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Summary

Climate projections for the coming decades suggest an escalation of climate change.
This will lead to higher temperatures and changes in precipitation patterns world-
wide affecting not only climate and the environment but also posing a risk to human
lives. While temperatures are easy to measure, accurate precipitation data are diffi-
cult to obtain due to inherent errors in the instruments, sparse spatial coverage, or
indirectness of observations, to name a few. Among the sources of data available,
satellite precipitation retrievals have the advantage of providing measurements at a
global scale, although these data are indirectly obtained from infrared and/or pass-
ive microwave sensors onboard satellites. With the launch of the GPM satellite core
mission in 2014 by NASA and JAXA more precise quantification of the hydrological
cycle is possible. However, problems still persist. In that sense, we will see that GPM
IMERG presents some shortcomings. Analyses of an unprecedented snowstorm over
Madrid (Spain) illustrate the sources of uncertainty both in the retrieval algorithms
and in the merging procedure.

Measuring precipitation is difficult, but forecasting is not an easy task either. Cur-
rent models show deficiencies in capturing the right location, intensity, and amount of
precipitation. The parts of the model responsible for precipitation representation are
the microphysics, planetary boundary layer, and convection parameterizations. With
increasing computational power, models can increase their spatial resolution and can
get rid of convection parameterizations as those processes can be resolved explicitly.
However, centennial global climate change simulations have a high computational
cost and thus, still need to rely on this type of parameterization. The main issue is
that the major sources of error in models come from convection schemes. Therefore,
the scientific community should not leave convection parameterizations aside. On
the contrary, fine-tuning of the schemes and further sensitivity studies are needed to
achieve more accurate predictions that lead to more reliable forecasts. But tuning
has to be done carefully to avoid masking fundamental problems within the para-
meterization. In order to do so, it is important to delve into the different convection
parameterizations to understand the physics behind these processes. Thus, a major
goal of this thesis is to comprehensively review and highlight the empirical values and
assumptions used in the convection parameterizations in models.

Taking into account the current state of the art in precipitation science and an
expected increase in computational power in the coming decades, we conclude this
thesis with a perspective into the future of precipitation science, starting with ground-
based measurements, moving to remote sensing techniques and ending with models
and parameterizations.
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Resumen

Las proyecciones climáticas para las próximas décadas sugieren una escalada del cam-
bio climático. Esto conducirá a temperaturas más altas y cambios en los patrones
de precipitación en todo el mundo que afectarán no solo al clima y al medio ambi-
ente, sino que también representarán un riesgo para las vidas humanas. Si bien las
temperaturas son fáciles de medir, los datos precisos de precipitación son dif́ıciles de
obtener debido a errores inherentes en los instrumentos, escasa cobertura espacial o el
uso de observaciones indirectas, por ejemplo. Entre las fuentes de datos disponibles,
las estimaciones de precipitación por satélite tienen la ventaja de proporcionar medi-
ciones a escala mundial, aunque estos datos se obtienen indirectamente de sensores
infrarrojos y/o de microondas pasivos a bordo de los satélites. Con el lanzamiento de
la misión central del satélite GPM en 2014 por parte de la NASA y JAXA es posible
una cuantificación más precisa del ciclo hidrológico. Sin embargo, los problemas aún
persisten. En ese sentido, veremos que GPM IMERG presenta algunas carencias. Los
análisis de una tormenta de nieve sin precedentes sobre Madrid (España) ilustran las
fuentes de incertidumbre tanto en los algoritmos de estimación de la precipitación
como en el procedimiento de medida y combinación de las diferentes fuentes.

Medir la precipitación es dif́ıcil, pero predecir tampoco es una tarea fácil. Los
modelos actuales muestran deficiencias para capturar la ubicación, la intensidad y la
cantidad correctas de precipitación. Las partes del modelo responsables de la repres-
entación de la precipitación son la microf́ısica, los esquemas de capa ĺımite planetaria y
las parametrizaciones de la convección. Con el aumento de la potencia computacional,
los modelos pueden aumentar su resolución espacial y pueden deshacerse de las para-
metrizaciones de convección, ya que esos procesos pueden resolverse expĺıcitamente.
Sin embargo, las simulaciones centenarias del cambio climático global tienen un alto
costo computacional y, por lo tanto, todav́ıa necesitan utilizar este tipo de paramet-
rización. El problema principal es que las principales fuentes de error en los modelos
provienen de los esquemas de convección. Por lo tanto, la comunidad cient́ıfica no
debe dejar de lado las parametrizaciones de convección. Por el contrario, se necesita
un ajuste preciso de los esquemas y más estudios de sensibilidad para lograr predic-
ciones más precisas que conduzcan a pronósticos más confiables. Pero el ajuste debe
hacerse con cuidado para evitar enmascarar problemas fundamentales dentro de la
parametrización. Para ello, es importante profundizar en las diferentes parametriza-
ciones de convección para comprender la f́ısica detrás de estos procesos. Por lo tanto,
uno de los objetivos principales de esta tesis es revisar exhaustivamente y resaltar los
valores emṕıricos y las asunciones utilizadas en las parametrizaciones de convección
en los modelos.

Teniendo en cuenta el estado actual en la ciencia de la precipitación y el aumento

viii



esperado en el poder computacional en las próximas décadas, concluimos esta tesis
con una perspectiva del futuro de la ciencia de la precipitación, comenzando con
mediciones en tierra, pasando a técnicas de teledetección y finalizando con modelos
y parametrizaciones.
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Chapter 1

Introduction

1.1 Motivation and challenges

Precipitation is the most important parameter of the water cycle and the primary
source of freshwater worldwide. Temporal and spatial variability as well as changes
in frequency, amount, intensity, and type of precipitation have a strong impact on
climate, environment, and society. The following paragraphs will explain in more
detail these impacts, which are summarized in Fig. 1.1. Climate projections indicate
an increase in climate change for the coming decades which will bring a more intense
water cycle and changes in rainfall patterns (IPCC, 2021).

As a consequence of global warming, changes in intensity, frequency, and number
of storms and associated precipitation regimes as well as a poleward shifting of ex-
tratropical cyclones are expected in the future. This will strongly affect climate in
latitudes highly sensitive to the presence of storms, i.e., middle and high latitudes,
and water supply in the Middle East, the Mediterranean, southern Africa, southern
Australia, and New Zealand (Bengtsson et al., 2006). Besides, global warming will
widen the tropical belt causing a decrease in precipitation and humidity in the sub-
tropics. These areas will experience drier conditions that threaten agriculture and
water supply (Seidel et al., 2008).

While moderate steady rain is beneficial for the soil and plant growth, extreme
precipitation events such as intense short-duration rains may lead to flooding and
runoff (Trenberth, 2011). This produces a faster drying of the soil at the end of
the day, which leads to stronger soil moisture depletion, erosion, and changes in
the characteristics of the environment, e.g., changes in rivers morphology, habitat
availability, and dilution of contaminants (Whitehead et al., 2009). The absence or
reduction of rainfall leads to droughts consequently affecting the food chain and the
survival of local species (Birkett and Stevens-Wood, 2005; Engelbrecht et al., 2007;
Chen et al., 2019; Wise and Lensing, 2019). The loss of plant species will lead to more
plant and animal extinctions. Moreover, prolonged droughts increase heat waves and
the risk of wildfires.
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Pollution

Figure 1.1: Impacts of precipitation changes on the environment (green), human lives and activities (orange), and
climate (blue).

Changes in the precipitation regime also impact human lives and activities. Ex-
treme hydrological events are responsible for thousands of lives lost every year
(Trenberth, 2011). Droughts negatively affect agriculture (Fahad and Wang, 2020)
and therefore food security (Czapiewska, 2020; Kogo et al., 2021), water resources
and livestock, and lead to displacement of population from the affected areas, the
so-called environmental refugees (D’Odorico et al., 2013). Other human activities
affected by changes in precipitation patterns include the production of electricity in
hydropower plants (Golombek et al., 2012; Reis et al., 2020) and the timber industry
(Hanewinkel et al., 2013), among others. Moreover, extreme hydrological events such
as floods, droughts, and hailstorms cause damage to properties, transportation, power
infrastructure, and communication, to name a few (Frame et al., 2020). The fore-
seen increase in the intensity and frequency of these extreme events puts a strong
burden on the economy and insurance sector especially if the risks are not added to
premiums and no adaptation strategies are undertaken. In that sense, insurers might
increase premiums, limit the risk, or transfer it to policyholders, who will have to
adopt adaptation strategies to mitigate climate risk (Botzen et al., 2010a,b). It is
expected that insurance will enhance climate resilience. However, there is skepticism

4



in this expectation with regard to the possibility of the most vulnerable to adopt
these strategies without external support, as they will not be able to pay insurance
premiums (Surminski et al., 2016; Kraehnert et al., 2021). To improve climate resi-
lience it is necessary to include risk assessments in the insurance sector, which needs
of data collection and projections of weather risks (Surminski et al., 2016).

Precipitation also plays a major role in the interaction pollutants-hydrological
cycle (Macdonald et al., 2005). As stated in Noyes et al. (2009), a reduction in
precipitation may increase volatilization of persistent organic pollutants (POPs) and
pesticides to the atmosphere as well as levels of air pollutants over urban areas, e.g.,
nitrogen oxides (NOx), O3, CO, SO2, and particulate matter (PM) with aerody-
namical diameters below 2.5µm (PM2.5) and 10µm (PM10), posing risks to human
health. On the other hand, higher precipitation rates will diminish air pollution
through precipitation scavenging, reducing its impact on human health (Yoo et al.,
2014; Zhao et al., 2020; Zhou et al., 2021). But this will likely lead to acid rain
formation (Luan et al., 2019), higher deposition of aerial POPs and pesticides run-
off, resulting in severe events of chemical pollution of water masses (Noyes et al.,
2009). Precipitation scavenging can also play an important role in reducing bioaer-
osols concentration such as pollen, which might cause allergies or lung diseases in
humans (Blanco-Alegre et al., 2021). Besides, changes in precipitation patterns have
a significant impact on the incidence of food-borne (e.g., contaminated vegetables),
water-borne, and mosquito-borne diseases increasing the risk of transmissions (Auld
et al., 2004; Ruiz et al., 2010; Tirado et al., 2010; Bhavnani et al., 2014; Hacker et al.,
2020; Nosrat et al., 2021; Li et al., 2022). In that sense, sanitation facilities should
improve in those countries showing deficiencies. It is expected that the use and cost
of pesticides will rise.

Despite its importance and impact on numerous fields, accurate precipitation es-
timation is not easy to obtain. The main sources of precipitation estimates nowadays
include the use of ground-based measurements such as gauges and radars, and satel-
lite observations, each of them with its inherent advantages and drawbacks. As for
gauges, they provide a direct measure of precipitation at a given location and that
is the reason why they are commonly taken as the ”ground truth”. Nevertheless,
their performance is not perfect. Gauges suffer from undercatchment due to wind
exposure, evaporation, damage and obstructions due to debris such as leaves or dust,
and errors associated with bad calibration, among others. Gauge distribution across
the Earth is highly variable as reported by Kidd et al. (2017). High gauge concen-
trations can be found over populated areas, while oceans host very few. Last but
not least, these point measurements have to be spatially interpolated to provide areal
precipitation data leading to interpolation errors that can account for up to 50% –
80% of the total discrepancy between gauges and radar rainfall estimates (Ciach and
Krajewski, 1999).

Radars provide near real-time and frequent indirect measurements of precipitation
over relatively wide areas in contrast to gauges. They can calculate the speed of
precipitation, determine storm structure and detect hail, and are very useful for time-
critical predictions such as the occurrence of flash floods. However, radars suffer from
imprecise relationship between reflectivity and precipitation/backscatter (Z-R or Z-S),
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beam blockage due to obstructions such as topography in mountainous areas, range
effects, incorrect calibration, and non-weather echos (Gourley et al., 2007; Michaelides
et al., 2009; Ryzhkov et al., 2014; Kirstetter et al., 2015; Gabella et al., 2017).

Unlike ground-based instruments, satellites provide global measurements of pre-
cipitation without spatial inconsistencies and with the capability of scanning over
complex topography and oceans (Arkin and Ardanuy, 1989; Kidd et al., 2003; Scofield
and Kuligowski, 2003; Sapiano and Arkin, 2009; Mei et al., 2014). However, these
measurements are indirect and subject to limitations related to validation, accuracy,
sampling or long-term stability of the datasets, to name a few (Chen et al., 2013;
Levizzani and Cattani, 2019). For example, Mei et al. (2014) analyzed the perform-
ance of different satellite precipitation products in mountainous basins and reported
satellite estimates errors going from the overestimation of low precipitation regimes to
the underestimation of high precipitation accumulations. Similar issues of under and
overestimation of precipitation were shown when comparing satellite products with
rain gauges over China (Zhou et al., 2008), Ethiopia and Zimbabwe (Dinku et al.,
2008), and over the United States (Dinku et al., 2008; Sapiano and Arkin, 2009) and
the Pacific Ocean (Sapiano and Arkin, 2009), among others.

Precipitation estimates are obtained after applying different techniques to satel-
lite observations from visible, infrared (IR), and passive and active microwave (MW)
systems (Kidd and Huffman, 2011; Tapiador et al., 2017). The link between upwelling
energy and precipitation-sized hydrometeors is more direct in the case of microwave
observations, therefore providing more direct precipitation measurements than any
of the aforementioned observations. Nevertheless, MW observations are rather infre-
quent, generally limited to the 60◦ S− 60◦N band and may experience problems to
detect light precipitation (Turk and Miller, 2005; Kubota et al., 2009; Derin et al.,
2018; Ayat et al., 2021), among other drawbacks. On the other hand, IR-based meth-
ods retrieve cloud top temperatures at high temporal resolutions but provide precip-
itation estimates by using a relationship between surface precipitation and cloud top
temperatures simpler than the real one. Several techniques combine IR and MW
products to benefit from both of them, such as the Precipitation Estimation from Re-
motely Sensed Information using Artificial Neural Network (PERSIANN) (Hsu et al.,
1997; Sorooshian et al., 2000), the Climate Prediction Center Morphing Technique
(CMORPH) (Joyce et al., 2004), the Tropical Rainfall Measuring Mission (TRMM)
(Huffman et al., 2007) and the Global Precipitation Measurement Integrated Multi-
Satellite Retrievals (GPM IMERG) algorithm (Huffman et al., 2015). However, de-
ficiencies in this kind of satellite products still exist, especially over complex terrain
regions (Pradhan et al., 2022). Chapter 3.1.3 delves into the characteristics of GPM
and shows a case study to evaluate GPM performance in capturing a heavy snowstorm
over Spain.

Reliable forecasts of precipitation patterns are crucial due to the impact of pre-
cipitation on human lives and activities, climate, and the environment as already
mentioned. Different models, i.e., mathematical descriptions of our understanding of
the processes occurring in the atmosphere, are used for this purpose either at global
or regional scales. In terms of global models, Global Climate Models (GCMs) glob-
ally represent oceanic and physical atmospheric processes and are the basis for Earth
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System Models (ESMs), which also include the representation of biological process.
Atmospheric models, i.e., models focused on the equations that govern atmospheric
motions, can have a global domain too. Examples of models with a global domain
include the Geophysical Fluid Dynamics Laboratory (GFDL) global atmosphere and
land model AM4.0/LM4.0 (Zhao et al., 2018), the European Centre Hamburg Model
6 (ECHAM6) (Stevens et al., 2013), the Global Forecast System (GFS), the European
Centre for Medium-Range Forecasts (ECMWF) Integrated Forecast System (IFS), the
Icosahedral Nonhydrostatic (ICON), the Met Office Unified Model (UM), among oth-
ers. Regional Climate Modes (RCMs), also known as Limited Area Models (LAMs),
cover just a part of the Earth and therefore need initial boundary conditions for the
edge of the domain. These boundary conditions come from compatible global models.
Numerous regional numerical models are currently used, e.g., the Weather Research
and Forecasting model (WRF), the North American Mesoscale model (NAM), the
High Resolution Limited Area Model (HIRLAM), the Consortium for Small-scale
Modeling (COSMO) and the Aire Limitée Adaptation Dynamique Développement
International (ALADIN). Differences among models are not only in the size of the
domain but also in the grid box size, which determines which physical processes can-
not be solved explicitly because they occur at finer scales than the grid box. In these
cases, physical processes are parameterized, i.e., represented by simplified models that
have to make assumptions about the processes involved and use several parameters
based on empirical values. These parameters are used as constraints, thresholds, or
mean values of a number of processes. Assumptions are simplifications of the phys-
ics that require a balance between an adequate representation of the atmospheric
processes and complexity. The latter is connected to the demand for computational
power. Precipitation is generated through microphysics, convection, and planetary
boundary layer (PBL) schemes in GCMs and ESMs (Reynolds et al., 2020). Numer-
ical Weather Prediction models (NWP) also use these parameterizations, although
convection schemes are not always needed due to the grid size of the model.

Models are able to simulate temperature accurately but have issues capturing
precipitation. Despite improvements in recent decades, problems still persist. Ex-
amples of them include a poor representation of interannual variations of Asian–
Australian monsoon rainfall (Zhou et al., 2009), the representation of the Asian mon-
soon (Sperber et al., 2013) and the Madden-Julian Oscillation (MJO) (Chen et al.,
2021), precipitation biases in the Tropical West Pacific (Reynolds et al., 2020; Chen
et al., 2021), problems in the representation of the diurnal cycle of precipitation (Betts
and Jakob, 2002a,b; Dirmeyer et al., 2012; Tang et al., 2021) and in forecasting time
and location of severe weather (Jiang et al., 2015; Klutse et al., 2021). Therefore, it
is not surprising that providing an accurate representation of precipitation in models
is an active research topic. Taking into account that convection parameterizations
constitute the highest uncertainty source in models (Reynolds et al., 2020), Section
3.2 reviews the assumptions and empirical values used in this type of parameteriz-
ation, highlights their impacts on model outputs and emphasizes the importance of
observations to improve our current understanding of the physical processes involved.
In the last part of this thesis, Section 3.3, the main directions in which precipitation
science could evolve in the future are discussed.
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1.2 Hypothesis

The hypotheses of this thesis are twofold. On one hand, we consider that more assess-
ments of satellite precipitation products, in particular of GPM IMERG, are needed
to account for the main issues associated with these products and to identify their
sources of errors and uncertainties. It is well known that GPM IMERG has issues in
representing orographic and winter precipitation as well as precipitation over complex
terrain. Systematic qualitative and quantitative evaluations with a special focus on
those scenarios where GPM IMERG performance is diminished will provide useful
information to improve the accuracy of satellite precipitation products. It will assist
the scientific community in terms of highlighting the instruments’ limitations and
unveiling possible errors in the retrieval algorithms.

Our other major hypothesis, connected to the aforementioned one, is that delving
into the intricacies of convection parameterizations in models, pinpointing the as-
sumptions and empirical values currently used in them will facilitate:

1. Identify the parts of the model that need further attention due to simplistic
formulations of the physical processes involved, or the use of values from field
campaigns carried out in the 1980’s and 1990’s at specific locations, and that
are no longer valid or do not work well at other locations. Comparisons of simu-
lations of the same event with different convection schemes against observations
can give us an idea about which models require finer modifications and tuning.
Then, the parts of the model that need more attention would be identified by
delving into the code of those parameterizations. This will serve as a basis for
the next point.

2. Carry out systematic sensitivity studies by highlighting the most relevant em-
pirical values. Knowing the main empirical values used as well as the sim-
plifications made in the parameterizations will make it easier to identify the
main parameters in the convection parameterization schemes that affect model
performance. Then, systematic studies varying the assumptions, the values or
both of them in the identified parameters will be easier to perform. The spread
of the results will help to gauge the uncertainties caused by the empiricisms
embedded in the convection modules as well as to constrain them thanks to
targeted observations and dedicated campaigns.

3. Advance our understanding of the physics by assisting satellite missions focused
on elucidating convective processes. Results obtained in the previous two points
will lead to satellite missions more focused on those parameters and processes
that play a major role in convection. Specific measurements will provide more
detailed information about the physics behind these processes and thus, improve
our current understanding of the physics behind convection in the atmosphere.
It will also help to improve the sensitivity to the identified parameters of the
instruments currently onboard satellites, propose new measuring techniques,
and improve retrieval algorithms.
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1.3 Goals

Accurate measurements and forecasts of precipitation are still difficult to obtain due to
existing drawbacks in the measurement instruments and in current models. In order
to alleviate these issues and advance in the field, this work includes the following
major goals:

1. Evaluate GPM IMERG satellite products’ performance in detecting precipita-
tion during an extreme precipitation event over Madrid (Spain). The aim of
this study is to qualitatively evaluate the ability of GPM IMERG Late run
products in retrieving precipitation over snow-covered areas. Results of this
assessment will provide information about the issues of the satellite to meas-
ure the right amount of precipitation compared to rain-gauged measurements
from the Agencial Estatal de METeoroloǵıa (AEMET). Once the main issues
are identified, we will find the major factors responsible for the mismatch by
looking at both the ability of the sensors onboard the GPM satellite core to
detect precipitation, and at the retrieval algorithm. The aim is to identify the
parts that need further attention to help the community in improving satellite
precipitation products.

2. Advance in our understanding of convective processes and the physics that
drives them. To do so, we will first delve into the parameterization of physics
of convection in models by going through the code of different available para-
meterizations and by comprehensively reviewing the existing literature on the
topic since the first studies were published. The aim of this is to identify the
most used convection scheme in models that still parameterize convection, the
main components of a convection scheme, e.g., the activation of convection and
its intensity, to name a few, and the empirical values and assumptions used
in them. The different components of the most used convection scheme will
serve as a framework to present the results of our research in a clear way. This
means that the empiricism found in the models will be classified into the parts
connected to the activation of convection, such as the existence of buoyancy or
a certain cloud depth criteria, the so-called cloud model dealing with entrain-
ment, detrainment or precipitation formation, among others, and the closure or
intensity of convection.

3. Evaluate the impact of the identified main parameters and their empirical values
on model results. Comparisons with observations from different meteorological
agencies and GPM IMERG products will be used in these evaluations, whose
main goal is to show the discrepancies that exist between the convection schemes
and observations, and to highlight the need for further refinement.

With this thesis, we aim to assist the research community in improving the ac-
curacy of satellite precipitation products as well as to advance in our current un-
derstanding of the physical processes driving convection in the atmosphere to obtain
more accurate results, and more reliable forecasts and climate projections.
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1.4 Work plan

The route map followed during the progress of this doctoral thesis is as follows:

1. Literature review of GPM performance and applications.

• Publication of paper included inAdditional paper section and that is not
part of the present compendium: ”Review of GPM IMERG performance:
A global perspective”

• Evaluation of GPM performance in representing an extreme snow storm
over Spain.

– Publication of paper I: ”A Satellite View of an Intense Snowfall in
Madrid (Spain): The Storm ‘Filomena’ in January 2021”.

2. Literature review of convection schemes in models. Comprehensive study identi-
fying the main assumptions and empirical values used in GCMs, ESMs, and in
the NWPs that do not explicitly resolve convection yet.

3. Simulations of Typhoons Megi and Chaba using WRF and ECMWF IFS. In the
latter, we included perturbations of the main convection parameters identified
in the aforementioned literature review.

• Publication of paper II: ”Empirical values and assumptions in the convec-
tion schemes of numerical models”.

4. Overview of the future landscape in precipitation science.

• Publication of paper III: ”Future Directions in Precipitation Science”.
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Chapter 2

Methodology

In order to achieve the objectives mentioned in Section 1.3, two NWPs and different
observational datasets have been used. Section 2.1 is devoted to the description of
NWPs, whereas 2.2 deals with parameterizations, and 2.3 describes the different types
of observations used throughout this thesis. All these three sections justify the use
of these tools in the following chapters. Section 2.4 describes the variables used to
evaluate both satellite and model precipitation products against observations.

2.1 Numerical Weather Prediction models (NWPs)

NWPs are essential to understand interactions in the atmosphere and to forecast.
They are mathematical models based on conservation laws that describe the essential
physical processes in the atmosphere, ocean, and land, among others. How these
conservation laws are mathematically formulated, and how to solve the equations de-
scribing them vary from one model to another. The idea of using numerical processes
to forecast weather was firstly proposed by Richardson in 1922 (Richardson, 2007).
The author considered it as an initial value problem in which the Earth’s surface
would be divided into grids, each of them being the base for a vertical column of the
atmosphere. Initially, each grid box was divided into five layers in the vertical and
the value of each variable was calculated in the center of the grid.

Since then, the atmosphere in NWPs is represented by three-dimensional grid
boxes that cover the region of study, whether this means a particular region or the
entire Earth. The most common grid shapes used in NWPs are rectangular, e.g., in
WRF and GFS, triangular, e.g., in ICON, and hexagonal, e.g., in Model for Predic-
tion Across Scales (MPAS). In the case of rectangular grids, also known as latitude-
longitude grids, the atmosphere is divided into rectangles or squares. The main prob-
lem associated with this type of grid is the ”polar problem”, i.e., the convergence of
meridians at the poles that may lead to violation of global conservation laws (Collins
et al., 2013). One of the solutions proposed to alleviate this problem consists in using
quasi-uniform grids which in general are derived by a spherical expansion of different
polyhedrons (Rančić and Zhang, 2006). The main types of quasi-uniform grids are
rectangular and triangular. Although different topologies exist for rectangular grids,
the most common one is the expanded spherical cube. In the case of triangular grids,
less used than rectangular, topologies include icosahedral, octahedral, or tetrahedral,
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among others. In all cases, the vertices of the triangles are the grid points. As for
hexagonal grids, less used than rectangular grids, the variables are calculated in the
center of each hexagon that conforms the grid, as well as at the intersection between
hexagons. One of the main advantages of this type of grid is that it removes the polar
problem (Collins et al., 2013).

Increasing the number of grid points as well as reducing the distance between
them, i.e., increasing resolution improves the representation of atmospheric structures
in the model. However, the computational power to do so also increases. To solve
problems related to computational limitations, NWPs nest higher-resolution grids
inside coarser-resolution grids. If the nesting is one way, the coarser-resolution grid
provides the boundary conditions needed for the higher-resolution grid but does not
get information back from it. On the other hand, if the nesting is two-way the
higher-resolution grid retrieves information about the small-scale processes to the
coarser-resolution grid. This allows the small-scale processes to affect the flow in the
large scale as it is observed in nature. Other solutions to overcome the computational
burden include the use of moving nested grids to follow the time evolution of a
particular atmospheric event and the use of mesh refinement. In this case, there is no
nested grid at finer resolution inside a coarser grid. Instead, the grid is refined and
the resolution is increased at the points of interest, e.g., complex topography. The
main advantage of this method is that it includes both upscaling and downscaling
effects (Collins et al., 2013). This type of grid is used in MPAS.

Apart from the distribution of the grid point in the selected domain, it is important
to determine how prognostic variables are defined on the grid. If all of them are
defined at the same point, the grid is called unstaggered as in Fig. 2.1a, while we
refer to staggered grids when the prognostic variables are defined at more than one
point in the grid (Collins et al., 2013) as in Fig. 2.1b. In the latter, the staggering
can be done in the horizontal, in the vertical or in time, or in a combination of them.

Figure 2.1: Examples of (a) unstaggered and (b) staggered horizontal grids, where ∆x represents the east-west
resolution, ∆y the south-north resolution, u and v are the horizontal components of the velocity, and θ represents the
thermodynamic variables.

No matter the type of grid used in the model, the process to run it is the same
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in all cases. The first step to forecast the state of the atmosphere requires the use
of measurements of its current state that serve as inputs to the equations describing
the evolution in the atmosphere, i.e., fluid dynamics and thermodynamics equations.
This ”feeding” process, called initialization, generates the initial conditions or starting
point needed to forecast. However, observations obtained from ground-based instru-
ments or weather satellites are subject to errors (and space irregularities in the case of
ground measurements) that would propagate to the model outputs. Therefore, these
measurements undergo quality controls, such as data assimilation techniques, before
they can be used to initialize the model.

