculated in an alternative way
(each member having a different stochastic time series), and in which the RCE state
was also computed over 1000 time units instead of 200.
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Figure 3.32 Schematic representation of the toy model equations as a combination of
positive and negative feedbacks, depending on the term sign on the right-hand side of
the equations. (top) For the “free” runs, i.e, without strong nudging. (bottom) For
the “nudged” runs, i.e., with strong nudging. In a toy model with strong nudging, one
negative feedback has been removed, allowing for instability to occur.

We can interpret the toy model equations by the association of a positive feed-
back (effect of P on V) and a negative feedback (effect of P on r), as shown by
Figure 3.32. This association ensures the stability of the model under “Free” RCE
conditions. For fixed macrostate, r is imposed so that the negative feedback loop is
inactive. Only the positive feedback loop remains. This can intuitively explain why

the toy model exhibits an instability with fixed macrostate.

With fixed macrostate (strong nudging), we expected the memory to be less
large, since there is no macrostate memory involved. But our experiments with the
toy model show that the response time scale to pseudo-homogenisation experiments
can be much larger when there is strong nudging of r to its RCE value. Why is this
happening? From the linearised solution, we showed that the “free” RCE oscillations
have a relatively short time scale. However, in the fixed macrostate experiments, r

is forced to be very close to its RCE value, so that the time scale on the right-hand

161



CHAPTER 3. ISOLATING MICROSTATE MEMORY: CRM & TOY MODEL

side of Equation 3.33 is very large. The more accurate the nudging of r to RCE, the
longer the time scale of the exponential growth or decay. Physically, this behaviour
is perhaps may stem from the fact that the degree of freedom in the nudged system
is too small for it to adjust its own state quickly. To equilibrate quickly, a system
may require many ways to convert one form of energy to another, which requires

many degrees of freedom.

The exponential instability of the microstate also shows that macrostate feed-
backs must have a stabilising effect. In the strong nudging experiment, where there
is no macrostate feedback, the response time scale is much larger, and the system
painfully (or even never) returns to equilibrium. But in the free RCE experiment,

the system follows a stable oscillation in all cases.

3.4 Conclusion

Summary

The first main conclusion is that there is a kind of convective instability that
has not been recognised before: the instability of the convective microstate. Indeed,
convection becomes unstable when its large-scale state (macrostate) is held fixed,
which can be attributed to the small-scale (microstate) memory. This instability can
be explained by the combination of two aspects: (1) the fact that the interaction
between convection and the macrostate is prevented (i.e., the fact that no asymp-
totic quasi-equilibrium between convection and the large-scale is possible on long
time scales), and (2) the fact that the small-scale (microstate) memory is naturally
unstable, thus unable to ensure any equilibrium on its own. This instability, which
can either lead to an exponential growth or an exponential decay of convection, has
been described in CRM simulations, and successfully reproduced by a toy model
with three variables. The instability mechanism has been explained by an initiation

from low-level temperature microstate, which reaches increasingly high levels.

The fact that the microstate is unstable may have implications on our current
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understanding of convection, and it may contribute to modifying the way we ap-
proach the convective parameterization exercice. It suggests that convective schemes
should allow enough departure from quasi-equilibrium to take into account the life
cycles of the microstate structures. Even though GCMs naturally never assume a
fixed macrostate, they may still benefit from incorporating the microstate memory,

due to its potentially large influence.

The second main conclusion is that knowledge of the macrostate is not enough
to predict convection. Indeed, our experiments show that the final convective state is
highly sensitive to the target macrostate. Changing the target state by a very small
amount leads to a dramatic change in convection, when close to the threshold value
between exponential growth and exponential decay. This is in contrast to the usual
understanding and modelling of convection. It is usually thought that rain can be
predicted simply based on a good knowledge of the large-scale state [Arakawa, 2004;
Davies et al., 2013b]. Our study shows this is not sufficient, since the microstate

also plays a role.

The microstate instability is an important phenomenon which may have im-
plications for modelling because convective parameterisations specifically represent
the effects of the unresolved structures (microstate), and generally assume the mi-
crostate can be diagnosed (therefore implying the microstate is stable). Our results
imply not only that the diagnostic assumption is a problem in convective paramet-
erizations, but also that the microstate processes deserve a significant place within

parameterizations.

The toy model manages to reproduce the behaviour of the CRM in terms of
memory in both the free RCE case, and the fixed-macrostate case. So it captures in
a realistic way the key elements of convective memory, both in terms of macrostate
and microstate memories, and can be studied to explore aspects of memory. It is fit

for purpose.

In the free RCE case, the toy model confirms that the recovery of precipita-
tion to homogenisation is due to memory, since the recoveries in both models are
extremely similar. Memory is thus a key concept to understand the short-term

behaviour of rainfall over a few hours.
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In the fixed-macrostate case, both models show that isolating the microstate
memory from macrostate feedbacks leads to instability. This instability is either an
exponential growth or decay according to the sign of the discrepancy between the
macrostate target value and the actual RCE state. In the toy model, stochastic
terms act to saturate the instability until it reached a new state. In the CRM, the
instability also saturates and brings the system either to a turbulent moist Rayleigh-
Benard convective state, or to rest. This instability to externally-fixed macrostate
explosively reveals the microstate memory in both models, hence emphasizing that

microstate memory is important.

The macrostate feedbacks, which are turned off in the fixed-macrostate exper-

iments, stabilise convection. There are thus critically important for stability.

The microstate memory in itself leads to a wide range of states/behaviours:
there is no RCE equilibrium possible in practice. This shows the importance of
properly coupling microstate memory to the macrostate, to avoid stability problems.
Could it also show the weak potential for the microstate to predict the long-term
behaviour (predictability issue)? On short time scales at least, the free RCE runs

clearly show the high potential of microstate memory for rain predictability.

This has an implication for GCMs. Can GCMs capture the inherent absence
of equilibrium related to microstate memory? Can they capture the wide range of
possibilities related to microstates? The GCMs which have a diagnostic represent-
ation of convection implicitly assume an instantaneous recovery of the microstate
to any perturbation, because they do not represent prognostically any microstate
structures. But it seems that instead of being instantaneous, the microstate recov-
ery is almost infinite when uncoupled to the macrostate. This is the case when the
macrostate is not involved to stabilise the system. This reinforces the importance
of the microstate for memory, which may act on the top of the macrostate control
of convection. The results show that the macrostate has a negative feedback on

memory, useful to ensure stability and long-term equilibrium.

Some convective schemes use the large-scale vertical velocity, omega, as a pre-
dictor for convection. In our memory framework, omega is a macrostate variable, it

can only affect convection through macrostate temperature and water vapour, and
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therefore it is irrelevant in microstate memory. But one may object that using omega
as a predictor captures microstate memory indirectly. Although there is no obvious
reason why this would work and although this seems to contradict our framework,
knowing whether omega can indirectly capture microstate memory is still an open
question. Additional work may thus be required on the coupling between macrostate

vertical velocity and the microstate.

Discussion

Of course, it is not because we chose to perform fixed-macrostate experiments
that the convective parameterizations assume that convection can be predicted
without taking into account the interaction between convection and the macrostate.
The fixed-macrostate condition is just another idealised setup useful to test ideas,

alongside RCE for example.

An implication here relates to the separation between short time scales and
large time scales. Microstate memory appears to be very important for short time
scales of a few hours (and up to a few days in some organised cases). But its
relevance for longer time scales may not be large. The reason is that, with fixed
macrostate, microstate memory on long time scales does not allow the system to
reach an equilibrium. Instead it follows an instability or a random walk. In reality,
fortunately, there are some macrostate feedbacks to prevent this from happening.
This shows the importance of the macrostate to stabilise the system and impose
convection on long time scales. From this, we may speculate that the microstate
memory is critical on short time scales, but not that important on time scales larger

than a day.

However, the discussion on the role of microstate memory could be brought
further. With fixed macrostate, there is no equilibrium found: the system follows
an instability, or a random walk. This suggests knowing the value of the macrostate
is not enough to make a good prediction of the rain rate. With fixed macrostate
and when microstate is allowed to evolve, precipitation can also evolve, whatever

the macrostate is. It leads us to think that knowing the microstate is important to
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predict convection and precipitation. However, this does not mean that microstate
becomes more important than an approach to quasi-equilibrium to predict convec-
tion in a real context: they are complementary. The importance of the microstate
argues for a slightly modified idea of parameterizability. Recall that convection is
considered to be parameterizable when it can be related to the past history of the
large-scale forcing [Arakawa and Schubert, 1974], i.e, to the recent history of the
forcing [Emanuel 2017, conference talk]. Our analysis of the microstate shows that
knowing the large-scale state may actually not be enough to know the intensity of
convection. What one also needs to know to predict convection is the microstate.
The macrostate is always important, but both the microstate and the macrostate
are relevant for direct prediction of convection. In other words, convection could be
said to be parameterizable when it can be related to both the recent history of the

large-scale forcing and the recent history of convection itself.

Conversely, one might argue that the instability that we noticed in the fixed-
macrostate experiments supports the fact that microstate is irrelevant on long time
scales. There are at least two ways to justify this statement. First, in the real
world, the precipitation does not diverge to extremely high value out of an equi-
librium. There is no exponential growth or exponential decay of convection with
time, so that the microstate never seems to take over. Second, in practice, there are
always some macrostate-microstate feedbacks which ensure that the system remains
stable. In that case, no instability can be felt. The macrostate does impose its
value to the long-term convection equilibrium, even though this macrostate under-
goes slight fluctuations. As we showed, these fluctuations are paramount to ensure
the system remains stable. With such feedbacks, the macrostate always keeps the
microstate under relative control, so that the long-term value of convection does

remain controlled by the macrostate.

While this chapter advocates for a more generalised use of microstate memory,
it does not claim that it should replace the widely accepted use of the macrostate
to predict convection. What seems to be needed to predict convection on a large
range of time scales is a combination of (1) an approach to quasi-equilibrium based

on the macrostate and (2) some elements of microstate convective memory.
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Chapter 4

Comparing the memory of
convection in a GCM and in a
CRM: how to represent convective

memory in GCMs?

4.1 Introduction

In Chapter 2, we used a Cloud-Resolving Model (CRM) to show how important
microstate convective memory is, and to determine its main sources. In Chapter 3,
we adopted another point of view to show that, due to the effects of memory in
the CRM, knowledge of the large-scale conditions is not enough to determine the
convective state: there is a microstate convective instability. We successfully built

a simple predator-prey model for convection with memory, to explain these results.

Now that we understand better the origins and effects of microstate convective
memory in a CRM, it is natural to assess how GCMs represent it. In this thesis, we
choose the LMDZ GCM, since it already has some microstate memory through its
cold pool scheme (see Chapter 1 and Chapter 5). We should first identify where the
microstate memory could possibly come from, by identifying microstate prognostic

variables. Since we previously investigated memory as the recovery to homogen-
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isation, both in the CRM and in the predator-prey model, we will also compare
the GCM memory to CRM memory via the same method. We will then test the
potential memory improvements in the GCM when improving the cold pool scheme

with slight modifications of the memory process.

In the hierarchy of models, the GCM is probably at an intermediate level of
modelling between the CRM (which is more directly related to basic physical equa-
tions) and the predator-prey model (which is the most abstract and the one with the
least basic dynamical processes). So a comparison of memory in the three models

may reveal ways to improve memory.

In particular, we will extensively assess the memory of the GCM when the cold
pool number density is modified. We choose this parameter rather than any other
cold pool scheme parameter since we expect it to alter not only the memory but also
the overall properties of the scheme thanks to its presence in many crucial equations
of the scheme and in many tendencies due to the scheme. Moreover, the value of
this parameter is likely to be inaccurate. Finally, it has the potential to improve
model performance, as will be shown in Chapter 5. Therefore we develop a two-step
strategy. First, in this chapter, we will explore the impact of the cold pool number
density parameter on memory in idealised situations, and we will compare with the
earlier results. Second, in Chapter 5, we will investigate its impact on more realistic

simulations of climate and in particular precipitation.

4.2 Presentation of LMDZ

4.2.1 Overview of the cold pool scheme in the LMDZ model

The LMDZ (Laboratoire de Météorologie Dynamique Zoomed) GCM is the
atmospheric component of the IPSL (Institut Pierre-Simon Laplace) coupled global
climate model [Hourdin et al., 2013]. It includes a buoyancy-sorting mass flux deep
convection scheme based on Emanuel [1991] and Emanuel and Zivkovi¢ Rothman
[1999] but with subsequent modifications, such as a new closure controlled by two

sub-cloud processes: thermals and cold pools [Rio et al., 2013]. The triggering is
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also controlled by the competition between thermals and cold pools to overcome
convective inhibition. There is a cumulus size threshold to exceed as well as a
stochastic component in the triggering due to thermals [Rochetin et al., 2014a,b|.
Note that there is a competition between cold pools and moist saturated thermals

to trigger deep convection, but both effects sum up in the closure.

The LMDZ cold pool scheme has been briefly presented in Subsection 1.5.5
in the context of the whole LMDZ deep convective parameterization, including its
closure and its triggering. We hereby provide further details relevant to the current

chapter.

The cold pool scheme has been developed by Grandpeiz and Lafore [2010]. Tt
was summarised and tested in a 1-D version by Grandpeiz et al. [2010]. In sum-
mary, these sub-grid cold pools (1) spread at the surface as a density current, (2)
have their own downward vertical movement, entraining environmental air down-
wards as well, and (3) have separate thermodynamic variables compared to their
environment. Consequently, cold pools are described by three prognostic variables:
the temperature anomaly profile with respect to their environment, the humidity

anomaly profile, and the surface area fraction they occupy in the grid cell.

Cold pools and convection have a two-way interaction. Cold pools influence
convection in 3 ways: (1) by the triggering via Available Lifting Energy (ALE),
(2) by the closure via Available Lifting Power (ALP), (3) by creating a warmer
environment outside the cold pools which is available to generate convection. In
turn, convection influence the cold pools in 2 ways: (1) the sources of cold pools
are the unsaturated downdrafts provided by the convection scheme, and (2) the

saturated drafts remain only outside the cold pools.

Physically, ALP is a convective power at cloud base, which determines the
convective mass flux since, in this scheme, the intensity of convection is given by the
power provided at the base of deep clouds by sub-cloud processes. The convective
mass flux at the Level of Free Conmvection (LFC) is the convective power that
remains available after being consumed to overcome Convective Inhibition and after
being lost by dissipation related to the friction onto vertical velocity |Rio et al.,

2013).
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Convection also interacts with BL thermals so that only the maximum of the
triggering energy (ALE) from thermals (ALE_bl) or from cold pools (ALE wk) is
compared to Convective Inhibition (CIN) to decide whether or not to trigger. But
the intensity of convection (ALP) is the sum of the closure power from thermals

(ALP_bl) and from cold pools (ALP_wk).

4.2.2 Potential sources of memory in LMDZ: key variables

and parameters

In the LMDZ GCM, there are a few potential prognostic variables where con-
vective memory may reside. Unfortunately, we cannot be exhaustive since there
might be hidden prognostic variables in the convective scheme. Nevertheless, we
know that the convective mass flux is prognostic, and there are three prognostic
variables in the cold pool scheme. The convective mass flux, from Emanuel’s con-
vection scheme |Emanuel, 1991], has a relaxation time scale 7,,, = 2 h, and to simplify

follows the following relationship:

dm 1
{8 Lo (1)

where m is the convective mass flux, mg is the target convective mass flux given by
the CAPE closure in Emanuel’s scheme, and t is time. The relaxation time scale 7,,

leads to a 2-hour inertia of precipitation.

Despite this prognostic convective mass flux, we choose to focus on the cold
pool scheme, since we hope that the most important prognostic variables are there.
Indeed, in Chapter 2, we showed that convective memory mostly resides in low-
level thermodynamic variables, and cold pools are strong microstate thermodynamic
structures at low levels. However, this is an hypothesis, since the repository in which
the memory resides in the GCM depends on model construction, not necessarily on
where it resides in reality. But even if the GCM memory is not only stored in the
cold pool scheme, it is a component whose memory is worth improving based on the

results of Chapter 2.

The cold pool scheme has three prognostic variables: the cold pool temperature
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anomaly (difference between the temperature inside the cold pool and outside), the
cold pool humidity anomaly (difference between the specific humidity inside the
cold pool and outside), and the cold pool fractional surface area (fraction of the
grid area occupied by cold pools). While the cold pool temperature and humidity
anomalies are profiles, depending on z, the cold pool fractional area is a 2-D variable,
independent from z. Note that in practice, for simulations in RCE over the ocean,
the cold pool fractional area often saturates to its upper bound (i.e., 40% here), so

that it almost behaves like a diagnostic variable.

4.3 Preliminary experiments: Influence of cold

pool parameters on cold pool properties

The LMDZ cold pool scheme has six important parameters. We first study
the sensitivity of the large-scale state to these parameters. Our sensitivity tests
are all conducted in a 1-D Single-Column Radiative-Convective Equilibrium (RCE)
setup, over an ocean at fixed Sea Surface Temperature (302 K). We only study the
atmospheric and cold pool properties in the established RCE state. More details
on this setup can be found in Chapter 5. A previous sensitivity analysis to these
parameters was carried out by Grandpeiz et al. [2010], but this was not in the RCE
framework, since they instead had a diurnal cycle taken from real cases during two

field campaigns: one over land and one over the ocean.

Gravity waves act to damp the cold pools, and they can thus affect the influence
of cold pools on convection. The larger the gravity wave damping coefficient, the
more gravity waves affect the cold pool temperature anomaly. At high values of
this coefficient, cold pools are well damped and therefore do not have much power
to provide for convection, causing a decrease in the Available Lifting Power (ALP)
provided by cold pools (Figure 4.1). This decrease is associated with an increase in
the ALP provided by thermals, so that the effect on the total ALP is attenuated. The
default value of this coefficient has particularly properties, since it is for the default
value that cold pools and thermals provide exactly the same power to convection.