Once the model is initialized, the computational process starts. The main issue in
this step is connected with the fact that the equations describing the atmosphere, the
so-called primitive equations, are nonlinear partial differential equations that cannot
be solved exactly with analytical methods. Numerical methods are used instead
to provide approximate solutions. The most common numerical methods applied
in NWPs include spectral methods for horizontal dimensions and finite-difference
methods in the vertical, and finite difference methods for the three grid dimensions.
In spectral methods, the calculation at any given point depends on the information
from the entire domain and not only from neighboring points as in the case of finite
difference methods. Further differences between these methods are in the way they
approximate functions. While spectral methods use an expansion in terms of spectral
global basis functions such as sine and cosine, finite difference methods use a local
polynomial interpolant and its differentiation to calculate the function derivatives.
Spectral methods are mainly used in global medium-range forecasting models, while
finite difference models are used in limited-area models.

However, not all the physical processes occurring in the atmosphere can be ex-
plicitly solved by numerical methods and thus, need to be parameterized. Those
processes that take place at scales smaller than the grid box size have to be included
in the model as parameterizations, e.g., microphysics, atmospheric drag, or convec-
tion. In Section 2.2, we will delve into the intricacies of parameterizations in models
with a special focus on convection schemes.

Numerous NWPs are currently used for forecast and research purposes. In this
research, two of the most relevant NWPs have been used, i.e., WRF and ECMWF
IFS.

2.1.1 WRF

The Weather Research and Forecasting (WRF) model is a mesoscale atmospheric
modeling system that can be used for both numerical weather prediction and re-
search over a broad range of scales (Skamarock et al., 2019). The model is able to
produce simulations based on real atmospheric conditions but also on idealized con-
ditions. It is the result of collaboration between the National Center for Atmospheric
Research (NCAR), the National Oceanic and Atmospheric Administration (NOAA)
(represented by the National Centers for Environmental Prediction (NCEP) and the
NOAA Earth System Research Laboratory (ESRL)), the United States Air Force, the
Naval Research Laboratory, the University of Oklahoma, and the Federal Aviation
Administration (Skamarock et al., 2008).

15



WRF allows for one-way and two-way nesting as well as for moving nests. It
contains two dynamical solvers: the Advanced Research WRF(ARW) and the Non-
hydrostatic Mesoscale Model (NMM). The main programs of the WRF modeling
system are three, i.e., the WRF Preprocessing System (WPS), the WRF Data As-
similation (WRF-DA) and ARW solver as shown in Fig. 2.2. The WPS program
is in charge of preprocessing initial conditions for real-data simulations. To do so,
WPS prescribes simulation domains, interpolates terrestrial data, and transforms
and interpolates meteorological data (Skamarock et al., 2019). WPS output data
contain 2-dimensional and 3-dimensional fields of variables such as sea-level pressure
(2-dimensional) and temperature (3-dimensional), among others. In case observa-
tional data should be included in the WPS interpolation process or initial conditions
should be updated when WRF runs in cycling mode, WRF-DA is used. Incremental
variational data assimilation technique is the base of this program that has both 3D
and 4D-var capabilities. This technique prescribes a cost function as a function of the
analysis state, the first guess, and observations. Then, the cost function undergoes
an iterative minimization process to find the optimal value of the analysis state that
minimizes the cost function. That state is considered the most likely true state of
the atmosphere at analysis time. Another way to incorporate observations into the
preprocessing is to use OBSGRID. This program blends the WPS output fields with
observational data.

WRF PREPROCESSING SYSTEM 
(WPS)

GEOGRID

UNGRIB
METGRID OBSGRID WRFDA

REAL

Observations

WRF 

ARW

IDEAL DATA

OR

WRF-Chem

WRF-Hydro

WRF-Fire

Parameterizations 

Microphysics, cumlus, 
shallow convection, 
PBL, land surface, 

radiation, surface layer, 
urban physics, ocean 

options 

Figure 2.2: Major components of the WRF Modeling System and their interactions. Based on the WRF user’s guide.

Once this preprocessing is done, the obtained data are fed into the ARW real-data
preprocessor starting the initialization of the model. Apart from the solver itself,
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ARW also includes an atmospheric chemistry model (WRF-Chem), a surface hydro-
logical model (WRF-Hydro), a coupled wildland fire model (WRF-Fire), and different
physics schemes. The main physics schemes in ARW include microphysics, planet-
ary boundary layer physics, cumulus physics, surface physics, and atmospheric radi-
ation physics. The reader is referred to https://www2.mmm.ucar.edu/wrf/users/

physics/phys_references.html for a complete account of the model physics op-
tions and their references. For the cumulus physics options, deep and shallow convec-
tion, adjustment, mass-flux, and scale-aware schemes are available (Skamarock et al.,
2019). In this thesis, ARW core was used to perform simulations with different phys-
ics schemes, paying special attention to the assumptions and empirical values used in
the convection parameterizations included in the model.

A great advantage of WRF is its availability. It is an open-source community
model that allows the users to implement modifications in the code and test the
impact of those changes on the model results. Besides, it is coded as a FORTRAN
routine, a programming language widely used in the atmospheric research community,
which facilitates the introduction of the aforementioned modifications and testing.
Figure 2.3 shows a snapshot of the new Tiedtke convection parameterization scheme
implemented in WRF.

Figure 2.3: Snapshot of the WRF source code. It shows a part of the new Tiedtke convection module that checks the
cloud depth and changes the value of the entrainment rate to calculate the precipitation rate. Source: WRF code,
module cu ntiedtke.F

Literature is very extensive regarding the WRF model, its application, and assess-
ment of model outputs. A search in Scopus retrieves more than 10000 manuscripts
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related to WRF. Some studies use WRF to implement and test new parameteriz-
ations (e.g., Morrison et al., 2009; Chen et al., 2011; Jiménez and Dudhia, 2012)
or improve existing parameterizations (e.g., Zhang et al., 2011); others evaluate the
sensitivity of the model to different parameterization schemes such as PBL schemes
(e.g., Hu et al., 2010; Shin and Hong, 2011) or to different urban land use scenarios
and urban building (e.g. Miao et al., 2009), while others use the model to generate
high-resolution atmospheric dataset (e.g., Maussion et al., 2014), to downscale data
(e.g., Lo et al., 2008), to simulate air quality under different emission scenarios (e.g.,
Cai et al., 2017), and to forecast convection, hurricanes, floods or precipitation and
evaluate model performance (e.g. Done et al., 2004; Thompson et al., 2004; Davis
et al., 2006, 2008; Weisman et al., 2008; Chapman et al., 2009; Huong and Pathirana,
2013; Perez et al., 2013; Li et al., 2020), among others.

2.1.2 ECMWF IFS

The Integrated Forecast Systems (IFS) is a comprehensive Earth system model de-
veloped and maintained by the ECMWF in collaboration with the European Mem-
ber States, co-operating States, and the High-Performance Computing (HPC) com-
munity, thus contributing to the so-called big science. Once or twice per year new
versions of the IFS are released. Currently, it is one of the most used global medium-
range models together with the GFS. However, the ECMWF model in general has a
better performance than any of the available models, including the GFS, as shown
in numerous comparison manuscripts (e.g., Perez et al., 2013; Kerns and Chen, 2014;
Kumar et al., 2017; Dias et al., 2018; Garzon et al., 2018; Jonassen et al., 2021)as
well as in the verification results analysis defined by the World Meteorological Organ-
ization (WMO), although there are many examples of GFS performing better than
IFS for particular storms. Based on the WMO verification analysis, Fig. 2.4 shows
the verification result for the significant wave height, which is the average height
(measured from trough to crest) of the highest third of the waves, from January 2019
to May 2022 in the Northern Hemisphere. The index used for this evaluation is the
scatter index, which measures how much forecasts deviate from observations. Thus,
better forecasts show a small scatter index. In this figure, the model with the lowest
value of the scatter index is the ECMWF model followed by the Météo France model
(METFR). The GFS model, labeled as NCEP, shows a worse performance.

One of the main differences between both models is the horizontal resolution,
which is lower in GFS (28 km). The horizontal resolution of the IFS is different
depending on its setup. For high-resolution simulations using one member, the hori-
zontal resolution is 9 km, whereas this value decreases for the ensemble atmospheric
model. The latter uses 51 members and since 12 September 2006, it has been running
with a variable resolution following the work of Buizza et al. (2007). Out of the 51
members, only one is run with unperturbed initial conditions. For the rest, small
amplitude perturbations are added to the operational analysis (ECMWF, 2021b).
Since March 2016, the ensemble atmospheric model runs at 18 km horizontal resol-
ution with a timestep of 12min for the first 15 days of the forecast. Between days
15 and 46 of the forecast, the horizontal resolution decrease to 36 km, and the model
timestep increases to 20min. The Ensemble Prediction System (EPS), which is the
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Figure 2.4: Scatter index for the significant wave index of different models: BoM (Bureau of Meteorology), ECCC
(Environment and Climate Change Canada), DWD (Deutscher Wetterdienst), ECMWF, JMA (Japan Meteorological
Agency), KMA (Korean Meteorological Agency), LOPS (Laboratoire d’Océanographie Physique et Spatiale), METFR
(Météo France), NCEP (National Centers for Environmental Prediction), NIWA (National Institute of Water and
Atmospheric research), NZMS (New Zealand Meteorological Service), and UKMO (UK Met Office). Source: WMO
Lead Centre for Wave Forecast Verification.

merged VAREPS/monthly system runs at 00UTC and 12UTC each day. The ex-
tension of the forecast to day 46 is done on Mondays and Thursdays at 00UTC. For
high-resolution runs, the model is able to forecast up to 10 days. As for the number
of vertical levels, it is set to 137 in both cases.

The model contains different components that are coupled together in different
ways (ECMWF, 2022). These components are an atmospheric model, a land surface
model, an ocean model, an ocean wave model, a data analysis system, and perturb-
ation techniques used for ensemble generation, as already mentioned. With a 12-h
window, the IFS applies a 4-dimensional variational data assimilation (4D-Var) to
incorporate observational data into its initialization process. Besides, the Nucleus for
European Modelling of the Ocean (NEMO) oceanic model (Madec, 2008) is coupled
to the IFS every hour from its initial time. Important parameters such as the sea ice
cover or sea surface temperature are then fed to IFS.

The physical parameterization package in the atmospheric model component con-
tains different schemes: radiation, orographic drag, non-orographic gravity wave drag,
surface parameterizations, turbulent diffusion, moist convection, and clouds and large-
scale precipitation, among others (ECMWF, 2021a). The computation of all these
physical schemes is performed just in the vertical. We present here the main char-
acteristics of each of the schemes. For more information, the reader is referred to
ECMWF (2021a).

Short-wave and long-wave radiative fluxes are computed in the radiation scheme.
In the IFS, this scheme is based on the Rapid Radiation Transfer Model (RRTM)
(Iacono et al., 2008) and uses the Monte-Carlo Independent Column Approximation
(McICA) described in Morcrette et al. (2008) to include the impact of clouds on
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radiation. The radiation grid and time-frequency to solve radiative transfer equations
vary according to the model configuration due to the high computational cost of these
calculations.

The orographic drag scheme uses the parameterization described in Beljaars et al.
(2004) to parameterize the turbulent drag produced by subgrid orography with ho-
rizontal scales smaller than 5 km. It adds the parameterization of Lott and Miller
(1997) in stably stratified flow. The non-orographic gravity wave drag parametriza-
tion is that described in Orr et al. (2010).

The surface scheme is based on a tiled approach that distinguishes four different
types of sub-grid surfaces with their own properties. It also accounts for evaporation
and water collection, filtration, and runoff as in Balsamo et al. (2009) and Balsamo
et al. (2011), as well as for the carbon cycle and the exchanges of carbon dioxide
between land and atmosphere (Boussetta et al., 2013).

To parameterize turbulent diffusion, IFS uses a first-order K-diffusion closure fol-
lowing the similarity theory of Monin-Obukhov in the surface layer, and a K-diffusion
turbulence closure above this layer. However, the non-local boundary layer eddy
fluxes in the unstable boundary layer are parameterized with the Eddy-Diffusivity
Mass-Flux (EDMF) framework (Köhler et al., 2011).

The Tiedtke scheme (Tiedtke, 1989) with several modifications, such as those re-
lated to the entrainment and closure formulations described in Bechtold et al. (2008),
Bechtold et al. (2014) and Becker et al. (2021), is the scheme used to parameterize
deep, shallow and mid-level convection.

Several prognostic equations are used to parameterize clouds and large-scale pre-
cipitation together with a modified version of the Tiedtke scheme that includes su-
persaturation with respect to ice as in Tompkins et al. (2007), among others.

IFS is also coded in FORTRAN but, unlike in the case of WRF, the source code
is not publicly available. Only the national weather service of the member or co-
operating states of ECMWF can have full access to it. However, researchers can
use a ”simplified” version of the model called the OpenIFS that requires a license
from ECMWF (for more information, check the OpenIFS User Guide). The simula-
tions performed with IFS included in this thesis were carried out during the author’s
research stay at the ECMWF facilities in Bonn, Germany.

2.2 Parameterizations

As already mentioned, those processes that occur at scales lower than the grid size
need to be parameterized because NWPs cannot solve them explicitly. The number of
parameterized processes changes from one model to another as it depends on the grid
resolution. Nevertheless, some processes are always included as parameterizations in
NWPs due to the fine scales at which they occur. That is the case of microphysics,
which represents processes influencing the formation and evolution of clouds and
precipitation particles at scales ranging from sub-micron to cm (Morrison et al., 2020).
More details about this parameterization will be discussed in Section 3.2.1.

Fig. 2.5 shows other processes parameterized in models, which are the vertical ex-
change of heat, moisture and momentum due to sub-grid turbulence (turbulent diffu-
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sion schemes), the surface fluxes of water and energy due to different types of sub-grid
surfaces with different characteristics (the surface parameterization scheme), the ef-
fects on the atmospheric flow due to non-resolved orography (sub-grid scale orographic
drag scheme) and unresolved non-orographic gravity waves (non-orographic gravity
wave drag scheme), the long and short-wave radiative fluxes (radiation scheme), and
the subgrid fluxes of temperature, moisture and momentum due to convective in-
stability (convection parameterization). Some models, such as WRF, also include
an atmospheric chemistry model that accounts for the presence of different particles,
e.g., aerosols, ozone, and nitrogen oxides (NOx).

Deep convection

Shallow

convection

Microphysics

Turbulent 

diffusion

Surface Ocean

Chemistry (aerosols,

NOx, CH4, O3,…)

Long wave

radiationShort wave radiation

CloudSubgrid-scale 

orographic drag

Non-orographic

gravity wave drag

Figure 2.5: Parameterized processes in NWPs models. Note that high-resolution models do not include a deep
convection parameterization. Based on Bauer et al. (2015).

Although high-resolution models do not need to parameterize deep convection
anymore, climate simulations still need to rely on convection schemes due to the com-
putational burden. It is expected that convection parameterizations will no longer be
needed with increasing computational power. However, it will take time until climate
simulations can afford to resolve convection explicitly and current parameterizations
are subject to errors. One of the main drawbacks associated with convection para-
meterization schemes is a deficient representation of the diurnal cycle of convection
and precipitation. Numerous studies highlighted the parameterization of convective
initiation as one of the main sources of error that leads to a convection diurnal cycle
too high in amplitude and that peaks too early (e.g., Lee et al., 2008; Rio et al.,
2009; Han et al., 2019). The parameterization of entrainment of environmental air
also plays an important role in this regard (e.g., Wang et al., 2007; Hohenegger and
Bretherton, 2011; Stratton and Stirling, 2012), the same as the closure (intensity
of convection) formulation (e.g., Zhang, 2003; Soares et al., 2004; Rio and Hourdin,
2008; Rio et al., 2009).

Deficiencies in the representation of the MJO are also associated with convection
parameterizations, in particular, to the formulation of convection initiation (e.g., Lin
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et al., 2006), entrainment (e.g., Del Genio et al., 2012; Hirons et al., 2013), and
closure (e.g.Zhang and Mu, 2005b; Bechtold et al., 2014). Other atmospheric events
affected by the convection parameterization scheme include the representation of the
ITCZ (e.g., Song and Zhang, 2009; Chikira and Sugiyama, 2010; Möbis and Stevens,
2012), ENSO (e.g., Wu et al., 2007; Neale et al., 2008) and monsoon precipitation
(e.g. Zhang and Mu, 2005a), among others.

Therefore, the research community should not leave this scheme aside. On the
contrary, further sensitivity studies and fine tuning of schemes are necessary to ob-
tain more accurate predictions that lead to more confident projected scenarios under
climate change. Besides, delving into convection parameterizations improves our un-
derstanding of the physics behind these processes.

2.3 Observations

Since the beginning of atmospheric and climate modeling in the second half of the
20th century, observations have played a crucial role in the way the physics is rep-
resented in models. Still today, models rely on assumptions and empirical values
based on measurements, in many occasions obtained during field campaigns in the
1980’s and 1990’s. Observations are essential to validate model results and improve
them. In this dissertation, different types of observations have been used to evaluate
the performance of satellite products (Chapter 3.1.3) and model outputs (Chapter
3.2.3) in representing precipitation. The following sections present a summary of the
observations used throughout this work to provide the reader with the background
needed to follow the core of this dissertation.

2.3.1 GPM

Based on the success of the Tropical Rainfall Measuring Mission (TRMM), the Na-
tional Aeronautics and Space Administration (NASA) and the Japan Aerospace Ex-
ploration Agency (JAXA) jointly planned the Global Precipitation Measurement
(GPM) mission. It is an international satellite constellation designed to provide a
new generation of observations of precipitation, i.e., rainfall and snowfall, at global
scale (Hou et al., 2014). Launched on February 27th, 2014, GPM extended the spa-
tial coverage of TRMM from 35 ◦N – 35 ◦ S to 65 ◦N – 65 ◦ S. Besides, it incorporates
advanced sensors on board that extended the ability to measure solid precipitation,
light rain (< 0.5mmh−1) and microphysical features of precipitating particles (Hou
et al., 2014). These advanced sensors are the Dual-Frequency Precipitation Radar
(DPR) and the GPM Microwave Imager (GMI). The DPR is composed of a Ku -
band precipitation radar that operates at 13.6GHz, and a Ka-band radar operating
at 35.5GHz. The GMI is a conically-scanning multi-channel microwave radiometer
accounting for 13 channels in the range 10GHz – 183GHz.

As for the satellite precipitation products (SPPs), the Integrated Multi-satellitE
Retrievals for GPM (IMERG) algorithm is used. This algorithm merges, intercal-
ibrates and interpolates microwave-calibrated infrared (IR) satellite estimates, mi-
crowave precipitation estimates (MW), gauge observations, and any other potential
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precipitation estimator (Huffman et al., 2015). Then, surface precipitation maps at
0.1 ◦ horizontal and half-hour temporal resolution can be produced. IMERG retrieves
three different precipitation products: two near-real-time estimates, i.e., IMERG
Early and IMERG Late, and one post-real time research estimate, i.e., IMERG Final.
Differences between the three products are in the propagation type (IMERG Early
only has forward propagation while IMERG Late also includes backward propagation
and thus allows interpolation), latency after observation time (approximately 4 h, 14 h
and 3.5months for IMERG Early, Late, and Final, respectively) and gauge calibra-
tion (only used in IMERG Final). A more detailed description of GPM products is
presented in section 3.1.2.

In this Ph.D. dissertation, we will use GPM IMERG Late run at 30-min and
0.1 ◦ × 0.1 ◦ resolutions to evaluate its performance in capturing a snowstorm over
Spain (see Chapter 3.1.3). We chose GPM IMERG Late run due to the availability
of data for near real-time response to the storm. Later, in Chapter 3.2.3, we will
use GPM IMERG Final run at 0.1 ◦ × 0.1 ◦ and hourly spatiotemporal resolutions
to compare this SPP with simulated accumulated surface liquid precipitation using
different convection parameterizations in the WRF model. GPM IMERG Final run
is the product that NASA recommends for research purposes.

2.3.2 Sentinel

As part of the Copernicus program of the European Commission and with the aim of
delivering robust data and images, the European Space Agency (ESA) developed the
Sentinel missions. These missions, in general, formed by two satellites, have different
objectives, e.g., air quality monitoring, marine observations, and altimetry, among
others, from which different sectors can benefit. Examples of applications of Sentinel
data include disaster control and risk management, agriculture and forestry, or land
management, to name a few. The main objectives of these missions are to provide
observation data to monitor the changes in land use and land cover as well as to
significantly assist Copernicus in the areas of climate change, emergency management,
land monitoring, and security (for more details, visit the Sentinel webpage).

In the case of the Sentinel-2 mission, the goal is to provide high-resolution optical
images using two polar-orbiting satellites. Sentinel-2 satellites carry a MultiSpectral
Instrument (MSI) with infrared, short-wave infrared, and visible sensors covering 13
spectral bands at different spatial resolutions, i.e., 10, 20 and 60m, with a swath width
of 290 km. Under cloud-free conditions, mid-latitudes are revisited every 2 – 3 h, while
for the equator takes 5 days. It retrieves data of the reflectancies on the top (Level-
1C) and bottom of the atmosphere (Level-2A) in cartographic geometry. Sentinel-2
is able to provide land cover data distinguishing between agricultural areas, forests,
wetlands, artificial surfaces, and small water bodies, and to distinghish between clouds
and snow. Besides, it is able to provide information about natural and human-induced
disasters as well as humanitarian crises thanks to its high revisiting time and spatial
resolution. This is essential for risk management and emergency assistance. Sentinel-
2 products are also used to monitor borders and maritime control, and to report
information about artic sea routes and icebergs.

As for Sentinel-3, the main objective is to provide altimetry data as well as land
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and ocean surface color, and land and sea surface temperature. The latter is measured
with the Sea and Land Surface Temperature Radiometer (SLSTR), which provides
data for a latitude-longitude area of 5 ◦ by 5 ◦ with an uncertainty of ±0.3K and zero
bias. Apart from an altimeter, Sentinel-3 is composed of a total of 3 satellites that
carry different instruments such as the Ocean and Land Colour Instrument (OLCI),
which uses 21 spectral bands in the range of 0.4 to 1.02µm with a swath width of
1270 km, and a microwave radiometer, among others. These instruments retrieve data
of land and sea surface temperature, land surface reflectancies, ocean depth, and snow
density and depth over land, to name a few. Sentinel-3 products are mainly used for
climate and environmental monitoring as well as for supporting ocean forecasting.

Despite Sentinel products providing relevant information about sea and land, they
suffer from both temporal and spatial gaps in their measurements caused by the
presence of clouds. This problem is common to all optical remote sensing imagery.
The reason behind it is that thick clouds seem opaque in all optical frequency bands,
which pollutes the reflectance signal and causes that the satellite cannot ”see” through
the clouds, so information about the surface is lost. This issue is particularly relevant
for applications such as disaster monitoring and emergency assistance in areas with
frequent cloud cover (Meraner et al., 2020). Cloud shadows also play an important
role, as they can be quite bright compared to the average reflectance of the surface
they are casting, e.g., snow. This is more relevant when the cloud producing shadows
is thin as the shadow can be very subtle and difficult to detect (Zhu and Woodcock,
2012).

For decades, removing clouds and their shadows from optical remote sense im-
agery has been an active research field. For example, Zhu and Woodcock (2012)
developed the so-called Fmask (Function of mask) method for Landsat images to
detect clouds and their shadows. The method is based on cloud physical proper-
ties and uses brightness temperature and the top of atmosphere reflectance as inputs
to distinguish clear sky pixels from cloudy ones. More recently, other authors used
deep learning methods (e.g., Meraner et al., 2020) or stereo cloud-top height estim-
ation based on maximum cross-correlation between oblique and nadir spectra from
the SLSTR (Fernandez-Moran et al., 2021) to remove clouds from Sentinel-2 and
Sentinel-3 images.

We will use both Sentinel-2 and Sentinel-3 products in Chapter 3.1.3 to qualitat-
ively evaluate the performance of GPM IMERG products during an intense snowstorm.

2.3.3 MODIS

The MODerate resolution Imaging Spectroradiometer (MODIS) is on board Terra
and Aqua polar-orbiting shuttles, that are part of the Earth Observatory System
(EOS). While Terra passes from north to south across the equator in the morning,
Aqua passes from south to north in the afternoon. This way, the spectroradiometer
has a daily temporal resolution. The main issue here is connected with the cross-
sensor comparison of the same instrument on board satellites with different orbits.
Differences in the data are in the observation time and the solar angle, among others.
Therefore, comparisons are needed to evaluate the consistency and quality of the
datasets, as well as to guarantee continuity in the retrieved datasets. Studies have
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been performed to intercompare MODIS Terra and MODIS Aqua datasets as well as
to compare these values with other observations such as ground-based measurements
or other satellite products (e.g., Wang and Christopher, 2003; Ichoku et al., 2005;
Dong et al., 2012).

MODIS measures 36 spectral bands from 0.4 to 14.4µm at 250, 500 and 1000m
spatial resolutions, with a 2330 km swath width (NASA, 2022). With this combina-
tion of thermal, infrared and visible wavelengths, it provides information about the
atmosphere, cryosphere, land, and ocean that is used by scientists from a variety of
disciplines.

Different products are derived from MODIS such as land cover products, evapo-
transpiration, surface reflectance, sea surface temperature, and particulate organic
carbon, to name a few. Cryosphere products are snow cover, and sea ice and ice
surface temperature. Atmosphere products include data about aerosols, total precip-
itable water, cloud products, and cloud mask, among others (see MODIS webpage
for a detailed description of all MODIS products). Focus on cloud-related products,
MODIS can provide effective cloud amount, cloud top pressure, cloud classification
mask, cloud mask, and cloud phase mask at resolutions ranging from 1 to 5 km. These
values are obtained through the thermal channels and thus, can be measured during
both daytime and nighttime. However, microphysical values such as the cloud particle
size are only obtained during the daytime. The same happens to the retrieval of cloud
optical thickness, cirrus detection, and aerosols. This is due to the fact that the IR,
near IR, and visible bands used to obtain these data work well during the daytime
thanks to the cloud-sensitive solar illumination measurements (Li et al., 2005).

MODIS data suffer from drawbacks including the loss of microphysical information
during nighttime. As was the case with Sentinel products, MODIS is also unable to
retrieve information about the surface under the presence of clouds, therefore leading
to spatial and temporal gaps in their measurements. Different methods have been
proposed in the literature to alleviate this problem such as temporal filling of data
contaminated by the presence of clouds (Zhao et al., 2005), reprocessing (Yuan et al.,
2011) and deep neural networks (Zhang et al., 2018), to name a few.

In Chapter 3.1.3, we will use Terra MODIS to provide a qualitative evaluation of
the cloud cover.

2.3.4 AEMET data

The Agencia Estatal de METeoroloǵıa (AEMET) is the national weather service in
Spain that provides a wide variety of weather data thanks to its surface and upper-
air observation networks. Regarding surface networks, it counts with more than
3000 stations throughout Spain as well as radars. Meteorological stations shown in
Fig. 2.6 are classified into manual, semi-automatic, and automatic according to how
the variables are measured, and into stations of the main and secondary networks,
rainfall stations, and thermometric stations depending on the measurement reading
frequencies, the need of qualified people to do the readings and the variables measured
(Chazarra et al., 2018).

In the main network stations, hourly measurements or observations are made
at least three times per day. Moreover, these stations count with AEMET staff in
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charge of performing these readings in 96 observatories (AEMET, 2022). On the
other hand, the stations that belong to the secondary network do not have AEMET
staff for the readings. Instead volunteers report data in an uninterrupted manner or
use automatic stations. The main characteristic of automatic stations is that they
measure data every 10 minutes and send these data to an integrated system for the
management of observation networks that then, distributes it to the AEMET offices
that request them. Currently, the agency has 814 automatic stations (AEMET,
2022). The thermometric and rainfall stations also belong to the secondary network
as they are operated by volunteers. They sum up to a total number of 2335 stations
(AEMET, 2022). Thermometric stations register values of temperature at 08UTC
and of maximum and minimum temperatures, whereas rainfall stations report values
of daily precipitation from 08UTC to 08UTC as well as of predominant wind during
the precipitation event. The main instruments used in these stations are Six-Bellani
or mercury thermometers and rain gauges, respectively (Rodŕıguez Ballesteros, 2008).

Figure 2.6: Distribution of AEMET meteorological stations. Data obtained from https://opendata.aemet.es/

centrodedescargas/inicio

Among the measurements obtained from meteorological instruments placed in
AEMET stations, we will make use of the precipitation data coming from rain gauges.
The aim is to use these data as the source of reference for observational ground data
in the analysis carried out in Chapter 3.1.3.

Apart from the meteorological stations measuring values such as temperature and
amount of precipitation, AEMET also counts with environmental monitoring facilities
that measure a wide variety of indexes such as water quality, pesticides, and emissions
to the Mediterranean Sea and the Atlantic Ocean, to name a few.
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2.4 Variables

The variable used to qualitatively evaluate the performance of GPM IMERG in Sec-
tion 3.1.3 as well as for the assessment of convection parameterization schemes using
WRF in Section 3.2.3 is the total accumulated precipitation. In Section 3.2.3, we
also selected the trajectory and pressure in the center of the typhoons as variables to
measure the accuracy of our simulations.

2.4.1 Precipitation

Despite the major role that precipitation plays in climate and weather, as well as in
the environment and human lives and activities, models still have issues with correctly
representing it. Among the most known ones are the too early triggering of precipita-
tion during the diurnal cycle in RCMs (e.g., Nikulin et al., 2012) as well as persistent
light rain (e.g., Kendon et al., 2012), too little precipitation over midlatitudes and
too much over the tropical oceans (e.g., Stephens et al., 2010), and problems in the
representation of the annual cycle of monsoon precipitation (e.g., Annamalai, 2019).

Both in the climate and weather realms, all variables are interconnected. The ef-
fects on precipitation of moisture, wind, atmospheric flow, orography, and sea breeze,
among others, are very important. Thus, errors, uncertainties, or inadequate repres-
entation of these processes in models lead to poor or incorrect precipitation simula-
tions in both space and time as well as in frequency and intensity. The parameteriza-
tion schemes that directly impact precipitation products in models are microphysics,
convection, and PBL schemes, as already mentioned. With increasing computational
power, models start to get rid of convection parameterizations, as is the case in high-
resolution models, but centennial climate simulations still need to rely on thise type
of schemes. Despite achieving better results than models with coarser resolution, for
example in the representation of sub-daily, hourly and sub-hourly scales (Meredith
et al., 2020) or the diurnal cycle (Prein et al., 2015), high-resolution models are not
free from inaccuracies in the representation of precipitation due to the interconnection
between land, atmosphere, and ocean variables previously mentioned, as well as due
to the use of microphysics schemes. For example, errors persist in the representation
of precipitation (e.g., Dirmeyer et al., 2012; Jing et al., 2017; Køltzow et al., 2019;
Demory et al., 2020; Strandberg and Lind, 2021) and extreme precipitation events
(e.g., Prein et al., 2013; Ban et al., 2021; Demory et al., 2020).

More recently, some authors have proposed the use of deep learning techniques
to forecast precipitation (e.g., Rasp et al., 2018; Lee and Chen, 2021) as well as a
physics-guided Bayesian method to make precipitation projections more reliable in
ESMs (Kodra et al., 2020).

No matter the type of model used, precipitation outputs have to go through as-
sessment processes to evaluate their level of accuracy. To do so, observations are
very important. Rain gauges, radars, and satellites, among others, provide the in-
formation needed for validation. However, like model outputs, observations are also
subject to errors. This should be kept in mind during the evaluation processes. As
already mentioned in Section 1.1, the main sources of errors in ground-based meas-
urements are their uneven distribution, undercatchment of precipitation under windy
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conditions (rain gauges) and beam blockage (radars). In the case of remote sensing
measurements, the main issues are connected to the indirectness of their measure-
ments (Tapiador et al., 2012).

2.4.2 Pressure and track

Tropical cyclones are extreme weather events with one of the highest destructive
powers worldwide. They have associated high wind speeds, intense rainfall, and
severe storm surge levels, among others, posing important risk for humans and infra-
structures. According to the Office for Coastal Management of NOAA, the average
cost of tropical cyclones is 20.5 billion dollars per event in the U.S.. Regarding fatal-
ities, tropical cyclones were responsible for the loss of 6697 lives between 1980 and
2021 (NOAA, 2022). Thus, forecasting the intensity of a cyclone as well as its tra-
jectory is very important to issue warnings, coordinate emergency assistance and save
human lives. Apart from using weather radars and satellites, scientists also make use
of NWPs. In the U.S., the so-called hurricane hunter aircrafts are used to get direct
measurements in the core of the hurricane. Different variables are used to evaluate
the accuracy of a cyclone simulation such as minimum surface pressure and the time
evolution of its position, i.e., track.

The simulated or observed value of the minimum surface pressure at the center of
a cyclone is generally taken as a measure of its intensity, in other words, as a measure
of its damaging potential (e.g., Zappa et al., 2013; Ruan and Wu, 2022). Shea and
Gray (1973) showed that the central pressure and maximum wind speed of a cyclone
are on average negatively correlated. Thus, the maximum sustained wind speed
at 10m is the other variable used to determine the intensity of a cyclone. Different
techniques have been proposed to measure these variables. For example, the so-called
Dvorak technique described in Dvorak (1975) determines the wind speed of a cyclone
by analyzing cloud patterns in both visible, and infrared channels. The main issue
with this technique is its subjectivity as forecasters have to judge the different cloud
patterns. A number of variations of this technique have been proposed. For example,
the advanced Dvorak technique alleviates this issue by replacing human judgment
with a fully automated, computer-based objective scheme (Olander and Velden, 2007).
Recently, Chen et al. (2019) proposed the use of convolutional neural networks trained
with microwave rain data and brightness temperature as an alternative to the Dvorak
technique. Other techniques to measure cyclones’ intensity include using microwave
sounders that retrieve values of temperature at upper and mid-levels, or a combination
of both microwave sounders and the Dvorak technique, as well as radar observation
data. The latter retrieves values of the maximum wind speed from the movement of
rain echoes.

However, the generally used relationship between pressure and wind speed presen-
ted before does not always lead to good results, especially for extreme cyclone sizes
(very small or very large), asymmetric cyclones, and cyclones moving at high speeds.
Revised versions of the relationship between wind-pressure in cyclones have been
presented. The work done by Harper (2002) summarizes the most important ones
until 2002. The author reported that the majority of models related the wind speed
with an exponential function of a pressure difference between an external point and
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the core of the cyclone. Newer versions include the fitting regression model suggested
by Knaff and Zehr (2007) and a new relationship that is sensitive to prior changes in
intensity, speed, latitude, and air density (Holland, 2008).

The Dvorak technique is also used to track cyclones. Instead of manually ana-
lyzing satellite images and relying on forecasters’ ability to predict the trajectory of
a cyclone, several authors developed automatic approaches for storm identification
and tracking (e.g., Johnson et al., 1998; Lee and Lin, 2001; Lakshmanan et al., 2003).
Early automated methods relied on the use of aircraft data and local radars losing
global scale information. Later, Vickery et al. (2000) proposed the storm track model
in which the model estimates the new position and speed of the storm based on the
changes in the translation speed and storm heading over the current 6-h period. To
do so the model needs the initial storm heading, speed, and intensity as inputs. Other
authors developed an automatic approach that uses sensor data from multiple satel-
lites (Talukder et al., 2008), used temporal variance of sea level pressure, meridional
wind, and cyclone track statistics to track storms (Chang et al., 2012) or artificial
neural netwroks (Kovordányi and Roy, 2009), among others.

As already mentioned before in previous sections, one should keep in mind the
errors associated with model outputs as well as the defficiencies related to both radar
and satellite measurements when performing comparison in validation studies.
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Chapter 3

Results

This section gathers the results obtained in the three published articles that are
the basis of this Ph.D. dissertation. First, section 3.1 presents the main strengths
and weaknesses of GPM IMERG products and evaluates their ability to capture an
extreme precipitation event. Section 3.2 delves into the performance of models in cap-
turing precipitation with a special focus on the parameterizations used to represent
convection in numerical models. In this regard, the main empirical values and as-
sumptions that constitute these parameterizations will be highlighted as well as their
impact on model performance. Different simulations will be used to illustrate the
discrepancies between model outputs and observations, as well as between ensembles
with selected perturbed convection parameters and observations. Section 3.3 closes
the results sections with a look into the possible future directions in precipitation
science.

3.1 Assessment of satellite precipitation products

with observational data

As already mentioned in section 1.1, satellites provide global measurements of precip-
itation without spatial inconsistencies and are able to measure over complex terrain,
ocean, and regions where the gauge network is rather sparse or inexistent. However,
one should keep in mind that these measurements are indirect and present deficiencies
such as problems in accuracy. Therefore, it is important to validate satellite products
against other observations such as radars or rain gauges in order to identify their
weaknesses and try to improve the parts that need further attention, e.g., algorithms
used to generate satellite products from MW data.

3.1.1 Global satellite precipitation products

Numerous SPPs are publicly available including regional and global products. Among
the global products, differences between each of them are in the temporal and spatial
resolution, the period covered and the sensors used to retrieve precipitation products,
i.e., IR, PMW, or a combination of both. Table 3.1 presents a summary of the major
global SPPs. For instance, the CMAP (Climate Prediction Center Merged Analysis of
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Precipitation) and the GPCP (Global Precipitation Climatology Project) products
offer the longest covered periods but at low temporal and spatial resolutions com-
pared to the other products in Table 3.1. Better spatial resolutions, i.e, 0.25 ◦, are
provided by PERSIANN, PERSIANN-CDR (Climate Data Record), CMORPH and
TMPA (TRMM Multi-satellite Precipitation Analysis) at different temporal resolu-
tions. Despite PERSIANN-CCS (Cloud Classification System ), CHIRPS (Climate
Hazards Group InfraRed Precipitation with Station data) and PDIR-Now (PER-
SIANN Dynamic Infrared–Rain Rate) account for the finest spatial resolution, they
use IR data to retrieve precipitation products, which are subject to errors due to the
surface precipitation and cloud top temperatures relationships used in the retrieval
algorithms. Later, these precipitation products are calibrated using MW satellite
data. As already mentioned in Section 1.1, PMW data provide more direct precip-
itation measurements than IR data. Among the global SPPs that use both IR and
PMW data, GPM IMERG has a better temporal resolution, i.e., 30min, compared to
the hourly temporal resolution in GSMaP (Global Satellite Mapping of Precipitation
Global Satellite Mapping of Precipitation) at the same spatial resolution. For all these
reasons, we select GPM IMERG to assess its performance during an extraordinary
snowstorm episode over Madrid (Spain).

Table 3.1: Summary of major global satellite precipitation products.

Product Agency Data
source

Spatial
resolution

Temporal
resolution

Period Reference

CMAP NOAA IR and
PMW

2.5 ◦ 5 days 1979 – present Xie and Arkin (1997),
Xie et al. (2003)

GPCP NASA IR and
PMW

2.5 ◦ Monthy 1979 – present Huffman et al. (1997),
Adler et al. (2003),
Huffman et al. (2009),
Adler et al. (2018)

PERSIANN University
of Arizona

IR 0.25 ◦ 3 hours 2000 – present Hsu et al. (1997)

CMORPH NOAA IR and
PMW

0.25 ◦ 3 hours
/30min

1998 – present Joyce et al. (2004)

PERSIANN-
CCS

UCI IR 0.04 ◦ 30min 2003 – present Hong et al. (2004)

GSMaP JAXA IR and
PWM

0.1 ◦ Hourly 2002 – present Ushio et al. (2003),
Kubota et al. (2007)

TMPA NASA IR and
PWM

0.25 ◦ 3 hours 1998 – present Huffman et al. (2007)

GPM
IMERG

NASA IR and
PWM

0.1 ◦ 30min 2014 – present Hou et al. (2014)

CHIRPS USGS and
CHC
UCSB

IR 0.05 ◦ Daily 1981 – present Funk et al. (2015)

PERSIANN-
CDR

NOAA IR 0.25 ◦ Daily 1982 – present Ashouri et al. (2015)

PDIR-Now CHRS UCI IR 0.04 ◦ Hourly 2000 – present Nguyen et al. (2020)
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3.1.2 GPM precipitation products

The GPM mission is a constellation of international satellites designed by NASA and
JAXA to provide a new generation of precipitation observations taking TRMM as a
base. This mission incorporates advanced sensors on board, namely, DPR and GMI,
that extend the ability to measure solid precipitation, light rain (< 0.5mmh−1), and
microphysical features of precipitating particles, and extends the spatial coverage
of TRMM from 35 ◦N – 35 ◦ S to 65 ◦N – 65 ◦ S (Hou et al., 2014). It uses differ-
ent observing systems to produce precipitation estimates. The observing systems
are core satellites, MW and IR constellation, additional satellites, and precipitation
gauges (Huffman et al., 2015). The core satellites feature active scanning radars as
well as multi-channel, dual-polarization PMW sensors including the GMI, which is
a conically-scanning multi-channel microwave radiometer accounting for 13 channels
in the range 10GHz – 183GHz. PMW constellation satellites use imager channels
for low and mid-latitude and sounding channels for cold and frozen-surface condi-
tions (Huffman et al., 2015). IR constellation satellites provide imagery data in the
form of brightness temperatures. As for the additional satellites, GPM makes use of
data retrieved by satellites such as GOES (Geostationary Operational Environmental
Satellites) or MSG (Meteosat Second Generation), among others. The Global Pre-
cipitation Climatology Centre (GPCC) data from precipitation gauges are used to
control the bias associated with SPPs.

GPM IMERG is the algorithm responsible for producing precipitation estimates.
To do so, it needs a combination of different input data coming from observing sys-
tems, i.e., sensor products, ancillary products, MERRA-2 and GEOS FP (Forward
Processing) products, GPCP SG (Satellite-Gauge combination) product, and NOAA
AutoSnow product (Huffman et al., 2015). The sensor products mentioned above are
processed using the Goddard Profiling algorithm (GPROF). Besides, GPM IMERG
needs surface ancillary products as inputs, such as surface pressure and relative hu-
midity. From MERRA-2 and GEOS FP, IMERG obtains values of total precipitable
water vapor, total precipitable liquid water, total precipitable ice water, and surface
precipitation rate, whereas GPCP SG product provides a merge of various satellite
products (mostly IR-based calibrated by PMW) combined with precipitation gauge
data from GPCC. Data of daily surface coverage by ice and snow is obtained from
NOAA Autosnow product. Using these input data, IMERG computes precipitation
phase in two runs in near-real time and in one run once the monthly gauge analysis is
obtained. The three precipitation products obtained this way are known as ”Early”,
”Late” and ”Final” run, respectively. What distinguishes one product from another
is the propagation type, latency after observations, and the use of gauge calibration.
For example, IMERG Early run only has forward propagation while IMERG Late
also includes backward propagation and thus allows interpolation. Regarding latency
times, IMERG Early run is available approximately 4 hours after observation time
while for IMERG Late run takes approximately 14 hours. The only satellite-gauge
product, the IMERG Final run, is available approximately 3.5months after observa-
tion time and it is the one recommended for research purposes.

Numerous studies have evaluated the performance of GPM IMERG precipitation
products across different climatic conditions and geographical regions on Earth as
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shown in Pradhan et al. (2022). Among them, the Earth and Space Sciences group
(ESS) at the University of Castilla–La Mancha has a long record assessing GPM
IMERG performance (e.g., Tapiador et al. 2012, 2017; Navarro et al. 2019, 2020).
Generally, GPM IMERG has issues in representing precipitation over complex ter-
rains, orographic precipitation, and winter precipitation. As for the latter issue, the
group qualitatively evaluated GPM IMERG performance in simulating an exceptional
short-duration snowstorm that took place over Madrid (Spain) in January 2021. The
next section presents the results of this evaluation.

3.1.3 Paper I

This section corresponds to the paper published in the Remote Sensing journal. It
presents a qualitative analysis of GPM IMERG’s performance during an intense
snowstorm over Madrid (Spain) in January 2021. Among the GPM IMERG pre-
cipitation products available, Late run was chosen to perform this analysis due to
the availability of data for near real-time response to the storm. Apart from GPM
IMERG Late run, Sentinel-2 and Terra/MODIS imagery were also used. Results
showed that the radiometers onboard GPM core satellites had problems retrieving
precipitation over surfaces covered in snow, which led to a lack of enough quality data
to feed the IMERG algorithm. Therefore, the satellite precipitation product, Late
run, was not able to reproduce the correct amount of precipitation during the storm.
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Abstract: Evaluating satellite ability in capturing sudden natural disasters such as heavy snow-
storms is a topic of societal interest. This paper presents a rapid qualitative analysis of an intense
snowfall in Madrid using data from the Global Precipitation Measurement (GPM) mission, specific-
ally the GPM IMERG (Integrated Multi-satellitE Retrievals for GPM) Late Precipitation L3 Half
Hourly 0.1 ◦×0.1 ◦ V06 estimates of precipitation (IMERG-Late), and Sentinel-2 imagery. The main
research question addressed is the consistency of ground observations, model outputs and satellite
data, a topic of major interest for an appropriate and timely societal response to severe weather
episodes. Indeed, the choice of the ‘Late’ product over the IMERG ‘Final’ or other GPM datasets
was motivated by the availability of data for near real-time response to the storm. Additionally,
the 30-min temporal resolution of the product would in principle allow for a detailed analysis of
the dynamic processes involved in the snowstorm. Using several complementary data sources, it is
shown that optical remote sensing sensors (Sentinel) add value to existing ground data and that
is invaluable for rapid response to severe meteorological events such as Filomena. Regarding the
GPM precipitation radar, the sampling of the GPM-core satellite was insufficient to provide the
IMERG algorithm with enough quality data to correctly represent the actual sequence of precip-
itation. Without corrections, the total precipitation differs from observations by a factor of two.
The difficulties of retrieving precipitation with radiometers over snow-covered surfaces was a major
factor for the mismatch. Thus, the calibrated precipitation product did not fully capture the historic
storm, and neither did the IR-based element of the IMERG-Late product, which is a neural network
merging of microwave and infrared data. It follows that increased temporal resolution of spaceborne
microwave sensors and improved retrieval of precipitation from radiometers are critical in order to
provide a complete account of these sorts of extreme, significant, short-duration cases. Otherwise,
the high-quality, radar and radiometer data feeding the high temporal resolution algorithms simply
slip through the grasp of the ascending and descending orbits, leaving little quality data to be
interpolated into successive overpasses.

Keywords— precipitation; snow; Global Precipitation Measurement (GPM) mission;
Integrated Multi-satellitE Retrievals for GPM (IMERG); Sentinel; severe events

1 Introduction

Precipitation is both a key environmental parameter and a difficult meteorological field to
measure. Its large spatial and temporal variability, sharp gradients and zero-skewed intens-
ities are challenges still not fully resolved by existing measurement methods (Michaelides
et al., 2009). The need for good estimates, however, is evident, and extends to agriculture,
industry, energy and biota studies (Bartlam-Brooks et al., 2013; Toté et al., 2015; Dalhaus
and Finger, 2016; West et al., 2019; Bertini et al., 2020; Rumiano et al., 2020; Peng et al.,
2020).
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The importance of a precise estimation of precipitation is especially acute in the case of
extreme and unusual meteorological events (Romero et al., 2015; Mazzoglio et al., 2019; Li
et al., 2020). Pinpointing the exact location of the highest precipitation rates is important,
but difficult, as they can occur both in a short period of time or in regions where the rain
gauge network is not as dense as near major cities and flat areas. While ground-based
radars can in principle fill the gaps with high spatial and temporal resolutions, the estim-
ation of precipitation using such instruments presents several limitations (Cho et al., 2006;
Lee, 2006; Lee and Zawadzki, 2006; Zhang et al., 2013; Kwon et al., 2015; Ye et al., 2015),
especially over varied terrain where intervisibility and ground cluttering makes retrievals
difficult. The alternative, a view from space, naturally appeared as an optimal way to estim-
ate precipitation, especially over the oceans where ground networks are almost completely
absent (Kucera et al., 2013; Kidd et al., 2017).

Indeed, as soon as Earth observation satellite programs began, measuring precipitation
from space became a thriving research field, with many algorithms and datasets becoming
available (Rana et al., 2015; Tapiador et al., 2017; Levizzani and Cattani, 2019). A ma-
jor breakthrough, the Tropical Rainfall Measuring Mission (TRMM) satellite (Kummerow
et al., 2000), heralded the era of precipitation radars in space in 1997. A 2014 follow on
satellite, the GPM-core observatory (Skofronick-Jackson et al., 2018), provided continuity
and improved global coverage to what is widely considered fundamental for both meteor-
ology and climate research (National Academies of Sciences, Engineering, and Medicine,
2018). While several satellites are currently used to provide precipitation estimates, those
of the GPM constellation are the standard and the only means to have 30-min, kilometer-
resolution global estimates of precipitation on a regular basis.

The GPM-core observatory is the central part of the GPM constellation, with a suite of
international radiometers to provide a complete picture of global precipitation. The Dual-
frequency Precipitation Radar (DPR) and the GPM Microwave Imager (GMI) provide high-
quality and the most direct estimates of precipitation available from space. The combination
of other sensor completes the current picture of direct measurements of precipitation from
space. The failure of CloudSat (which in any case provided only an indirect estimate of
precipitation) on 27 August 2020 makes the DPR the only radar in space capable of directly
observing precipitation in 2021.

January 2021 witnessed the largest snowstorm in the capital city of Spain since 1971.
Thirty hours of continuous snowfall from 7 January covered Madrid in a white blanket,
disrupting urban life for days. Major damage followed and casualties were reported. The
event, in the midst of the COVID-19 pandemic, severely affected communications, infra-
structures, buildings and vegetation. The Madrid Metropolitan area, and the Autonomous
Communities of Madrid and Castilla-La Mancha were declared ‘catastrophe areas’ by the
national government.

Responding to events such as storm Filomena is one of the reasons behind the devel-
opment of ‘precipitation from space’ technology. The ability to precisely measure the solid
phase, both in quantity and in location and timing is not only a formidable challenge but
is essential to assist authorities in coping with the consequences of the storm, evaluating
the damages, and predicting the effects of snowmelt in the urban environment (Wolff et al.,
2015; Wen et al., 2016; Behrangi et al., 2018). It is also valuable for energy generation
as hydropower is an important component of the energy mix in several countries. Snow
falling in the mountains in winter feeds Spanish rivers in spring and fills the reservoirs and
dams. Predicting the availability of the water resources in the harsh and semi-arid summer
that affects most of the country is also a major need and the centerpiece of the country’s
hydrological plans.
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As mentioned above, the current meteorological network is clearly insufficient to provide
a precise account of how much snow fell in the remote, mountain areas, so measurements
from satellite precipitation algorithms is an absolute necessity. This paper aims to evaluate
the potential of IMERG products to help in this task, an application considered by their
developers as central to the whole GPM project (Skofronick-Jackson et al., 2018). While a
detailed evaluation might be expected in a Ground Validation (GV) campaign, our event-
study is aimed to evaluate whether or not GPM can detect the snow and if the IMERG
estimates are consistent with the ground observations in the particular case of the storm in
Madrid.

Over the years, many studies and reviews have specifically dealt with evaluating IMERG.
These include regional analyses for Brazil, China, Pakistan, Cyprus, Korea and the Nether-
lands (Gaona et al., 2016; Kim et al., 2017; Anjum et al., 2018; Retalis et al., 2018; Rozante
et al., 2018). Discrepancies with observations have been described, within an overall good
match with observations for large areas when data are averaged in time (Tang et al., 2016;
Derin et al., 2019). The scores for long temporal scales are indeed better than for shorter
scales (Khan and Maggioni, 2019). Research on the IMERG performances over snow covered
terrain is scarce.

2 Data and methods

MODIS (Moderate Resolution Imaging Spectroradiometer)/Terra data were used to provide
a qualitative evaluation of the cloud cover. Four images were used, which were obtained
through NASA’sWorldview, a tool from the Earth Observing System Data and Information
System (EOSDIS). The reason for directly featuring this tool in this paper instead of repro-
cessing the original data is that Worldview can be readily used by managers and the general
public. It is also an integral part of the GPM data dissemination strategy and a valuable
instrument to rapid response to events. Using this tool, GMI daily estimates of rain rates
from the 2AGPROFGMI, Level 2A Goddard Profiling algorithm were superimposed on the
MODIS images to provide a qualitative indication of the GPM capability of obtaining in-
formation below the cloud cover. MODIS sensor resolutions are 500 m and 250 m (Bands
1 and 2 have a sensor resolution of 250 m, Bands 3–7 have a sensor resolution of 500 m
and Bands 8–36 are 1 km. Band 1 is used to sharpen Bands 3, 4, 6 and 7). The temporal
resolution is daily. The MODIS Corrected Reflectance algorithm utilizes MODIS Level 1B
data (calibrated, geolocated radiances) to produce a visually acceptable, qualitative view of
the planet, but which is not a standard, science-quality product. The asserted purpose of
this algorithm is to provide natural-looking images by removing gross atmospheric effects,
such as Rayleigh scattering, from MODIS visible bands 1–7.

Sentinel-2b data was obtained from the Copernicus Open Access Hub. Two orbits from
Sentinel-2b MultiSpectral Instrument (MSI) for 3 January (S2B MSIL2A 20210103T110349
N0214 R094) and 11 January (S2A MSIL1C 20210111T111431 N0209 R137) were used.
Their 4, 3 and 2 bands (665.0, 559.0, 492.1 nm at Full Width Half Maximum (FWHM))
were co-geolocated. Spatial resolution of those is 10 m. Original files downloaded from the
Hub were processed with NCL (NCAR Command Language), Python and Fortran scripts
developed at the Earth and Space Sciences Group (ESS) over the past decades. Quicklooks
from the Sentinel-3 Sea and Land Surface Temperature Radiometer (SLSTR) were also
retrieved from https://www.sentinel-hub.com/, accessed on 25 May 2021.

Weather analyses from the European Centre for Medium-Range Weather Forecasts
(ECMWF) were used to depict the atmospheric situation and explain the evolution of
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Storm Filomena. Original grib files were processed at UCLM using ncl and Python scripts
developed at the ESS.

Official reports from the Agencia Estatal de Meteoroloǵıa (AEMET) (2021) were used
as the source of reference for observational ground data. As the episode consisted in heavy
wet snow with little wind, gauge-recorded precipitation can be trusted. Snow-depth meas-
urements are official data from the observatory and found to be consistent with gauge
estimates. In any case, these data are the official estimates and there is no reason not to
take them as a valid reference. The recorded amounts are unprecedented in modern times
in Madrid and resulted in the central and southeastern part of the country being severely
disrupted for days. It has to be noted that such severe snowstorms are uncommon in Central
Spain.

IMERG (Integrated Multi-satellitE Retrievals for GPM) estimates for this paper were
obtained from the Precipitation Processing System (PPS). The IMERG algorithm is fully
and precisely described by Huffman et al. (2015). It would be futile to rephrase the wording
of a technical document written by the actual developers of the algorithm, so in what follows
we merely quote verbatim those parts relevant for this paper. The reader is directed to the
original source for the additional details and a full description of the products.

Thus, as stated in the Algorithm Theoretical Basis Document Version 6 (ATBD), the
aim of the product is to provide a spatial and temporally continuous estimate of precipitation
for the whole globe. The algorithm is intended to intercalibrate, merge, and interpolate
all satellite microwave precipitation estimates, together with microwave-calibrated infrared
(IR) satellite estimates, precipitation gauge analyses and potentially other precipitation
estimators at fine time and space scales for the TRMM and GPM eras over the entire globe
(Huffman et al., 2015).

Intercalibrated microwave precipitation estimates from GPM and all of the partner
sensors are merged to create Level 3 data sets containing the best observational data avail-
able in each half hour. All of the input data sets are gridded from their native Level
2 swath data to the IMERG 0.1 ◦ × 0.1 ◦ Level 3 global grid on the IMERG half-hourly
interval (namely the first and second half hour for each UTC hour) (Huffman et al., 2015).