This is worth noting, even though this attribute may not have been chosen on
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Figure 4.1 Impact of the gravity wave parameter (which acts to damp cold pools) on
several variables. (a) Available Lifting Power (ALP, related to convective intensity)
for different values of the multiplicative factor to the gravity wave parameter (1
means default, 100 means 100 times greater). Red is for ALP due to cold pools, blue
is for ALP due to thermals, and green is the total ALP (sum of the ALP due to
each). (b) Convective heating profiles (excluding cold pools) for different values of
the multiplicative factor to the gravity wave parameter. Colours (see legend) indicate
the value of the multiplicative factor (yellow means high value). The horizontal lines
indicate the Lifting Condensation Level. (c) Same as (b) but for the cold pool heating

profile.

purpose, and there is no evidence on whether or not this balance between the two

processes is an advantage.

The gravity wave damping coefficient also affects the heating profiles related

to the convection and cold pool schemes, which can be distinguished in this model.

The heating profile related to the cold pool scheme is the heating rate due to the

existence of a non-zero cold pool temperature anomaly.

The convective heating

related to the convection scheme is the rest of the “convective heating”. At higher

values of the gravity wave damping coefficient, cold pools are weakened by gravity

waves, so that there is less heating due to the cold pool scheme (Figure 4.1(c)). This
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is associated with a convective heating (due to the convection scheme) which is less
homogeneous on the vertical axis, especially in the critical region between the Lifting
Condensation Level (LCL) and 800 hPa (Figure 4.1(b)). This essentially means a
redistribution of the convective vertical mass flux. This parameter therefore has a
potential to control a key aspect of convection:

the heating profile just above the

boundary layer.

(@),

Effect of sigmaw max

(b)

Effect of sigmaw_max

- 500 -
= sigmaw_max = 0.01 = sigmaw_max = 0.01
—— sigmaw_max = 0.05 = sigmaw_max = 0.05
= sigmaw_max = 0.1 —— sigmaw_max = 0.1
600H sigmaw_max = 0.15 600} sigmaw_max = 0.15| |
sigmaw_max = 0.2 sigmaw_max = 0.2
sigmaw_max = 0.25 sigmaw_max = 0.25
E sigmaw_max = 0.3 E sigmaw_max = 0.3
o sigmaw_max = 0.35 o sigmaw_max = 0.35
£ 700( __ sigmaw_max = 0.4 £ 700¢ — sigmaw_max = 0.4 ||
~ sigmaw_max = 0.45 ~ sigmaw_max = 0.45
E sigmaw_max = 0.5 E sigmaw_max = 0.5
= sigmaw_max = 0.55 =] sigmaw_max = 0.55
a 800 sigmaw_max = 0.6 3 800+ sigmaw_max = 0.6 [{
m — sigmaw_max = 0.65 0 === sigmaw_max = 0.65
I = sigmaw_max = 0.7 1) — sigmaw_max = 0.7
o = sigmaw_max = 0.75 o —— sigmaw_max = 0.75
900 H = sigmaw_max = 0.8 9001} — sigmaw_max =0.8 ||
= sigmaw_max = 0.85 = sigmaw_max = 0.85
—— sigmaw_max = 0.9 = sigmaw_max = 0.9
— sigmaw_max = 0.95 — sigmaw_max = 0.95
1000+ : | 1000} W
-10 -8 -6 -4 -2 0 -2 0 2 4 6
(C) wake_deltat (K) (d) wake_deltaq (g/kg)
Effect of Wake fractional area Effect of Wake fractional area
100} e®e ale_bl ;.; 20/ e®e alp
~ @09 ale_wk £ e®¢ alp bl
0 S
4 @®¢ alp wk i
o 80+ 3 p_ :
£ - 15 o0 °®
- ; ® ; ]
X
z ool | e °
1 o [ AN )
o] &' 10¢ ; ; °
N ®q ®
<L 40| ©® 4 00 ® °
= R pbeeeeo00000 ;
m [} n.| e ®
| (] L . e i @ .
- 5 : :
E 201 ® | 3N o . < pe® @ g PY : ° : ® ® ® ° o
: ® ) a o0 0O [} [ ]
o....... o pee e
Peecccccocoe, . __>° o0 g . . j i
8.0 0.2 0.4 0.6 0.8 1.0 8 0.2 0.4 0.6 0.8 1.0
sigmaw_max (no unit) sigmaw_max (no unit)
y y Yy
° .
X . X
(low) (default) (high)

Figure 4.2 Impact of the upper bound parameter for cold pool fractional surface area
on several variables. (a) Vertical profiles of cold pool temperature anomaly. Colours
(see legend) indicate the value of the cold pool fractional area upper bound (red means
small, purple means large) (b) Same as (a) but for the vertical profiles of cold pool
humidity anomaly. (c) Available Lifting Energy (ALE, related to convective triggering)
for different values of the cold pool fractional area upper bound. Red is for ALE due
to cold pools, blue is for ALE due to thermals. (d) Same as (c) but for Available
Lifting Power (ALP, related to convective intensity). Green is for the total ALP. At
the bottom, cartoons show the meaning of low, default and high cold pool fractional
area upper bound, viewed from the top and with cold pools being blue.
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The cold pool fractional surface area is a prognostic variable in LMDZ. But
in practice, it often saturates at its upper bound value. The parameter which sets
the upper bound for cold pool fractional area, denoted oy, ;n4s, i thus an important
parameter of the model. This parameter was set in the scheme to simply capture
a termination of cold pools life cycle, and thus limit their growth, since this is
not explicitly represented in the model at this point |Grandpeiz et al., 2010|. The
cold pool temperature anomaly is highly sensitive to 0y mae. (Figure 4.2). With
a low 0y maz, cold pools are very cold at the surface. A value of about 0.75 for
Ow.maz Makes cold pools the least cold (local extremum). Any higher value increases
again the cold pool temperature anomaly. The sensitivity of the cold pool humidity
anomaly also shows an extremum at a value at around 0.7 for o, pe,. With very low
values for oy, maz, cold pools are relatively dry below the LCL, not very dry aloft,
thus somewhat shallower. Increasing o, 4, makes cold pools more humid up to the
LCL, and drier aloft. When 0y, 4, €xceeds the extremum, the behaviour is rather
different, in particular cold pools are drier under the LCL, and usually drier aloft

again.

As a result, the convective triggering and intensity both strongly depend on the
upper bound parameter for cold pool fractional area, oy maz. At 10w 0y mas, cold
pools are particularly cold, so that their ALE (indicating triggering ability) is large.
Around a value of 0.7, the cold pool ALE is minimum, consistent with variations
in cold pool thermodynamic properties. The effect of 0y me on ALP (indicating
convective intensity) due to cold pools is similar, though more attenuated than the
effect on the triggering. However, ALP due to boundary layer thermals is also
sensitive to 0y mas, contrary to thermal ALE. The total ALP is therefore almost
constant for a value of 0y, ma, less than 0.65, but it is significantly higher at higher
values of the parameter, with a maximum for a value of g, ;4 0f about 0.8. 0y mas
thus plays in important role in the control of convection by cold pools and even by
thermals. Moreover, since cold pools in the tropics almost always saturate to the
upper bound, this disrupts the prognostic nature of the parameter, and it is not

satisfying. This could be investigated in future studies.

The sensitivity to the cold pool number density (number of cold pools per

unit area) is particularly promising, and will thus be described in more detail in
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Figure 4.3 Impact of the 1D simulation grid area on several variables. (a) Time series
of the precipitable water for the 90 days of simulation (spin-up then RCE).(b) Time
series of the cold pool fractional surface area, for the first 50 hours of the simulation.
Colours (see legend) indicate the value of the grid area (red means small, purple means
large).
Chapter 5.

Another parameter of the SCM which could potentially play a role in convective
memory is the grid cell area, since parameterization statistics can be different at
different resolutions, and since memory could depend on resolution. This is not a
parameter related to the cold pool scheme. The results show that this parameter
has no influence on the equilibrium state and on the time series of most relevant
variables (Figure 4.3). The only notable effect is that a larger grid cell area leads
to more rapid saturation of the cold pool fractional area to its upper bound during

spin-up of the RCE simulation.

These preliminary experiments allowed us to investigate the influence of cold
pool parameters on cold pool properties in the RCE mean state, and therefore to
better understand the cold pool scheme. Several of these parameters lead to useful
sensitivities, which may be exploited in future studies. But the parameter which
seems to have the highest potential for physical improvement of the model is the
cold pool number density. Moreover, we will show in Chapter 5 that changing this
parameter improves model performance. So the rest of this chapter will focus on
the sensitivity to this parameter. In particular, since we are interested in improving
the convective memory of the LMDZ GCM, we will assess the sensitivity of memory
to the cold pool number density. To evaluate this sensitivity, we consider the CRM

as “truth”, and we evaluate both the default version of LMDZ and a version with
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modified cold pool number density.

4.4 Methods

The method to compare the memory in different models is based on initial
homogenisation of a system originally in RCE, and on an analysis of the recovery
to RCE. The homogenisation method in the CRM has been described in Chapter 2.
The pseudo-homogenisation method in the predator-prey model consists in setting
V =0, as described in Chapter 3. All the figures referring to the CRM results are
made from the experiments presented in Chapter 2, and many of them are simply
taken from this chapter. All the figures referring to the predator-prey model results
were presented in Chapter 3. All figures referring to the SCM are new.

Here, we set the 1D LMDZ GCM, i.e., its SCM version, in RCE over ocean. The
setup will be described in more details in Chapter 5. From the RCE state, we conduct
pseudo-homogenisation by setting either the cold pool temperature anomaly to zero,
or the cold pool humidity anomaly to zero, or both. Indeed, cold pool temperature
and humidity anomaly profiles describe the microstate and can therefore be subject
to homogenisation. The method of selecting variables for pseudo-homogenisation
in the GCM somehow resembles the way to select different subsets of variables to

homogenise in the CRM.

We study the recovery of precipitation to pseudo-homogenisation at an initial

time taken from the RCE state, in all three models.

Furthermore, in the LMDZ SCM (Single-Column Model, 1D GCM), we also
focus on a modification of the cold pool number density (denoted by D¢p), a para-
meter in the cold pool scheme which controls the number of cold pools per unit area.
We compare two versions of the SCM: one with the default Dep (“default LMDZ”),
and one with Dep 100 times greater than the default value (“modified LMDZ”). In
Chapter 5, we will show that the performance of the scheme is enhanced by changing
D¢ p, so here we investigate specifically the impact of this parameter on the memory

behaviour of the model.
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To enhance the statistical significance of the results, we repeat the pseudo-
homogenisation experiments in the GCM on many members and only show the
ensemble mean. We build each new member by modifying the timing of homogen-
isation, and calling this the new ¢t = 0. We tested the sensitivity of the results to the
ensemble size, with 1, 29 and 60 members. Since the results did not change between
29 members and 60 members, the 29-member ensemble could be considered a large
enough sample. To be conservative, we use the 60-member ensemble throughout the

rest of the study.

4.5 Does LMDZ have the same sources of memory

as WRF?

Comparisons of the precipitation recoveries in the three models helps determine
the strengths and weaknesses of the memory representation in the GCM (Figure 4.4).
In general, we measure the recovery time scale by the time it takes until the first
return to the RCE state, after the first peak response (i.e., after the first half-
oscillation). Note however that there are multiple time scales in this problem, since
there are oscillations or fluctuations that remain important for a long time in some

cases.

One may wish to know which element of the CRM recovery to homogenisation
is the most important for the GCM to reproduce: the recovery time scale, the sign
of the response, or the amplitude of the response. We have no compelling reason to
prefer one to another, since they are all part of the same recovery. Moreover, our
method does not impose which part of the recovery one should look at in particular.
Nonetheless, we have the intuition that if any choice was to be made, it could be
in the following order: (1) the recovery time scale, (2) the response sign, (3) the
response amplitude. If possible, a good representation of the whole response should

still remain the only objective.

The precipitation response to pseudo-homogenisation in the predator-prey model
was very similar to the precipitation response to homogenisation of temperature T

and humidity q in the CRM (see also Subsection 3.3.5). Undoubtedly, the fact that
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Figure 4.4 Responses of precipitation rate to different types of initial homogenisation
(see colours and legend: control (black), no homogenisation (grey), temperature
homogenisation (red), water vapour homogenisation (green), both water vapour and
temperature homogenisation (light blue), wind homogenisation (dark blue), condensate
homogenisation (orange)). (a) In the CRM, for the first 6 h after homogenisation
(as in Figure 2.14(a) but modified to include the response to homogenisation of both
temperature and humidity, and the response to a blank restart with no homogenisation
at all). (b) In the CRM, for the first 24 h after homogenisation (as in Figure 2.25(a)).
(c) In the SCM, for the first 6 h after homogenisation. (d) In the SCM, for the first 24
h after homogenisation. (e) In the predator-prey model, for what seems equivalent
to the first 6 h after homogenisation (as in Figure 3.25(a)). The CRM responses are
averaged over 19 members, the GCM ones over 60 members, and the predator-prey
model ones over 1000 members.
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Figure 4.5 Responses of different cold pool properties (microstate) in the SCM to
different types of initial homogenisation (colours and legend: see Figure 4.4). (a) Cold
pool temperature anomaly, with high frequency output (every 5 min), for the first 6
h after homogenisation. (b) Same as (a) but for the first 24 h after homogenisation.
(c) Same as (b) but with hourly output. (d) Cold pool humidity anomaly, with high
frequency output, for the first 6 h after homogenisation. (e) Same as (d) but for
the first 24 h after homogenisation. (f) Same as (e) but with hourly output. (g)
Cold pool fractional surface area, with high frequency output, for the first 6 h after
homogenisation. (h) Same as (g) but for the first 24 h after homogenisation. (i) Same
as (h) but with hourly output. The responses are averaged over 60 members. For cold
pool temperature and humidity anomalies, lines only show the time series at the first
model level (near surface).

we chose the most adapted parameters helps. For example, we chose ovggmp so that
it reproduces the response amplitude best, and we chose the dimension of time to
best reproduce the recovery time scale. But making such choices is not a surprise
for a toy model. Nevertheless, the fact that the sign and shape of the responses are

so close to the CRM is very encouraging.

However, the equivalent pseudo-homogenisation in the GCM (both cold pool
T and q anomaly) leads to a very different recovery. Let us focus on the first 6 h
of recovery. Although the recovery time scale seems to have an order of magnitude

similar to the CRM (which we consider realistic), and the response amplitude in
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Figure 4.6 Responses of different macrostate variables in the SCM to different types
of initial homogenisation (colours and legend: see Figure 4.4). (a) Precipitation rate,
with high frequency output (every 5 min), for the first 6 h after homogenisation (as
in Figure 4.4(c)). (b) Same as (a) but for the first 24 h after homogenisation (as in
Figure 4.4(d)). (c) Same as (b) but with hourly output. (d) Available Lifting Power
(convective intensity due to cold pools), with high frequency output, for the first 6
h after homogenisation. (e) Same as (d) but for the first 24 h after homogenisation.
(f) Same as (e) but with hourly output. (g) Precipitable water, with high frequency
output, for the first 6 h after homogenisation. (h) Same as (g) but for the first 24
h after homogenisation. (i) Same as (h) but with hourly output. The responses are
averaged over 60 members.

absolute value is reasonable, the sign of the original response anomaly (which we

may call “sign of the response” or “sign of the recovery”) is opposite to the two other

models. Pseudo-homogenisation of cold pool q anomaly in the GCM also leads to

the right recovery time scale but the wrong sign of the original response, when com-

paring with the CRM. Conversely, pseudo-homogenisation of cold pool T anomaly

in the GCM gives not only the right time scale but also the right response sign

and amplitude. While the recovery time scale is almost doubled when homogenising

both T and q in the CRM, compared to homogenising only one, the recovery when

homogenizing both variables in the GCM is almost the same as when only T is

homogenised. Thus, the role of water vapour in the GCM memory is almost non-
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Figure 4.7 Responses of precipitation rate (a,d,g), a typical macrostate variable (b,eh),
and a typical microstate variable (c,f,i), to different types of initial homogenisation
(colours and legend: see Figure 4.4), for the first 6 h after homogenisation, in different
models. (a) Precipitation rate in the CRM (as in Figure 4.4(a)). (b) Average of water
vapour mixing ratio in the sub-cloud layer (macrostate), in the CRM. (¢) Standard
deviation of water vapour mixing ratio in the sub-cloud layer (microstate), in the CRM.
(d) Precipitation rate in the SCM (as in Figure 4.4(c)). (e) Mean humidity (macrostate),
at first model level, in the SCM. (f) Cold pool humidity anomaly (microstate), at
first model level, in the SCM (as in Figure 4.5(d)). (g) Precipitation rate P in the
predator-prey model. (h) Average humidity r (macrostate) in the predator-prey model.
(i) Boundary-layer heterogeneity V (microstate) in the predator-prey model. The
CRM responses are averaged over 19 members, the GCM ones over 60 members, and

the predator-prey model ones over 100 members. The predator-prey model panels are
reproduced from Figure 3.24.

existent, in contrast with the role of humidity in the CRM memory. Overall, these
results show that the memory time scale for precipitation is fine, but the response
has the wrong sign (except for T homogenisation). The results on the reasonable
memory time scale are valid as long as only the first half-oscillation is considered,
not the subsequent fluctuations. Over 24 h of recovery, the responses show that in all
cases, oscillations persist for a very long time in the GCM, whereas they are quickly

damped in the CRM. The memory damping is too weak in the GCM compared to
the CRM.
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Therefore the GCM has a microstate convective memory of the right capacity
(time scale), but this appears to be a very inaccurate memory (response sign, lack
of damping, missing role of humidity). In other words, the persistence of convection
in the GCM with prognostic cold pools appears to differ significantly from that in
the CRM.

Some insights on the memory process can be gained by investigating the recov-
ery of cold pool properties in the GCM, since they are the microstate variables in
which memory resides (Figure 4.5). All the panels show that the recoveries from
homogenisation of T only, or from homogenisation of T and ¢ together, lead to the
same behaviour. Moreover, there is almost no impact of q homogenisation on the
cold pool T anomaly, whereas there is a clear impact of T homogenisation on the
cold pool q anomaly. This could be due to the fact that homogenising q does not
influence the cold pool fractional surface area, while homogenising T resets the cold
pool fractional area to zero. Therefore, the memory is strongly concentrated in the

cold pool T anomaly in the GCM.

Additional insight can be provided by the macrostate variables (Figure 4.6).
During the first few minutes after homogenisation, there is an increase in Available
Lifting Power (ALP, which amounts to convective intensity). This leads to an auto-
matic increase in precipitation. Even though ALP quickly returns to its RCE value
(~ 30 min), precipitation takes much more time (1-2 h), showing evidence of the
memory effect. From 5 h to 12 h after homogenisation, there is a secondary increase
in ALP. This appears just after the increase in precipitable water and just before
the beginning of the secondary increase in precipitation (second oscillation). So
precipitable water variations may provoke variations in ALP, which in turns lead to

a precipitation response, but with delays due to memory in each step of the process.

We can now compare the three models in terms of the response of precipitation,
microstate and macrostate variables (Figure 4.7). The macrostate is represented here
by the domain-mean water vapour in the sub-cloud layer (as in Subsection 3.3.5)
or its equivalent (r in the predator-prey model, grid cell mean water vapour at the
first model level in the Single-Column GCM). The microstate is represented by the

standard deviation of water vapour in the sub-cloud layer or its equivalent (V in
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the predator-prey model, cold pool humidity anomaly at the first model level in the
GCM). For these three variables, the predator-prey model is a good representation
of the recovery to both water vapour and temperature homogenisation in the CRM.
In the GCM, the recovery of microstate water vapour is similar in all three types
of homogenisation: T only, q only, T and q together. And it is in reasonable
agreement with the other two models, at least in terms of time scale and overall
shape. It compares best with the homogenisation of q in the CRM, and does not
really show the inflexion point observed in the CRM when homogenising both T
and ¢ together. The recovery of precipitation in the GCM is not as good as the
recovery of microstate water vapour. The recovery time scale is of the right order of
magnitude. However, the response generally has the wrong sign and the recoveries
to the three types of homogenisation lead to a very similar response in the GCM,
whereas they are significantly different in the CRM. The recovery time scale of cold
pool q and T anomaly is longer than the precipitation recovery time scale. The
recovery of cold pool T anomaly is well damped, whereas the recovery of cold pool

q anomaly and precipitation is too weakly damped.

The reason why the GCM precipitation usually responds with the wrong sign
could be related to the macrostate response having the wrong sign. In the CRM,
there is no response of the macrostate to homogenisation at ¢ = 0, for example in
terms of macrostate water vapour (Figure 4.7). However, the GCM shows a non-zero
response of the macrostate at ¢t = 0 (Figures 4.6 and 4.7). After t = 0, when both
water vapour and temperature are homogenised, the sign of the macrostate water
vapour response in the GCM and in the CRM are opposite, which may explain
why the precipitation responses also have opposite signs. When only temperature
is homogenised, the signs of the macrostate water vapour response in the GCM and
in the CRM are the same, and so are the signs of precipitation response. However,
when water vapour is homogenised, this does not seem to be true, since the signs of
the macrostate water vapour response in the GCM and in the CRM are the same,
but the signs of precipitation response are opposite. We speculate that there may

be a link between these signs, but it is not completely validated.

Note that in this chapter, we compare the GCM with the CRM, so we tend to

consider the CRM as the response to reproduce. An evaluation of the WRF response
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would be useful to confirm its realism, but we leave this for future work.

In a nutshell, this comparison shows some encouraging forms of memory in the
SCM (Single-Column GCM), in particular in terms of time scale, and of temperature-
stored memory. Nevertheless, the SCM misrepresents several paramount aspects of
memory, such as the sign of the response anomaly, and most importantly the memory
stored in the water vapour structures. This suggests that additional work on the
cold pool scheme (and more generally on the whole convection scheme) is needed to

better represent convective memory.

4.6 With modified cold pools, does modified LMDZ

have the same sources of memory as WRF?

With more numerous cold pools in LMDZ (“modified LMDZ"), the precipitation
recovery time scale to pseudo-homogenisation is about the same as in the default
LMDZ (Figure 4.8). So in terms of memory time scale, both versions compare well
with the CRM. With more numerous cold pools, precipitation recovery over 24 hours
is much more damped than in the default LMDZ, making it more consistent with the
CRM than the default LMDZ. However, the response amplitude is strongly reduced
with modified LMDZ, compared to default LMDZ. The CRM shows a response amp-
litude somewhere in between the one from modified and from default LMDZ, but
perhaps closer to the one from default LMDZ. Finally, both versions of the GCM
show a relatively similar response whatever variables are homogenised, whereas the
CRM shows recoveries of opposite signs for diverse homogenised variables. In con-
clusion for precipitation response, while the default LMDZ behaves more like the
temperature-homogenised CRM, modified LMDZ may behave more like the CRM
where both water vapour and temperature are homogenised. Even though mod-
ified LMDZ might be more similar to the CRM on some aspect of memory, it is
unclear whether this change benefits to the overall memory behaviour, at least for

precipitation.

To clarify the link between convective memory and the recovery time scale,

recall that the proxy used to measure memory is precisely the recovery time scale
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Figure 4.8 Responses of precipitation rate to different types of initial homogenisation
(colours and legend: see Figure 4.4). (a) In the CRM, for the first 6 h after homogen-
isation (as in Figure 4.4(a)). (b) In the CRM, for the first 24 h after homogenisation
(as in Figure 4.4(b)). (c) In the SCM with default cold pool number density (Dep),
for the first 6 h (as in Figure 4.4(c)). (d) In the SCM with default D¢ p, for the first
24 h (as in Figure 4.4(d)). (e) Same as (c), but for a SCM with Dep 100 times greater
than the default (f) Same as (d), but for a SCM with Dcp 100 times greater than
the default (g) In the predator-prey model, for what seems equivalent to the first 6 h
after homogenisation (as in Figure 4.4(e)). The CRM responses are averaged over 19
members, the GCM ones over 60 members, and the predator-prey model ones over
1000 members.
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Figure 4.9 Responses of different microstate (or cold pool) properties to different
types of initial homogenisation (colours and legend: see Figure 4.4), in the CRM (a,b),
in the default SCM (c,d,e) and in the modified SCM (f,g,h), for the first 6 h after
homogenisation. (a) Standard deviation of temperature in the sub-cloud layer in the
CRM, to be compared to (c) and (f). (b) Standard deviation of water vapour in the
sub-cloud layer in the CRM, to be compared to (d) and (g) (as in Figure 4.7(c)).
(¢) Cold pool temperature anomaly (in absolute value) in the default SCM (as in
Figure 4.5(a) but in absolute value). (d) Cold pool humidity anomaly in the default
SCM (as in Figure 4.5(d)). (e) Cold pool fractional surface area in the default SCM
(as in Figure 4.5(g)). (f) Same as (c¢) but for the modified SCM. (g) Same as (d) but
for the modified SCM. (h) Same as (e) but for the modified SCM. The responses are
averaged over 19 members for the CRM, over 60 members for the SCM. We use high
frequency output (every 5 min). For cold pool temperature and humidity anomalies,
lines only show the time series at the first model level (near surface).

5

(Chapter 2). This means that the memory is not determined by any specific time

constant a priori (e.g., ﬁ in the toy model), because of the numerous interactions
amp

within each model. As a consequence, when the recovery time scale to homogenisa-

tion

decreases, we can say that there is “less” memory.

For microstate variables, it is clear that the recovery time scale to pseudo-

homogenisation in modified LMDZ is reduced by about a factor of 5 with respect

to default LMDZ (Figure 4.9). For example, it takes 10 hours for the cold pool

fractional area to recover to its RCE value in default LMDZ, but it takes only
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Figure 4.10 Responses of different macrostate variables to different types of initial
homogenisation (colours and legend: see Figure 4.4), in the CRM (a,b,c), in the default
SCM (d,e,f) and in the modified SCM (g,h,i), for the first 6 h after homogenisation. (a)
Precipitation rate in the CRM, to be compared to (d) and (g) (as in Figure 4.4(a)). (b)
Mean Convective Available Potential Energy (CAPE) in the CRM, to be compared to
(e) and (h). (¢) Mean Precipitable Water, in the CRM. (d) Convective precipitation in
the default SCM (as in Figure 4.4(c)). (¢) CAPE in the default SCM. (f) Precipitable
Water in the default SCM (as in Figure 4.6(g)). (g) Same as (d) but for the modified
SCM. (h) Same as (e) but for the modified SCM. (i) Same as (f) but for the modified
SCM. The responses are averaged over 19 members for the CRM, over 60 members
for the SCM. We use high frequency output (every 5 min).

2 hours in modified LMDZ. For the temperature microstate, it takes 15 hours in

default LMDZ and only 3 hours in modified LMDZ, while it takes from 3 to 6 hours

in the CRM. Modified LMDZ represents fairly well the recovery trajectory that the

temperature-homogenised CRM exhibits, for both temperature and water vapour

microstates. Conversely, the default LMDZ is not as similar to the CRM for any

type of homogenisation.

In terms of microstate, modified LMDZ has a reduced

memory time scale, and shows an overall improvement of the recoveries. However,

a major problem persists: all types of homogenisation in the GCM lead to a very

similar response, contrary to the large diversity of responses in the CRM.

187



CHAPTER 4. COMPARING CONVECTIVE MEMORY IN GCM AND CRM

(a) o Precipitation rate, hor ave, Ens ave (19m) (b) Water vapour, sub-cloud layer ave, hor ave, Ens ave (19m) (C) Water vapour, hor std dev, sub-cloud layer ave, Ens ave (19m)
g ) B 060
Qeons <
S 18.05 )
= cY 2 = 050
S 60 Za 2 z - —_—
£ @ CONTROL g 1800 T 040 1
E @ Blank Restart = S
Y - S
T 40 AN 3 1795 S —) 2 040 | L
8 g e 3 <
s \ .N—— 3 17.90 < .0
2 - g o0 Qoo
8 20 g b Cy
& @ 17.85 = g 010 :2
@ CONTROL "
N @®Blank Restart g @ CONTROL
2 @®Blank Restart
00 — 17.80 - T T T 0.00 b :
00 1 20 30 40 50 60 00 10 20 30 40 50 60 00 10 20 30 40 50 60
Time (hours since restart) Time (hours since restart) Time (hours since restart)
(d) precip, 60mem, high_freq (e) ovap, at level zero, 60mem, high_freq (f) wake_deltaq, at level zero, 60mem, high_freq
12 19 2.0 -
— Control g /WVVJVVW
— Blank 19.5} — o
10 p
— q I o~ . N —
= | _ T 19.44 A — :ml /
g8 Tandq T 1930\ [ —control 3 /
E T 2 \ | — Blank o /
E of | S192f | S| —a 210
g\ A TR\ 3
E 4 N / 3 19.1F - NN~ Tandq g | — Control
e |
s . / s | —
B 19.0 2 o5 Blank
2 \\ A | —q
= 18.9 / — T
Tandq
0
1 2 3 r 5 18.85 1 3 3 n 5 i} 005 1 2 3 7 5
time (hour) time (hour) . time (hour)
(g) precip, 60mem, high_freq (h) ovap, at level zero, 60mem, high_freq (l) wake_deltaq, at level zero, 60mem, high_freq
12 19.1 2.0
— Control — Control
10 — Blank 19.5 — Blank
q N L q
s, g 19. - = -~ 3 15 g
= \ / -
3 T \ / < T
H and q T3/ / Ny 2 2nda
£ X z
Es 219.2f ) 210
o S 3, M
~
] 2 1911 — control 8 ~—
- — Blank © // T Te——
19.0 205 =]
q i \/- /
189 — T N
Tandq
0 s
1 2 3 4 5 18. 1 2 3 4 5 0'00 1 2 3 4 5
time (hour) time (hour) time (hour)
(J) P, Free, dgsmp=0.3, 100mem (K) r, Free, 0y,mp=0.3, 100mem (|) V, Free, dy,mp=0.3, 100mem
14 6 — CTRL 25
12 5 —— V=0,Mtd=2
) 2.0
£1.0 24 2
€ €
508 5 515
o o3 [}
€ c <
~0.6 - 1.0
P e >
0.4
02 — CTRL 1 0.5 w— CTRL
: —— V=0,Mtd=2 —— V=0,Mtd=2
0.0 0 0.0
0 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
time (no unit) time (no unit) time (no unit)

Figure 4.11 Responses of precipitation rate (a,d,g,j), a typical macrostate variable
(b,e,h,k), and a typical microstate variable (c,f,i,]) to different types of initial homo-
genisation (colours and legend: see Figure 4.4), in the CRM (a,b,c), in the default
SCM (d,e,f), in the modified SCM (g,h,i), and in the predator-prey model (j,k,1), for
the first 6 h after homogenisation. (a) Precipitation rate in the CRM. (b) Mean water
vapour mixing ratio in the sub-cloud layer (macrostate), in the CRM. (c¢) Standard
deviation of water vapour mixing ratio in the sub-cloud layer (microstate), in the
CRM. (d) Precipitation rate in the default SCM. (e) Mean humidity (macrostate) in
the default SCM. (f) Cold pool humidity anomaly (microstate), at first model level, in
the default SCM. (g) Same as (d) but for the modified SCM. (h) Same as (e) but for
the modified SCM. (i) Same as (f) but for the modified SCM. (j) Precipitation rate P
in the predator-prey model. (k) Mean humidity r (macrostate) in the predator-prey
model. (1) Boundary-layer heterogeneity V (microstate) in the predator-prey model.
The responses are averaged over 19 members for the CRM, over 60 members for the
SCM, and over 100 members for the predator-prey model. We use high frequency
output (every 5 min). Panels (a,b,c,d,e.f,j k1) are all taken from Figure 4.7.

In terms of macrostate variables, the recovery for default LMDZ is similar to the

homogenisation of temperature in the CRM (Figure 4.10). Conversely, the recovery
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Figure 4.12 Same as Figure 4.11 but for the first 24 h after homogenisation, and
without the last three plots on the predator-prey model.

for modified LMDZ is less comparable to the CRM, but to some extent similar
to the homogenisation of both water vapour and temperature in the CRM (e.g.,
for Precipitable Water). Moreover, the recovery time scale is reduced in modified
LMDZ compared to default LMDZ (e.g., for CAPE), even though it is less obvious
than on the microstate variables. The sign of the original response is still unclear

and depends on the type of homogenisation, and whether it is default or modified

LMDZ.

To have an overall picture to assess potential improvement in the representation
of memory in modified LMDZ, we can look at precipitation, a typical macrostate
variable and a typical microstate variable, in four models: the CRM, the two ver-
sions of the SCM, and the predator-prey model (Figure 4.11). In terms of humidity
macrostate, default LMDZ is relatively similar to the CRM: homogenising water
vapour leads to a similar recovery of 3-hour time scale in both default LMDZ and
the CRM, and homogenising temperature leads to a very similar shape except that

the recovery time scale in default LMDZ is too long. Modified LMDZ shows a better
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recovery time scale when homogenising temperature (6 hours) but the overall recov-
ery shape is not as smooth. However, when homogenising water vapour, modified
LMDZ does not perform as well as default LMDZ. Conversely, in terms of micro-
state, modified LMDZ generally performs better, which is an important result since
we modified a microstate parameter in hope to improve the cold pools themselves.
As for precipitation, it is unclear whether there is any improvement with modified
LMDZ: the response sign is better, but the amplitude and recovery time scale are
slightly worse. Default LMDZ also had the advantage of showing a very strong
resemblance to homogenisation of temperature in the CRM. Overall, some aspects
are more similar to the CRM (considered improved) and some are less similar to the

CRM (considered deteriorated) with modified LMDZ.

On longer time scales, modified LMDZ performs better than default LMDZ,
since it damps the oscillations relatively quickly, like in the CRM (Figure 4.12).
This is valid whatever the variable is. The recovery time scale is confirmed to be
decreased by a factor of about 5 with modified LMDZ, for both microstate and

macrostate humidity, although this does not seem to apply to precipitation.

4.7 Conclusion

Thanks to its prognostic cold pools, LMDZ does have a representation of mi-
crostate memory. This is confirmed with the significant response away from RCE
when cold pool variables are pseudo-homogenised in the SCM. The SCM memory
has some encouraging features. First, the precipitation recovery time scale has an
order of magnitude similar to the CRM. Second, the overall amplitude and shape of
the recoveries is reasonable. The recovery of microstate variables is also a strength

of this scheme.

However, memory in the SCM is not an accurate representation of the CRM
memory. Most importantly, the recovery to homogenisation in the default SCM is
practically the same whatever variable is homogenised, whereas homogenising dif-
ferent variables in the CRM leads to very different responses in terms of sign, time

scale and amplitude. The most important recovery, the one to homogenisation of
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both water vapour and temperature, even has the wrong sign. Memory through tem-
perature is much better represented in LMDZ than memory through water vapour,
since most LMDZ responses resemble recoveries to temperature homogenisation in
the CRM. Therefore, the SCM completely misrepresents the impact of water vapour
heterogeneity on subsequent convection as shown in the CRM, although it seems to
capture the impact of temperature heterogeneity. Thus the memory is too highly
concentrated in the temperature microstate. Physically, this suggests that the cold
pool water vapour anomaly, despite being prognostic, does not have enough influ-
ence on the convective triggering or closure. Convection seems to be sensitive to
the cold pool temperature anomaly but not to the humidity anomaly, making the
added value of a prognostic representation of cold pool humidity anomaly too small.
The coupling between cold pools and convection through cold pool humidity anom-
aly could therefore be changed. On longer time scales, homogenisation leads to a
highly oscillatory response in SCM whereas it should be quickly damped, as shown
in the CRM. In a nutshell, the SCM captures some microstate memory of the right

capacity, but it is still an inaccurate memory: there is room for improvements.