IMERG infrared precipitation field uses the ‘Precipitation Estimation from the Re-
motely Sensed Information using the Artificial Neural Networks – Cloud Classification Sys-
tem’ (PERSIANN-CCS, Hong et al. (2004)), which is a neural network-based algorithm
fusing the infrared and passive microwave radiances in a non-trivial way. The network was
trained to CMORPH (Joyce et al., 2004; Habib et al., 2012).

In particular, following the ATDB the IMERG IR product is derived as follows. First,
the 60 ◦N − 60 ◦S domain in segmented into 24 subregions. Then, for each subregion the
number of watersheds is calculated and a ‘precipitation index’ is computed for each grid
box. Finally, as the PERSIANN-CCS estimate is trained to CMORPH, a regional PER-
SIANNCCS/ PMW (passive microwave) correction table based on monthly accumulated
coincident histograms is applied. IR is exclusively used for precipitation estimates when
the PMW has less skill due to excessive propagation (see below), or where the NOAA’s
‘Autosnow product’ indicates cold surface and therefore the PMW estimates lost their in-
tegrity (Huffman et al., 2015).

Information on the snow cover is derived from the Advanced Very High Resolution
Radiometer (AVHRR) onboard MetOp satellites, imagers onboard Geostationary Opera-
tional Environmental Satellites (GOES) East and West, Spinning Enhanced Visible and In-
frared Imager (SEVIRI) onboard Meteosat second Generation (MSG), and Special Sensor
Microwave Imager/ Sounder (SSMIS) onboard Defense Meteorological Satellite Program
(DMSP) satellites. Ice cover is derived from the MetOp AVHRR and DMSP SSMIS data.
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Both snow and ice are identified in satellite images using threshold-based decision tree image
classification algorithms. Information on snow and ice cover derived from observations in
the visible/infrared and the microwave bands is combined to generate continuous (gap-free)
maps on a daily basis. The main output product of the system is a daily global snow and
ice cover map generated on a 0.04 ◦ lat/lon grid (Plate Carree), which is about 4 × 4 km at
the Equator (Huffman et al., 2015).

Here we have used three IMERG fields: The High Quality (HQ) field, the Precipita-
tion Calibrated (PC) field and the Infrared-based (IR) field. The HQ field is the merged
microwave-only precipitation estimate from the GPM-core and the PMW radiometers of
the constellation, including: the Advanced Microwave Scanning Radiometer-2 (AMSR-2) on
JAXA’s Global Change Observation Mission-Water 1 (GCOMW1) satellite; the Advanced
Technology Microwave Sounder (ATMS) instruments on the Suomi National Polar-orbiting
Partnership (SNPP) and NOAA20 satellites; the multichannel microwave humidity sounder
Sondeur Atmosphérique du Profil d’Humidité Intertropicale par Radiométrie (SAPHIR) on
the Megha-Tropiques satellite; the Microwave Humidity Sounder (MHS) instrument on the
NOAA19 satellite; the MHS instruments on the MetOp series of satellites (EUMETSAT);
and the SSMIS instruments on DMSP satellites.

The Precipitation Calibrated (PC) product fills the gaps between HQ data by driving
and adjusting them through motion vectors derived from model water vapor estimates. HQ
data is thus propagated. In a sense, the PC is the standard IMERG field (i.e., what is
widely considered ‘the IMERG precipitation estimate’). The sampling is 30 min. There
are three IMERG runs: Early, Late and Final. Thus, the system is run several times for
each observation time, first giving a quick estimate (IMERG Early Run, IMERG-E) and
successively providing better estimates as more data arrive (IMERG Late Run, IMERG-L).
The final step uses monthly gauge data to create research-level products (IMERG Final
Run, IMERG-F) (Huffman et al., 2015).

The IMERG-L is computed about 14 h after observation time, so sometimes a microwave
overpass is not delivered in time for the Late Run, but subsequently comes in and can be
used in the IMERG-F. This would affect both the half hour in which the overpass occurs,
and (potentially) morphed values in nearby half hours (Huffman et al., 2015). The main
difference in terms of processing between the IMERG-E and IMERG-L is that Early only has
forward propagation (which amounts to extrapolation forward in time), while the Late has
both forward and backward propagation (allowing interpolation). As well, the additional
latency allows lagging data transmissions to make it into the Late run, even if they were
not available for the Early (Huffman et al., 2015).

There are two possible factors which contribute to differences in the IMERG Late Run
and Final Run datasets: The Late Run uses a climatological adjustment that incorporates
gauge data. The Final run uses a month-to-month adjustment to the monthly Final Run
product, which combines the multi-satellite data for the month with GPCC (Global Pre-
cipitation Climatology Centre) gauges. Its influence in each half hour is a ratio multiplier
that is fixed for the month, but spatially varying (Huffman et al., 2015).

As mentioned above, here we have used the IMERG-L. Its latency (about half a day)
is suitable for rapid response to events such as Filomena. Another reason to use IMERG-L
is that IMERG-F is gauge-calibrated, so no proper comparison with the ground observa-
tion can be made in our case. The estimates from AEMET’S Retiro station are actually
incorporated (with five other stations) to the IMERG-F via the GPCC. To calculate the
accumulations and to avoid interpolating missing values, we simply added the individual
estimates.
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3 Results

Storm Filomena hit continental Spain from the 7th to the 12th of January 2021. It has been
considered a historic meteorological event by AEMET as it resulted in a highly unusual half
meter of snow in Madrid city. The snowstorm on the 8th and 9th ranked as the largest in
Madrid since 1971. On that occasion, also about 30 cm of snow felt over the city.

The inception of Filomena was as a perturbation in the US on 1 January 2021, and was
first followed by the usual extratropical storms in the Northern hemisphere ‘hanging’ from
the jet stream. However, on 6 January the storm suddenly moved south, heading to the
Canary Islands as a consequence of strong high pressure stationed in high latitudes that
deflected the flow (Fig. 3.1 ). This excursion of the perturbation to subtropical latitudes
resulted in a profound moistening of the air. Subsequent advection of the now warm, moist
perturbation to the mid latitudes of the Iberian Peninsula, where cold, polar air was flowing,
resulted in a slantwise clash of two different air masses with an occluded front crossing Spain
from southwest to northeast.

Figure 3.1: ECMWF analysis, depicting the evolution of the surface pressure, the 850 hPa temperature and the
850 hPa wind from Jan 5th to 10th . Original raw data (grib files) from the ECMWF. Processing and graphics done
at UCLM. [The sequence of events can be found in animated format. If reading a static version of this text please see
the animated figure in the supplementary information Fig. S1].

The dynamics of Filomena are a classic, yet eminent, example of the processes yield-
ing precipitation in mid latitudes. Such encounters have been atypical in Spain both in
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occurrence and in magnitude: the dominant circulation from the west brings most of the
precipitation in fall and spring to the northern part of the country, and otherwise moderate
winter snow in Madrid usually comes from the north (polar intrusions of cold air from the
continent), and seldom from the south.

Fig. 3.2 shows the situation on 7 January. MODIS images show the resulting cloud
cover, and the GPM data (2AGPROFGMI) over the clouds identify the occurrence of solid
precipitation. The data is not exactly synchronous but that is unimportant as the figure is
aimed to illustrate GPM ability to retrieve information below the cloud cover.

For more than 30 h, snow fell continuously on the city, leaving more than 50 cm of
accumulated snow. No assumptions are made over the quality of the estimates or the
snowfall ratios used to convert to liquid water. It should be noted, however, that there
is a large uncertainty in the reference data that impedes a pure quantitative analysis. In
general, in rain gauges there is a documented underestimation of solid phased precipitation
if there is not a fence installed to reduce wind effects (Wolff et al., 2015). However, the
issue does not affect the results of this paper as the tens of centimeters of snow over most
of the city were evidence enough of a large, unprecedented snowstorm.

Figure 3.2: Terra/MODIS (1/4/3, ‘true color’ combination) imagery with GPM (GMI) snow detection (blues) for the
7th to the 10th of January 2021. The GPM product is the 2AGPROFGMI (‘Level 2A Goddard Profiling algorithm’
or ‘GPM˙2AGPROFGPMGMI’). 2AGPROFGMI has a daily resolution. Areas in blue are those where the 2AG-
PROFGMI has detected snow.

There is no doubt that Retiro park, in the very middle of the urban area (Fig. 3.3,
the central pond of the park is easily identifiable as a blue area) got 52.9 cm, while at the
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international airport (vertical airstrips at the top-right of Fig. 3.3), the amount was 38.2 cm.
The snow cover extended well into the South of the Madrid region (Fig. 3.4).

Figure 3.3: Sentinel 2B MSI views of Madrid city. (Top): 13:07Z, January 3rd ; (Bottom): 13:24Z January 11th .
Both images are the ‘true color’, 4/3/2 bands combinations. White indents in the margins in the top image pinpoint
the pond at Retiro Park. Raw data from the Copernicus service; processing and graphics done at UCLM.

The IMERG view of Filomena depends on the accumulation period considered. The
water-equivalent total amounts for Madrid are close to the observations up to a factor of
two: from 7 January 07:00 Z to 12 January 07:00 Z, the Madrid observatory in Retiro park
measured 52.9 mm. The IMERG HQ field estimated 24.2 mm, the IR field read 15.3 and
the Precipitation Calibrated field showed 26.1 mm.
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Figure 3.4: Sentinel 2B MSI views of Toledo city (in Castilla-La Mancha region). (Top): 13:07Z, January 3rd ;
(Bottom): 13:24Z January 11th . Both images are the ‘true color’, 4/3/2 bands combination.

4 Discussion

What is the explanation for the mismatch between IMERG and observations? Inspection
of the animated sequence in Fig. 3.5 shows that the HQ data were too sparse in time.
Fig. 3.2 shows that, when available, GMI data (the level 2A Goddard Profiling algorithm
GPROF) provided unparalleled observational capabilities of what was happening below the
cloud cover. Snow is indeed identified, something which it is impossible to sense at IR
frequencies. However, HQ observations are infrequent at the latitude of Madrid. The HQ
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field in Fig. 3.5 was missing for long periods.

Figure 3.5: The evolution of the precipitation over Spain every 30min for 7th January to 9th, as described by three
fields of the IMERG-L algorithm (Calibrated, HQ and IR), plus the estimated probability of liquid precipitation
(included in the IMERG-L files). The spatial resolution of the estimates is 0.1 (about 10 km at the latitude of
Madrid). The top square in the middle corresponds to the Madrid area (Fig. 3.3), the lower is the Toledo area (Fig.
3.4). Raw data were obtained from the Precipitation Processing System (PPS); processing and graphics were done
at UCLM using Fortran programs and NCL scripts. [The sequence of events can be found in animated format. If
reading a static version of this text, please see the animated figure in the supplementary information Fig. S5].

Fig. 3.6A shows the gaps in the Madrid series. This sampling affects further propagation
of the estimates, which are advected over integral water vapor trajectories. The temporal
interval between the HQ estimates is sometimes quite long (e.g., for Jan 9th midnight, Fig.
3.6A), and the IR estimate then has to be infused into the calibrated product. Yet, the IR
field, derived through the PERSIANN-CCS neural network multidimensional regression, is
not sufficiently sensitive to discern snow which is not coming from deep convection (and
thus high cloud tops) but from a forced ascent of the warm air mass.
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Figure 3.6: The evolution of the precipitation associated with storm Filomena every 30 min at the Retiro Park
meteorological station, Madrid (Latitude: 40◦24′43′′ N, Longitude: 3◦40′41′′ W, Altitude 667m, panel E) and the
estimations by the IMERG-Late algorithm (High-Quality (HQ), Infrared and Calibrate Precipitation (PrecipCal)
products). Units are mm/hr. High-quality data (A) is discontinuous, so bar graphs are used. Grey marks in A
indicate no data. Original rain gauge data from AEMET. IMERG data were processed using UCLM’s Fortran
programs and NCL and Python scripts from the original Level-2 PPS files (B–E).

A second explanation, sampling issues aside, is that IR precipitation is used in place of
observed or propagated PMW, not only when the time span between HQ data exceeds a
threshold but also whenever there is a cold surface, which is identified through the ‘Autos-
now’ product. This product is used at two stages in IMERG: (1) mask snow/ice surface in
the computation of the Kalman statistics, and (2) mask the output IMERG precipitation
estimates. IMERG uses all microwave estimates in the merge and propagation steps to allow
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for eventual global coverage when the microwave estimates have integrity over cold surfaces
(Huffman et al., 2015). If that is not the case, the application of the NOAA/NESDIS
(National Environmental Satellite, Data, and Information Service ) Interactive Multisensor
Snow and Ice Mapping System (IMS) information (Fig. 3.7) results in the IR precipitation
data being used and, therefore the estimates are biased lower and are less related to PMW
information. While the propagation of the PMW with the IR should in general mitigate
this issue, the occurrence of precipitation is still dictated by the IR, which may be low or
zero (Huffman et al., 2015). The IMS product is consistent with Sentinel-3 quicklook (Fig.
3.8).

9th Jan 20218th Jan 20217th Jan 2021

Figure 3.7: 4 km resolution snow coverage estimate produced by NESDIS Interactive Multisensor Snow and Ice Map-
ping System (IMS) for the 7th, 8th and 9th of January 2021. Madrid area is boxed. Raw data from NOAA/NESDIS
processed using UCLM’s Fortran programs and NCL scripts.

Fig. 3.6 allows to quantitatively compare the evolution of the precipitation associated
with storm Filomena every 30 min at the Retiro Park meteorological station, Madrid (Lat-
itude: 40◦24′43′′ N, Longitude: 3◦40′41′′ W, Altitude 667 m) and the estimations by the
IMERG-Late algorithm (High-Quality (HQ), Infrared and Calibrate Precipitation (Precip-
Cal) products). In the Madrid area, the Autosnow was active from Jan 8th so there is little
difference between the Infrared and the PreciCal estimates from 8 January onwards (Fig.
3.6C,D). Notwithstanding that the gauge data (E) may be underestimating the amounts,
there is still a noticeable difference between the high-quality (A), the infrared (C) and the
calibrated (D) products. The large number of missing slots in the high-quality series (grey
marks in Fig. 3.6A) and the low probability of liquid precipitation (B) results in incon-
sistencies with the Sentinel-2B imagery (Fig. 3.3) and in situ observations: the continuous
precipitation starting in the morning of January 8th, which is depicted in Fig. 3.6E and
resulted in snow covering large areas of the territory (Fig. 3.8), appears broken in the
satellite series.

Note that the largest peak in the rain gauges series in Fig. 3.6E is due to sudden melting
of accumulated snow: the largest bar in the HQ product seems to indicate that the peak of
the storm in Madrid happened at that moment. Even when rain gauges are heated, large
snow rates can pile up a massive amount of snow in the gauge, and it is only a few hours
later that an otherwise bogus maximum features in the rain gauges series. Aggregated, one-
day accumulations may palliate this particular effect in this case. The differences in the
precipitation sequence are apparent: there are long periods of time when the continuous 30-
h snowfall was not sensed by the continuous fields (precipitation Cal and IR precipitation),
effectively meaning that the IMERG saw no precipitation at that particular moment. Such
observation illustrates the many nuances when dealing with precipitation estimation, and
the need of continuous filtering of the rain gauge series in snow episodes such as the one
studied here.
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Figure 3.8: Quicklook of Sentinel-3 Sea and Land Surface Temperature Radiometer (SLSTR) S3/S2/S1 band com-
bination for 12/01/2021. Image retrieved from https://www.sentinel-hub.com/, 25 May 2021.

Indeed, the IMERG sequence differs from the AEMET observations. The accumulations
(Fig. 3.9) also show noticeable differences. Beyond the admittedly scarce ground quantit-
ative data, the effects of such a conspicuous snowstorm are easy to identify and there is no
doubt, not least because of direct observation on the field, that more than 30 cm of snow
covered the regions under the catastrophe zone.

To summarize, the evolution of the largest, historical snowstorm in Madrid in recent
times is not well represented in the IMERG dataset. While the Final IMERG product, once
rain gauge stations are used to recalibrate the data, might improve the 30-min estimates in
areas with poor gauge coverage such as the mountains, the fact is that satellite-only estim-
ates seem unable to capture the event and only the accumulated values compare favorably
with a qualitative assessment of the episode. Such a shortcoming in the precipitation se-
quence is indeed irrelevant to the overall value of the algorithm and the good performances
shown for accumulated amounts over the country. What is important is that the analysis of
the potential causes of IMERG missing Filomena can help to improve future versions and
to identify needs in instrumentation.

5 Conclusions

This paper has presented a qualitative analysis of the GPM view of the Filomena storm of
2021 using the GPM IMERG Late Precipitation L3 Half Hourly 0.1 ◦ × 0.1 ◦ V06 estimates
of precipitation and also Sentinel-2b and Terra/MODIS imagery. It has been shown that
the optical sensors add value to existing ground-based data, which is invaluable for rapid
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B

Figure 3.9: (A) Official AEMET data of the precipitation amount in Spain from January 7th 07:00 Z to January
12th 07:00 Z (Table in [37]; Madrid area is indicated by a square), and (B) IMERG PrecipCal estimates for the same
period, assuming snow where the probability of liquid precipitation is lower than 70% (to ease comparisons, the two
plots can be found superimposed in animated format as supplementary information Fig. S9).
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response to severe meteorological events such as Filomena. A combination of insufficient
overpasses and cold surface affecting the retrieval of precipitation through PMW frequencies
hinders IMERG reproducing the sequence of precipitation as described by the observations.
Thus, the calibrated precipitation product did not fully capture the historical storm, as
neither did the IR-based product of the IMERG-L, which is a neural network merging of
microwave and infrared data. The total accumulations (with and without morphing of the
HQ fields) are different from ground-based observations by a factor of two.

It follows that increased temporal resolution of the radiometers and radars might be a
must in order to provide a complete account of these sorts of extreme, significant, shortdur-
ation cases. Otherwise, the high-quality microwave data informing the high temporal res-
olution algorithms simply slip through the grasp of the ascending and descending orbits,
leaving little to be interpolated into successive overpasses. However, PMW retrievals are
also greatly affected by the snow cover. In those cases, the IMERG has to rely on infrared
data, which is not an optimal solution in terms of the directness of the estimates. Seeking
solutions to evaluate the impact of events such as Filomena over densely populated areas
is important and worth to be pursued, so both problems should be addressed in future
research. Indeed, more investigations and a more quantitative analysis for such events are
needed. This paper is focused on a single episode and with an interest in the prompt
response to the event.

There is potential in the ground infrastructure to improve the response of the country
to extreme events. Notwithstanding that IMERG data is also unreliable for this episode,
the official data for the Filomena storm from AEMET are not accurate enough for most
real-time applications. While there is no question about Madrid receiving more than 30 cm
of snow during Filomena, the current raingauge network seems unprepared to cope with
similar events. The issues with heated nivometers, which stop working when the cold is
very intense, freezing the measuring mechanism and making the heating ineffective be-
cause it is out of the operating range, hinder research and limit the response to extreme
weather events. Additional types of snowfall gauges (weight, wave systems, etc.) should
be considered in the near future to enhance the observational capabilities of snow storms.
Upgrading to the latest generation of rain gauges and polarimetric radars would increase
current observational capabilities and help with emergencies. Therein, more investment in
the existing meteorological network of Spain seems also a must.

It also seems important to prepare the observation systems for the advent of similar
episodes to Filomena, and to build a denser constellation of orbital radar and radiomet-
ers that can help society better respond to more frequent severe weather events. Indeed,
frequent phenomena such as Filomena can be considered a consequence of ongoing global
change (Wuebbles et al., 2014; O’Gorman, 2015). While the connection ‘more global warm-
ing, more frequent severe snow storms’ often puzzles the general public, the rationale is
simple, as greater climate variability is indeed expected in a warmer climate in which the
water cycle has speeded up, albeit in the mid latitudes the role of the Artic amplification
may also be relevant and requires further scrutiny (Cohen et al., 2020).
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3.2 Precipitation in numerical models

Models have the ability to forecast changes in the atmosphere and are a fundamental tool to
evaluate the interactions between the different components on planet Earth and to provide
information about the possible consequences of climate change in the future. However,
models are not perfect and suffer from drawbacks as already mentioned in Section 1.1.
Moreover, model outputs must be always compared to observations and go through veri-
fication and evaluation processes. Observations are not only important for model outputs
assessment but also play an important role in tuning model parameterizations to obtain
better results. Actually, values of numerous parameters in models come from observations
and field campaigns, as it will be shown in Section 3.2.3.

Precipitation in models is mainly generated through three parameterizations: micro-
physics of precipitation (MP), cumulus parameterization (CP), and planetary boundary
layer (PBL) parameterizations. However, the first two parameterizations focus more on the
intricate processes by which water vapor becomes cloud droplets or ice crystals and then
liquid or solid precipitation. It is crucial to understand the physics behind the formation
of precipitation and its parameterization in models in order to obtain more reliable and ac-
curate results. The following sections present the intricacies of these two parameterizations
based on studies carried out by the ESS group (Section 3.2.1) and by the author of this
Ph.D. thesis (Section 3.2.3).

3.2.1 Microphysics

Microphysics of precipitation studies the microscale processes that lead to cloud and pre-
cipitation particles formation, growth, and precipitation. Unlike other processes occurring
in the atmosphere, microphysics has to be parameterized even in Cloud Resolving Models
(CRMs) due to the centimeter scales at which microphysics operate, which are below the
finest model grid size. Therefore, it is important to understand the physics behind these
processes and to delve into the parameterizations used to represent them in models, i.e, into
the assumptions and empirical values, to identify the parts that require further attention
and to improve the accuracy of model outputs. In this regard, the ESS group carried out
an extensive literature review on the main assumptions and empirical values used in mod-
els that is the base for this section (see Tapiador et al. (2019) for the complete literature
review).

Four major types of microphysics parameterization can be found in the literature: ex-
plicit microphysics, bulk microphysics, bin-spectral microphysics, and molecular dynamics,
each of them with different simplifications and empirical values. Assumptions in microphys-
ical schemes are related to the particle size distribution, fall velocities, density of the solid
phase, and collision processes, the latter mainly modeled by the stochastic collection equa-
tion. The main microphysical processes for both liquid and solid phases are also subject
to different assumptions and account for a great number of empirical values in their para-
meterizations. Fig. 3.10 shows these main processes that will be described next. Focusing
on solid phase microphysics, ice nucleation is a complex process that produces ice in the
atmosphere depending on the existence of ice nuclei. Riming depends on the relative sizes
of the raindrops and ice crystals that collide, and ice accretion is the process by which cloud
droplets capture ice crystals and grow. Ice aggregation leads to the formation of snowflakes,
snow pellets, or larger crystals as a result of the ice crystals sticking together. The opposite
process, i.e., the production of smaller ice crystals, is called splintering and it is the result of
partial fusion or collisions. While melting is a relatively easy process to model, wet growth
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of ice is very complicated as it represents the output state after a collision between water
and ice at 0 ◦ under supersaturated conditions. The Wegener-Bergeron-Findeisen process
is the growth of ice due to deposition of water vapor from supercooled water drops. It
requires a high concentration of water vapor and takes place on mixed-phase clouds. Other
parameterized processes related to the solid phase include freezing and sublimation.

Figure 3.10: Scheme of the main microphysics processes in liquid and solid phases. Source: Tapiador et al. (2019).
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As for liquid phase, water nucleation leads to the formation of cloud droplets and de-
pends on factors such as the existence of cloud condensation nuclei (CCN) and temperature,
among others. The formed cloud droplets can later grow by autoconversion (i.e., by fusion),
to form raindrops that can also grow by rain accretion or coagulation (i.e., cloud droplets
are captured by raindrops), or by a process known as rain self-collection (i.e., raindrops
merging with other raindrops after collision). The opposite processes include break-up and
evaporation. Among them, break-up is more difficult to parameterize and consists of the
formation of smaller raindrops due to either collisions or raindrop instability that break the
raindrop into smaller parts.

In the review paper of Tapiador et al. (2019), the authors highlighted the importance of
the assumptions and empirical values in model performance as well as the necessity of more
observations and field campaigns that will improve our current knowledge of precipitation
physics, and help identify the parts of the models that need further refinement. As already
mentioned in Section 3.2, precipitation in models is not only represented by microphysics
parameterizations but also by cumulus schemes. Therefore, a similar analysis for this type of
parameterization was carried out by the author of this thesis in Section 3.2.3 as a follow-up
of the microphysics review previously done by the ESS group.

3.2.2 Convection

Before delving into how convection is parameterized in models, it is important to under-
stand what convection is and what are the mechanisms needed to have convection in the
atmosphere (Section 3.2.2.1), as well as the main atmospheric events caused by convection
(Section 3.2.2.2). This serves as an introduction and frame to Section 3.2.3 where convection
parameterizations are analyzed in detail.

3.2.2.1 How does convection occur?

Convection consists of the displacement of liquid or air masses due to differences in their
temperature. Thus, hotter, less dense masses rise, while cooler, more dense masses sink.
This process is very important in the atmosphere as it helps to distribute energy from hotter
to cooler areas, favors temperature circulation, and lessens sharp temperature differences.

Three main ingredients are necessary to have convection in the atmosphere: instability
due to differences in the temperature between an air parcel and its surroundings, moisture,
and lift. The convective temperature is the temperature that an air mass near ground must
reach in order to develop surface-based convection and reach the level or height at which
the parcel becomes saturated and condenses, i.e., the so-called Convective Condensation
level (CCL). This temperature varies and is obtained from the sounding analysis. The
most common measure of convective instability, also obtained from sounding analysis, is
CAPE (Convective Available Potential Energy) defined as the energy that an air parcel
has available for ascending. This value depends on the temperature and moisture of near-
ground air as well as on the vertical temperature gradient. The higher this value, the higher
the air parcel can reach. Many convection parameterizations use empirical values of CAPE
as thresholds to determine whether convection is triggered or not, and make assumptions
about it to determine the strength of convection, i.e., the closure of the scheme as explained
in see Section 3.2.3. The opposite parameter is the so-called Convective Inhibition (CIN),
which represents the resistance to convection. In this area, the buoyancy of the parcel is
negative. Fig. 3.11 shows both parameters on a Skew-T diagram.
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Figure 3.11: Skew-T chart for Wilmington at 12Z 29 June 2021. The green and red solid lines represent the dewpoint
temperature and environmental temperature profiles, respectively, while the black solid line is the path of the air
parcel. The Lifting Condensation Level (LCL), Level of Free Convection (LFC), and Equilibrium level (EL), as well
as the Convective Inhibition (CIN) and Convective Available Potential Energy (CAPE) are also shown. Data obtained
from the University of Wyoming database https://weather.uwyo.edu/upperair/sounding.html.

Convection is known as natural or free convection when air masses or parcels are buoyant
enough to rise without any external forcing. However, not all parcels are sufficiently buoyant
but still can rise thanks to lifting mechanisms. In these cases, convection is known as forced
convection and the level at which the parcel becomes saturated and condenses is called the
Lifting Condensation Level (LCL). Different lifting mechanisms are able to push the air
masses to levels where they become buoyant and start rising. Apart from the convective lift
thanks to the Sun heating the ground, parcels can be lifted due to orography (orographic
lifting), the presence of fronts (frontal lifting), wind convergence, and upper-level forcing.
In the orographic lifting, air masses are forced upwards when they encounter terrain at a
higher elevation such as mountains. The presence of fronts also forces air masses upwards,
however, the mechanism is different depending on the type of front. Cold fronts bring cooler
air than the air ahead of the front and as a result, this warmer air is forced vertically as the
front moves. On warm fronts is the warmer air of the front the one that is lifted upwards
instead of the air ahead of it, i.e., the warm air of the front rises above the cooler surface
air due to its lower density. In the case of wind convergence, air masses are lifted due to
the convergence of air over a low-pressure area that sucks out the surrounding air. Last but
not least, upper-level forcing is an important lifting mechanism that occurs when air aloft
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diverges producing a low pressure-area that boosts vertical motion.
After reaching the CCL or the LCL, the parcel might rise to the Level of Free Convection

(LFC) if the atmosphere is unstable. From this point, where the parcel temperature is
equal to the environmental temperature, the parcel can rise freely as it is warmer than its
surroundings (see Fig. 3.11). The parcel will stop rising when it will reach the Equilibrium
Level (EL). At this point, both the environmental and the parcel temperature are the same.
Above it, the environment is warmer than the parcel. This level can be clearly seen with
the naked eye when we look at the anvil of a cumulus cloud.