We tested the memory behaviour for a modified LMDZ where cold pool number
density (D¢p) is increased by a factor of 100. An increase in cold pool number dens-
ity in LMDZ generally reduces its memory time scale, even though it depends on
variables. A significant improvement in modified LMDZ is that the recovery oscilla-
tions are much more quickly damped, as in the CRM. Another improvement is that
the microstate recovery is more similar to the CRM. However, some other aspects
of memory are deteriorated in modified LMDZ, generally for macrostate variables.
In terms of precipitation, some new improvements are noted on the response sign,
but new deteriorations occur as well, for example on the recovery amplitude and
time scale. Note that here, improvements and deteriorations are only relative to the

CRM, not to observations or truth.

While the memory in default LMDZ was strongly focused in the temperature
microstate, this imbalance is partly alleviated in the modified LMDZ. This is en-
couraging, therefore we will investigate other potential improvements of the model

with more numerous cold pools in the next chapter.
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Some aspects of memory might be more similar to the CRM in modified LMDZ
(i.e with increase in cold pool number density), but overall the memory in the SCM
would still need a lot of corrections. In particular, one should look for a diverse
range of behaviour when homogenising different variables, like in the CRM. To start
with, one should strive to improve the role of water vapour in memory, the damping
time scale, and importantly the coupling between microstate and macrostate (i.e.,

the coupling between the cold pool scheme and convection and the large-scale).

One can also reflect on the usefulness of the homogenisation method. This
chapter made a compelling demonstration of how one can use this homogenisation
testbed in order to draw conclusions on the details of the operation of a physical
scheme. This testbed promises to help reveal the realistic and unrealistic aspects
of parameterizations. Therefore, it supports the use of the homogenisation testbed,
in combination with other setups, to compare different convective parameterization

schemes and to guide new scheme developments.
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Chapter 5

Impact of cold pools on the
intermittence /properties of
precipitation in a General

Circulation Model

5.1 Introduction

There are a number of long-standing systematic biases in General Circulation
Models (GCMs). In terms of precipitation, GCMs rain too often and too little
[Stephens et al., 2010]. They produce too much convective rain compared to strat-
iform rain [Dai, 2006]. In terms of clouds, GCMs tend to produce too much high
cloud and too little shallow cloud |Chepfer et al., 2008; Sherwood et al., 2013]. In
terms of humidity, the correlation between precipitable water and precipitation is
often flawed [Masunaga and Sumi, 2017|. This could be related to the lack of sens-
itivity of convective schemes to environmental humidity [Derbyshire et al., 2004|. In
terms of intraseasonal variability, most GCMs do not capture the Madden-Julian
Oscillation (MJO) [CLIVAR Madden-Julian Oscillation Working Group: Waliser
et al., 2009; Jiang et al., 2015]. As for storm representation and convective organisa-

tion, they do not capture the upscale growth towards Mesoscale Convective Systems
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[Rowe and Houze, 2015].

The rain frequency bias in GCMs is particularly important because of the hu-
man perception of weather. Over oceans, GCMs rain roughly twice as often as they
should, and this bias is larger in midlatitudes than in the tropics |Stephens et al.,
2010]. Over land, it is essentially the light precipitation that occurs too often, while
the heavy precipitation shows a reasonable frequency [Sun et al., 2006]. And for
land and ocean altogether, the light precipitation occurs much too often, whereas
the heavy precipitation may occur slightly too rarely in some GCMs |Trenberth
et al., 2017|. Because the rain frequency seems better simulated over the Northern
hemispheric land, the frequency bias might be even larger over ocean than over land.
However, measuring precipitation frequency remains challenging, particularly over
land [Herold et al., 2016]. One hurdle when comparing precipitation frequency in
models and in observations is that the frequency is highly dependent on the spatial
and temporal resolutions: for a larger grid cell, rain is likely to occur more often.
For example, at 0.25° grid spacing and with hourly data, observations show that
precipitation occurs 11% of the time between 60°N - 60°S, but only 8% of the time
over land only [Trenberth and Zhang, 2018|. Because most GCMs rain too often
but still have realistic accumulated precipitation, their simulated rain events are not

heavy enough.

Different remedies have been proposed to improve the large-scale variability of
convection in GCMs, which may indirectly help improve the intermittence of pre-
cipitation. Using a prognostic organisation variable designed to represent the effects
of the microstate on subsequent convection was hoped to increase the variability
[Mapes and Neale, 2011]. A similar objective was present in Del Genio et al. [2015],
since they tried to improve the variability captured by the MJO.

This study aims at testing the idea that convective memory may be involved
in the rain frequency bias. Convective memory means that convection depends
on its own history (see Chapter 1), and it relates to persistence of convection in
time. Therefore the persistence of precipitation in time is expected to be modified
by convective memory. If GCMs rain too often, it may be because they have an

inaccurate representation of convective memory. This inaccuracy would point at
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deficiencies in convective parameterizations, which is often invoked as the cause of

the precipitation frequency bias.

One of the key components of convection which can create convective memory
are the cold pools. Cold pools are formed by rain evaporation under mature convect-
ive clouds, and through both their dynamical impact and thermodynamical impact,
they can generate new convection. By their dynamical impact, cold pools spread
at the surface as density currents, which induces the warmer environmental air to
move upwards, hence favouring convection. By their thermodynamical impact, cold
pools collect humidity through enhanced surface fluxes when spreading at the sur-
face. This forms moisture rings located around cold pool edges, i.e. at the boundary
between cold pools and their environment. These moisture rings reduce Convective
Inhibition (CIN) and make air parcels more buoyant, which enhances convection
| Tompkins, 2001a; Schlemmer and Hohenegger, 2014; Langhans and Romps, 2015;
Torri et al., 2015; Schlemmer and Hohenegger, 2016]. Therefore, cold pools have a
double ability to create convective memory [Mapes and Neale, 2011]. Furthermore,
Chapter 2 carried out a thorough analysis of convective memory and showed that
convective memory mostly resides in low-level thermodynamic variables (below 700
hPa). Cold pools being a major thermodynamic feature at low levels, they are thus

an appropriate candidate for convective memory.

Despite their important role in convective memory and convection in general,
cold pools are usually not represented in GCMs. However, a few GCMs now have
some representation of cold pools, either by a simple physical approach (e.g. Mapes
and Neale [2011], or in the UK MetOffice UM model [MetOffice newsletter|) or by
a full parameterization [Qian et al., 1998; Grandpeix and Lafore, 2010; Del Genio
et al., 2015]. But these developments are still in their infancy. So by improving cold
pool representation in GCMs, we can naturally aim at better convective paramet-
erizations, in particular at better convective memory, and consequently at better

precipitation frequency.

In this study, we use the LMDZ (Laboratoire de Météorologie Dynamique
Zoomed) atmospheric model to test the hypothesis that the rain frequency bias

is due to inaccurate convective memory, which can be improved by cold pools. We
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choose this model for two reasons. First, this GCM is one of the few models to
include a cold pool parameterization in its default version |Grandpeiz and Lafore,
2010]. Second, unlike most GCMs, LMDZ has the advantage of already having some
microstate convective memory (see Chapter 2), which makes it a perfect laboratory
to test the accuracy and usefulness of memory. Moreover, LMDZ microstate memory
precisely resides in the cold pool scheme: its prognostic variables are the cold pool

thermodynamic and geometric properties (see Chapter 2 and Subsection 1.5.5).

However, the cold pool scheme parameter choices could be reviewed, such as
the cold pool number density (number of cold pools per unit area, referred to as
cold pool density in Grandpeiz and Lafore [2010]). In LMDZ default version, the
cold pool number density is a fixed parameter throughout the world, chosen to be
representative of cold pools over land. But it is not a good representation of cold
pool number density over ocean, where cold pools are expected to be weaker (i.e.
smaller temperature drop), and probably more numerous (although this has not yet
be proved). Cold pools over ocean also have a shorter life cycle, as reported by Del
Genio et al. [2012] and used in Del Genio et al. |2015]. Consequently, we will explore
the sensitivity of precipitation frequency to cold pool number density, especially over

oceans.

The strategy to test our hypothesis is twofold. First, we will focus on improving
the representation of cold pools over oceans in the LMDZ GCM, via the cold pool
number density, in a simple 1-D framework. We will use equivalent Cloud-Resolving
Simulations to guide our choices. And second, we will use this new value for cold
pool number density over oceans in 3-D climate simulations, and assess how it
affects precipitation frequency. Therefore, the goal of this work is to show that a
better representation of cold pools in GCMs can help alleviate a long-standing bias
of GCMs, the rain frequency bias, thanks to a better representation of convective

memory.
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5.2 Methods

5.2.1 Overview of the cold pool scheme in the LMDZ model

The LMDZ cold pool scheme [Grandpeiz and Lafore, 2010; Grandpeix et al.,
2010] has been presented in Subsection 1.5.5 as well as in Section 4.2. In summary, it
represents a population of identical circular cold pools, whose geometry is described
by the fractional surface area occupied by cold pools in the grid cell (a prognostic
variable), and the cold pool number density, i.e., the number of cold pools per unit
area (a parameter). The thermodynamic properties are described by a cold pool
temperature anomaly profile and a cold pool water vapour anomaly profile with
respect to their environment, which are two prognostic variables. Through their
negative buoyancy, cold pools act as a density current spreading at the surface, and
can therefore trigger deep convection. The ability of cold pools to trigger convection
is measured by their Available Lifting Energy (ALE), calculated as their vertically-
integrated negative buoyancy. Cold pools are in competition with boundary layer
thermals to trigger convection. Triggering occurs when the ALE provided by either
cold pools or thermals exceeds a threshold in Convective Inhibition (CIN). Likewise,
cold pools provide a mass flux that can partly determine the convective intensity, so
that cold pools intervene in the closure. The fuel for convective intensity, provided
by both cold pools and thermals, is called Available Lifting Power (ALP). The two

types of origins for ALP sum up in the closure.

One issue is that, in the original version of the scheme, the cold pool number
density (denoted by D¢p) is a constant parameter. Its value was chosen to be close
to the expectations for cold pools over land. So it is not a good approximation of

its value over oceans, given the spatio-temporal variability of cold pools.

There is an important functionality in the cold pool scheme called the “split-
ting” of the Boundary Layer (BL). This is motivated by the difference between
thermodynamic properties inside and outside cold pools. First, this difference leads
to different surface fluxes: sensible heat fluxes should be larger in cold pools, and

latent heat fluxes should also be different. Second, given the different thermody-
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namic profiles, static stability is expected to be different in cold pools, so that the
boundary layer turbulence should be different as well. We can decide to activate or
not a different computation of surface fluxes and thermals in the cold pools, com-
pared to their environment. When the BL “splitting” is activated, there are two
different situations that the boundary layer and thermal schemes consider: inside

the cold pools, and outside the cold pools.

5.2.2 Experimental approach with the LMDZ 1D and 3D

simulations

For simplicity, we conducted the first step of this work in a 1-D set-up (Single-
Column Model, SCM). We ran a series of Radiative-Convective Equilibrium (RCE)
simulations over an ocean with a fixed Sea Surface Temperature, which means there
was no external forcing. We chose this framework for two reasons. First, having
a simple, atemporal, and easily reproducible testbed is useful for parameterization
development, assessment, and inter-comparison. Second, this facilitates the compar-
ison of cold pools between the SCM and Cloud-Resolving Model (CRM) simulations
described below. The SCM has 79 vertical levels, represents a box of 500 km x 500
km, the time step is 5 min, and the SST is imposed at 302 K. The RCE is run for

90 days, and we discard the first 60 days due to spin-up.

We varied the Deop parameter over a range a possibilities centred around the
model default value. The default value was 8 - 10712 m=2. This amounts to a cold
pool every 350 km. We tested the sensitivity of cold pool properties and simulated
precipitation for values of Dcp ranging from 100 times larger than the default to
100 times smaller than the default. That implies a spectrum ranging from a cold
pool every 3500 km (low number density) to a cold pool every 35 km (large number
density). And we studied the sensitivity of the RCE state and its cold pool properties
to Dep.

In this series of RCE simulations in 1-D mode, we analysed the mean properties
of cold pools for different cold pool number densities. We are not interested in

the atmospheric mean state in RCE (e.g., mean humidity, mean precipitation) but
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rather in the mean properties of cold pools and cold pool-convection interactions,
so that the RCE framework does not impede our ability to study the intermittence

of precipitation.

We also tried to assess the sensitivity of the RCE state and its cold pools to
other cold pool scheme parameters | Grandpeiz et al., 2010], but the results were not

as interesting, so we will not present them here.

In the second step of this work, we performed 3-D runs which consisted in 10
years of global simulation, with climatological SSTs. These simulations also have
79 vertical levels, but unlike the 1-D setup, they have 2.5° zonal grid spacing, 1.25°

meridional grid spacing, and the time step is 2 min.

5.3 Results

5.3.1 Insights on cold pool properties from a Cloud-Resolving

Model simulation over ocean

We begin by further exploring the unorganised control run of the cloud-resolving
model presented in Section 2.3 in order to gain insight on resolved cold pools. The
CRM-simulated cold pools over the ocean are found to be almost uniformly cold at
a given altitude: there is almost no horizontal gradient of temperature inside a cold
pool (Figure 5.1). Vertically, the cold pools become increasingly cold as the air is
closer to the surface, most likely because of continuing rain evaporation cooling the
air moving downwards. The order of magnitude of the temperature drop is 0.5 K,

which is roughly consistent with observations |Feng et al., 2015].

However, cold pools are not uniformly dry horizontally. Instead there is a
strong horizontal specific humidity gradient inside the cold pools, pointing from the
dry centre of the cold pools, i.e., where the downdraft falls, towards the humid
boundaries of the cold pool. Downdrafts are bringing dry air because the air comes
from aloft where the saturated specific humidity is much lower. When moving

towards the cold pool boundaries, cold pools collect water vapour through surface
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Figure 5.1 Snapshots of cold pools in a CRM simulation in Radiative-Convective
Equilibrium. (a) Vertical cross-section of water vapour mixing ratio (kg/kg), in an
(x,z) plane. (b) Vertical cross-section of potential temperature anomaly (K) compared
to a fixed 300 K value, in an (x,z) plane. (¢) View from the top of the potential
temperature averaged in the sub-cloud layer, in an (x,y) plane, which allows to visualise
the horizontal distribution of cold pools. (d) Same as (a) but zoomed over the region
where cold pools are the strongest. (e) Same as (b) but zoomed over the region where
cold pools are the strongest. xy denotes the x-axis location of a cold pool at its apex.
The red zig-zag in (c) denotes the y-axis location of the vertical cross-sections showed
in (a),(b),(d),(e). The vertical black lines in (d),(e) denote the x-axis boundaries of
two particular strong cold pools in the cross-sections presented here.

fluxes, which gradually increases their water vapour mixing ratio, which is consistent
with previous studies |Langhans and Romps, 2015; Schlemmer and Hohenegger, 2016;
Torri and Kuang, 2016].

These CRM simulations over ocean also show that there is about 1 cold pool
every 30 km in the equilibrium state. This order of magnitude was determined by
basic visual counting of the cold pools found in the 200 km x 200 km CRM domain
as in Figure 5.1 (c). To be counted as a cold pool, a cold area in the domain
had to be roughly 0.4°C colder than the mean sub-cloud layer averaged potential
temperature (i.e. less than 300.1 K or so in Figure 5.1 (c¢)). Note that this method

is not intended to be precise, just to give an order of magnitude. The corresponding
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Dep is 1072 m~2. The simulations also show that there are about 20 new cold pools
every hour, which gives a cold pool birth rate of 5- 1071 m=2.A~!. And finally the

cold pool life duration can be up to 1h45min.

The values we determined from the CRM can be compared with LMDZ cold
pool scheme. The scheme assumes that cold pools are horizontally uniform since
they have a single temperature and humidity profiles. While the CRM shows that
this is a reasonable approximation for temperature, it is not a good approximation
for humidity. Furthermore, although LMDZ default Dsp may be representative of
cold pools over land (in particular over Sahel), the CRM shows that the expected
D¢ p over ocean should be approximately 100 times larger. Instead of modelling a
cold pool every 350 km, the scheme should model a cold pool every 30 to 35 km over
the ocean. As a comparison, de Szoeke et al. [2017| showed that Dgp is twice as
large during active MJO (about 5 cold pools per day at their measurement station),
compared to suppressed MJO (about 2.5 cold pools per day). The natural range of
variability in Dgp over the ocean seems to be of a factor of 2, therefore the error
of order 100 that LMDZ parameterization does over the ocean definitely needs a

correction.

5.3.2 Comparison with the cold pools over land

In comparison, over land, cold pools can be much larger, deeper and colder.
Observations show that cold pools are about 1 K to 2 K colder than their environ-
ment over ocean [Feng et al., 2015; de Szoeke et al., 2017] but 5 K to 10 K colder
over land [Marsham et al., 2013; Provod et al., 2016]. Cold pools over ocean have a
diameter of order 25 km [Feng et al., 2015; Rowe and Houze, 2015], but cold pools
over land have a diameter of at least 60km [Lothon et al., 2011]. Cold pools over
ocean are usually shallow (less than 800 m) [de Szoeke et al., 2017|, but over land
they can be as deep as 2.5 km |Lothon et al., 2011].

Physically, cold pools over land are deeper and colder than over ocean for two
main reasons: (1) because Boundary Layer (BL) air is usually drier over land, and
(2) because cloud base is usually higher over land. Rain evaporation being favoured

by dry and thick air under cloud base, cold pools are deeper and colder and therefore
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more intense over land. Moreover, wind shear helps convection self-sustain itself,
thanks to the coupling with cold pools [Rotunno et al., 1988; Robe and Emanuel,
2001]. Since wind shear is usually larger over land, this reinforces cold pool strength

over land, making them deeper and colder.

As cold pools over ocean are weaker, they tend to dissipate more quickly, so
that they do not have enough time to merge with other cold pools, contrary to cold
pools over land. This tends to make cold pools more numerous over ocean. The BL
height reinforces this tendency: since BL height is larger over land, and since BL
thermals tend to scale over horizontal and vertical scales, BL thermals (or rolls) tend
to be wider and stronger over land. After triggering, this makes convective systems
occur further apart over land, which may later give birth to cold pools further apart
from one another over land. As a result, cold pools are also thought to be much less

numerous over land.

5.3.3 Sensitivity of cold pool thermodynamic and dynamic

properties to cold pool number density in 1-D LMDZ

From now on, we focus on the sensitivity of cold pools to cold pool number
density (Dcp) in the series of RCE simulations conducted with LMDZ in a 1-D

mode.

With a higher D¢ p, LMDZ cold pools become less cold and less deep (Figure 5.2
(a)). When D¢p is increased by a factor of 10%, the cold pools become about 10 times
less cold near the surface. In RCE over ocean, the total cold pool surface fraction
area in the grid cell is in practice fixed to its maximum value, 0.4. Therefore,
having more numerous cold pools indirectly implies having smaller cold pools. In
the scheme, since cold pools become smaller at high number density, they cannot
spread for a long time before vanishing, and they are thus forced to be younger
(although in reality, causality would impose that it is because a cold pool is young
that it is smaller, relationships in the cold pool scheme imply the cold pool age).
So it makes sense that at high number density, they are less cold than if they had

undergone continuous rain evaporation.
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Figure 5.2 Sensitivity of cold pool properties to the cold pool number density. (a)
Vertical profiles of cold pool temperature anomaly for simulations where the “splitting”
option is deactivated. (b) Vertical profiles of cold pool humidity anomaly for simulations
where the “splitting” option is deactivated. (c) Same as (a) but with the “splitting”
option activated. (d) Same as (b) but with the “splitting” option activated. The cold
pool number density is denoted by wdens, shown by the colours, and values are given
in the legend (red related to sparse cold pools, i.e. low cold pool number density, and
purple to numerous cold pools, i.e. high cold pool number density), relatively to the
default value which is written wdens ref. On the right-hand side, cartoons show the
meaning of low, medium and high cold pool number density, viewed from the top and
with cold pools being blue.

In terms of humidity, a higher Do p makes LMDZ cold pools less humid near the
surface, slightly less dry near 950 hPa, and again less dry aloft, in their downdraft
region (Figure 5.2 (b)). Indeed, with more numerous cold pools, they are smaller,
younger, and therefore they do not have much time to accumulate humidity through
surface fluxes (near the surface), or through precipitation evaporation (aloft). Con-
sequently they are less humid near the surface and also aloft. The reason why they
are less dry near 950 hPa (near the Lifting Condensation Level) is less clear. But
it could be related to enhanced entrainment of environmental air at lower altitudes,
leading to air with higher temperature and thus higher humidity to enter the cold

pools.
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A higher D¢ p also leads to an increase in downward vertical velocity inside the
cold pools (not shown), which would explain the enhanced entrainment, at least in
the scheme. The reason for this is that with higher Dsp, LDMZ cold pools would
have the tendency to quickly occupy more surface area when growing as they are
2-D objects but grow in 1-D. And this must be compensated by a larger downward

vertical velocity.

In summary, when BL “splitting” is not activated, we have the following sens-
itivities. When cold pools are more numerous (higher D¢op), they become less cold
and the humidity anomalies are weaker, but the cold pool downward vertical velocity

anomaly is larger.

With splitting of the boundary layer into 2 environments, very similar sensit-
ivity of cold pool properties to Dep is observed (Figure 5.2 (¢) and (d)), so that
the previous results prove to be robust. However, the absolute anomaly profiles of
cold pools with respect to their environment are qualitatively different. In particu-
lar, the amplitude of the cold anomaly at the surface is reduced, and the cold pool
temperature and humidity anomalies are much more uniform with height. Also, the
cold pools are much drier than their environment around 950 hPa - 800 hPa than

they were without splitting, and this behaviour occurs over a much deeper layer.

Comparing with the CRM, the LMDZ temperature anomaly profiles seem more
similar to the CRM when the splitting is deactivated, though the processes that the
splitting is trying to capture make physical sense (Figures 5.2 and 5.1(d,e)). In terms
of humidity anomaly profile, it is harder to conclude which option is more similar
to the CRM at this point, because the CRM analysis of vertical profiles remains to
be done, and because the CRM argues for a representation of horizontal gradients

of humidity which do not exist in the LMDZ scheme.

5.3.4 Sensitivity of the cold pool - convection interaction to

cold pool number density in 1-D LMDZ

Sparse cold pools correspond to low cold pool number density (Dcp), and

numerous cold pools to high cold pool number density.
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Figure 5.3 Sensitivity of the impact of cold pool on convection to the cold pool
number density. (a) Available Lifting Energy (ALE, triggering) with respect to cold
pool number density, with “splitting” option deactivated. (b) Available Lifting Power
(ALP, closure) with respect to cold pool number density, with “splitting” option
deactivated. (c) Same as (a) but with “splitting” option activated. (d) Same as (b) but
with “splitting” option activated. Colours refer to ALE or ALP due to cold pools (red),
to thermals (blue) and to the association of both cold pools and thermals eventually
seen by the convection scheme (green), as per the legend. The cold pool number
density, denoted by wdens, is shown on the x-axis as a multiplying coeflicient with
respect to the default value (the multiplying value is 1 for the default cold pool number
density, and 100 when the cold pool number density is 100 times larger than its default
value). At the bottom, cartoons show the meaning of low, medium and high cold pool
number density viewed from the top and with blue cold pools.

At higher Dcp, cold pools become much less powerful to trigger convection,
whereas the ability of thermals to trigger convection is a small value which remains
insensitive to Dcp at first order (Figure 5.3 (a)). Therefore, the likelihood of any of
the two processes to exceed the Convective Inhibition and trigger convection is large

at low Dcp (favouring endless persistence) and low at high Dep (favouring breaks
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in convection). Another consequence is that the competition between thermals and
cold pools to trigger convection is increasingly less favouring cold pools at high D¢ep.
And there is a stochastic component in the triggering of the convection scheme by
thermals. So with cold pools weaker than thermals, convection should become more

sporadic.

This effect stems from the sensitivity of cold pool thermodynamic properties to
Dcp (Figure 5.2). At higher Dep, cold pools are smaller and less cold, so that they
are less negatively buoyant. Therefore, they have a weaker thermodynamic potential

energy and spread less fast, which gives them less energy to trigger convection.

When “splitting” is activated, these results hold well, and cold pools are even
slightly less powerful in the triggering (Figure 5.3 (c¢)). A Dcp just 20 times the
default is enough for cold pools to become weaker than thermals, while it has to be at
least 100 times the default without splitting. Splitting should thus make convection

even more sporadic at high D¢gp.

When cold pools are more numerous, thermals generate less convection, whereas
cold pools generate almost as much at first order: the intensity of convection, which
is the sum of both effects in the closure, is reduced overall (Figure 5.3 (b)). This
could lead to reduced heavy precipitation events. The fact that it is the thermals
that lead to less intense convection can be explained by the indirect thermodynamic
effect of cold pools in the scheme: when cold pools are less cold, the air outside cold
pools is relatively less warm, less buoyant, and thus less active for convection by

thermals.

When splitting is activated, the results are roughly similar, except that con-
vective intensity from both thermals and from cold pools is reduced at higher D¢p
(Figure 5.3 (d)). The intensity of convection due to cold pools even seems more
sensitive to Dcp than the intensity due to thermals. This effect, opposite to the
case without splitting, may be due to two factors. First, with splitting, thermals
outside the cold pools are independent from those inside the cold pools, so that the
thermals outside cold pools can remain more active for convective intensity, even
at higher Dop. Second, with splitting, cold pools are damped by enhanced surface

fluxes, so that their ability to feed convection can be reduced. In any case, with
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more numerous cold pools, convection is expected to be less intense once triggered.

Even though splitting leads to cold pool thermodynamic profiles which seem
less similar to the CRM than without splitting, conversely it does seem to provide

triggering and closure behaviours closer to our expectations.

This shows a sensitivity which can affect the precipitation persistence of the
model. There are two reasons for that. First, with higher D¢p, cold pools have less
energy to trigger or maintain convection, so more sporadic convection is expected.
Second, the stochastic triggering due to thermals may then start to express itself,

enhancing the intermittence.

This change in convective persistence may be interpreted as a change in the
memory process, although this interpretation is not necessary to explain the res-
ults: reducing triggering by cold pools by making their ALE smaller than the CIN
is enough to explain why convection becomes more sporadic. Note that the link
between memory and persistence is not obvious (as pointed out in Subsections 1.4.2
and 2.2). Memory implies persistence, but the contraposition statement is wrong:
persistence does not necessarily imply memory. However, the fact that this sens-
itivity can be interpreted in terms of memory is partly confirmed by the results
presented in Chapter 4: with increasing D¢p, we noted almost no change in recov-
ery time scale for precipitation, but a reduction in precipitation response amplitude
and more response damping on longer time scales (Figure 4.8). We also noted that
the recovery time scale of many other variables was reduced (e.g. all microstate
variables, macrostate CAPE, macrostate humidity) (Figures 4.9,4.10,4.11). This
suggests that with more numerous cold pools, LMDZ clearly has a weaker micro-
state memory, except for precipitation where it only has a slightly weaker memory.

This could lead to less persistence of precipitation (i.e. more intermittence).

5.3.5 Higher precipitation frequency over oceans with a higher

cold pool number density in 3-D LMDZ

We now analyse the effects of the cold pool number density on the climate in

3D global LMDZ simulations performed with climatological SSTs (Subsection 5.2.2).
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Figure 5.4 Global maps of the number of convectively rainy days in a year (number

of days in a year for which convective rain exceeds a threshold of 1076 mm.day !

~ 4.107® mm.h~1). Each map corresponds to a different value of the cold pool number
density: (a) 10 times less than default (b) default (c) 10 times more than default (d)
100 times more than default (¢) 250 times more than default.

This allows to test the conclusions from the 1D runs in a fully interactive case where

the large-scale circulation can respond to convection.

To study the precipitation intermittence, we come up with a simple proxy which
is the number of convectively rainy days in a year. This is defined as the number of
days in a year for which convective rain exceeds a threshold of 107 mm.day~!, and

this is computed from daily model output.

There is a significant increase in precipitation intermittence when increasing
Dcp (Figure 5.4). At a given location, the number of days with convective precip-
itation is monotonically reduced when cold pools become more numerous. Also, for
example, the area where convective rain happens more than 350 days per year (in
red-pink) is strongly reduced when D¢ p increases. Note that this sensitivity is very
obvious over the oceans, but also exists over land, to a lesser extent. Results are
insensitive to the choice of the threshold used to determine whether or not there is

precipitation, for values ranging from 107% mm.day~! to 10~! mm.day .

The most sensitive areas to Dcp can be better determined by the differences in

the amount of convectively rainy days between simulations with the modified value
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Figure 5.5 Similar maps as Figure 5.4 but expressed as a difference to the default.
Maps show the difference between (1) the number of convectively rainy days in a year
for the cold pool number density used in a given experiment, and (2) the number of
convectively rainy days for the default cold pool number density. Cold pool number
density in the experiment is (a) 10 times less than default (b) 10 times more than
default (c) 100 times more than default (d) 250 times more than default.

of the parameter and the simulation with the default value (Figure 5.5). Overall, it
is over the tropical oceans, except the Warm Pool, that precipitation intermittence
is the most sensitive to Dep. It even seems it is over the subsidence areas of the
Hadley cell around 20-30°, and over the Pacific cold tongue that this sensitivity is
the highest.

However, the mean convective precipitation remains generally unchanged when
increasing Dop (Figure 5.6). Therefore Dop is a powerful parameter to modify con-
vective precipitation frequency without modifying convective precipitation amount

itself.

This sensitivity can be explained by the decrease in triggering energy due to

cold pools at high D¢p, as well as the altered competition between cold pools and
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Figure 5.7 Same maps as Figure 5.4 but for the difference between the triggering
energy of cold pools and the triggering energy of boundary layer thermals (ALE_wk
— ALE_bl), showing which sub-cloud process dominates the triggering between cold
pools and thermals.

thermals, as seen with the 1-D experiments. Cold pools are largely favoured to trig-
ger convection with sparse cold pools, whereas the competition is more balanced with
numerous cold pools, with thermals dominating the competition over the tropical
oceans (except the Warm Pool) in areas with high sensitivity in terms of convective

precipitation frequency (Figure 5.7).
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Figure 5.8 Same maps as Figure 5.4 but for the cold pool surface area fraction (surface
occupied by cold pools in each grid cell, capped at a maximum of 0.4 by LMDZ
scheme)

th any precip, wd

Figure 5.9 Same maps as Figure 5.4 but for the number of days with total precipitation
(convective + stratiform)

The fractional area occupied by cold pools also reflects whether or not they
have enough energy to continuously maintain convection, and thus whether or not
they dominate thermals for the triggering (Figure 5.8). There is an overall reduction

in the surface area occupied by cold pools when D¢ p increases, and that seems well
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Figure 5.10 Same maps as Figure 5.4 but for the amount of total precipitation
(convective + stratiform)

correlated with the increase in convective precipitation intermittence.

In terms of overall precipitation (convective + stratiform), there is still more
intermittence at high D¢cp, but the effect is strongly reduced compared to the effect
on convective precipitation intermittence (Figure 5.9). This is probably due to
partial compensation by the stratiform rain, which is out of direct control of the

convective parameterization.

The total precipitation amount (convective + stratiform) still remains un-
changed with modified Dcp (Figure 5.10). Even though the sensitivity of total
precipitation frequency to D¢p is not as large as the convective one, it is still a sens-
itivity well isolated from the total precipitation amount. This is very encouraging
to improve precipitation frequency without degrading precipitation amount, usually

good enough in GCMs.

The maps on Figure 5.4 show that there may be a qualitative improvement of
rain frequency in LMDZ in comparison with the observations (Figures 5.11, 5.12,
5.13, 5.14, 5.15 extracted from Trenberth and Zhang [2018] (Fig 4, Daily), Stephens
et al. [2010] (Fig 6), Sun et al. [2006] (Fig 8)). In particular, it is the highest value of
D¢ p that gives the most similar map to the one made with daily data by Trenberth

and Zhang [2018], at least qualitatively in terms of patterns.
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Figure 5.11 Annual mean of the percentage time precipitation occurs above a given
threshold of 0.02 mm/h in observations at 0.25° spatial resolution for (left) daily data
(right) hourly data. Adapted from Figure 4 in Trenberth and Zhang [2018].
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Figure 5.12 Observed global distribution of the frequency of occurrence of precipitation
with an approximate 2° resolution. Adapted from Figure 6d in Stephens et al. [2010].

Comparisons in terms of precipitation frequencies come with caveats since pre-
cipitation frequency is by definition highly dependent on spatial and temporal res-
olutions. In particular Trenberth and Zhang [2018| show results at 0.25° spatial
resolution while LMDZ grid spacing is much larger, and Stephens et al. [2010] do
not mention what their temporal resolution is. Also, some observations are only
available over land [Sun et al., 2006]. Since we use daily data at 2.5° zonal resol-
ution, 1.25° meridional resolution in LMDZ, the most relevant comparison is with
Stephens et al. [2010]. Comparing with the daily data in the other studies is better
than comparing with hourly data. To allow for a better comparison, it would be

necessary for us to plot additional maps based on the same variables and the same
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Figure 5.13 Mean JJA precipitation frequency (%) for light precipitation (1-10
mm/day), from daily data, from gridded GTS (Global Telecommunications Sys-
tem) observations (b) on a 1° grid (c¢) on a 3° grid. Adapted from Figure 3 in Sun

et al. [2006].
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Figure 5.14 Same as in Figure 5.13 but for the frequency (%) of heavy precipitation
(> 10 mm/day). Adapted from Figure 4 in Sun et al. [2006].
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Figure 5.15 Same as in Figure 5.13 but for the number of rainy days contributing to
67% of the annual precipitation. Adapted from Figure 8 in Sun et al. [2006].

colourbar as the observations. This could be improved in future work.

This more sporadic behaviour with more numerous cold pools is somewhat

confirmed by selected time series of convective precipitation (Figure 5.16). First,
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Figure 5.16 Time series of convective rain, for different values of cold pool number
density: either the default (top, (a),(b),(c),(d)) or 100 times the default (bottom,
(e),(f),(g),(h)). These plots are taken for either an FEastern tropical Pacific location,
-110° longitude and 12° latitude (left, (a),(b),(e),(f)) or a Western tropical Pacific
location, 150° longitude and 5° latitude (right, (c),(d),(g),(h)). There are two different
time periods: either over a month, 4 Dec 1984 to 3 Jan 1985 ((a),(c),(e),(g)) or over a
year, 4 Dec 1984 to 3 Dec 1985 ((b),(d),(f),(h)).

these time series being taken at local points, they cannot be considered as strong
evidence. Second, they show the interplay between multiple time scales, and we
cannot extract too much information. Still, with the default value, convective rain
never reaches a null value in these time series. Conversely, with a value 100 times
larger, convective precipitation does reach zero, and even for an extended period of
time on Figure 5.16(f). This embodies the change in precipitation frequency with

changing D¢p, even if it is not a compelling argument.