3.2.2.2 Atmospheric events triggered by convection

Several phenomena are results of convective processes (e.g., thunderstorms and hurricanes)
that lead to severe weather and thus, affect human lives and activities as well as infrastruc-
tures and the environment.

Convective storms or thunderstorms are more frequent during the summer months al-
though they can occur all year around. They have associated intense and localized rainfalls
that might lead to flash floods with devastating consequences, as well as a large number of
thunders and lightning that cause important damage to trees and forests. These convective
storms are also responsible for strong hailstorms with hail diameters reaching considerable
numbers, such as the 15.0 cm reported on 11 August 1958 in Strasbourg (Jalu, 1959) or
the 13.5 cm on 24 June 2021 in Poland (Pucik, 2021). In that sense, it is very important
to obtain accurate representations of these convective storms, which are sensitive to the
parameterizations used to carry out simulations.

Not only the choice of the convective scheme affects model performance, but also the
empiricism embedded in them. Fig. 3.12 presents an example of a sensitivity study that
is currently in progress in collaboration with the Department of Atmospheric Physics at
Charles University in Prague (Czech Republic). It shows the total accumulated surface
liquid precipitation for 21 simulations over Central Europe. Out of the 21 simulations, 20
have modified values of the default maximum organized entrainment at cloud base in the
New Tiedtke scheme in WRF. They include values in the range ±20 % against the reference
value. The simulation labeled ”sens11” uses the default value of the selected parameter. The
setup for these simulations is as follows: CAM longwave and Goddard shortwave scheme
(radiation scheme), Mellor–Yamada–Janjić scheme (boundary layer scheme), WRF Single
Moment and Double Moment 7-class Schemes (microphysics scheme), unified Noah land
surface model (land surface option), and Eta similarity scheme (surface layer option). The
spinning time was set to 24 hours, and ERA-5 data were used to perform these simula-
tions. A more statistical analysis is presented in Fig. 3.13. The figure is a Taylor dia-
gram showing the correlation between the aforementioned 21 simulations, and precipitation
values measured at the Wuppertal-Buchenhofen (North Rhine-Westphalia) weather sta-
tion obtained from https://cds.climate.copernicus.eu/cdsapp#!/dataset/insitu-

gridded-observations-europe?tab=overview. The standard deviation for each simu-
lation is also shown. Again, label ”sens11” in Fig. 3.13 shows the results for the default
value of the modified parameters. The statistical analysis was performed using accumulated
precipitation rates, including convective, non-convective, and shallow precipitation, for the
period between 11 July to 16 July 2021 at 00 UTC. Results show a moderate correlation
for the majority of the simulations performed, although some of them have very low values.
In terms of the standard deviation, simulations have values around 8.
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Figure 3.12: Simulated 5-days accumulated surface liquid precipitation obtained varying the value of maximum
organized entrainment rate at cloud base in the New Tiedtke scheme in WRF. The simulated period from 11 July
to 16 July 2021 corresponds with the flood disaster in Germany during that period. The accumulated precipitation
includes cumulus, shallow cumulus, and grid-scale rain. The domain is located over Central Europe with a horizontal
grid size of 9 kilometers.
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Figure 3.13: Taylor diagram for simulations obtained varying the value of maximum organized entrainment rate at
cloud base in the New Tiedtke scheme in WRF, and precipitation data measured at the Wuppertal-Buchenhofen
(North Rhine-Westphalia) weather station. The simulated period from 11 July to 16 July 2021 corresponds with
the flood disaster in Germany during that period. Measurement values were obtained from https://cds.climate.

copernicus.eu/.

Thunderstorms also have associated strong damaging winds that are classified into
straight-line winds, when winds do not have rotation, and tornadoes when rotation is
present. As for straight-line winds, downbursts are caused by the rapid falling to the
ground of the precipitation that the strong ascending current (updraft) was holding aloft.
This very fast falling precipitation in the shape of rain or hail drag important amounts of
air with them. Once the strong descending air current (downdraft) reaches the ground it
spreads in all directions causing important damage due to its high speed, which can exceed
45 m s−1. The leading edge of the downdraft that encounters warm and humid air on its
movements is called a gust front. The effects are similar to that of a cold front explained
in Section 3.2.2.1 sometimes leading to the formation of a roll cloud as shown in Figure
3.14. When a thunderstorm has wind gusts of at least 26 m s−1 and its wind damage swath
exceeds 400 km, it is known as a derecho. Convective storms may also produce tornadoes,
which are violently rotating columns of air that extend from the base of a cumulonimbus
cloud to the ground and that cause important damage, injuries, and even deaths. Unlike
the straight-line winds, tornadoes need shear to form, i.e., changes in the wind direction
and/or speed with height.
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Figure 3.14: Roll cloud over Prague (Czech Republic) on 20 June 2022. Source: camera of the Department of
Atmospheric Physics, Charles University, Prague.

Tropical cyclones are one of the most powerful storms producing hazards similar to the
ones already mentioned including storm surge floods, heavy rains, and strong winds. The
main ingredients for tropical cyclones to form and develop include sea-surface temperatures
of at least 26.5 ◦C, and the existence of previous tropical disturbances such as thunderstorms,
monsoon troughs in the Pacific Ocean, or easterly waves in the Atlantic Ocean. Besides,
they generally form 500 km away from the Equator due to the values of the Coriolis force at
lower distances and need values of wind shear below 10 m s−1 to favor convection around the
center of the storm. Thus, the other ingredients that tropical cyclones need to form are a
moist middle troposphere and a neutrally stable or unstable troposphere. Convection is very
important for tropical cyclones’ formation and development as it provides air and moisture
upwards that make easy the formation of thunderstorms. Later, these thunderstorms might
evolve into tropical disturbances (the first stage of a developing tropical cyclone) if they are
maintained for a minimum of 24 hours.

How accurately models simulate cyclones depends on the parameterizations used. An
example of this is shown in Fig. 3.15 top and in Fig. 3.15 bottom where simulated max-
imum wind speeds are compared to observational data. We chose this parameter as it is
widely used to evaluate model performance in simulating tropical cyclones as already men-
tioned in Section 2.4.2. Results show discrepancies among the convection parameterizations
themselves, as well as with regard to observational data. Although the Kain-Fritsch scheme
shows a better performance than any of the other models, discrepancies exist showing an
important mismatch in the case of the hurricane in the Atlantic Ocean (Fig. 3.15 bottom).
Besides, models retrieved similar wind speed values on the last plotted day of Typhoon Megi
capturing the tendency in the decrease in the wind speeds, while this is not the case for
Hurricane Sam, where only the Kain-Fritsch scheme captures more or less the observed wind
speeds pattern. Therefore, it is crucial to understand the physics behind convective pro-
cesses and the way they are parameterized in those models that cannot resolve convection
explicitly.
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Figure 3.15: Comparison of the maximum wind speeds observed (Obs) and simulated with G3D, Grell-Freitas(GF),
Kain-Fritsch (Kain), New Tiedtke (NT), Tiedtke, and Zhang-McFarlane (ZM) convection schemes in WRF for
Typhoon Megi (top) and Hurricane Sam (bottom). Radiation scheme: RRTMG shortwave and longwave schemes,
boundary layer scheme: Mellor–Yamada–Janjić scheme, microphysics scheme: NSSL 2–moment scheme, land surface
option: unified Noah land surface model, surface layer option: Eta similarity scheme. Differences in the setup of both
study cases are in the domain, resolution and the data used to perform the simulations. For Typhoon Megi the domain
is located over the Philippine Sea with a horizontal grid size of 10 kilometers, while for Hurrican Sam it is located
over the Atlantic Ocean with a horizontal grid size of 12 kilometers. GFS data were used to perform Megi simulations
and ERA-5 to perform Sam simulations. Spinning time: 24 hours. None of the simulations were seeded. Observations
data are obtained from http://agora.ex.nii.ac.jp/digital-typhoon/summary/wnp/k/201617.html.en
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3.2.3 Convection parameterizations: Paper II

This section corresponds to the paper published in Geoscientific Model Development (GMD).
The paper presents a comprehensive literature review on the main values and assumptions
used in convective parameterizations, starting with a brief note on model parameterizations
and the importance of convection. Then, a summary of the main strategies used to model
convection is presented to provide a framework for the following sections. These sections
are the core of the manuscript and include a thorough study of the main assumptions and
empirical values used in the three main components of a convection scheme, i.e., trigger,
cloud model, and closure, tables gathering this information, and an analysis of the impact
that these choices have in model outputs. This is reflected in the results obtained by per-
forming simulations with different convection parameterizations and with perturbations of
the empirical values used in models.
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Empirical values and assumptions in the
convection schemes of numerical models

Anah́ı Villalba-Pradas, Francisco J., Tapiador

Earth and Space Sciences (ESS) Group, Institute of Environmental Sciences (ICAM), University of
Castilla-La Mancha, 45071 Toledo, Spain

Abstract: Convection influences climate and weather events over a wide range of spatial and
temporal scales. Therefore, accurate predictions of the time and location of convection and its de-
velopment into severe weather are of great importance. Convection has to be parameterized in global
climate models and Earth system models as the key physical processes occur at scales much lower
than the model grid size. This parameterization is also used in some numerical weather prediction
(NWP) models when convection is not explicitly resolved. The convection schemes described in the
literature represent the physics by simplified models that require assumptions about the processes
and the use of a number of parameters based on empirical values. These empirical values and as-
sumptions are rarely discussed in the literature. The present paper examines these choices and their
impacts on model outputs and emphasizes the importance of observations to improve our current
understanding of the physics of convection. The focus is mainly on the empirical values and as-
sumptions used in the activation of convection (trigger), the transport and microphysics (commonly
referred to as the cloud model), and the intensity of convection (closure). Such information can
assist satellite missions focused on elucidating convective processes (e.g., the INCUS mission) and
the evaluation of model output uncertainties due to spatial and temporal variability of the empirical
values embedded into the parameterizations.

1 Introduction

Numerical Weather Prediction Models, Global Climate Models, and Earth System Models (NWP,
GCMs, and ESMs) generate precipitation mainly through two parameterizations: microphysics of
precipitation (MP hereafter) and cumulus parameterization (CP) schemes. They produce what is
known as large-scale precipitation and convective precipitation, respectively. While other schemes,
such as the planetary boundary layer (PBL) parameterization used to parameterize turbulence within
the PBL without accounting for moist convection also affect precipitation occurrence, the especially
intricate processes by which water vapor becomes cloud droplets or ice crystals and then liquid or
solid precipitation are mainly modeled by the two former modules.

The empirical values and assumptions embedded in the MP were explored in Tapiador et al.
(2019a). The goal of the present paper is to provide a comprehensive account of the empirical choices
and assumptions behind the representation of convective precipitation in models. There are indeed
several reviews thoroughly discussing the empirical values and assumptions in convective models
(e.g., de Roode et al., 2012), but they are generally focused on a particular parameter. To the best
of our knowledge, there is no such extensive review of the empirical values and assumptions in the
convection schemes available in the literature. Also, excellent recent reviews describing convection
schemes already exist, namely Arakawa (2004) or Plant (2010), but the empiricisms in their physics
have rarely been discussed. This paper aims to fill that void.

The scientific interest of our endeavor is twofold. First, it can assist dedicated satellite missions
such as the Investigation of Convective Updrafts (INCUS) mission, a new Earth Venture Mission-3
(EVM-3) of three SmallSats expected to be launched in 2027 that aims to increase our knowledge
of precipitation processes, specifically of the many nuances behind convection (Stephens et al.,
2019). Indeed, INCUS aims to advance our present understanding and modeling of convection in
the directions identified in the ‘decadal survey’ (see Jakob, 2010; National Academies of Sciences,
Engineering, and Medicine, 2018, hereafter ‘decadal survey’). The precise description and rationale
behind the empirical parameters in the parameterization of convection can help INCUS and similar
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missions to focus on the key parameters, and to analyze their impacts on weather and climate
models.

Another science goal of our review is to pinpoint the more relevant empirical values so systematic
sensitivity studies can be readily carried out. We exemplify the latest goal showing that the spread
of a perturbed ensemble of just a few parameters can be substantial (Fig. 3.19). Thus, we have used
the European Centre for Medium-Range Forecasts (ECMWF) Integrated Forecasting System (IFS)
to perform a sensitivity experiment with seven parameters (organized entrainment, entrainment for
shallow convection, turbulent detrainment, adjustment time, rain conversion, momentum transport,
and shallow vs deep cloud thickness). While this is a small subset of the many parameters we have
identified in this review, and the experiment is intended as an illustration of the spread in the simu-
lations for two tropical storms, the case invites more systematic runs in both space (global coverage)
and time (decadal simulations) over the whole empirical set of parameters of any given model. The
spread of the results will help to gauge the uncertainties due to the empiricisms embedded in the
convection modules, and constrain those through dedicated campaigns and targeted observations.

Precipitation is arguably the most important component of the water cycle. Extreme hydrolo-
gical events in the form of floods are responsible for the loss of thousands of lives every year and great
damage to property, while droughts affect water resources, livestock, and crop production. Both ex-
tremes represent important threats for human life and developing economies (e.g., Trenberth, 2011;
Pham-Duc et al., 2020). Changes in the hydrological cycle also affect human activities such as the
production of electricity in hydropower plants, where a better optimization of electricity production
depends on water input (Garćıa-Morales and Dubus, 2007; Tapiador et al., 2011). Precipitation is
also a key environmental parameter for biota. The types of vegetation and animal life that exist in a
certain area are conditioned by temperature but even more by precipitation. Changes in the precip-
itation regime alter plant growth and survival and consequently impact the food chain (McLaughlin
et al., 2002; Choat et al., 2012; Barros and Albernaz, 2014; Deguines et al., 2017). Prolonged
droughts may increase the risk of wildfires, with the associated loss of local species (Holden et al.,
2018). Therefore, it is not surprising that providing an accurate representation of precipitation in
models is an active research topic. Specifically, in the climate realm it is already known that the
effects of climate change will strongly modify the distribution and variability of precipitation around
the world (Easterling et al., 2000; Dore, 2005; Giorgi and Lionello, 2008; Trenberth, 2011), posing
many risks to life and human activities (Patz et al., 2005; McGranahan et al., 2007; IPCC, 2014;
Woetzel et al., 2020). Thus, it is important to provide an explicit account of how models produce
rain and snow in order to fully understand the outputs of the simulations.

The paper is organized as follows. A brief note on model parameterization, tuning, and the
importance of convection follows (Sect. 1.1 and 1.2). Then, the main strategies to model cumulus
convection are briefly presented to provide the framework to the rest of the paper (Sect. 2). The core
of the review is in the following three sections, which present the assumptions and empirical values
in the trigger (Sect. 3), the cloud model (Sect. 4) and the closure of the scheme (Sect. 5). The
paper concludes with notes and considerations on the topic, bringing together the most important
results.

1.1 Model parameterizations

Parameterizations in numerical models address the fact that some significant physical processes in
nature occur at scales much lower than the grid size used in models (Arakawa and Schubert, 1974;
Stensrud, 2009; McFarlane, 2011). That is the case of convection, for which spatial resolutions of
at least 100 m are required to realistically solve its dynamics (Bryan et al., 2003). However, typical
horizontal grid resolutions in current models range from a kilometer scale for high-resolution NWP
applied to a particular area to dozens of kilometers in global NWPs, GCMs, and ESMs. With
these model grids, convection is a subgrid-scale process not explicitly resolved. The physics are
then represented by a simplified model that requires assumptions about the processes and the use
of several parameters based on empirical values. These are used as thresholds, constraints, or mean
values of a number of processes, whereas the former simplification requires a compromise between
reducing complexity and a fair representation of the atmosphere.

While sometimes neglected and seldom explicit, tuning is an integral procedure of modeling
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Figure 3.16: Comparison between simulated 6-hour accumulated surface liquid precipitation with the new Tiedtke
convection parameterization in the WRF model using GFS initial and boundary conditions (cumulus option 16 in
WRF, a) and GPM IMERG Final run (right) for Typhoon Megi on 2016/09/25 from 18.00 UTC. The accumulated
precipitation includes cumulus, shallow cumulus and grid-scale rain. The domain is located over the Philippine Sea
with a horizontal grid size of 10 kilometers. Radiation scheme: RRTMG shortwave and longwave schemes, boundary
layer scheme: Mellor–Yamada–Janjić scheme, microphysics scheme: NSSL 2–moment scheme, land surface option:
unified Noah land surface model, surface layer option: Eta similarity scheme. Spinning time: 24 hours. The typhoon
was not seeded.

(Hourdin et al., 2017; Schmidt et al., 2017; Tapiador et al., 2019a,b). It consists of estimating
sensible values for the empirical parameters to reduce the discrepancies between model outputs
and observations. An example of these discrepancies is shown in Fig. 3.16 and Fig. 3.17. Hence,
tuning may have a significant influence on model results and can help identify the parts of the
model that need further attention. However, blind tuning can mask fundamental problems within
the parameterization, leading to nonrealistic physical states of the system and compensating for
errors that translate into an inappropriate budget equilibrium or affect other metrics (Tapiador
et al., 2019a). This is particularly important for climate models, since projections and simulations
of future climates always include the ceteris paribus assumption (Smith, 2002), i.e., the tenet that
in the future the multiple feedbacks between the many processes will operate in the same way as in
the present.

As stated in Couvreux et al. (2021), different approaches have been proposed to avoid tuning,
including the use of convection-permitting models or machine learning approaches that replace
some parameterizations by neural networks. In the former approach, the high spatial and temporal
resolutions of the model allow simulating convection directly without resorting to parameterization.
Couvreux et al. (2021) proposed a new method that performs a multi-case comparison between
Single Cloud Models (SCM) and Large Eddy Simulation (LES) to calibrate parameterizations. The
method uses machine learning without replacing parameterizations due to their important role in
the production of reliable climate projections. Indeed, the computing power required to perform
global, centennial ensemble simulations below kilometer resolution and under several anthropogenic
forcings would be enormous, so improving the parameterization of convection schemes still is a
thriving research field, as described below

1.2 Convection: a key process in models

There is a wide range of recent research topics in convection. These topics include machine learning
to parameterize moist convection (e.g., Gentine et al., 2018; O’Gorman and Dwyer, 2018; Rasp et al.,
2018), stochastic parameterizations of deep convection (e.g., Buizza et al., 1999; Majda et al., 1999,
2001; Majda and Khouider, 2002; Khouider et al., 2003; Majda et al., 2003; Shutts, 2005; Plant and
Craig, 2008; Dorrestijn et al., 2013a,b; Khouider, 2014; Wang et al., 2016), the use of convective
parameterization on “gray zones” (e.g., Wyngaard, 2004; Kuell et al., 2007; Mironov, 2008; Gerard
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et al., 2009; Yano et al., 2010; Mahoney, 2016; Honnert et al., 2020), aerosols and their influence on
convection (e.g., Van Den Heever and Cotton, 2007; Storer et al., 2010; van den Heever et al., 2011;
Morrison and Grabowski, 2013; Grell and Freitas, 2014; Kawecki et al., 2016; Peng et al., 2016;
Han et al., 2017; Grabowski, 2018), microphysics impacts (e.g., Grabowski, 2015), the impact of
new cumulus entrainment (e.g., Chikira and Sugiyama, 2010; Lu and Ren, 2016), orographic effects
on convection (e.g., Panosetti et al., 2016), new mass flux formulations (e.g., Gerard and Geleyn,
2005; Piriou et al., 2007; Guérémy, 2011; Arakawa and Wu, 2013; Park, 2014a,b; Grell and Freitas,
2014; Yano, 2014; Gerard, 2015; Kwon and Hong, 2017; Han et al., 2017), LESs (e.g., Siebesma and
Cuijpers, 1995; Brown et al., 2002; De Rooy and Siebesma, 2008; Heus and Jonker, 2008; Neggers
et al., 2009; Dawe and Austin, 2013) and scale-aware cumulus parameterization (e.g., Kuell et al.,
2007; Arakawa et al., 2011; Arakawa and Wu, 2013; Grell and Freitas, 2014; Zheng et al., 2016;
Kwon and Hong, 2017; Wagner et al., 2018).

Such a wealth of papers illustrates the strength of this research topic in a vast number of fields.
Of these, developing parameterization schemes for models is a thriving subfield, with several teams
advancing the field (see Sect. 2 below). Difficulties persist, however. Convective processes have
been identified in the latest decadal survey as a major source of uncertainty and dedicated efforts
are needed to fill the gaps in our present knowledge of the processes involved. Owing to the influence
of convection on climate and weather events over a large range of spatial and temporal scales, one of
the most important objectives of the decadal survey is to improve the predictions of the timing and
location of convective storms, as well as their evolution into severe weather. Besides the drawbacks
associated with the spatial resolution, the multiscale interactions leading to the organization and
evolution of convective systems are difficult to observe and represent. Improving the observed and
modeled representation of natural, low-frequency modes of weather and climate variability was also
identified in the decadal survey as one of the most important challenges of the coming decade.
Including interactions between large-scale circulation and organization of convection, such as the
Madden–Julian Oscillation (MJO) and the El Niño–Southern Oscillation (ENSO) aims to improve
predictions by 50 % at lead times of 1 week to 2 months, which will have a high societal impact. It is
therefore essential to further understand the physics and dynamics of the underlying processes, which
are currently described with simple parameterizations in many models. Advanced observations of
atmospheric convection and high-resolution models are also needed. While models will likely increase
their nominal resolution in the next decade, it is also likely that global, century-long simulations
from multi-ensembles under different assumptions will need to resort to parameterizing convection
to reduce the computational burden.

2 Overview of the main schemes in cumulus con-

vection modeling

Soon after Charney and Eliassen (1964) and Ooyama (1964) introduced the idea of cumulus para-
meterization, two approaches emerged: the convergence and the adjustment schemes (Arakawa,
2004). Later, a new scheme was introduced by Ooyama (1971): mass flux parameterization. Despite
all these schemes attempting to explain the interaction between cumulus clouds and the large-scale
environment, the choice of empirical values for certain parameters and the simplifications in the
physics yield different convective parameterizations and strategies. Indeed, as shown in Fig. 3.17
for the 6-hours total accumulated precipitation for Typhoon Megi, even today model outputs look
different depending on the cumulus parameterization used. Many operational weather models and
most climate models still use updated version of schemes described in the 1980s and 1990s. How-
ever, in recent years, new developments have emerged such as parameterizations including stochastic
elements in the cumulus scheme, scale-aware approaches, or the addition of processes such as cold
pools, among others (Rio et al., 2019). Many of these new schemes have been developed to simulate
convection across the so-called gray zones, i.e., zones where traditional convective parameterizations
are no longer valid but convection cannot be yet resolved explicitly (Wyngaard, 2004). Different
treatments for shallow and deep convection have been traditionally used in convection parameter-
izations. However, this trend has changed towards a unified treatment in recent years based on the
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Figure 3.17: Simulated 6-hour accumulated surface liquid precipitation for Typhoon Megi without using a CP (upper
left) and using five different CPs in the WRF model. The accumulated precipitation includes cumulus, shallow
cumulus, and grid-scale rain. The simulations start on 2016/09/25 at 18.00 UTC. The domain is located over the
Philippine Sea with a horizontal grid size of 10 kilometers. Radiation scheme: RRTMG shortwave and longwave
schemes, boundary layer scheme: Mellor–Yamada–Janjić scheme, microphysics scheme: NSSL 2–moment scheme,
land surface option: unified Noah land surface model, surface layer option: Eta similarity scheme. Spinning time:
24 hours. GFS data were used to perform these simulations. The typhoon was not seeded.
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seamless transition between shallow and deep convection observed in nature (e.g., Park, 2014a,b).
As of 2021, the main cumulus convection schemes publicly available for NWPs are convergence

schemes, adjustment schemes, mass flux schemes, Cloud-System-Resolving models (CSRM), Super-
Parameterization (SP), PDF-based schemes (PDF: probability density funtion), unified models,
scale-aware and scale-adaptive models, and models that account for convective memory and spatial
organization The purpose of this paper is not to compare the performances of the schemes but to
make explicit and investigate their empirical values and assumptions, so the focus of the following
section is on these. The other drive of the paper, the assumptions in convective parameterizations,
concerns the trigger model, the transport and microphysics, which are commonly referred to as the
cloud model in classical convection schemes, and the closure of the scheme (Fig. 3.18 right). These
are also described in the sections below.

2.1 Convergence schemes: the key role of the total moisture
convergence parameter

Convergence schemes consider synoptic-scale convergence to destabilize the atmosphere, while the
heat released through condensation in cumulus clouds stabilizes it. Typical examples of this approach
are Charney and Eliassen (1964); Ooyama (1964)) and Kuo (1974). Charney and Eliassen (1964) did
not use cloud models to explain these interactions. Instead, the concept of Conditional Instability
of the Second Kind (CISK) was introduced. In the tropical cyclone (TC) case, CISK states that
cyclones provide moisture that maintains cumulus clouds, and cumulus clouds provide the heat that
cyclones need. Ooyama (1964) used a similar formulation, but represented the heating released
through condensation in cumulus clouds in terms of a mass flux and considered the entrainment of
ambient air. Kuo (1965, 1974) used a simple cloud model scheme to describe the interaction between
a large-scale environment and cumulus clouds. One of the key assumptions in this scheme is that the
total moisture convergence can be divided into a fraction b, which is stored in the atmosphere, and
the remaining fraction (1 − b), which precipitates and heats the atmosphere. This parameter was
further modified by Anthes (1977), who proposed a relationship between b and the mean relative
humidity (RH) in the troposphere, with b ≤ 1. In the evaluation of rainfall rates using the Global
Atmospheric Research Program Atlantic Tropical Experiment (GATE) scale phase III, Krishnamurti
et al. (1980) obtained the most realistic precipitation rates for b ≈ 0 for the Kuo scheme (Kuo, 1974).
This value of b is not realistic as it implies that no moisture is stored in the atmosphere. In a later
paper, Krishnamurti et al. (1983) introduced an additional subgrid-scale moisture supply to account
for the observed vertical distributions of heat and moisture that the Kuo scheme failed to reproduce,
as well as to address the major limitation of b = 0 reported in Krishnamurti et al. (1980). The total
moisture supply was expressed as I = (1 + η)IL, with IL the large-scale moisture supply. The
authors used a multiple regression approach to find the values of b and ȷ. Another approach consists
of using the wet-bulb characteristics to locally determine the partition between precipitation and
moistening (Geleyn, 1985).

Due to its formulation, the Kuo scheme cannot produce a realistic moistening of the atmosphere
and cannot represent shallow convection. Moreover, it assumes that convection consumes water and
not energy, which violates causality (Raymond and Emanuel, 1993; Emanuel, 1994). Despite these
drawbacks, it can produce acceptable results in various applications (e.g., Kuo and Anthes, 1984;
Molinari, 1985; Pezzi et al., 2008), such as in GCMs and NWP models (e.g., Rocha and Caetano,
2010; Komkoua Mbienda et al., 2017). This convective parameterization scheme demands the least
computational power and is thus sometimes used for large, centennial simulations.

2.2 Adjustment schemes: two strategies to remove instabil-
ity

In adjustment schemes, the atmospheric instability is removed through an adjustment towards a
reference state. Therefore, the physical properties of clouds are implicit and no cloud model has to
be explicitly specified. The first proposed adjustment scheme was the moist convective adjustment
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Figure 3.18: Schematic ensemble of cumulus cloud (left) and bulk convection scheme (rigth) showing the main
components of a bulk convection scheme: trigger, updraft, downdraft, entrainment, detrainment, closure, conversion
of cloud water to rainwater, precipitation and evaporation, and subsidence. Schemes based on Arakawa and Schubert
(1974)(left) and Bechtold (2019)(rigth).