In order to compare the simulations with various Dsp with one another as well
as with observations in terms of precipitation frequency, the next step is to plot in
each case a PDF of (1) precipitation rate, (2) precipitation event duration, and (3)

autocorrelation of precipitation in time. This will be done in future work.

As noted in the introduction, GCMs usually rain too often, which suggests

their precipitation is too persistent. However, since persistence does not necessarily
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imply memory, we cannot conclude whether or not GCMs have too much microstate
memory. Most likely, they cannot have too much microstate memory, unless they
already have a prognostic representation of the microstate. But it is possible that
the persistence of large-scale conditions causes the persistence of precipitation. If
the persistence of large-scale conditions is itself due to convection, then GCMs may
have too much macrostate memory and too much synoptic state memory. Whatever
the reason is, if the large-scale forcing is too persistent, convection will also be too
persistent. That means microstate memory is not involved (and even the other types

of memory may not be involved).

5.4 Conclusion

We first modified the cold pool parameterization in the LMDZ model over
oceans, by changing the cold pool number density in a 1-D setup, following the
orders of magnitude found in Cloud-Resolving simulations. In particular, having
more numerous cold pools made cold pools less cold, less deep, and consequently
less energetic to trigger convection. This weakening effect was even enhanced by

increased competition with thermals to trigger convection.

This allowed for better precipitation intermittence in 3-D simulations, especially
over tropical oceans. The results thus show a sensitivity which could make GCMs

rain less often, and thus help alleviate the typical rainfall frequency bias in GCMs.

This effect can be partly interpreted by the convective memory which resides in
LMDZ’s prognostic cold pools (see Chapter 2). By changing the cold pool number
density, we changed the memory process captured by the cold pool scheme, and
therefore changed the ability for cold pools to maintain convection and make rainfall
persist in time. Furthermore, this shows the interaction between spatial scales:
improving the memory related to cold pools at small scales helped improve the

behaviour of precipitation frequency at larger scales.

These results call for a two-step improvement of the GCM. First, although the
default cold pool number density is a global parameter in this version of the model,

this study shows it is necessary to have a different value over ocean and over land.
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There are two reasons: (1) to have a value of the cold pool number density over
ocean closer to our expectations, and (2) to improve the rainfall frequency bias over
oceans. In a second step, it should be useful to turn the cold pool number density
parameter into a prognostic variable (see Chapter 2). This would allow to not only
change the memory process, but also to significantly improve it. It would also allow

to model a cold pool population dynamics, ultimately preferable.

This change in convective memory via cold pool number density may also have
benefits on other systematic GCM biases of GCMs. For example, having more nu-
merous cold pools increases the amount of precipitable water in the 1-D framework,
thus potentially correcting biases in mean humidity for instance? Other biases (e.g.,
cloud distribution, mean humidity, radiation) could similarly be reduced by this
modified cold pool scheme, which calls for further investigation and comparison

with observations.

The parameters and variables presented in this work could be better constrained
by observations. It would therefore be beneficial to significantly invest on observa-
tions of cold pools. Some observations of cold pools exist in 0-D (fixed stations
[Provod et al., 2016], ship stations [Feng et al., 2015]) as well as in 2-D (drones,
radars [Rowe and Houze, 2015; Feng et al., 2015], satellites). We should make use

of it to further evaluate our results.
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Chapter 6

Conclusion

6.1 Summary

Convective memory can be defined as the dependence of convection on its own
history, rather than just on large-scale environmental conditions. For a model, it

means having a prognostic representation of processes.

In this thesis, we have introduced a framework to better study convective
memory, its causes, and its consequences. Depending on whether or not processes are
resolved or parameterized, they provide different types of memory. The synoptic-
state memory and the macrostate memory occur through the resolved large-scale
state, so that any diagnostic parameterization can aim to capture them. However,
the microstate memory occurs through the unresolved subgrid structures, so that it

cannot be captured without a prognostic representation of unresolved processes.

The results obtained with a Cloud-Resolving Model (CRM) showed that con-
vective memory does exist and that it is relevant for models whose time steps are
less than an hour, which is almost always the case for General Circulation Models
(GCM). Importantly, we showed that convective memory is strongly enhanced by
convective organisation, for which its time scale can reach up to more than a day.
Physically, this stems from the fact that memory is stored in microstate structures
able to persist in time, which carry some information from the past, and which are

enhanced by convective organisation.
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Convective memory has been found to be essentially stored in the boundary
layer thermodynamic variables. This result is generally robust for all the convect-
ive organisation types studied here, even if there are some differences. In other
words, memory is primarily stored in boundary layer water vapour and temperature
structures, which may be captured by the boundary layer Moist Static Energy struc-
tures. In particular, there is a dominant water vapour memory which is consistent

throughout this investigation.

These results support efforts to represent in a prognostic way boundary layer
thermodynamic structures in GCMs, such as cold pools, thermals, downdrafts, and
potentially other objects. Overall, the thesis showed it is important to represent in
some way the evolution of boundary layer Moist Static Energy variance, since it is

paramount for memory and organisation.

Microstate memory is the type of memory which is most problematic in GCMs,
since it requires a special prognostic treatment. To isolate it from the macrostate
feedbacks, we investigated the convective behaviour when the macrostate is not
allowed to vary in time. In these fixed-macrostate experiments, we found that an
instability of the microstate develops quickly. Depending on how accurately the
macrostate profiles are held, the instability is either an exponential growth or an

exponential decay.

To understand this unexpected phenomenon, we built a simple toy model of
convection with memory, which turns out to be a predator-prey model: micro-
state heterogeneities (the predator) consume macrostate instability (the prey). The
predator-prey model reproduces successfully the key characteristics of the memory
behaviour analysed with the CRM, so that it is fit for the purpose of studying con-
vective memory. In particular, under fixed-macrostate conditions, the predator-prey

model also leads to an instability.

This instability phenomenon under fixed-macrostate conditions in both models
shows that there is a particular kind of instability that has not been suspected yet:
the instability of the microstate. This reinforces the finding that the convective
microstate plays a crucial role in determining subsequent convection. Since the

macrostate is known in these experiments, the instability shows that knowledge of
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the large-scale state is not enough to predict convection, contrary to traditional
thinking. In our experiments, a slight discrepancy in fixing the macrostate profiles
can lead to a completely different behaviour (exponential growth or exponential
decay). For a parameterization to be successful at predicting convection, at least on
short time scales (hours, or up to one day), not only should the large-scale state be

known, but the microstate history should also be taken into account.

Macrostate feedbacks on the microstate must therefore play a key role to ensure
stability, either in a GCM or in the real world. This implies that the coupling
between the microstate memory and the macrostate is important to hamper any

convective microstate instability.

The ideas developed from the CRM results and from the predator-prey model
are intended not only to bring understanding on the convective memory processes,
but also to be applied to convective parameterizations in GCMs. Therefore, we used
LMDZ, an atmospheric GCM which already has some prognostic representation of
the microstate, through its cold pool scheme. We applied a similar perturbation
method, homogenisation, in the Single-Column Model (SCM) version of LMDZ,
and compared with the CRM and with the predator-prey model.

The memory in the SCM is shown to be encouraging, since the time scale and
shape of the recoveries to perturbations are similar to those obtained with the CRM.
However, there are also several issues. Most importantly, the SCM memory is almost
fully stored in the temperature microstate, whereas the CRM showed even more
memory is stored in the water vapour microstate. There is a wrong representation

of the “water vapour memory”.

Based on the CRM results, memory should be improved through low-level ther-
modynamic structures. As a result, we attempted to improve the SCM via its cold
pool scheme. In particular, we increased the cold pool number density by 100, to

bring it closer to a realistic value for oceanic convection.

This change improves some aspects of memory in the modified SCM, such as the
imbalance between temperature storage and water vapour storage of memory, the
damping of recoveries, and the behaviour of the microstate. However, this change

also deteriorates other aspects of memory. For example, the memory time scale of
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precipitation, and the macrostate recoveries are not as realistic. There is a clear
sensitivity of memory to the change in cold pool number density, but this does not
necessarily translate into a direct improvement of the memory as a whole. One
solution would perhaps be to not only modify the value of the cold pool number
density, but rather to turn it into a prognostic variable, hence automatically bringing

a different memory to the system.

To better understand the potential of the cold pool number density parameter
in terms of memory, and its impact on large-scale properties of climate simulations,

we explored in more details the sensitivity of LMDZ to this parameter.

With more numerous cold pools in the model, the SCM cold pools themselves
are changed: they become less cold, less deep, and less energetic to trigger deep con-
vection. As a result, they do not always overcome the triggering of deep convection
by boundary layer thermals: there is a more balanced competition between these

two processes to trigger convection.

Applying this change in cold pool number density in 3-D simulations showed
that precipitation becomes more intermittent, solving a typical GCM bias which
consists in raining too often. One possible interpretation is that the sensitivity of
cold pool strength to the cold pool number density parameter affects memory, and
therefore improves the precipitation frequency, although the link between memory

and persistence is not demonstrated yet.

This shows that modifying properties controlling microstate memory can lead to
improvements of large-scale properties. This should help focus attention on the role
convective memory plays in the basic convective process. Therefore, this sustains

the efforts to take a prognostic approach to represent unresolved processes.
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6.2 Implications

6.2.1 Understanding of convection

The results suggest that the microstate should be incorporated in convective
understanding and convective parameterizations. The usual thinking is that knowing
the large-scale state is sufficient to predict the intensity of convection. Convection
can then feed back onto the large-scale environment, leading to a coupled interaction

between convection and the large-scale circulation.

However, the experiments presented in this thesis show that knowing the large-
scale state is not sufficient to know the characteristics of convection, even though this
is probably a necessary condition. We argue here that the microstate plays a role to
determine the future evolution of a convective system. The microstate memory can
partly control the development of convection, making convection dependent on its
own history even for fixed large-scale conditions. So both the large-scale conditions
and some measure of the microstate should be known to make a good prediction
of convection. This is different from the usual thinking since it shows that the
convective state influences itself, so that it introduces another degree of freedom for

convection.

6.2.2 Development of GCM convective parameterizations

The results imply that parameterizations should not make the diagnostic as-
sumption: they should not assume that there is a diagnostic relationship between
convection and the large-scale environment [see subsections 5b and 5¢ in Arakawa,
2004, for a list of non-prognostic schemes|. The investigation shows that even in the
worse scenarios, i.e., when convection is unorganised, there is at least a memory time
scale of an hour, which is larger than the GCM time steps: the temporal resolution
is such that convection life cycle cannot be neglected. When convection becomes
organised, the memory time scale can be as long as a day, which means that with

organised convection, it is paramount to take memory into account, even at the di-
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urnal time scale. The simplest way forward is to introduce a prognostic microstate

variable to capture some microstate memory.

To what extent is it detrimental to neglect microstate memory? The answer
probably depends on the objectives of the model developers and model users. If
the time scale of interest is much greater than one day, then memory may not be
important, except if memory is proved to have an indirect effect on longer time
scales (similarly to Bony and Emanuel [2005] or Del Genio et al. [2015]). Micro-
state memory may change some properties of the mean state, but not dramatically
(Chapters 4 and 5, and other LMDZ SCM results not shown). If the interest is in
the mean state, rather than on the the spatio-temporal variability, then microstate

memory may also not be that important.

There may be two general methods to include microstate convective memory
into a parameterization: either using a comprehensive approach, or using a simple
heuristic approach. Whatever the method may be, it seems that the only way to
capture memory is for the convection scheme to be prognostic. In a comprehensive
approach, one needs to keep track of all processes affecting the microstate in a
prognostic way. This can be done for example through an extensive representation
of cold pools, thermals, and other objects leading to thermodynamic heterogeneities
or Moist Static Energy structures. The risk is that one may not be able to model
in an exhaustive way all the processes that lead to a prognostic behaviour, causing
incomplete memory. Conversely, a heuristic approach, such as our predator-prey
model or the “org” variable scheme [Mapes and Neale, 2011|, has the advantage of
simplicity since it tries to encompass all the potential phenomena into a handful of
equations. However, this may be more difficult to relate to reality. The prognostic
variable(s) in a heuristic approach should increase the potential for autocorrelation
in time, and one can add additional stochastic terms to increase the variance of the

system as well, completing the properties of such a dynamical system.

For example, in the heuristic approach, the simple Mapes and Neale [2011]

equation with memory could be rewritten the following way:

d(org) _g_ _ o9 (6.1)
dt T+« org '
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where org is a dimensionless quantity representing organization, S a source term, 7
a typical time scale for organization to fade away in an unorganized case (e.g. 1 h),
and a a tunable parameter representing the rate of change in 7 with organization

(e'g' ma:62(40'rg) )

On the one hand, increasing GCM resolution should allow the model to resolve
more processes, thus resolving more macrostate memory and limiting the need to
parameterize microstate processes prognostically. Since microstate memory is de-
pendent on the grid scale, reducing the grid spacing may help resolve more processes
that were previously leading to unresoled microstate memory. But on the other
hand, when GCM resolution increases, each grid box contains a smaller sample of
convective cells, which means that under a dynamical forcing, individual behaviour
may become prominent, which may increase the impact of memory. So it is unclear

how memory would evolve with GCM grid spacing altogether.

6.2.3 Extended meaning of memory

So far, we have considered that memory was to be represented through a pro-
gnostic equation. But it may be that a more general framework could apply. There-
fore, we suggest that the ultimate goal to represent memory may be to use not only
the intensity of convection at the previous time step, but the intensity at many
previous time steps (ranging from the two previous time steps to an infinite number
of previous time steps). This type of representation of the past can be achieved via

“delay differential equations”, which are of the form:

- f<t,x(t),xt> (6.2)

where f is an functional operator allowing to predict the change in variable x with

time t, and where
Ty = {x(T> T < t} (6.3)
x¢ represents the whole trajectory of the system in the past.

One could then impose a time scale T.oppection T€presenting the convective life

cycles and under which the terms can be kept in f, while the history of convection
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older than T.onvection can be forgotten.

While a prognostic equation by definition gives inertia, which is a simple form
of memory, a delay differential equation builds a full memory ability, where memory
does not only only come from the previous time steps, but from many past time

steps (e.g., from any particular time scale in the past).

Although being attractive, the idea of using delay differential equations, which
look back at a non-infinitesimal past, may receive objections. To qualify the con-
text explaining why one may have to use a variable’s value further back in time
than just the previous time step through delay differential equations, we may have
to differentiate statistical approaches and dynamical approaches. Fundamentally,
delay differential equations may be used not because the primitive equations have
to look back in time by a non-infinitesimal time scale, but either (1) because the
parameterization equations are based on some statistical approach to convective
phenomena (e.g., after fitting a statistical model to observed data), or (2) because
the parameterization’s prognostic variables may not fully capture the microstate. If
the scheme were to fully capture the microstate via the prognostic variable(s), one
should not need to look into a past of finite time scale at all. The reason to look
into a finite past is if the scheme has not properly captured the microstate so that
it becomes necessary to use the past values of some variables (e.g., precipitation
or other convective outcomes) in place of a proper dynamical representation of the
current variables through partial differential equations. As an analogue, if one only
knew the position of an object at time t it would be necessary to look at past values
of the position to project the near future. But if one also knew the momentum (ve-
locity) at time t then any past information on position would not be needed. This
caveat suggests that the use of delay differential equations may require additional

assessment.

6.3 Limitations

One of the main limitations is that this study only uses one CRM: WREF. It

would be useful to test the results with other CRMs. Our results may also depend
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on WRF model physics. So one should remain cautious about the validity of the
results if other schemes were to be used in the CRM (e.g., microphysical scheme,
turbulence scheme, boundary layer scheme). We tested some sensitivities to model
physics choices in Chapter 2, and performances of various WRF parameterization
schemes have been compared in previous studies |e.g. Cohen et al., 2015], but much

more remains to be tested.

The second main limitation of this thesis lies in the absence of observations.
Since the CRM cannot be considered as truth, it is important to evaluate the CRM
with observations. Similarly, the sensitivities of the GCM and SCM to various
cold pool parameters (and in particular the cold pool number density) should be
evaluated with observations, in particular in Chapters 4 and 5. In this thesis, the
rare observations that are used for comparisons are from published studies about
precipitation frequency. In Chapter 5, we could make use of precipitation data to
compare with the sensitivity of precipitation frequency in the GCM in more details.
We could also compare GCM results with observations of clouds, humidity and
radiation. However, measuring the memory directly from observations (e.g., radar

data) will probably be challenging and would deserve a full study.

The behaviour of convective memory could only be studied in a limited number
of setups in this thesis. In particular, we only performed Radiative-Convective
Equilibrium (RCE) simulations. It would be interesting to test our results either (1)
when an imposed large-scale vertical velocity is added to the idealised simulations
presented here, or (2) with more realistic setups, such as simulations of actual storms

and quieter periods.

Our results showed the memory is essentially stored in the boundary layer (up to
700 hPa). But in the CRM simulations, which were conducted at 1 km grid spacing,
we had to activate a boundary layer scheme. It would be worth repeating the
homogenisation experiments at higher resolutions (e.g., 200 m) where the boundary

layer scheme is not needed.
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6.4 Future work

6.4.1 Need for observations

Using observations to study convective memory is not straightforward. We
have little intuition of how to use existing observations to do so. The response
to homogenisation, which has been our proxy for memory, cannot be used with
observations. Since the definition of microstate convective memory is based on
the dependence of convection on itself for given large-scale conditions, one could
build a statistical database of convective states and large-scale states, and assess
the amplitude of the degree of freedom of convective states for a given value of the
large-scale state. This idea of building a long series of convective states and large-
scale states in observations has already been used by Davies et al. [2013b], but here
we suggest to use it to study the degree of freedom due to the convective microstate.
A potential method to gather complete convective datasets may be to use radar
data combined with wind profilers and perhaps lidars, from which one can estimate
the convective mass flux, the thermodynamic properties and the rain rate. For the

large-scale state, reanalyses may be used as a starting point.

An analysis of past, present and future microstate and macrostate conditions,
composited by the present value of the macrostate, could be used to capture the
time evolution of the microstate and macrostate before and after a given large-scale
condition, revealing the degree of freedom from another point of view. To achieve

this, radar data, reanalyses, radiosondes, and ARM station data could be used.

Existing observations could also be used to assess the realism of the GCM
and its sensitivity to cold pool number density (e.g., precipitation frequency maps,
PDFs of rain). To check the realism of the CRM, one could try to compare the

aforementioned composites with the homogenisation recoveries.

Observations from radars and satellites may be used to assess not only cold
pool temperature, water vapour, and gust winds, but also cold pool number density
and cold pool fractional surface area. We could make use of available observations

in 0D, 1D, 2D and 3D, although 2D and 3D observations of cold pools still remain
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challenging.

6.4.2 Need for high-resolution simulations

To complete the observations, and test specific ideas, it is necessary to use
high-resolution simulations. While idealised experiments provide a good setup to
carry out experiments and provide general process knowledge, it would be compli-
mentary to test the validity of our results in more realistic simulations as well (e.g.,

simulations based on CINDY-DYNAMO, TWP-ICE, TOGA-COARE).

The more direct idealised experiments that could be conducted to follow up on
the results presented in the thesis include various tests of the knowledge constructed

through the thesis, ordered from the highest priority to the lowest priority:

e We could test the sensitivity of our CRM results obtained from the RCE setup
to a large-scale vertical velocity forcing (omega). Different values of omega will
allow to model more intense convection than in RCE, which may be relevant

for real storms.

e Homogenisation experiments are strong perturbations where the existing mi-
crostate of some variables is completely removed. More realistic perturbations
would be useful to replace homogenisation. For example, one may want to run
three types of control run: one in RCE, one with imposed upward large-scale
vertical velocity (intense deep convective case), and one with imposed down-
ward large-scale vertical velocity (shallow convective case). Then one could
extract a macrostate (mean state) and a microstate (noise, or local perturb-
ation) in each three case. Instead of homogenising, the initial perturbation
could be to swap noise regimes, i.e., swapping the microstates (without swap-
ping the macrostates). This way, one could analyse (1) the memory of intense
deep convection for a growth from shallow to intense deep convection, as well
as (2) the memory of shallow convection for a decay from intense deep to

shallow convection.

e Results from Chapter 2 show that the main storage of convective memory is

in the boundary layer structures. As a result, we would like to repeat the
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homogenisation experiments at LES resolution (e.g. 200 m) instead of 1 km
resolution, allowing to dispose of the boundary layer scheme, in order to see
whether the dominance of the boundary layer over the free troposphere in

terms of memory storage holds.

e Instead of homogenising, we could also introduce perturbations by applying
a spatial filter to the microstate. By varying the typical length scale of the
low-frequency spatical filter, we could determine the horizontal scale of the

processes or structures leading to memory, and compare our results with those

by Stirling and Petch [2004] and by Davies et al. [2013a].

e It would be interesting to conduct an in-depth study of cold pools in the
CRM control runs presented in Chapter 2. In particular, we could perform a
clustering analysis of the cold pools, to analyse more precisely their geometric
and thermodynamic properties, including cold pool number density and cold

pool fractional surface area.

e Instead of only homogenising the direct WRF prognostic variables, one could
define the perturbations on diagnostic variables, such as rain evaporation.
Homogenising these diagnostic variables would have impact on various WRF
prognostic variable structures, and could be used to restart the model with
this new state. One could then compare processes and see whether memory

can be indirectly stored in these diagnostic variables.

e We would also like to assess the sensitivity of the wind shear case results
(Chapter 2) to wind shear strength and height, similarly to Robe and Emanuel
[2001].

6.4.3 Need for low-resolution climate simulations

Low-resolution climate models are the best tool to make projections of future
climate and to understand past and present global climate. They are useful to test
how independent processes which we understand individually behave when all inter-
actions are allowed. But they can also be used for simple experiments. For example,

a 1D version of a GCM can be a useful testbed for convective parameterizations,
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and to allow comparisons between different formulations. The 3D version is suited

for attempts to assess how simple ideas behave in a fully interactive context.

The direct follow-up experiments from what was presented in the thesis include

the following options, ordered from the highest priority to the lowest priority.

e To analyse aspects of the large-scale influence of sub-grid scale (microstate)
properties, we would like to investigate not only the influence of cold pool
number density on the rainfall frequency but also on the MJO. We could first
conduct the CLIVAR MJO diagnostics on the different 3D simulations with
different cold pool number density presented in Subsection 5.3.5. Changing
the memory through cold pool number density may help improve the MJO.

e The next step to significantly improve the memory of the LMDZ GCM is to
turn the cold pool number density parameter into a prognostic variable. This
would allow to model a full cold pool population dynamics, which would then
allow to advect cold pools properties more realistically from a grid cell to an
adjacent one. It would also satisfy the requirement defended in this thesis
that memory is best improved by adding a prognostic variable representing

low-level thermodynamic variables (cold pools in this case).

e Lobotomy experiments with LMDZ would be an intriguing way to test the
characteristics of memory in LMDZ and to know where the memory in LMDZ
mostly comes from. This means using different versions of LMDZ that have
more or less memory, and repeating the 1D pseudo-homogenisation experi-
ments with each of them. The different versions of the model in decreasing
ability for memory (increasing lobotomy) could be: (1) With prognostic cold
pool number density variable, (2) With default cold pool number density para-
meter, (3) With 100 times larger cold pool number density parameter, (4) With
partly deactivated prognostic cold pool scheme (turning any of the three cold
pool prognostic variable into a diagnostic one), (5) With fully deactivated pro-
gnostic cold pool scheme. These experiments would allow to assess in which
variable the LMDZ memory is mostly stored, and to find out which version of

the model compares best with the CRM.

e We carried out fixed-macrostate experiments in the CRM and in the predator-
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prey model, to isolate microstate memory, and to understand the basic phys-
ical process behind it (Chapter 3). It would also be useful to perform the
fixed-macrostate experiments in the 1D version of LMDZ. This would allow to
test whether the single-column model is able to capture the instability of the
microstate. This would be a good test to verify the realism of the currently

parameterized microstate.

e One could also investigate the macrostate memory in LMDZ, for example by
studying the effect of a sudden large-scale imposed perturbation on convection.
For example one could study the response time scale when the large-scale
conditions are suddenly modified by a step-wise change, such as a dry or moist
intrusion, or a change in large-scale vertical velocity forcing from zero in RCE
to a non-zero value (either positive or negative). This would be useful not
only in terms of memory, but also in terms of sensitivity of the parameterized
convection to the large-scale forcing (steady state thinking). This may be
related to Kuang [2010]. Note that it would be interesting to then further
investigate the macrostate memory and the scheme sensitivity not only with
the default model, but also with different versions of the model with more
or less memory. This would means repeating the lobotomy experiments for a

macrostate perturbation instead of a microstate perturbation.

e We could use the knowledge obtained from the clustering analysis of the CRM
cold pools to inform more precisely the realistic range of values for cold pool
number density and cold pool fractional surface area over land and over ocean,
in the tropics and in the extra-tropics. This would be useful for the 1D model

development part.

6.4.4 Need for theoretical framework, and simplified models

Simplified models may be one of the most important parts of science, since
they allow us to build understanding, to test and validate our ideas, or to disprove
theories by comparing with observations. Comprehensive models are useful to make
predictions as accurate as possible, but they are in general too difficult to compre-

hend. Conversely, simple models allow us to develop intuition, which can then be
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used to deal with new problems or with increasingly more subtle problems. While
simplified models are best tailored to understand processes, comprehensive models

are best tailored to make the best predictions.

Here we have made an attempt to build a simple model for convective memory
with the predator-prey model. This allowed to bring more understanding into the

CRM instability. This predator-prey model could be expanded in different ways.

e Instead of using a fixed forcing by a constant evaporation Ej, we could use a
varying forcing representing the large-scale vertical velocity forcing (Omega)
coming from synoptic waves or other forms of large-scale circulation patterns.
This would allow to investigate the role of microstate convective memory and
macrostate convective memory in a more realistic situation, where the large-

scale forcing also varies.

e The predator-prey model has three equations and three variables, which means
that CAPE and humidity are represented in a single variable. But the CRM ex-
periments showed that the microstate instability only occurs when both water
vapour and temperature macrostates are held fixed. Therefore, introducing a
fourth equation, by separating a more temperature-based variable (e.g., CAPE
or temperature itself) and a more water vapour-based variable (e.g., precip-
itable water, or boundary layer water vapour) could allow to conduct three
types of fixed-macrostate experiments and compare with the CRM results:
fixed-macrostate temperature only, fixed-macrostate water vapour only, and
fixed-macrostate for both. This would allow to verify that it is the existence
of at least one thermodynamic macrostate degree of freedom that prevents the

instability in a coupled microstate-macrostate situation.

e One could test the behaviour of the predator-prey model with various forms

of stochastic terms, and various associated PDEFs.

e One could repeat the pseudo-homogenisation experiments not only in our
predator-prey model, but also in the toy models developed by Yano and Plant
[2012a] and Dawvies et al. [2009]. Are all types of models for convective memory

leading to similar conclusions?
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6.5 Final words: what to remember?

Figure 6.1 presents a humble attempt to summarise the meaning of macro-
state memory and microstate memory in a convective parameterization, which may
not capture our thinking perfectly, but still tries to convey the combined effect of
microstate memory and traditional macrostate adjustment based on a diagnostic

quasi-equilibrium.

The actual trajectory in Figure 6.1(b) is different from in 6.1(a), because of
the introduction of microstate memory. If convection were to be diagnosed by an
equilibrium with the large-scale forcing, it would only be sensitive to the recent
history of the forcing. With a prognostic formulation, not only do we have non-
equilibrium convection, but convection is also made sensitive to its own history.

That is why these convective schemes can be said to have “convective memory”.

If one had to choose one motto for this thesis, it may be:

Keeping microstate memory

makes the model happy!
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Figure 6.1 Schematics of the meaning of microstate memory and macrostate memory
for (a) a parameterization which only has macrostate memory (b) a parameterization
which has both microstate memory and macrostate memory. These two schematics
are presented as an evolution of the quasi-equilibrium schematic presented in Arakawa
[2004]’s figure 7 to incorporate convective memory. The x-axis is the lapse rate, the
y-axis is the relative humidity of the boundary layer, and A is the cloud work function.
A > 0 means the atmosphere is conditionally stable, and A > 0 conditionally unstable.
The large-scale forcings at t-1 and at t are represented by green arrows. The resulting
instantaneous adjustments (based on quasi-equilibrium or not) are the blue arrows.
Note that green and red arrows are considered as vectors, so that their initial point is
not important. The red dot represents the current state of the system. In (a), the
actual trajectory is following a weighted mean of the adjustments at t and at t-1,
so the macrostate at t-1 is remembered, which gives the system some macrostate
memory. In (b), the weighted mean of the adjustments at t and t-1 gives a tendency
due to macrostate memory, but there is also a tendency due to microstate memory,
since the system now has some microstate inertia and tends to follow the tangent to
its trajectory in the phase space. In this case, the actual trajectory followed by the
system is the combination of both macrostate tendency and microstate tendency, as
represented by the composition of the two vectors.
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Appendix A

Defining convective memory

A.1 Several ways of defining convective memory

Convective memory is not such a common phrase. To give intuition, convective
memory can be viewed as the persistence of clouds in time. So it is related to cloud
life cycle [Dawies et al., 2009]. If clouds tend to remain similar over time, then there
is a strong convective memory. To be more precise, we define convective memory as
the similarity between a current convective state and previous convective states. If
it takes time for a shallow convective state to evolve into a deep convective state,

there is more convective memory.

For further explanation on convective memory, let us focus on what it means for
a numerical model. All numerical models live in a discretized world. Current Global
Climate Models (GCM) have typical horizontal resolutions of the order of 100km,
which makes it too coarse to resolve convective processes. Inside a single GCM
grid cell, many processes that are relevant for convection are happening in reality.
Because they take place in what would be seen as a unique GCM grid cell, they are
said to occur at sub-grid scales. We will refer to them as micro-scale processes, or as
the “microstate”. The GCM grid cell itself is simply seen by the GCM as a vertical
profile. We can refer to this as the local effect, or the GCM grid cell processes, or the
macro-scale processes, or else as the “macrostate”. Finally, some processes require the

interaction between several GCM grid cells (dynamics, Rossby waves, Hadley cell,
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etc...). We refer to these as large-scale processes, or “synoptic state”. Memory can
arise from each of these 3 scales. So we can distinguish between microstate memory
arising for the micro-scale structures, macrostate memory arising from the macro-
scale structures, and synoptic state memory arising from synoptic-scale structures

(see figure in the main text).

Most parameterization developments focus on understanding the relationship
between the microstates of convection, and the macrostate of the atmosphere [Davies
et al., 2013b]. But we think it is also valuable to take into account fluctuations in the
microstate for a given macrostate. This is what convective memory at small-scale

is about.

A mathematical equivalent of the above definition of memory with similarity
can be based on conditional probability. Convective memory is a measure of how
much convection depends on its own history, rather than just depending on current

“environmental” or external conditions (i.e. larger scale conditions).

First, one should select a length scale A\. At each time t, let us define a measure
of the convective state C'(\, t) and a measure of the “environmental” variables (A, t).
Now statistics based on Probability Distribution Functions (PDF) can be made with
varying t. Convective memory is the dependence of the PDF of the convective state
C'(A\) on its own history, for given environmental conditions (A, t). If convection
had no memory, the convective state C'(\,%y) would be conditionally independant

from earlier convection C'(\,t) Vt < ty, for a given environmental state £(A, ¢p).

Another definition of convective memory can be built upon the idea of non-
equilibrium convection [Davies et al., 2013a; Bechtold et al., 2014]. Convection is a
response of the atmosphere to solar forcing. If we had equilibrium convection, con-
vection would be in phase with the solar forcing, and convective precipitation would
peak around midday. In this case, there would be an instantaneous equilibrium
between convection and its forcing. Because of the late trigger of deep convection
in daytime, the response of convection is out of phase: this is non-equilibrium con-
vection. Even though non-equilibrium convection is thought to be true, most para-

meterizations still rely on the assumption of quasi-equilibrium convection [Arakawa,
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2004], following the pioneering convection scheme by Arakawa and Schubert [1974].
This long-standing issue in modern parameterizations has been mentioned by many
studies, such as Dawvies et al. [2009]; Raymond and Herman [2011]; Bechtold et al.
2014].

The diurnal cycle issue relates to convective memory, because the more memory

there is in the system, the more convection is delayed relatively to its forcing.

Convective memory gives more time coherence to cloud systems, which is likely
to mean more spatial coherence to cloud systems. So convective memory is suspected

to be intrinsically related to convective organisation.

A.2 A statistical definition of convective memory

This statistical approach on convective memory relates to conditional probab-
ility. With memory, the probability of the current state is different if it comes after
one atmospheric state or another. In other words, when there is a thunderstorm with
cold pools, it is likely that the next state of the atmosphere will also be a thunder-
storm. And this is more likely than if we just had clear-sky conditions. That means
the probability of the current convective state given the past states is different from
the (raw) probability of the current state. If Cj;(t) is the convective state labeled 1
(for example thunderstorm) at instant t, and C;2(t) is the convective state labeled
2 (for example precipitating cumulus) at instant t, and if P(Cs1(t) | Cs2(t—1)) is a
conditional probability of the convective state 1 at instant t, given convective state
2 at instant t-1, we can express the conditional probability of the current convective

state given a past convective state with Bayesian probability:

P(cs,l(t) N Cyalt — 1))
P(C&Q(t - 1))

P<Csvl(t) | Coalt — 1)) — (A1)

If there were no memory, then the probabilities would not be conditional to the
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previous states of the atmosphere, so that:

P(Csﬂ»(t) | Oy (t — 1)) - P(cs,i@)) V (i, j) convective states (A.2)

This leads to a statistical way of defining a non-dimensional memory (Mg),
in which memory is an image of the difference between the conditional probability
in the real system, and the conditional probability that we would have if there were
no memory (the latter is given by equation A.2). As we want the memory to be
non-negative, we use a square of that difference. Let N; be the number of convective

states we have. Thus, we can define:

7

Ml =5z X (Pla®]Cut-1) - PlCa)) (43

i,j convective states

In this definition, the dimensionless convective memory Mg, is non-negative,

and less than 1, which is sensible.

With this definition, if there is no “memory” (i.e. if My, = 0), convection only
depends on environmental conditions — large-scale conditions. And as convective
parameterizations don’t usually carry prognostic variables representing the sub-grid
scale structures to compute the convective state, GCMs do not have convective

memory in this sense.
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Exploring convective
self-aggregation with various WRF
setups: what controls

self-aggregation?

It is not straightforward to control how self-aggregation occurs in Cloud-resolving
Models. In Chapter 2, we wanted to investigate different types of convective or-
ganisation. In particular, this implied to find ways to obtain self-aggregation or
unorganised convection with the WRF model. The reference setup we used in WRF
led to unorganised convection. Therefore we had to find a method to generate self-
aggregation. We tried 16 different setups, all in Radiative-Convective Equilibrium
(RCE) with fixed Sea Surface Temperature (SST) in WRF. The 10 most important

ones are presented on Figure B.1.