Figure 3.19: Simulated 24-hours position and pressure for Typhoon Megi (a,b) and Typhoon Chaba (c,d) using
15 ensembles in the ECMWF IFS model at 18 kilometers horizontal grid size. Each marker represents one ensemble
member. Square markers indicate observations. The simulations start on 2016/09/26 at 06.00 UTC for Typhoon Megi
and on 2016/10/03 at 00.00 UTC for Typhoon Chaba. Figures (a) and (c) depict observations (obs) and perturbed
initial conditions (pert init conds), while figures (b) and (d) show seven perturbed convection parameters (pert
conv param) using the ECMWF Stochastically Perturbed Parameterization (SPP). The perturbed parameters are:
organized entrainment, entrainment for shallow convection, turbulent detrainment, adjustment time, rain conversion,
momentum transport, and shallow vs deep cloud thickness.
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by Manabe et al. (1965), also known as the hard adjustment. In this parameterization, moist
convection occurs if the air is supersaturated and conditionally unstable. The instability is removed
through an instantaneous adjustment of the temperature to a moist adiabatic lapse rate and of water
vapor mixing ratio to saturation. Moreover, all the condensed water in this process precipitates
immediately. The main problems of this scheme are the production of very large precipitation rates
and its saturated final state after convection, which is rarely observed in nature (Emanuel and
Raymond, 1993).

The so-called soft or relaxed adjustment schemes attempt to alleviate these problems by assum-
ing that the hard adjustment occurs only over a fraction of the grid area, or by specifying the final
mean RH (Cotton and Anthes, 1992). For example, Miyakoda et al. (1969) defined saturation as
80 % RH, while Kurihara (1973) performed the adjustment based on the buoyancy condition of a
hypothetical cloud element instead of the saturation criterion.

Further improvements to the adjustment schemes were introduced by Betts and Miller (1986),
whose scheme is also known as a penetrative adjustment scheme. The authors proposed an adjust-
ment of large-scale atmospheric temperature T and moisture q to reference profiles over a specified
timescale τ (adjustment timescale): (

∂T

∂t

)
cu

=
(Tref − T )

τ
,(

∂q

∂t

)
cu

=
(qref − q)

τ
,

(3.1)

where subscript ”cu” refers to cumulus convection and ”ref” to the reference profile for each field. The
reference profiles, which are different for shallow and deep convection, are quasi-equilibrium states
based on observational data from GATE, Barbados Oceanographic and Meteorological Experiment
(BOMEX), and Atlantic Trade-Wind EXperiment (ATEX). For the construction of the temperature
reference profile, Betts (1986) used a mixing line model (Betts, 1982, 1985). Then, the moisture
reference profile was calculated from the temperature profile by specifying the pressure difference
between air parcel saturation level and pressure level at cloud base, freezing level, and cloud top.
Therefore, the three adjustment parameters used in this scheme are the adjustment timescale τ , the
stability weight Ws, and the saturation pressure departure, Sp.

The sensitivity of the scheme to the adjustment parameters has been evaluated by numerous
authors. For instance, Baik et al. (1990) analyzed the influence of different values of each ad-
justment parameter on the simulation of a tropical cyclone, while Vaidya and Singh (1997) did
the same for the simulation of a monsoon depression using four sets of values, including those
from Betts and Miller (1986) and Slingo et al. (1994). In all cases, the adjustment paramet-
ers had to be modified depending on the different climate regimes. While Baik et al. (1990) set
Ws = 0.95 and Sp = (−30,−37.5,−38) hPa as the optimal parameters to simulate a tropical cyc-
lone, Vaidya and Singh (1997) obtained the best forecast for a monsoon depression with Ws = 1.0
and Sp = (−60,−70,−50) hPa. Despite the improvements achieved through adjusting the paramet-
ers for different climate conditions, the original Betts–Miller scheme occasionally produced heavy
spurious rainfall over warm water and light precipitation over oceanic regions (Janjić, 1994). To
overcome this problem, Janjić (1994) proposed considering a range of reference equilibrium states,
and characterizing the convective regimes by a parameter called “cloud efficiency”, which is related
to precipitation production and depends on cloud entropy. This parameter is the sort of empirical
value that requires attention when future climates are to be simulated. The modified scheme, known
as the Betts–Miller–Janjić (BMJ) scheme, is one of the most widely used adjustment schemes in
NWP models (e.g., Vaidya and Singh, 2000; Evans and Westra, 2012; Fiori et al., 2014; Fonseca
et al., 2015; Garćıa-Ortega et al., 2017), despite its large bias for light rainfall (e.g., Gallus and
Segal, 2001; Jankov and Gallus, 2004; Jankov et al., 2005). Convective adjustment schemes are
computationally efficient, which makes them suitable for large-scale simulations.
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2.3 Mass flux schemes: assuming the rates of mass detrain-
ment and entrainment

Because of the nature of both convergence and adjustment schemes, a cloud model does not have
to be explicitly specified to describe the interaction between cumulus clouds and the large-scale
environment. This is not the case for the mass flux schemes, wherein convective instability is
removed through the vertical eddy transport of heat, moisture, and momentum. The main objective
of mass flux schemes is to describe this convective vertical eddy transport in terms of convective mass
flux (Plant and Yano, 2015). To do so, the total flux is defined as ωψ, where ω is the vertical velocity
and ψ a physical variable, e.g., the total specific humidity q. Then, the total flux is expressed as
the sum of a large-scale mean ωψ and an unresolved eddy contribution ω′ψ′ (Reynolds averaging).
Decomposing the total flux into flux contributions from cumulus cover areas and environmental
regions, defining an active cloud fractional area a, and again using Reynolds averaging, the turbulent
flux is expressed as

ω′ψ′ = aω′ψ′c + (1 − a)ω′ψ′e + a(1 − a)(ωc − ωe)(ψc − ψe) (3.2)

where the overbar indexes c and e denote cloud (environmental) average of the fluctuations with
respect to the cloud (environmental) average, and the subperscripts ”c” and ”e” denote active cloud
and passive environmental averages (Siebesma and Cuijpers, 1995). Commonly, the so-called “top-
hat” approximation is used in convective schemes. This approximation implies neglecting the first
two terms on the right-hand side in Eq. 3.2 in favor of the third one (the organized turbulent term
due to organized updraft and compensating subsidence), which is considered dominant. Classical
convective parameterizations further assumed that a is small compared to the large-scale system,
i.e., a≪ 1 (e.g., Yanai et al., 1973; Arakawa and Schubert, 1974, hereafter AS). Then, the mass flux
formulation using the definition of the convective mass flux is

M = −aωc/g = ρawc (3.3)

−ω′ψ′ = gM(ψ′
c − ψ) (3.4)

where wc represents the in-cloud vertical velocity. The reader is referred to Bechtold (2019) and
Siebesma and Cuijpers (1995) for detailed derivation of these equations. Using a simple entraining
plume model and setting ρ to unit, the continuity equations for the mass, updraft properties and
vertical momentum are

∂a

∂t
= − ∂

∂z
(awc) + E −D (3.5a)

∂

∂t
(aψc) = − ∂

∂z
(awψ

c
) + Eψe −Dψc + aSψ (3.5b)

∂

∂t
(awc) = − ∂

∂z
(aw2

c
) + Ewe −Dwc + a

B

1 + ζ
− ∂

∂z
(aPc) (3.5c)

where E and D refer to entrainment and detrainment rates, respectively, Sψ represents sources and
sinks of ψ, ζ is a virtual mass parameter that reduces buoyancy due to the pressure gradient force,
Pc includes pressure perturbations within the cloud, and the overbar denotes average values. The
first formulation of this type was introduced by Ooyama (1971). The author assumed that cumulus
clouds of different sizes coexist, and that they could be represented by an ensemble of independent
non-interacting buoyant elements. The definition of the so-called dispatcher function would close
the parameterization. However, the author left this question open. Numerous schemes have been
proposed since then mostly using the steady-state assumption, i.e., ∂/∂t = 0 (e.g., Yanai et al.,
1973; Arakawa and Schubert, 1974; Kain and Fritsch, 1990. As mentioned in de Roode et al. (2012),
early mass flux schemes did not apply a vertical velocity equation for convective updrafts (Eq.(3.5c))
and used an ad-hoc assumption to specify the cloud top that depended on the vertical resolution.
To alleviate this issue, recent mass flux parameterizations include a vertical velocity equation for
updrafts in their formulation inspired by Simpson and Wiggert (1969):

1

2

∂wc
2

∂z
= awB − bwεwc

2 (3.6)
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where ε is the fractional entrainment (E = εM), and aw and bw are tunable parameters related
to pressure perturbation and sub-plume contributions, respectively (see Table 3.2). Since then,
numerous convection schemes have applied equations similar to Eq. (3.6) for the in-cloud vertical
velocity (e.g., Bechtold et al., 2001; Gregory, 2001; von Salzen and McFarlane, 2002; Jakob and
Siebesma, 2003; Bretherton et al., 2004; Cheinet, 2004; Soares et al., 2004; Rio and Hourdin, 2008;
Neggers et al., 2009; Pergaud et al., 2009; Rio et al., 2010; De Rooy and Siebesma, 2010; Kim and
Kang, 2012; de Roode et al., 2012; Sušelj et al., 2012, 2013; Wang and Zhang, 2014; Morrison,
2016a,b; Peters, 2016; Sušelj et al., 2019a). The reader is referred to de Roode et al. (2012) for
a detail derivation of Eq. (3.6) from Eq. (3.5c) and a discussion about the values of the tunable
parameters aw and bw.

Table 3.2: A sample of values aw and bw used in Eq. (3.6). Based on de Roode et al. (2012).

Equation aw bw Other
constants

Reference

1
2

∂w2
c

∂z
= awB − 0.18

w2
c

R
2/3 Simpson and Wiggert (1969)

1
2

∂w2
c

∂z
= awB − bεw2

c 2/3 1 Bechtold et al. (2001)

1/6 1 von Salzen and McFarlane
(2002)

1/3 2 Jakob and Siebesma (2003)

1 2 Bretherton et al. (2004)

1 1 Cheinet (2004), Pergaud et al.
(2009)

2 1 Soares et al. (2004)

0.62 1 De Rooy and Siebesma (2010)

0.40 (core),
0.19
(updraft),
0.14
(cloud)

1.06 (core),
-0.29
(updraft),
-0.02
(cloud)

Wang and Zhang (2014)

1
2

∂w2
c

∂z
= awB − bwεw2

c − cwδw2
c 1/6 1 cw = 1/2 Gregory (2001)

1
2
(1− 2µ)

∂w2
c

∂z
= awB − bwεw2

c 1 1/2 µ = 0.15 Neggers et al. (2009)

1
2

∂w2
c

∂z
= awB − (bwε+ cw)w2

c 2/3 1 cw = 0.002 Rio et al. (2010)

2/3 1.5 cw = 0.002 Sušelj et al. (2012, 2013)

1
2
(1− µ)

∂w2
c

∂z
= B − bwεw2

c 1 0.5 µ = 0.15 Sakradzija et al. (2016)
∂w2

c
∂z

= awB − bwεw2
c 0.8 0.4 Han et al. (2017)

1 1.5 Sušelj et al. (2019a,b)

To overcome the gray-zone issue, schemes should be scale-aware, which requires to dropping the
traditional assumption of a≪ 1 in convective parameterizations (Arakawa et al., 2011). Numerous
cumulus schemes no longer use this assumption (e.g., Neggers et al., 2009; Arakawa and Wu, 2013;
Grell and Freitas, 2014).

Mass flux convective parameterization schemes are still the most common convective paramet-
erizations used in ESMs, Regional Climate Models (RCMs), and NWP models.

2.4 Cloud-System Resolving Models (CSRMs)

The performances of the previous schemes prompted the search for new strategies to model convec-
tion. Krueger (1988) put forward the CSRM idea (also known as explicit convection, convection-
permitting or cloud ensemble models) to explicitly simulate convective processes over a kilometer
scale instead of using parameterizations. Most convective parameterizations tend to produce too
little heavy rain and too much light rain (e.g., Dai and Trenberth, 2004; Sun et al., 2006; Dai, 2006;
Allan and Soden, 2008; Stephens et al., 2010), though these results depend on the model used for
the simulations, and have problems representing diurnal precipitation cycles over land (e.g., Yang
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and Slingo, 2001; Guichard et al., 2004). The use of convection-permitting models can solve errors
associated with other convective parameterizations (e.g., Kendon et al., 2012; Prein et al., 2013;
Brisson et al., 2016) but entails higher computational costs, which limits their application in climate
modeling (e.g., Wagner et al., 2018; Randall et al., 2019). They are also increasingly used in NWP,
however (e.g., Kain et al., 2006; Gebhardt et al., 2011). Recently, Prein et al. (2015) reviewed
prospects and challenges in regional convection-permitting climate modeling.

2.5 Super-Parameterization (SP)

Hybrid approaches also exist. SP (also known as Cloud-Resolving Convective Parameterization –
CRCP– or Multiscale Model Framework –MMF–) is an approach between parameterized and expli-
cit convection, which consists of replacing the convective parameterizations by 2D Cloud-Resolving
Models (CRMs), or even a 3D LES model, at each grid cell of a GCM (Grabowski and Smolarkiewicz,
1999; Grabowski, 2016). Randall et al. (2003) proposed SP as “the only way to break the cloud
parameterization deadlock.” SP is mostly applied in GCMs (e.g., Grabowski, 2001; Khairoutdinov
and Randall, 2003; Khairoutdinov et al., 2005; Zhu et al., 2009; Jung and Arakawa, 2014; Sun and
Pritchard, 2016). Several studies have compared the performance of SP with convective parameter-
izations, in particular using the Community Atmosphere Model (CAM). Among the most notable
improvements achieved by SP in CAM are simulations of heavy rainfall events that are much more
similar to observations, a better diurnal precipitation cycle over land (e.g., Khairoutdinov et al.,
2005; DeMott et al., 2007; Zhu et al., 2009; Holloway et al., 2012; Rosa and Collins, 2013), and the
production of a realistic MJO (e.g., Thayer-Calder and Randall, 2009; Holloway et al., 2013). How-
ever, simulations with SP also have problems that need solving, such as the failure to simulate light
rainfall rates reported by Zhu et al. (2009). The computational cost of this approach is also higher
than the one for convective parameterizations (Krishnamurthy and Stan, 2015) but smaller than the
computational cost for global CSRMs performing climate simulations (Randall et al., 2003).

2.6 PDF-based schemes

Numerous cloud and stochastic parameterizations are based on probability density functions (PDFs)
of moist conserved thermodynamic variables. The so-called statistical schemes use PDFs to improve
the simulations of cloud clover so important in the planetary energy budget (e.g., Cahalan et al.,
1994; Bony and Dufresne, 2005; Neggers and Siebesma, 2013; Bony et al., 2015). To our knowledge,
the first scheme suggesting a joint PDF to compute cloud cover was that of Sommeria and Deardorff
(1977) followed by Mellor (1977). These schemes used a single-Gaussian PDF. Various PDF distri-
butions have been proposed since the formulation of the first statistical scheme, including gamma
(Bougeault, 1982), Gaussian (Sommeria and Deardorff, 1977; Mellor, 1977; Bechtold et al., 1992),
triangular (Smith, 1990), uniform (Le Trent and Li, 1991), lognormal (Bony and Emanuel, 2001),
beta (Tompkins, 2002), and double-Gaussian (Lewellen and Yoh, 1993; Larson et al., 2002; Golaz
et al., 2002a; Naumann et al., 2013). Studies such as those of Tompkins (2002) and Watanabe et al.
(2009) included prognostic equations for the shape parameters of the PDF, which reduced cloud
cover bias when tested in ECHAM5 (Tompkins, 2002) and MIROC (Model for Interdisciplinary
Research on Climate, Watanabe et al., 2009), respectively.

In the stochastic parameterization context, Craig and Cohen (2006) used statistical mechanics
to describe fluctuations about a large-scale equilibrium to provide a theoretical basis for stochastic
parameterizations. A PDF in the form of an exponential law provides random values of the mass flux
per cloud. Plant and Craig (2008) followed this scheme and used a PDF in their formulation together
with a plume model and closure assumption adapted from the Kain–Fritsch scheme (Kain and
Fritsch, 1990, KF hereafter), while Teixeira and Reynolds (2008) obtained a stochastic component
from a normal PDF to perturb the tendencies related to the convective parameterization. Tompkins
and Berner (2008) used a similar approach to perturb the initial humidity of the convective parcel
and/or the humidity of the air entrained during ascent. More recently, Sakradzija et al. (2015)
extended the deep convective formulation in Plant and Craig (2008)) to shallow convection.

77



PDFs are also used to unify the representation of moist convection and boundary layer turbulence
into one single scheme (see Sect. 2.7). Randall et al. (1992) and Lappen and Randall (2001a,b)
used double-delta PDF to model the subgrid-scale variability of vertical velocity, temperature, and
moisture. The scheme is called Assumed-Distribution Higher-Order Closure (ADHOC), and it is
a combination of assumed distributions of higher-order closure and mass flux closure. Bechtold
et al. (1995) used a positively skewed distribution function to account for shallow clouds. Later,
Chaboureau and Bechtold (2002, 2005) extended this approach to include all types of clouds. Based
on results from Larson et al. (2002) and the binormal model of Lewellen and Yoh (1993), Golaz
et al. (2002a,b) proposed the Cloud Layers Unified By Binomials (CLUBB) approach that uses a
double-Gaussian PDF instead of a double-delta PDF. More recently, Jam et al. (2013), Hourdin et al.
(2013) and Qin et al. (2018) represented shallow cumulus clouds with the PDF variances diagnosed
from the turbulent and shallow convective processes. In the context of the Eddy Diffusivity Mass
Flux (EDMF) framework, Cheinet (2003, 2004) used a Gaussian distribution of the thermodynamic
variables, Soares et al. (2004) parameterized cloudiness with a PDF, and Sušelj et al. (2012) and
further modifications of the scheme (Sušelj et al., 2013, 2014, 2019a,b) use a PDF to describe the
moist updraft characteristics. Sakradzija et al. (2016) coupled the extension of the Plant and Craig
(2008) described in Sakradzija et al. (2015) to the EDMF parameterization in ICON.

A number of studies that attempt to unify the representation of shallow and deep convection
also use PDFs (e.g., Park, 2014a,b; see Sect. 2.8).

2.7 Unified models

Traditionally, models have used separate parameterizations for the boundary layer, shallow and deep
convection. Deficiencies associated to deep convection schemes, such as the representation of the
MJO, the diurnal cycle of precipitation, and the double Intertropical Convergence Zone (ITCZ),
have been addressed by introducing different modifications in existing models. However, Guichard
et al. (2004) showed that these modifications are not sufficient to resolve deficiencies of convection
parameterization and stressed the necessity of using an ensemble of parameterizations that repres-
ents a succession of convective regimes. Numerous attempts to merge shallow and deep convection
parameterizations into a single framework can be found in the literature (e.g., Bechtold et al., 2001;
Kain, 2004; Kuang and Bretherton, 2006; Hohenegger and Bretherton, 2011; Mapes and Neale,
2011; D’Andrea et al., 2014; Park, 2014a,b). Hohenegger and Bretherton (2011) proposed a uni-
fied parameterization by modifying the University of Washington (UW) shallow convection scheme
(Bretherton et al., 2004; Park and Bretherton, 2009) to make it more suitable for deep convection.
The authors kept the assumption that mass flux at cloud base is proportional to CIN/TKE (tur-
bulent kinetic energy) but modified the proportionality factor following Fletcher and Bretherton
(2010), who set it to 0.06. Besides, the increase of the average TKE over the depth of the boundary
layer due to cold pools is included in the calculations of TKE and therefore in the closure. Mapes
and Neale (2011) also modified the UW shallow convection scheme by making entrainment depend-
ent on a prognostic variable called organization (see Sect. 2.9). Guérémy (2011) proposed a new
mass flux scheme based on continuous buoyancy, and D’Andrea et al. (2014) extended the shallow
convection of Gentine et al. (2013a,b) to deep convection. Park (2014a,b) described a unified con-
vection scheme (UNICON) for both shallow and deep convection without relying on an equilibrium
closure. The scheme diagnoses the dynamics, macrophysics and microphysics of multiple plumes.
Also, it includes a prognostic cold pool parameterization and mesoscale organized flow within the
PBL, thus accounting for convective memory. Later, Park et al. (2017) modified UNICON to dia-
gnose additional detrainment following Tiedtke (1993) and Teixeira and Kim (2008). More recently,
Shin and Park (2020) developed a stochastic UNICON model wherein the correlated multivariate
Gaussian distribution for updraft vertical velocity and thermodynamic scalars is used to randomly
sample convective updraft plumes.

In general, models split the turbulence parameterization among the PBL and moist convection
(usually based on different conceptual models) simplifying the treatment of turbulence but requiring
the addition of an artificial closure to match both schemes (Sušelj et al., 2014). Examples of PBL
schemes that produce precipitation include the IFS EDMF, the EDMF developed by Neggers et al.
(2009), Neggers (2009) and the CLUBB scheme implemented in CAM (Thayer-Calder et al., 2015),
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among others. To our knowledge, the first scheme proposing a unified scheme in this way was that of
Chatfield and Brost (1987), which was further evaluated by Petersen et al. (1999) and extended by
Lappen and Randall (2001a,b) (see Sect. 2.6 for further details). Golaz et al. (2002a,b) and Larson
et al. (2002) proposed an approach to combine the representation of shallow convection and turbu-
lence, the so-called Cloud Layers Unified By Binomials (CLUBB, see Sect. 2.6 for more details).
Efforts apply CLUBB to deep convection include those of Cheng and Xu (2006) and Bogenschutz
and Krueger (2013) in CRMs or Davies et al. (2013a) in an SCM. To improve deep convective
simulations, Storer et al. (2015) and Thayer-Calder et al. (2015) used a Subgrid Importance Latin
Hypercube Sampler (SILHS; Larson et al., 2005; Larson and Schanen, 2013) that draws samples
from the joint PDF to drive microphysical processes. More recently, Larson (2020) described the
unified configuration of CLUBB-SILHS, wherein no separated deep parameterization is used (the
reader is referred to this paper for a detailed explanation of CLUBB-SILHS).

The EDMF approach was proposed by Siebesma and Teixeira (2000) and Siebesma et al. (2007)
to overcome the commonly ad-hoc matching between the mass flux approach for convective transport
within the clouds, and the eddy diffusivity approach to parameterize turbulent transport in the
atmospheric boundary layer. Starting from Eq.(3.2), assuming a≪ 1 and identifying the third term
in the equation with the convective mass flux,

ω′ψ′ = ω′ψ′e +M(ψc − ψ) (3.7)

Then, the first term in Eq. (3.7) is approximated by an eddy diffusivity approach (Siebesma et al.,
2007)

w′ψ′ ≈ −K∂ψ

∂z
+M(ψu − ψ) (3.8)

Thus, the transport in the atmospheric boundary layer is determined as the sum of an eddy
diffusivity component, defined as the product of a diffusivity coefficient K and the local gradient
of a thermodynamic state variable ψ, and a mass flux part, defined as the product of a mass flux
and the difference between ψ in the updraft and its horizontal mean value. The authors used a
K profile (Holtslag, 1998) for the eddy diffusivity coefficient, took the updraft fractional area as a
constant and scaled the mass flux with the standard deviation of the vertical velocity σw. Despite
being originally used for dry convective boundary layers (Siebesma and Teixeira, 2000; Siebesma
et al., 2007; Witek et al., 2011), numerous versions of the scheme extended it to moist convection
(e.g., Soares et al., 2004; Angevine, 2005; Rio and Hourdin, 2008; Neggers et al., 2009; Neggers,
2009; Pergaud et al., 2009; Angevine et al., 2010; Köhler et al., 2011; Sušelj et al., 2012, 2013, 2014,
2019a,b).

Besides extending the EDMF model to moist convection, a number of versions included a
multiple-plume formulation. For example, Cheinet (2003) combined the EDMF model with the
multi-parcel model described in Neggers et al. (2002). With the goal of finding the least complex
mass flux framework that can reproduce the smoothly varying coupling between the sub-cloud mixed
layer and the shallow convective cloud layer, Neggers et al. (2009) and Neggers (2009) proposed a
new formulation combining the EDMF concept with a dual mass flux (DualM) framework. There,
two different updrafts are considered: a dry updraft and a moist updraft. Each of the updrafts
are characterized by an area fraction (see Table 3.16) that varies in time, with a continuous area
partitioning between moist and dry updraft. In order to realistically represent not only convectively
driven boundary layers but also the transition between shallow and deep convection, Sušelj et al.
(2013) further developed the scheme described in Sušelj et al. (2012). One of the main innovations
included the use of a Monte Carlo sampling of the PDF of updraft properties at cloud base. Sušelj
et al. (2014) described a simplified version of the Sušelj et al. (2013) stochastic model wherein the
eddy diffusivity parameterization is based on Louis (1979), among other modifications. Later, Tan
et al. (2018) extended the EDMF approach by using prognostic plumes and adding downdrafts,
among other changes.

Neggers (2015) reformulated the EDMF approach in terms of discretized size densities with a
limited number n of bins. This new version, referred as to ED(MF)

n
, was studied in an SCM. J.

Han et al. (2016a) proposed a hybrid EDMF parameterization whereby EDMF is used only for the
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strongly unstable PBL. For weakly unstable PBL, the scheme uses a nonlocal PBL scheme with an
eddy diffusivity counter-gradient approach (Deardorff, 1966; Troen and Mahrt, 1986; Hong and Pan,
1996; Han and Pan, 2011). Han and Bretherton (2019) replaced the ED parameterization in this
scheme with a new TKE-based moist EDMF parameterization for vertical turbulence mixing, in-
cluded downdrafts, and assumed a decrease in the updraft mass flux with decreasing grid size, which
makes the scheme scale-aware. More recently, Wu et al. (2020) implemented a new downdraft para-
meterization in EDMF through a Mellor–Yamada–Nakanishi–Niino (MYNN) ED component. Kur-
owski et al. (2019) implemented a stochastic multi-plume EDMF scheme into CAM5 and Sakradzija
et al. (2016) coupled Sakradzija et al. (2015) to EDMF in ICON. Several NWP models have in-
cluded EDMF approaches, i.e., ECMWF (Köhler, 2005; Köhler et al., 2011), AROME (Pergaud
et al., 2009), Global Forecast System (GFS) of the National Centers for Environmental Prediction
(NCEP) (J. Han et al., 2016a), the Navy Global Environmental Model (NAVGEM) (Sušelj et al.,
2014), and the Laboratoire de Météorologie Dynamique Zoom (LMDZ; Hourdin et al., 2013) model.
Recently, Bhattacharya et al. (2018) and Wu et al. (2020) implemented different versions of the
EDMF scheme in WRF.

2.8 Scale-aware and scale-adaptive models

Wyngaard (2004) coined the terms terra incognita or “gray zone” to refer to zones where traditional
convective parameterizations are no longer valid, but convection cannot be resolved explicitly yet.
To palliate the gray zone parameterizations should become scale-aware and scale-adaptive. This
means that the scheme is aware of the processes that need to be parameterized and parameterizes
only those processes. Recently, Honnert et al. (2020) reviewed schemes that have been proposed for
the convective boundary layer in the gray zone.

In the context of mass flux representations, the Quasi-Equilibrium (QE) assumption on a neg-
ligible small cloud area fraction a has to be eliminated to make parameterizations scale-aware
(Arakawa et al., 2011). Arakawa et al. (2011) and Arakawa and Wu (2013) described a seam-
less approach in their unified parameterization wherein the assumption about a is eliminated, the
vertical eddy transport is rederived and the parameterization is forced to converge to an explicit
simulation as a → 1. Following this approach, Grell and Freitas (2014) extended the Grell and
Dévényi (2002) scheme based on Grell (1993) by specifying a as a function of the convective updraft
radius R obtained from the traditional definition of entrainment ε (Simpson and Wiggert, 1969;
Simpson, 1971; Siebesma and Cuijpers, 1995), i.e., ε = 0.2/R. Later, Freitas et al. (2017) tested
this scheme in the Brazilian developments of the Regional Atmospheric Modeling System (BRAMS)
version 5.2 obtaining a smooth transition between convective and grid-scale precipitation even at
gray-zone scales.