These experiments show that increasing the domain size, increasing the SST, or
decreasing the resolution only marginally help foster self-aggregation. Conversely,
the turbulence scheme and the microphysical scheme play a key role in generat-
ing self-aggregation. With the 3D Turbulent Kinetic Energy (TKE) turbulence
scheme available in WRF [Skamarock et al., 2008; Wang et al., 2014], there is un-
organised convection in the RCE state. But the 3D Smagorinsky scheme allows

self-aggregation to form. The physical mechanism behind this problem has been
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explained by Tompkins and Semie [2017]. In essence, the 3D Smagorinsky scheme
leads to more efficient horizontal mixing, which acts as a negative feedback on con-
vective updrafts, making convection more difficult to occur. Favourite locations for
convection are therefore preferentially chosen by a system which has to overcome a
larger mixing-related barrier. Consequently, the 3D Smagorinsky scheme strongly

favours self-aggregation.

Although this has never been reported before, the role of the microphysical
scheme is also important to allow for self-aggregation. With the WSM6 scheme, self-
aggregation is much more unlikely than with Thompson microphysics or Morrison
microphysics. We speculate this may be related either (1) to precipitation efficiency,
or (2) to the double-moment or single-moment character of the scheme. Further
analysis would be required to determine the physical mechanisms explaining this

sensitivity of self-aggregation to the microphysics.

With Morrison microphysics, vortices are expelled from the convective core,
as seen on Figure B.1, although the RCE runs have no Coriolis force. This is
an unexpected results by comparing with self-aggregated cases presented in the
literature. Our result is consistent with the fact that the Morrison scheme tends to
produce more clouds than other WRF microphysical schemes, so that cirrus clouds
created by the self-aggregated core may persist longer. But the formation of relative

vorticity remains to be explained.

The most aggregated state is obtained by combining the Thompson microphys-
ical scheme and the 3D Smagorinsky turbulence scheme, with a coarser resolution.
Since we wish to keep a finer resolution throughout the CRM experiments presented
in the thesis, we used the Thompson and 3D Smagorinsky schemes for the self-
aggregated case in Chapter 2. Note that shifting back to WSM6 microphysics is less
detrimental for self-aggregation than shifting back to 3D TKE turbulence, as seen
by comparing the 3-km resolution runs number 0180 and 0184 in Figure B.1. This
may imply that the turbulence scheme has a more important role on self-aggregation

than the microphysical scheme, even tough we have also shown that both matter.
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Figure B.1 Table of various WRF setups and their impact on self-aggregation. Each
setup (each row) is defined by its grid spacing, domain size, Sea Surface Temperature
(SST), turbulence scheme, microphysical scheme, as specified by the columns. The
impact on convective organisation is (1) measured by two Outgoing Longwave Radiation
(OLR) snapshots on the right-hand side: after 21 days of simulation, and after 39
days, and (2) summarised by a subjective comment in the last column. The two OLR
snapshots for each setup are placed in staggered rows, either slightly more to the right,
or slightly more to the left: the results for each setup are always horizontally aligned.
Green highlighting shows the reference unorganised setup used in the whole thesis (e.g.
Chapter 2). Red or blue hightligting indicates changes to this reference setup. Yellow
highlighting indicates the most aggregated setup.
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Appendix C

Statistics of water vapour, in
particular for the transformation

from dry to humid states

In Chapter 3, we tried to hold the domain-mean values (macrostate) of temper-
ature, water vapour, and horizontal winds fixed in time, through a strong nudging
method. However, this led to an instability of convection. In the process of trying to
find an alternative method to keep the macrostate fixed but without triggering the
instability, we tried to apply the nudging terms only on points which were not too
humid, in order not to increase or decrease water vapour in saturated parts of the
domain and in parts of the domain close to saturation. The idea was to avoid creat-
ing additional phase changes (liquid to gas, or gas to liquid) by the strong nudging
terms. To achieve this, we had to analyse in a statistical way the water vapour
structures from the RCE unorganised control run analysed throughout the thesis.
An analysis of these statistical properties is presented here, notably the differences
between the Probability Distribution Function (PDF) of water vapour mixing ratio
in dry parts of the domain and humid parts of the domain, for various atmospheric

levels.

The PDF of water vapour for the driest mean situations (domain-mean water
vapour less than the 10th percentile) and the PDF for the most humid mean situ-

ations (domain-mean water vapour greater than the 90th percentile) are almost the
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same (Figure C.1). This implies that there is little difference in the statistics of the
water vapour microstate with the RCE fluctuations. This result is confirmed by the
fact that the value of the 10th percentile and the value of the 90th percentile are
hardly distinguishable. Surprisingly, at many levels, the highest value of the water
vapour PDF is larger in dry situations than in humid situations. This suggests that

even if the mean situation is dry, there can exist some intensely humid points.

The skewness of the PDFs seems to evolve monotonically from a negative value
near the surface to a positive value near the tropopause (Figure C.1). Near the
surface, humid values seem to be normal and extreme values tend to be dry. This
may come from the influence of dry downdrafts created by convection. In the high
troposphere, we observe the opposite: dry values are the norm, while extremes
values tend to be humid. This may stem from the influence of detrainment from
deep convection. The critical altitude where the skewness of the PDFs becomes zero
seems to be around 850 hPa. This is higher than the cloud base (~ 940 hPa), but
is probably lower than shallow cloud top.

The variance of the water vapour PDF is much lower in terms of temporal
evolution than in terms of spatial evolution. Indeed, the PDF of domain-mean
water vapour evolving in time is much more peaked than the PDF of local values
in either dry mean situations or humid mean situations (Figure C.2). This result
is valid at all vertical levels, even though the PDF of domain-mean water vapour
becomes larger in the higher troposphere. This means that the microstate is not
easily perturbed by the RCE fluctuations: the RCE fluctuations may be negligible,

in particular in the lower troposphere.

Computing the difference between the PDF for humid situations and the PDF
for dry situations shows that the evolution of the PDF peak is as expected: shifted

towards larger values of water vapour in more humid situations (Figure C.3).

To better understand what is necessary to bring for the dry conditions to be-
come humid conditions, we define a transformation function dgapeur(q). It is built
as the difference between the water vapour in dry situations (when the domain-mean
water vapour is smaller than the 10th percentile) and the water vapour in humid

situations (when the domain-mean water vapour is greater than the 90th percentile).
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It is a function of q, the water vapour mixing ratio. To define the transformation
function in a unique way, we rank the water vapour mixing ratio obtained based
from small to large, thus constructing a list. We do so independently in each of the
two situations. The transformation function is simply the difference between these
two lists. For example, this function explains by how much water vapour the 10th

percentile of the humid situation exceeds the 10th percentile of the dry situation.

The transformation function mostly takes positive values, as expected for a
transformation from dry situations to humid situations, although there are negative
values away from the water vapour PDF peak as well. The shape of the function
is not simple, but it tends to always have a linearly decreasing part over a large
range of values around the PDF peak. This implies that the relatively drier points
of the dry situation gain more water vapour than the relatively more humid points,
when it is transformed into a humid situation. It suggests a slight reduction of the
microstate heterogeneities in a humid situation. Above the sub-cloud layer, there
tends to be a secondary peak in the transformation function, making the situation
non-monotonous. At some vertical levels , the function may look like the letter
“W”. There is a large spread near the extreme values in some cases, which is not
surprising. Overall, this shows that it is possible to find a statistical relationship
between the microstate attached with dry states and the one attached with humid

states.
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Figure C.1 PDFs of water vapour fields at different pressure levels (different panels),
for all instants when the horizontal mean is higher than the 90th percentile (red) or
lower than the 10th percentile (green) of the time series (based on the last 50 days of
RCE unorganised control run). The vertical solid red (resp. green) lines indicate the
minimum and maximum values of the water vapour fields when the mean is higher
than the 90th percentile (resp. when the mean is lower than the 10th percentile).
The vertical dotted red (resp. green) lines show the value of the 90th percentile (resp.
10th percentile) of the time series of horizontal mean water vapour (in practice they
are almost co-located). The scales on the x-axis (water vapour range) and y-axis
(normalised PDF) are different in each an%E))l.
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Figure C.2 PDFs of water vapour fields at different pressure levels, based on the last

50 days of RCE unorganised control run. The red and green PDFs are the same as

on Figure C.1. The blue PDF is calculated on the time series of the horizontal mean

water vapour mixing ratio at that pressure level. The horizontal mean does not vary

much with time compared to the spatial variations.
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Figure C.3 Difference between the two PDFs of water vapour mixing ratio field,
calculated for all instants when the horizontal mean is higher than the 90th percentile
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on the one hand, and when the horizontal mean is lower than the 10th percentile
on the other hand, at different pressure levels (based on the last 50 days of RCE

unorganised control run). In other words, it is the difference between the red and the
green PDFs from Figure C.1. The number of bins we choose to compute the PDFs

influences somewhat the amount of noise that appears.
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Figure C.4 Transformation function dq vapour(q) to go from the relatively "dry"
states (x,y,t variations for a mean value <10th percentile) to the relatively "humid"

states (x,y,t variations for a mean value >90th percentile). The x,y,t variations were
used to build two single-dimension ordered lists, one for the dry states and one for the

and the dry ordered list of points. The x-axis q is the mean water vapour mixing ratio

humid states. dq vapour represents the difference between the humid ordered list

between the values in the two ordered lists. This was done at different pressure levels

(different panels). The colours indicate the PDF of the x-axis, so that the density

Thus, the transformation function

is just an abstract representation of a slréig%from an equilibrated 2D dry state to an

of points in the scatter plots becomes obvious.
equilibrated 2D humid state.






Appendix D

Table of homogenisation

experiments performed in WRF in

Chapter 2

Table D.1 List of homogenisation experiments performed in 3D on different variables:
"single" set impact and "double" set impact. The model is restarted from different
horizontally homogenised conditions.

Simulation Homogenised variables Type of experiment
3D-CONTROL
3D-Blank none
3D-u 3D winds (u,v,w) u) single set
3D-q, water vapour mixing ratio g, single set
3D-0 potential temperature single set
3D-qcond all condensates (¢c.,gr,4i,4s,q5) single set
3D-q, 0 water vapour mixing ratio ¢q,, and double st
potential temperature 6
D wi ial
3Dt 3D winds (u,v,w), and potentia double set
temperature ¢
D wi -
3D-utq, 3D winds (u,v,w), and water va double set

pour mixing ratio g,
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APPENDIX D. TABLE OF HOMOGENISATION EXPERIMENTS

PERFORMED IN WRF

Table D.2 List of 3D homogenisation experiments performed by layers. The sub-cloud
layer corresponds to the layer between the surface and 940hPa (600m). Mid layer
refers to the layer between 940hPa and 700hPa. And high layer refers to the layer

between 700hPa and the tropopause.

Simulation 2D or 3D Homogenised Homogenised
variables layer
3D-Qvap+Theta 3D Gv,0 All
Qvap+Theta-Subc 3D Qv,0 sub-cloud
Qvap+Theta-Mid 3D Qv,0 mid
Qvap+Theta-High 3D Gv,0 high
Qvap-+Theta-1st 3D G0 1st model layer
3D-Theta 3D 0 All
Theta-Subc 3D 0 sub-cloud
Theta-Mid 3D 0 mid
Theta-High 3D 0 high
3D-Qvap 3D Qv All
Qvap-Subc 3D Qv sub-cloud
Qvap-Mid 3D Qv Mid
Qvap-High 3D Qv High

Table D.3 List of 3D homogenisation experiments on layers performed on specific
areas of the domain. When homogenisation is performed only below the mean values:
the horizontal mean is computed for each variable, at each vertical level, and only
the values below the mean are averaged out together, values above the mean are left
untouched. When homogenisation is performed only above the mean values, the same

process applies but on values above each horizontal mean.

Simulation 2D or 3D Homogenised Homogenised Specificareas?
variables layer

Qvap-+Theta-Subc 3D G0 sub-cloud
Qvap-+Theta-Subc-be 3D Gv,0 sub-cloud below mean values only
Qvap+Theta-Subc-ab 3D Qv,0 sub-cloud above mean values only

Theta-Subc 3D 0 sub-cloud
Theta-Subc-be 3D 0 sub-cloud below mean values only
Theta-Subc-ab 3D 0 sub-cloud above mean values only

Qvap-Subc 3D Qv sub-cloud
Qvap-Subc-be 3D Qv sub-cloud below mean values only
Qvap-Subc-ab 3D Qv sub-cloud above mean values only
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Table D.4 List of homogenisation experiments performed in 2D. The model is restarted
from different horizontally homogenised conditions.

Simulation 2D or | Homogenised Type of

3D variables experiment
2D-Ctrl 2D
2D-Blank 2D none
2D-U 2D U Single set
2D-UVW 2D U,V,W Single set
2D-Qvap 2D Qv Single set
2D-Theta 2D 0 Single set
2D-HyMet 2D Qe>qr+Gi9s,4g Single set
5D-Base °D UV.W.a, ﬁiiltlonal impact to
2D-Base+ Theta oD | UV,W,q.0 gi?“onal mmpact to
D-Base HyMet | 2D | UV Wogotordotody | 0N HPACt 10
2D-Base-+ PH D | UV, Wgu, pdditional dmpact to
2D-Base-+ MU D | UNVWgupia pdditional dmpact to
9D-Base | TKE oD | UV,W,q, TKE ﬁ;s‘imonal tmpact to
2D- :
Base+Theta+HyMet 2D U7V,W>%797%’%»%7(]57% Maximum effects
2D-AllProg 2D UV W 00,0,0e,Gr st g Maximum effects

7¢7/Ld7TKE

277






	UNSW Cover Page
	Acknowledgements
	Abstract
	Abstract
	Résumé
	Résumé
	Introduction
	The nature of convection
	What is convection?
	Convective processes and structures
	The role of deep convection in the water and energy cycles

	Convection in General Circulation Models
	The grand challenge of convection
	Representation of convective processes by parameterizations of convection
	Issues with convective parameterizations
	Quasi-Equilibrium

	The origins of the convective memory issue
	The diagnostic assumption
	The diagnostic assumption problem: why it may be inaccurate
	Solution: a prognostic formulation

	Convective memory
	Definition
	Memory vs Persistence
	Three types of memory storage
	Processes inducing convective memory
	Examples of introduction of convective memory into GCMs
	Time scales of convective memory
	Simple models of memory

	The relationship between memory and organisation
	Why such a link?
	Convection organisation and convective self-aggregation
	The role of cold pools in organisation
	Representation of cold pools in GCMs
	Case of LMDZ: deep convection scheme, cold pool scheme, and thermal-plume scheme

	Aim of the thesis
	Overview of the thesis

	Identifying the sources of convective memory
	Abstract
	Introduction
	Methods
	The simulations
	Model and setup
	Other simulation settings
	Design of perturbation experiments

	Supplementary information on the methods
	Methods for the preliminary 2D tests
	Methods for the 3D simulations

	Exploration by 2D test simulations
	Convective memory attributed to microstate structures
	Which variables are the main sources of convective memory?
	Role of convective self-aggregation in 2D
	Uncertainty estimate for the 2D results
	Sensitivity to the microphysical scheme

	Results from 3D simulations
	In which variables is convective memory stored?
	Interpreting the response to homogenisation of temperature
	Which layer of the atmosphere carries most memory?
	Role of convective organisation
	Negligible role of surface fluxes
	Secondary response: a microstate-macrostate feedback
	General caveats
	Implications for parameterizations
	Why does memory come from near the surface?

	Supplementary results
	Which layer of the atmosphere carries most memory?
	Existence of structures vs detailed description of them

	Supplementary discussion
	RCE state and method validation
	Role of perturbation scale

	Conclusion

	Isolating microstate memory: CRM & toy model
	Introduction
	Isolating the microstate memory in WRF
	Method
	Description of the instability that appears in the fixed-macrostate experiments in WRF: growth and decay
	Mechanisms explaining the instability development

	Stochastic toy model of convection with memory
	Description of the toy model
	Analytical analysis of the toy model
	Numerical integration of the toy model: RCE runs
	Oscillations in the free RCE experiments
	The stochastic toy model reproduces well the key memory aspect of the CRM
	Interpretation of the CRM instability to fixed macrostate experiments by a Markov chain

	Conclusion

	Comparing convective memory in GCM and CRM
	Introduction
	Presentation of LMDZ
	Overview of the cold pool scheme in the LMDZ model
	Potential sources of memory in LMDZ: key variables and parameters

	Preliminary experiments on cold pool parameters
	Methods
	Does LMDZ have the same sources of memory as WRF?
	Does modified LMDZ have the same memory sources?
	Conclusion

	Cold pools and precipitation intermittence
	Introduction
	Methods
	Overview of the cold pool scheme in the LMDZ model
	Experimental approach with the LMDZ 1D and 3D simulations

	Results
	Insights on cold pool properties from a Cloud-Resolving Model simulation over ocean
	Comparison with the cold pools over land
	Sensitivity of cold pool thermodynamic and dynamic properties to cold pool number density in 1-D LMDZ
	Sensitivity of the cold pool - convection interaction to cold pool number density in 1-D LMDZ
	Higher precipitation frequency over oceans with a higher cold pool number density in 3-D LMDZ

	Conclusion

	Conclusion
	Summary
	Implications
	Understanding of convection
	Development of GCM convective parameterizations
	Extended meaning of memory

	Limitations
	Future work
	Need for observations
	Need for high-resolution simulations
	Need for low-resolution climate simulations
	Need for theoretical framework, and simplified models

	Final words: what to remember?

	Bibliography
	Appendices
	Defining convective memory
	Several ways of defining convective memory
	A statistical definition of convective memory

	Exploring convective self-aggregation with various WRF setups: what controls self-aggregation?
	Statistics of water vapour, in particular for the transformation from dry to humid states
	Table of homogenisation experiments performed in WRF