Lim et al. (2014) modified the Simplified Arakawa-Schubert scheme (SAS; e.g, Grell, 1993; Pan
and Wu, 1995; Hong and Pan, 1998; Han and Pan, 2011) in NCEP GFS by introducing a grid-
scale dependency in the trigger. More recently, Kwon and Hong (2017) extended this grid-scale
dependency to the convective inhibition, mass flux and detrainment of hydrometeors, and Han et al.
(2017) updated the SAS scheme with a cloud mass flux that decreases with increasing grid resolution
to include scale dependency.

Zheng et al. (2016) modified the adjustment timescale in KF scheme following Bechtold et al.
(2008) and included a scale-aware entrainment equation, among other modifications.

Other approaches to overcome the gray-zone issue include spreading subsidence to neighboring
cells in the Grell3D scheme (Grell and Freitas, 2014) and a hybrid parameterization for nonhydro-
static weather prediction models as described in Kuell et al. (2007). This scheme uses a traditional
cumulus parameterization for mass and energy transport in the updraft and downdraft, and treats
environmental subsidence by grid-scale equations. More recently, Freitas et al. (2018) implemen-
ted and tested a new version of the Grell and Freitas (2014) scheme in the NASA Goddard Earth
Observing System (GEOS). The new scheme uses a trimodal formulation with different entrain-
ment rates that depend on the normalized mass flux profile, which is prescribed by a beta PDF,
among other modifications. Gao et al. (2017) compared the performance of the traditional KF
scheme with the Grell and Freitas (2014) scheme in the simulation of summer precipitation across
gray-zone resolutions. Better results were reported with the scale-aware scheme. An integrated pack-
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age of subgrid- and grid-scale parameterizations in the range 2-10 km, also known as the Modular
Multiscale Microphysics and Transport (3MT), was proposed by Gerard (2007). Zheng et al. (2016)
added scaleawareness to the KF scheme (Kain and Fritsch, 1990, 1993; Kain, 2004) by introducing
scale dependency in in-cloud properties, such as entrainment and grid-scale vertical velocity.

Another way to introduce scale awareness and adaptivity consists of using multiple plumes
instead of a single one. The first scheme using multiple plumes is that of Arakawa and Schubert
(1974). Different schemes have been proposed based on multiple plumes for deep (e.g., Donner,
1993; Donner et al., 2001; Nober and Graf, 2005; Wagner and Graf, 2010) and shallow convection
(e.g., Neggers et al., 2002; Sušelj et al., 2012; Neggers, 2015). Due to the lack of observations
on cloud entrainment, Neggers et al. (2002) used LES results to formulate an expression for the
lateral entrainment rate as a function of the vertical velocity of each parcel, while Sušelj et al.
(2012) described moist updraft characteristic through a PDF. Other parameterizations, such as
those of Wagner and Graf (2010), Nober and Graf (2005) and Neggers and Siebesma (2013) make
use of active population dynamics such as those in the Lotka–Volterra equations (Lotka, 1910,
1920; Volterra, 1927), wherein two species interact with a predator–prey behavior. Neggers (2015)
also introduced population dynamics in a new EDMF called the ED(MF)n. The author used bin
macrophysics, wherein plumes are described in terms of discrete size densities formed by a limited
number n of bins. The scale adaptivity of this scheme was further evaluated in Brast et al. (2018).
Population dynamics were also used by Park (2014a,b) in his multi-cloud model in UNICON and by
Hagos et al. (2018) in the STOchastic framework for Modeling Population dynamics of convective
clouds (STOMP), among others. Khouider et al. (2010) described a stochastic multi-cloud model
based on the deterministic multi-cloud model of Khouider and Majda (2006) but using a Markov
chain lattice model. In this scheme, four possible convective states in each lattice are considered,
namely clear sky, deep, congestus or stratiform clouds, that randomly evolve in time as a birth–
death process (Gillespie, 1975, 1977). Dorrestijn et al. (2013a,b, 2015) also used this approach
but estimated transition probabilities from one state to another using LES results and observations,
respectively. Further works followed, such as those of Deng et al. (2015) for representing the MJO, the
coupling of Khouider et al. (2010) to simplified primitive equations of Frenkel et al. (2012), the use of
observations to estimate transition probabilities in Peters et al. (2013), and the implementation of a
stochastic multi-cloud scheme in ECHAM6.3 by Peters et al. (2017), among others. Later, Khouider
(2014) improved Khouider et al. (2010) by using a coarse-grained Markov chain lattice model.
Examples of stochastic parameterizations based on concepts from statistical mechanics include Plant
and Craig (2008) for deep convection or Sakradzija et al. (2015, 2016) and Sakradzija and Klocke
(2018) for shallow convection. Recently, Keane et al. (2014) evaluated the scale adaptivity of Plant
and Craig (2008) in ICON model. Rochetin et al. (2014a,b) added a stochastic component to the
trigger function in LMDZ5B and Sakradzija et al. (2016) introduced scale awareness in the ICON
model by coupling the stochastic scheme described in Sakradzija et al. (2016) to the EDMF scheme.
Other scale-aware schemes include CLUBB due to its limitation of the turbulent length scale to the
horizontal grid spacing (Larson et al., 2012).

Other studies have included a scale-dependent entrainment and/or convective timescale (e.g.,
Bechtold et al., 2008; Zheng et al., 2016; Han et al., 2017; Gao et al., 2020) based on results obtained
in entrainment-mixing studies (e.g., Burnet and Brenguier, 2007; Lu et al., 2011, 2014; Kumar et al.,
2018; Kooperman et al., 2018).

The best way to achieve scale-aware and scale-adaptive cumulus schemes is still unknown but
the field is rapidly evolving.

2.9 Models accounting for convective memory and spatial
organization

As pointed out in Davies et al. (2009), the QE hypothesis does not account for convective memory,
which can be defined as the dependence of convection on past states. Different strategies have been
proposed to include it in convective parameterizations, such as the use of prognostic variables or cold
pools, among others. The first scheme to include convective memory was that of Pan and Randall
(1998). The authors chose a cumulus kinetic energy prognostic closure in their formulation. Later,
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Gerard and Geleyn (2005) also accounted for convective memory. Based on Bougeault (1985), the
authors defined cloud-base mass flux as the product of a prognostic vertical updraft velocity and
a prognostic updraft fraction area, obtained by a moist static energy closure. Gerard (2007) and
Gerard et al. (2009) also used this approach and even applied it for downdrafts (Gerard et al.,
2009). Piriou et al. (2007) used precipitation evaporation as the source of convective memory and
related entrainment to the probability of undiluted updrafts. Mapes and Neale (2011) also chose
precipitation evaporation as the source of convective memory and introduced a prognostic variable
called organization that links precipitation evaporation with the entrainment rate. Other authors
selected the precipitation at convective cloud base as the source of convective memory and made
entrainment a function of it (e.g., Hohenegger and Bretherton, 2011 and Willett and Whitall, 2017
in the UK Met Office model). Another way to introduce convective memory consists of using a
master equation or Markov chains, such as the schemes of Hagos et al. (2018) or Khouider et al.
(2010). In their extended EDMF, Tan et al. (2018) included convective memory using prognostic
equations for updrafts and downdrafts as well as for the area fraction (see Table 3.16).

Evaporation of precipitation from deep convective clouds gives rise to cold pools that, when
spread at the surface, are able to initiate further convective events, therefore adding memory to the
system (e.g., Khairoutdinov and Randall, 2006; Rio et al., 2009; Böing et al., 2012; Schlemmer and
Hohenegger, 2014). Based on this, recent studies include convective memory through cold pools (e.g.,
Grandpeix and Lafore, 2010; Park, 2014a,b; Del Genio et al., 2015). The prognostic variables are
the cold pool thermodynamic properties and fractional area (Grandpeix and Lafore, 2010) as well as
the cold pool depth (Del Genio et al., 2015) or the mesoscale organized flow (Park, 2014a,b). More
recently, Colin et al. (2019) performed numerical experiments to identify the source of convective
memory using CRMs. The results showed that memory comes from low-level thermodynamic process
such as rain evaporation, cold pools or hot thermals, among others.

Based on the “game of life” (Chopard, 2009), Bengtsson et al. (2011) used a cellular automaton
(CA) in their subgrid scheme. The authors introduced convective memory by assigning a prescribed
lifetime to each active cell. Bengtsson et al. (2013) also included memory in their stochastic para-
meterization for deep convection using this approach in Aire Limitée Adaptation/Application de la
Recherche à l’Opérationnel (ALARO). The definition of the area fraction in the cumulus scheme
(Gerard et al., 2009) now includes the contribution from CA. Sakradzija et al. (2015) accounted for
convective memory by considering that the cloud rate distribution in shallow convection comes from
the superposition of two modes. These two modes consider passive and active clouds, respectively.
In their work, the authors considered convective memory due to the finite lifetime of individual
clouds. Later, Sakradzija et al. (2016) used this scheme in the calculation of the moist convective
area fraction in EDMF in ICON.

Results from Davies et al. (2013b) suggested that spatial organization could strongly affect
convective memory more than the microphysics parameterizations. Later, Colin (2018) confirmed
this hypothesis.

Understanding spatial organization of convection is not only important for developing stochastic
and scale-aware parameterizations but also due to its impact in the radiative-convective equilibrium
(Neggers and Griewank, 2021). Few studies have proposed parameterizations to represent convective
organization in GCMs (e.g., Donner, 1993; Donner et al., 2001; Mapes and Neale, 2011; Donner et al.,
2011; Khouider and Moncrieff, 2015; Moncrieff et al., 2017). Donner (1993), Alexander and Cotton
(1998) and Donner et al. (2001) represented the effects of mesoscale circulations and downdrafts
based on the Leary and Houze (1980) water budget model. A similar model was developed by Gray
(2000) who also considered momentum fluxes and related the strength of mesoscale circulation to
detrainment of the convective mass flux. As mentioned before, Mapes and Neale (2011) introduced
a prognostic variable called organization into the UW shallow convection scheme (Bretherton et al.,
2004; Park and Bretherton, 2009). This variable, which represents the degree of subgrid organiza-
tion, could affect plume calculations in terms of plume-base vertical velocity, convective inhibition,
preferential rising of warmer air in updrafts, area fraction and closure, and a shift in the spectrum
toward wider plumes with lower lateral mixing and a preferential growth in preconditioned local
environments. All this would lead to more and deeper convection, and therefore more organization.

Other studies accounted for convective organization by including surface cold pools in their
convective parameterizations (e.g., Rio et al., 2009; Grandpeix and Lafore, 2010; Rochetin et al.,
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2014a,b; Park, 2014a,b; Böing, 2016). Grandpeix and Lafore (2010) proposed a density current
parameterization based on the first convective wake parameterization described by Qian et al. (1998).
The impact of the cold pools on convection is implemented through two variables: the available
lifting energy (ALE) provided by the density current, and the available lifting power (ALP, see
Sect. 5.1.1). In the UNICON model, Park (2014a) parameterized subgrid mesoscale convective
organization in terms of the evaporation of convective precipitation and downdrafts. Later, Böing
(2016) described an object-based model of the organization of moist convection by cold pools inspired
by Abelian sandpile models (Bak et al., 1987). The model is a two-way feedback between instability
and convection, whereby convection and instability are represented as particles coupled to a lattice
grid. The authors suggested that an object-based model could capture properties of convective
organization. Stratton and Stirling (2012) used the height of the lifting condensation level as a
variable to introduce convective organization into their parameterization, while Folkins et al. (2014)
introduced a dependency on the local precipitation generated by the convective scheme over the
past 2 h. Khouider and Majda (2006) developed a multi-cloud parameterization wherein three
cloud types control the heating fields of organized convection in the tropics. It was later refined by
Khouider and Majda (2008) and applied by Khouider and Moncrieff (2015) in their parameterization
of organized convection in the ITCZ. Moncrieff et al. (2017) proposed a new method referred to as
Multiscale Coherent Structure Parameterization (MCSP) to parameterize physical and dynamical
effects of organized convection. This new approach consists of using a slantwise overturning model
with a special focus on top-heavy heating and upgradient momentum transport. Despite all these
proposals, the model of Donner et al. (2011) is the only operational GCM representing all aspects
of mesoscale convective systems (Rio et al., 2019).

In Shutts (2005) the spatial and temporal correlations of the atmospheric mesoscale are repres-
ented by a CA. Bengtsson et al. (2011) extended the implemented CA in the ECMWF Ensembe
Prediciton System to be able to interact with the numerical model. Later, Bengtsson et al. (2013)
introduced this CA approach in ALARO and analyzed it in a regional gray-zone resolution model
over Europe. This approach produced a precipitation intensity and convective organization in better
agreement with OPERA observations than results obtained from the reference model. In Bengtsson
et al. (2019), CA is conditioned by a prescribed stochastically generated skewed distribution with
the goal of introducing subgrid-scale organization.

Other attempts to represent convective organization include the use of a damped-driven oscil-
lator (Davies et al., 2009), spatially coupled oscillators (Feingold and Koren, 2013) or a Markov chain
lattice model (e.g., Khouider et al., 2010). Moncrieff and Liu (2006) proposed a hybrid approach
to represent convective organization. Mesoscale organization is represented by explicit convectively
driven circulations using a CSRM and transient cumulus by the BMJ convective parameterization
(Betts, 1986; Betts and Miller, 1986; Janjić, 1994). PDF-based or spectral schemes based on a dis-
cretized distribution (e.g., Neggers et al., 2003; Wagner and Graf, 2010; Neggers, 2012; Park, 2014a,b;
Neggers, 2015) include size information into the system, which allows representing impacts of spatial
organization (Neggers et al., 2019; Laar, 2019). More recently, Neggers and Griewank (2021) de-
veloped a binomial stochastic framework referred to as the Binomial Objects on Microgrids (BiOMi)
model, which proved to capture convective memory and simple forms of spatial organization, among
other important convective behaviors, at a cheap computational cost.

This paper considers all the aforementioned convective parameterizations with an emphasis on
the mass flux schemes

3 Trigger function: assumptions and empiricisms

In a CP, the accurate simulation of convection greatly depends on the trigger function. The trigger
function determines whether convectively unstable air at the boundary layer leads to the onset of
convection and if so, activates the CP.

There are as many strategies to initiate convection as there are convection schemes. This section
focuses on the assumptions and empirical values of the most important trigger functions, the starting
levels, and the impacts of the trigger formulations on the simulation of convective processes. Table
3.3 lists the most common choices used in the main trigger function types.
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3.1 Trigger function types

According to the physical variable used as the main trigger condition, the most used trigger functions
in CPs may be classified into (1) moisture convergence, (2) cloud work function (CWF), (3) cloud-
base stability and convective available potential energy (CAPE) triggers, and (4) large-scale vertical
velocity. Other triggers used are (5) stochastic and heated condensation framework (HCF) triggers.
Table 3.3 lists the assumptions and empirical values used in the main trigger function types, which
are discussed below.

3.1.1 Moisture convergence trigger

The main condition to activate convection, together with the existence of a deep layer of conditional
instability, is exceeding a minimum threshold value of the vertically integrated moisture convergence.
This is the case in the Anthes–Kuo scheme (Kuo, 1965; Anthes, 1977) and in the original Tiedtke
scheme (Tiedtke, 1989). The latter has undergone several modifications since its publication. For
instance, Gregory et al. (2000) substituted the condition of positive moisture convergence to activate
deep convection by a minimum cloud-depth threshold in the ECMWF convective parameterization.
Other authors replaced the moisture convergence trigger in the Tiedtke scheme with triggers based
on positive buoyancy (Zhang et al., 2011) or the existence of an unstable parcel within some height
above the ground (Bechtold et al., 2004). Therefore, these schemes are no longer classified as
moisture convergence triggers.

3.1.2 CWF trigger

The first CWF trigger was introduced by AS, who proposed that convection activation depends on
a threshold value of the CWF, which is defined as the integral buoyancy force of each entraining
cloud between cloud base and cloud top. Several variations of the original CWF trigger function
have been suggested. Tokioka et al. (1988) included a modification in the AS to suppress deep
convection in areas where the depth of the PBL is not sufficiently thick. This modification is defined
on a critical value of the entrainment rate below which deep convection is suppressed and moist air
can accumulate in the large-scale low-level convergence zone. For example, the Geophysical Fluid
Dynamics Laboratory (GFDL) global atmosphere and land model (AM2–LM2; Anderson et al.,
2004) includes this modification. In the relaxed Arakawa–Schubert scheme (RAS) (Moorthi and
Suarez, 1992), the activation of convection depends on a critical value of the CWF, while the SAS
scheme (Grell, 1993; Pan and Wu, 1995) triggers convection if the CWF is positive, as shown in
Table 3.3. Another condition to activate convection in SAS is based on the pressure difference
between the starting level, i.e., the level of maximum moist static energy between the surface and
the 700-hPa level, and the level of free convection (LFC), which defines a threshold value for the
convection inhibition (CIN) factor. With the aim of decreasing convection in large-scale subsidence
regions and increasing it in large-scale convergent regions, Han and Pan (2011) modified the limit to
reach the LFC, which is now proportional to large-scale vertical velocity ω. Further improvements
to the SAS activation criteria include a grid spacing dependency in the convective trigger function
(Lim et al., 2014), considering the spatial resolution dependency, and a new definition of the CIN
threshold value applying a scale-aware factor (Kwon and Hong, 2017). Different versions of the AS
scheme are currently used in the NCEP GFS, the Mesoscale Model 5 (MM5), the GEOS-5, the
GFDL model, and in the WRF model.

To improve the representation of the diurnal cycle, Rio et al. (2009) proposed a new trigger
for deep convection: the so-called available lifting energy (ALE). This trigger is defined as the
kinetic energy of the parcel inside thermals and activates deep convection when it overcomes CIN.
In this case, convection activation is controlled by lifting processes in the sub-cloud layer, e.g. gust
fronts. The authors obtained a better representation of the diurnal cycle with their new formulation.
Grandpeix and Lafore (2010) also used the ALE trigger in their coupled wake–convection scheme.
Together with a closure based on the flux of kinetic energy associated with thermals and the splitting
of convective heating and drying, a more realistic representation of moist convection was possible.
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More recently, Hourdin et al. (2013) confirmed these results in the implementation of the ALE
trigger into a new version of the LMDZ atmospheric general circulation (LMDZ5B).

Table 3.3: A sample of empirical values and assumptions used in the main trigger function types.

Empirical value or
assumption

Choices in the literature Reference

Large-scale moisture convergence Yes Kuo (1974), Anthes (1977),
Tiedtke (1989)

CWF Positive Arakawa and Schubert (1974),
Pan and Wu (1995), Han et al.
(2019)

Fixed value Moorthi and Suarez (1992)

Large-scale vertical velocity ω Controls δT to trigger convection Fritsch and Chappell (1980), Kain
and Fritsch (1990), Bechtold et al.
(2001), Kain (2004), Ma and Tan
(2009), Berg et al. (2013)

CAPE At least some CAPE Betts (1986), Betts and Miller
(1986), Janjić (1994)

Must be positive Zhang and McFarlane (1995), Xie
and Zhang (2000), Bechtold et al.
(2004);, Zhang and Mu (2005a),
Wu (2012)

CAPE > 70 J kg−1 Lin and Neelin (2003), Wu et al.
(2007)

dCAPE dCAPE > 100 J kg−1 Xie and Zhang (2000), Zhang
(2002), Song and Zhang (2009),
Zhang and Song (2010)

dCAPE > 45 J kg−1 h−1 Song and Zhang (2018)

Stochhastic Stochastic perturbations in the
large-scale vertical velocity ω in
KF trigger

Bright and Mullen (2002)

Markov process Majda and Khouider (2002),
Khouider et al. (2003),
Stechmann and Neelin (2011)

Bayesian Monte Carlo Song et al. (2007)

Adds a stochastic feature to the
SAS trigger

Zhang et al. (2014))

Adds a stochastic trigger to
Emanuel (1991)

Rochetin et al. (2014a)

Dilute dCAPE dilutedCAPE > 70 J kg−1 Neale et al. (2008)

dilutedCAPE > 55 J kg−1 h−1 Song and Zhang (2017)

HFC Yes Tawfik and Dirmeyer (2014),
Bombardi et al. (2015), Tawfik
et al. (2017)

3.1.3 Cloud-base stability and CAPE triggers

Many CPs have been proposed to simplify the formulation and implementation of the AS scheme.
Among other assumptions, some CPs substitute the convection trigger based on CWF by CAPE,
defined in a similar way as CWF but without including dilution of an ascending parcel by entrain-
ment. For instance, BMJ developed a new parameterization based on empirical results, in which
the activation of convection requires the existence of CAPE. In this scheme, cloud base is the lifting
condensation level (LCL) of a lifted parcel with the largest CAPE in the lowest 130 hPa of the model.
From there, the parcel is lifted moist adiabatically until the equilibrium level (EL) is reached. In
general, the cloud top is at the level immediately beneath EL. Moreover, deep convection continues
if the cloud depth is greater than a certain value and covers at least two model layers (Baldwin et al.,
2002). Finally, deep convection activates if the adjustment using reference profiles of temperature
(based on a moist adiabat) and moisture (based on imposed subsaturation at the cloud base) results
in the column drying. The reference profiles computed in the BMJ scheme are different for shallow
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and deep convection.The scheme is currently used in the NCEP North American Mesoscale model
(NAM), MM5, and the WRF models. Another important convective parameterization also using a
CAPE trigger is the Zhang–McFarlane scheme (Zhang and McFarlane, 1995, hereafter ZM). To im-
prove climate simulations in the Canadian Climate Center GCM, the authors proposed a simplified
version of the AS scheme that includes a positive CAPE trigger. However, it initiates convection too
often during the day, which led Xie and Zhang (2000) to modify the scheme. They kept the positive
CAPE condition and added a second condition based on the change in CAPE due to large-scale
forcing (dCAPE). This new trigger improved the simulations of the ITCZ and MJO (Zhang, 2002;
Song and Zhang, 2009; Zhang and Song, 2010). Alternative formulations of convection triggers in-
clude the addition of an RH threshold of 80 % in the convection trigger (Zhang and Mu, 2005a,b)
to suppress convection if the boundary layer air is too dry. Another modification is the inclusion of
dilution in CAPE calculation due to entrainment (dilute CAPE) by Neale et al. (2008) to reduce
excessive precipitation over land in the simulations of ENSO.

Unlike some of the trigger criteria already discussed, a more recent trigger function by Tawfik
and Dirmeyer (2014), the HCF, is not based on the lifting parcel method, but uses vertical profiles
of temperature and humidity. First, it finds the buoyant condensation level (BCL) and determines
several variables such as the buoyant mixing potential temperature,θBM , , defined as the 2 m poten-
tial temperature needs to reach the BCL, and the potential temperature deficit, θdef , defined as the
difference between the θBM and the 2 m potential temperature, or the sum of all the temperature
increments needed to attain the BCL. In HCF, convection will activate when θdef ≤ 0. The HCF
trigger reduces the number of false positives compared to the parcel-based trigger. When the HCF
trigger is implemented in the NCEP Climate Forecast System version 2 (CFSv2), the representation
of the Indian monsoon and tropical cyclone intensity improves (Bombardi et al., 2016). In the Com-
munity Earth System Model (CESM), the strategy improves the frequency of heavy precipitation
events and reduces the overactivation of convection in the model (Tawfik et al., 2017).

3.1.4 Large-scale vertical velocity trigger

Drawing on the observations in Fritsch and Chappell (1980) suggesting a positive impact of back-
ground vertical motion on convective development, Kain and Fritsch (1990) (KF) proposed a trigger
based on large-scale vertical velocity. In this scheme, the first potential source layer for convection,
also known as the updraft source layer (USL), is a layer of at least 60 hPa thickness that is construc-
ted by mixing vertically adjacent layers, beginning at the surface. The temperature and pressure
of the parcel at its LCL are calculated, as is a temperature perturbation δT , which is proportional
to ω (see Table 3.4). If the sum of the parcel temperature and the temperature perturbation is
higher than the environmental temperature, the parcel is released from its LCL. Above the LCL,
the parcel is lifted upwards with entrainment, detrainment, water loading, and a vertical velocity
determined by the Lagrangian parcel method (Bechtold et al., 2001). Convection is activated if the
vertical velocity remains positive for a minimum depth of 3–4 km. Otherwise, the USL is moved
up one model level and the procedure starts again. This process continues until a suitable USL is
found or the search has moved up above the lowest 300 hPa of the atmosphere, where the search is
terminated. The lake-effect snow observations of Niziol et al. (1995) forced a reduction of the min-
imum cloud-depth threshold in Kain and Fritsch (1993) from 3–4 km to 2 km as they showed that
clouds with this depth can produce significant snowfall. In Plant and Craig (2008), the temperature
perturbation to find the USL is set to 0.2 as in Gregory and Rowntree (1990). If no buoyant source
layer can be found, then the process (like in KF) is repeated with a temperature perturbation of
0.1 K. The plume radii are determined with an exponential PDF.

Other authors, such as Ma and Tan (2009), included moisture advection in the temperature
perturbation to improve the KF scheme for the case of weak synoptic forcing. Berg et al. (2013)
defined a PDF that generates a range of virtual potential temperature and water vapor mixing
ratio to substitute δT in the trigger function. With this new trigger, the scheme more realistically
accounts for subgrid variability within the convective boundary layer in a way. Both the modified
version of the KF scheme and the KF itself are used in the WRF mode.

As for the trigger of shallow convection, Bechtold et al. (2001) proposed a deep convective scheme
based on Kain and Fritsch (1990, 1993) but also included a shallow parameterization. In this regard,
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Table 3.4: A sample of empirical values and assumptions used in the main trigger function types.

Components Empirical value
or assumption

Choices in the literature Reference

Buoyancy
threshold

Includes a
temperature
perturbation δT
linked to the
large-scale vertical
velocity ω

TLCL + δT > Tenv , δT = kω1/3, where k
is a unit number with dimensions
K s1/3 cm−1/3

Fritsch and Chappell (1980)

δT = k[ωLCL − c(z)]1/3, with

c(z) =

{
ω0(zLCL/2000) zLCL ≤ 2000

ω0 zLCL > 2000
,

where ω0 = 2 cm s−1, and zLCL is the
height (m) of the LCL above the ground

Kain and Fritsch (1990,
1993), Kain (2004)

Includes a constant
δT

δT = 0.2K Gregory and Rowntree
(1990), Bechtold et al.
(2001), Plant and Craig
(2008) if not USL found,
search repeat with
δT = 0.1K

δT = 0.65K Emanuel and
Živković-Rothman (1999)

δT = 0.90K Bony and Emanuel (2001)

Includes δT
composed of
horizontal δth and
vertical δTv

components with
associated
normalized
moisture advections
(Rh and Rv)

δT = RhδTh +RvδTv Ma and Tan (2009)

Uses probability
density function
(PDF)

Substitute δT in the trigger function by a
generated range of virtual potential
temperature and water vapor mixing
ratio qv

Berg et al. (2013)

CIN Must be smaller
than a certain
threshold

CIN < 10 J kg−1 Donner (1993), Donner et al.
(2001)

CIN < 100 J kg−1 Wilcox and Donner (2007)

Smaller than the
Available Lifting
Energy (ALE)

|CIN|< ALE Rio et al. (2009), Grandpeix
and Lafore (2010), Hourdin
et al. (2013), Rochetin et al.
(2014a,b) proposed a
stochastic definition of ALE.

Higher than a
critical value and
inversely
proportional to
large-scale vertical
velocity ω

CIN ≥ CINcrit, where
CINcritϵ(−120, 80)m2 s−2

Han et al. (2017), in addition
to the condition on LFC

Cloud base At LCL Betts (1986), Betts and
Miller (1986), Janjić (1994)

Height at which air
parcel is moistly
saturated and
Tparcel − Tenv >
−0.5K

Tiedtke (1989), Baba (2019)

Determined from
sounding

Cloud base is lower than LNB Emanuel (1991)

Can be anywhere in
the troposphere

Grell (1993)

Continued on next page
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Table 3.4 – continued from previous page

Components Empirical value
or assumption

Choices in the literature Reference

Below PBL top Zhang and McFarlane
(1995))

Might be above
PBL top

Zhang and Mu (2005a)

Lowest level where
an adiabatic parcel
is supersaturated

Wu (2012)

Cloud
depth

Should be higher
than a certain
threshold value

CD > 300 hPa Kuo (1965), Anthes (1977)

CD > 3− 4 km Kain and Fritsch (1990)

CD > 150 hPa Hong and Pan (1998), Han
and Pan (2011), Stratton
and Stirling (2012)

CD ≥ 3 km Bechtold et al. (2001)

CD > 200 hPa Gregory (2001), Jakob and
Siebesma (2003), Bechtold
et al. (2004), Han et al.
(2017)

Within a certain
range

0.5 km ≤ CDsh < 3 km Bechtold et al. (2001)

200m < CDsh < 500m Vogelmann et al. (2012), Lu
et al. (2018)

Maximum value for
shallow convection

CDmax,sh = 200 hPa Gregory (2001), Jakob and
Siebesma (2003), Han et al.
(2017)

CDmax,sh = 4km Deng et al. (2003)

CDmax,sh = 150 hPa Han and Pan (2011)

Minimum cloud
depth is a function
of the parcel
temperature at
LCL TLCL

CDmin = 4000, TLCL > 20 ◦C
2000, TLCL < 0 ◦C

2000 + 100TLCL, 0◦C ≤ TLCL ≤ 20 ◦C

Kain (2004)

Cloud
radius

Constant Arakawa and Schubert
(1974)

R = 1500m Kain and Fritsch (1990),
Bechtold et al. (2001)

Rsh = 50m Bechtold et al. (2001)

Varies as a
quadratic
expression within a
certain range

0.15 km ≤ Rsh ≤ 1.5 km Deng et al. (2003)

Depends on the
large-scale vertical
velocity at LCL
ωLCL

R = 1000, WKL > 0
2000, WKL > 10

1000 +WKL/10, 0 ≤ WKL ≤ 10
,

where WKL = ωLCL − c(z) (see buoyancy
threshod for Kain (2004)

Kain (2004)

PDF of plume radii Plant and Craig (2008)

Cloud top Determined by a
temperature
condition

Level where Tcloud = Tenv Kuo (1974), Fritsch and
Chappell (1980), Wu (2012)

Level where
buoyancy vanishes

Arakawa and Schubert
(1974), Tiedtke (1989), Hong
and Pan (1996) (search from
the highest model down),
Wu (2012)

Immediately
beneath EL

Betts (1986), Betts and
Miller (1986), Janjić (1994)

Continued on next page
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Table 3.4 – continued from previous page

Components Empirical value
or assumption

Choices in the literature Reference

No lower than level
of minimum
saturated moist
static energy

Zhang and McFarlane (1995)

Determined by the
vertical velocity of
the parcel w

Level where w becomes negative Bechtold et al. (2001)

w = 0ms−1 Jakob and Siebesma (2003),
Bechtold et al. (2004)

w < 0.2m s−1 Wagner and Graf (2010)

Function of ratio
layer pressure P to
surface pressure Ps

Maximum value P/Ps = 0.7 for shallow
convection

Han and Pan (2011)

Entrainment
rate

Convection is
suppressed if the
entrainment in the
updraft εu is
smaller than a
certain threshold
value εuc

εuc = cTok/D, where D is the depth of the
PBL and cTok a constant

Tokioka et al. (1988),
Anderson et al. (2004), Kim
et al. (2011) says that
cTok = 0.025 or 0.1 in AM2,
and cTok = 0 or 0.1 in SNU

RH Set to a constant
value

RH = 100% Manabe et al. (1965)

Must be greater
than a certain
threshold value

RH > 80% Zhang and Mu (2005a,b),
Chikira and Sugiyama
(2010); Chikira (2010),
Zhang et al. (2011)

RH > 75% at the lifting level Wu (2012)

RH > 40% Zhao et al. (2018)

Vertical
velocity of
the parcel

w > 0 Kain and Fritsch (1990),
Jakob and Siebesma (2003),
Bechtold et al. (2004), Kain
(2004)

wcrit,sh =
√

2aw(CIN), where aw = 1 Bretherton et al. (2004),
Park and Bretherton (2009)

the triggering criterion is only based on a cloud-depth condition without using the temperature
perturbation included in the deep scheme. Also, cloud-depth condition and cloud radius take smaller
values than those use for deep convection (see Table 3.4). Jakob and Siebesma (2003) also used a
cloud-depth condition to decide whether deep or shallow convection is triggered. In this case, the
maximum value of the cloud depth to activate shallow convection is set to 200 hPa. The procedure
of finding cloud base is the same for both parameterizations.

In the shallow convection parameterization for mesoscale models described in Deng et al. (2003)
based on Kain and Fritsch (1990, 1993), maximum cloud depth is set to 4 km and cloud radius is
allowed to increase smoothly with time from a minimum value of 0.15 km to a maximum value of
1.50 km. Moreover, shallow convection trigger is a function of boundary layer TKE. In Han and
Pan (2011), the USL is set to the level of maximum moist static energy within the PBL and the
maximum cloud top for shallow convection is restricted by the ratio between the layer pressure and
surface pressure that cannot be higher than 0.7. A cloud-depth criterion to activate shallow or deep
convection is also used in this case. Han et al. (2017) developed a scale-aware parameterization for
NCEP GFS, wherein the cloud-depth criterion is increased to 200 hPa compared to the 150 hPa used
in Han and Pan (2011).

In Kain (2004) the conditions to trigger shallow convection are the same as for deep convection
except for the cloud depth, which must be smaller than the one for deep convection (see Table
3.4). In this parameterization, the values of cloud radius are the same for both shallow and deep
convection for computational reasons. Bretherton et al. (2004) trigger convection if the vertical
velocity of the parcel is equal to or higher than a critical value derived from the vertical velocity
equation (Eq. (3.6)). This critical velocity takes the form wcrit,sh =

√
2aw(CIN), where aw is the
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virtual mass coefficient used in the updraft vertical velocity equation (Eq. 3.6; see de Roode et al.,
2012). Park and Bretherton (2009)) used the same triggering conditions as Bretherton et al. (2004).

3.1.5 Stochastic trigger

The traditional convective triggers lead to deficiencies in the simulation of different atmospheric
events, as stated in Sect. 2. A promising strategy to reduce these deficiencies is the use of stochastic
triggering Rochetin et al. (2014a,b). Instead of using a deterministic parameterization in which
the subgrid-scale response is fixed to a certain resolved-scale state, the response is sampled from
a suitable probability distribution (Dorrestijn et al., 2013b). For example, Majda and Khouider
(2002), and Khouider et al. (2003) used a stochastic model based on CIN using a Markov process.
Stechmann and Neelin (2011) used a two-state Markov jump process as their stochastic trigger.
Bright and Mullen (2002) modified the KF trigger function by applying stochastic perturbation
to w, while Song et al. (2007) included several random parameters in the trigger criteria using a
Bayesian learning procedure. Zhang et al. (2014) added a stochastic term to the SAS trigger function
in the Hurricane Weather Research and Forecasting model (HWRF), and Rochetin et al. (2014a,b)
used LES to introduce a stochastic trigger in the Emanuel parameterization (Emanuel, 1991).

3.2 Starting levels

The LFC is located at, or near, the cloud base or at the top of the PBL. Different methods are applied
for calculating the LFC in the literature. For instance, KF used the potential source layers for clouds
(USL) in their procedure to find LFC, while Pan and Wu (1995) first determined the convection
starting level and then imposed a critical depth to find the LFC (see Sect. 3.1). In their stochastic
parameterization, Plant and Craig (2008) set the depth of potential source layers to 50 hPa, with
the base of each being 5 hPa higher than the potential layer previously tested. To trigger convection,
both deep and shallow, Han and Pan (2011) set a threshold value for the pressure difference between
LFC with and without sub-cloud-layer entrainment. Differences higher than this threshold value,
set to 25 hPa, will activate convection. The authors also assumed that the convection starting level
for deep convection is at the level of maximum moist static energy h between the surface and the
level of 700 hPa, while for shallow convection it starts at the level of maximum h within the PBL.
Table 3.5 lists a sample of the main assumptions and empirical values used to determine the starting
levels.

While the starting level for the ascending currents (updrafts) is reasonably evident, the starting
level for the descending currents (downdrafts), usually called the level of free sinking (LFS), may
start at any vertical level no lower than the cloud base. Several convective parameterizations, such
as those proposed by Tiedtke (1989) or Bechtold et al. (2001), follow the definition suggested by
Fritsch and Chappell (1980), who assumed that LFS is the level at which the temperature of a
saturated mixture of equal amounts of updraft and environmental air becomes smaller than the
environmental temperature. In contrast, Grell et al. (1991) determined LFS as the minimum value
of h, and Zhang and McFarlane (1995) matched LFS with the lowest updraft detrainment level.
However, if the minimum value of h is lower than the bottom level of updraft detrainment, LFS is
determined as in Grell et al. (1991).

3.3 Impact of trigger functions on convective models

Differences between trigger functions depend on the identification of the source layer of convective
air and on how this layer of unstable air can give rise to convection. While near-surface air is selected
as the source layer in some CPs (Tiedtke, 1989; Donner, 1993; Bechtold et al., 2001; Tawfik and
Dirmeyer, 2014), in others, the choice is the layer of maximum moist static energy, h (Arakawa and
Schubert, 1974; Grell, 1993; Zhang and McFarlane, 1995; Wu, 2012). On the other hand, different
convection triggers are used to determine whether unstable air turns into convection, as mentioned
in the previous section. However, the best way to construct a trigger function is still unknown and,
in many cases, an ad-hoc formulation leads to poor performance in the activation of convection at
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Table 3.5: A sample of empirical values and assumptions used in the starting levels. (Note: subscript ”sh” refers to
shallow convection)

Components Empirical value or assumption Choices in the
literature

Reference

USL Layer with a minimum depth Dcrit

and below the lowest 300 hPa
Dcrit = 60hPa Kain and Fritsch (1990)

Level of maximum moist static energy
between surface and pressure level
pmax

pmax = 700 hPa Grell (1993), Pan and Wu
(1995), Zhang and McFarlane
(1995), Han and Pan (2011),
Wu (2012)

pmax = 400 hPa Hong and Pan (1996, 1998)

Surface Park (2014a,b)

USLsh Level of maximum moist static energy
within PBL

Han and Pan (2011)

LFC Level of maximum moist static energy
within PBL

Tiedtke (1989), Fritsch and
Chappell (1980), Kain and
Fritsch (1990), Donner (1993),
Bechtold et al. (2001),
Bechtold et al. (2004)

Reached within an upper limit In the lowest 300 hPa
of the atmosphere

Kain and Fritsch (1990),
Bechtold et al. (2004)

Reached within a critical depth Dcrit

from the convection starting level in
proportion to vertical velocity at
cloud base ω

Dcrit = 150 hPa Hong and Pan (1996, 1998)

120 hPa < Dcrit <
180 hPa, with
Dcrit = f(ω, ω1, ω2),
ω1 =
−5 · 10−3(−1 · 10−3)
and ω2 =
−5 · 10−4(−2 · 10−5)
over land(ocean)

Han and Pan (2011), Han
et al. (2017), Lim et al. (2014)
and Han et al. (2019)
computed ω1 and ω2 assuming
ω = f(model horizontal
resolution); Kwon and Hong
(2017) added a scale-aware
factor to Dcrit

Dcrit ∝ RH Han et al. (2020)

LFS Level at which the temperature of a
saturated mixture of equal amounts of
updraft and environmental air
becomes less than Tenv

Fritsch and Chappell (1980),
Tiedtke (1989), Nordeng
(1994), in Baba (2019) it has
to be located below the level
of minimum moist static
energy h

Level of minimum environmental
saturated equivalent potential
temperature between LCL and cloud
top

Kain and Fritsch (1990),
Bechtold et al. (2001), Wu
(2012)

Level of minimum moist static energy
h

Grell et al. (1991), Grell
(1993)

Level of minimum moist static energy
h if lower than the base of the
detrainment layer; if not, it matches
the detrainment level

Zhang and McFarlane (1995)

Near 400-hPa level; level above the
minimum moist static energy h

Pan and Wu (1995)

Located within a certain range above
USL

150− 200RH Kain (2004)

the right location and time (Suhas and Zhang, 2014; Song and Zhang, 2017). Comparison between
the performance of different trigger functions and observations from different climates leads to im-
provements in the formulation of the activation criteria for convection. Suhas and Zhang (2014)
used three intensive observation period (IOP) datasets from the Atmospheric Radiation Measure-
ment (ARM) program and long-term SCMs to evaluate the performance of different trigger functions
(AS scheme, Bechtold scheme, Donner scheme, KF scheme, Tiedtke scheme, and four variants of the
ZM scheme). The dilute dCAPE trigger function showed the best performance in both the tropics
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and midlatitudes, while the undilute dCAPE was as good as the dilute dCAPE only for the trop-
ics. Furthermore, the Bechtold and dilute CAPE trigger functions were among the best-performing
schemes. As a follow-up, Song and Zhang (2017) used observations from the Green Ocean Amazon
(GOAmazon) field campaign to evaluate and improve the trigger functions selected in Suhas and
Zhang (2014), with the addition of the HCF. In their study, the dCAPE-type triggers also ranked
first, followed by the Bechtold and HCF triggers. The undilute dCAPE trigger performed better
with the inclusion of a 700-hPa upward motion, while the dCAPE trigger improved with an optim-
ization of the entrainment rate and dCAPE threshold. Using GOAmazon, the authors set the values
for the dCAPE threshold and entrainment rate. The new values are 55 J kg−1 s−1 for the dCAPE
threshold and 2.5 · 10−4 m−1 for the entrainment rate.

The convection trigger criterion plays a crucial role in the simulation of a wide number of
atmospheric events. The impact of the trigger function on the correct simulation of the diurnal
cycle of convection and precipitation in atmospheric models has been widely studied, especially over
land (Bechtold et al., 2004; Knievel et al., 2004; Lee et al., 2007a,b, 2008; Hara et al., 2009; Evans and
Westra, 2012). The common problem in the simulation of the diurnal cycle is that it peaks too early
and its amplitude is too high (Yang and Slingo, 2001; Collier and Bowman, 2004). Moreover, the
diurnal cycle of precipitation peaks too early over land (in general, 2 to 4 hours before the observed
maxima) (Dai, 2006), which is related to the formulation of the trigger function (Betts and Jakob,
2002; Bechtold et al., 2004). Lee et al. (2008) performed a sensitivity analysis with four different
trigger functions implemented in the RAS scheme and found significant differences in the diurnal
cycle of precipitation over the Great Plains in the United States. Several studies have performed
sensitivity analyses and found possible ways to improve the simulation of the diurnal cycle. Models
with finer resolution provided a better simulation in the amplitude, variability, and timing of the
diurnal cycle (Wang et al., 2007; Sato et al., 2009). The inclusion of the effect of moisture advection
in the trigger function improved the distribution and intensity of convective precipitation in the MM5
(Ma and Tan, 2009). The use of different initiation and termination conditions in the SAS scheme
led to a better diurnal variation of precipitation (Han et al., 2019) although it increased the excessive
precipitation and did not alleviate the bias in the phase of precipitation intensity. The modification
of both the trigger and closure criteria by considering cold pools could minimize the bias in the
diurnal cycle of convection (Rio et al., 2009, 2013). Another important case involves the deficiencies
in the simulation of the MJO (Lin et al., 2006), which are often improved by the modification of
the trigger function. For example, Wang and Schlesinger (1999) found that a better representation
of the MJO was possible by adding a moisture trigger to the convective parameterization used in
the atmospheric general circulation model at the University of Illinois, Urban–Champaign (UIUC).
Zhang and Mu (2005b) used the same approach in the National Center for Atmospheric Research
(NCAR) Community Climate Model version 3 (CCM3) as did Lin et al. (2008) in the Seoul National
University (SNU) atmospheric general circulation model. Another example is a better representation
of the Indian summer monsoon rainfall by the addition of HCF to the trigger function in the Climate
Forecast System version 2 (CFSv2) (Bombardi et al., 2015).

The lack of “convective memory” effects in the models based on the QE assumption causes
a convective parameterization to be triggered, regardless of the convection stage, as long as the
convection criteria are met. Different ways to include the memory effect have been proposed, such
as using prognostic cumulus kinetic energy ((Pan and Randall, 1998), or an ensemble of cold pools
(Grandpeix and Lafore, 2010; Del Genio et al., 2015) (see Sect. 2.9).

4 Cloud model: types and choices

The cloud model represents the interaction between cumulus clouds and the large-scale environ-
ment. Thus, it determines the vertical distribution of convective heat and moisture through the
parameterization of the mass flux profile, the entrainment-detrainment, and the microphysics. This
section discusses the main types of mass flux and entrainment-detrainment schemes adopted in the
literature, as well as the main assumptions and empirical values employed in the formulation of the
cloud model.
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4.1 Mass flux scheme types

According to the approach used to estimate the unknown quantities in Eq. (3.5a), Eq. (3.5b) and
Eq. (3.5c), mass flux schemes are classified into spectral, bulk and episodic mixing models.

4.1.1 Spectral models

Spectral models represent the ensemble of clouds within a grid box with a spectrum of clouds, each
of them with a cloud model. Therefore, multiple types of convection are considered in these models
in contrast to the bulk ones, wherein the use of only one cloud model for each grid box makes it
necessary to decide a priori the type of convection and to characterize the cloud model by averages
over the ensemble of clouds.

In spectral models, clouds within a grid box are grouped into different cloud models according
to a certain parameter. The majority of spectral schemes generate an ensemble of plumes based on
a distribution of entrainment rates (Arakawa and Schubert, 1974; Hack et al., 1984; Nober and Graf,
2005; Chikira and Sugiyama, 2010; Chikira, 2010), although care has to be taken such that the results
(convective regime) are not dominated by the least entraining parcels. Each cloud type contributes
a different amount to the ensemble mean depending on their cloud-base mass flux. This type of
model was original proposed by AS. Since then, the scheme has undergone several modifications,
some of them make the scheme no longer a spectral model but a bulk mass flux scheme (e.g., Grell,
1993; Pan and Wu, 1995). For example, Moorthi and Suarez (1992) modified the closure in the AS
scheme by replacing the QE assumption with a relaxation towards equilibrium. This scheme is also
known as the Relaxed Arakawa-Schubert (RAS). Numerous studies described models based on the
spectral representation (e.g., Wagner and Graf, 2010; Donner, 1993; Sušelj et al., 2012, 2013; Hong
et al., 2013; Neggers, 2015; Brast et al., 2018; Hagos et al., 2018; Olson et al., 2019).

4.1.2 Bulk models

The ensemble of clouds within a grid box is represented by a single cloud model, in contrast to
spectral models. Yanai et al. (1973) are the main representatives of this type of scheme. In their
diagnostic study, clouds are classified according to their cloud tops, and the steady plume hypothesis
(Morton et al., 1956) is applied. It is assumed that all clouds have a common cloud-base height, and
that the values of detrainment are identical to the values inside the plume. In mesoscale models,
Fritsch and Chappell (1980) and Kain and Fritsch (1990) also applied the steady hypothesis, as did
Singh et al. (2019) in their study of the relationship between humidity, instability, and precipitation
in the tropics. Tiedtke (1989), and Gregory and Rowntree (1990) applied the same approach as Yanai
et al. (1973) in their schemes at the ECMWF, and at the UK Meteorological Office. The scheme used
at ECMWF has undergone several modifications since then (e.g., Nordeng, 1994; Gregory et al., 2000;
Li et al., 2007; Zhang et al., 2011; Kim and Kang, 2012; Stevens et al., 2013). Other studies, such
as Grell (1993), changed the spectrum of cloud sizes in AS for a simple non-entraining cloud within
a single grid box. Pan and Wu (1995) developed the so-called simplified Arakawa–Schubert model
(SAS), which is a modified version of the model proposed by Grell (1993). The cloud ensemble is also
represented by a single non-entraining cloud and the downdraft starting level is modified to avoid
excessive cooling below cloud base. Han and Pan (2011) further modified entrainment, detrainment
and cloud-base mass flux in SAS to overcome unrealistic grid-scale precipitation and developed a
bulk mass flux parameterization for shallow convection. Many mass flux parameterizations use the
bulk-cloud approach (e.g., Siebesma and Holtslag, 1996; Bechtold et al., 2001; Neggers et al., 2009;
Yano and Baizig, 2012; Loriaux et al., 2013) with different formulations of their cloud models (i.e.,
formulation of the mass flux at cloud base, entrainment, detrainment, microphysics).

4.1.3 Episodic mixing models

Drawing on the continuous entrainment and average buoyancy used in entraining-detraining plume
models in both bulk and spectral formulations, Emanuel (1991, 1994) proposed the so-called episodic
mixing model, which is based on the stochastic mixing model of Raymond and Blyth (1986), and
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the observations of Taylor and Baker (1991), among others. Thus, Emanuel assumed that mixing
is highly inhomogeneous and episodic, and applied the buoyancy sorting hypothesis (Telford, 1975;
Taylor and Baker, 1991), which is the basis of a number of cumulus parameterizations (e.g., James
and Markowski, 2010; Park, 2014a), especially those focused on shallow convection (e.g., Bretherton
et al., 2004; De Rooy and Siebesma, 2008; Neggers et al., 2009; Pergaud et al., 2009). The Emanuel
scheme and its modified versions (Emanuel and Živković-Rothman, 1999; Grandpeix et al., 2004;
Peng et al., 2004) are widely used in RCMs (e.g., Zou et al., 2014; Raju et al., 2015; Bhatla et al.,
2016; Gao et al., 2016; Kumar and Dimri, 2020).

The aforementioned mass flux scheme types are explained from the point of view of the ascend-
ing currents. However, convective downdrafts, i.e., descendent currents caused by evaporation of
condensate and rainwater loading, should be taken into account. Simply put, they may be considered
bottom-up updrafts. Downdrafts are of great importance in atmospheric convection. As Plant and
Yano (2015) highlighted, they have opposite effects on the organization and evolution of convective
systems. The transport of cooler and drier air into the sub-cloud layer may stabilize it and therefore
inhibit convection or may lead to the development of new convective elements if downdrafts cause an
increase in low-level convergence. The majority of convective parameterizations include downdrafts
with assumptions about their starting level, entrained and detrained air, and the amount of con-
densate available for evaporation. However, many schemes, such as Grell (1993), the ZM scheme
used in CESM, and the Tiedtke scheme in the ECHAM model, have described downdrafts as simple
saturated plumes, i.e., “inverse plume”, with a mass flux proportional to the updraft mass flux
(Thayer-Calder, 2013). Other authors have proposed a more complex parameterization including
unsaturated downdrafts in their formulations and a downdraft mass flux based on Eq. (3.5a), Eq.
(3.5b) and Eq.(3.5c) (e.g., Emanuel, 1991; Xu et al., 2002s).

4.2 Entrainment and detrainment

The mixing of air masses due to entrainment of environmental air into clouds and detrainment
of cloudy air into the environment is a key process in convective parameterizations (Blyth, 1993;
Luo et al., 2010; Donner et al., 2016) as it modifies the vertical profiles of heat and moisture within
cloudy air. Sanderson et al. (2008) identified the entrainment rate as one of the dominant parameters
affecting climate sensitivity after evaluating thousands of GCM simulations. Other authors, such
as Rougier et al. (2009), Klocke et al. (2011) and Zhao (2014) have obtained similar conclusions in
their analyses. In addition, the influence of convective detrainment of water vapor and hydrometeors
from cumulus clouds is an important source of water that strongly impacts climate simulations (e.g.,
Ramanathan and Collins, 1991; Lindzen et al., 2001). In this section, attention is drawn to the most
important model types of entrainment and detrainment, the main assumptions and empirical values
used in the literature, and the impact that the different formulations have in convective models. The
main assumptions and empirical values used in the formulation of entrainment and detrainment are
listed in Tables 3.6 and 3.7 and in Tables 3.8 and 3.9, respectively.

4.2.1 The choice of lateral vs cloud-top entrainment

Since Stommel (1947) provided the first description of cumulus cloud dilution by entrainment of
environmental air, two conceptual models are still competing: the lateral entrainment model and
the cloud-top entrainment model.

In the lateral entrainment model, Stommel (1947) considered that environmental air enters the
cloud through the lateral cloud edges and continuously dilutes cloudy air during its ascent, regardless
of whether it is considered a plume or a bubble. Several aircraft observations and experiments
in water tanks (Turner, 1962; Morton et al., 1956) contributed to the formulation of the lateral
entrainment theory. However, authors such as Warner (1970) pointed out the deficiencies of this
theory in predicting the right profile of liquid water content (LWC).

In order to address these deficiencies, Squires (1958) proposed another entrainment model, the
cloud-top entrainment. This author suggested that environmental air enters the cloud predominantly
at or near the cloud top, descends through penetrative downdrafts created by evaporative cooling,
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and dilutes the cloud by turbulent mixing. Paluch (1979) provided more evidence for cloud-top
entrainment in her study on cumulus clouds over Colorado. The author found that the cloud water-
mixing ratio and the wet equivalent potential temperature follow a line at a single level, the so-called
“mixing line”, which connects cloud base and cloud top. Paluch interpreted it as evidence for a two-
point mixing scenario. Further studies (Boatman and Auer, 1983; LaMontagne and Telford, 1983;
Jensen et al., 1985; Reuter and Yau, 1987) confirmed Paluch’s results. However, several authors
have criticized the mixing line source levels (e.g., Blyth et al., 1988; Malinovski and Pawlowska-
Mankiewicz, 1989; Raga et al., 1990; Grabowski and Paw lowska, 1993; Neggers et al., 2002; Zhao
and Austin, 2005), and the interpretation of the mixing line (e.g., Betts and Albrecht, 1987; Taylor
and Baker, 1991; Grabowski and Paw lowska, 1993; Siebesma, 1998; Böing et al., 2014).

Which of the two models predominates in cumulus convection remained unclear for many years.
The increase in computational power in recent decades has promoted the use of LES to study
entrainment and detrainment mainly in shallow cumulus clouds. Several authors, such as Heus
and Jonker (2008) and Böing et al. (2014), have applied LES to identify the dominant process in
mixing in cumulus clouds, concluding that cloud-top entrainment is insignificant compared to lateral
entrainment.

4.2.2 Main empirical values in entrainment and detrainment formulations

Aircraft observations and experiments in water tanks (Turner, 1962; Morton et al., 1956) led to the
formulation of the lateral entrainment theory, which anticipates that the fractional entrainment rate
(hereafter entrainment rate) changes with the cloud radius (Malkus, 1959; Squires and Turner, 1962;
Simpson and Wiggert, 1969; Simpson, 1971)

1

M

∂M

∂z
= ε ≈ C

R
(3.9)

where M is the mass flux, z is the height, ε denotes the entrainment rate, C is a constant, and R
is the radius of the rising plume. These first parameterizations set C = 0.2 based on laboratory
results. As De Rooy et al. (2013) pointed out in their review article on entrainment and detrainment
in cumulus convection, many cloud models still use this formulation (e.g., Arakawa and Schubert,
1974; Kain and Fritsch, 1990; Donner, 1993), sometimes assuming a constant entrainment rate.

Houghton and Cramer (1951) improved this theory by taking into account the increase in vertical
velocity due to buoyancy. Thus, the authors distinguish between dynamical entrainment due to
larger-scale organized inflow, εdyn, and turbulent entrainment caused by turbulent mixing, εturb.
The turbulent entrainment rate is related to the flux across the updraft boundary, which is often
described with an eddy diffusivity approach (Kuo, 1962; Asai and Kasahara, 1967; De Rooy et al.,
2013; Cohen et al., 2020). Under the eddy diffusivity approach, the eddy flux is modeled by a
downgradient and an eddy diffusivity. that for the case of the turbulent entrainment is proportional
to the radial scale of a plume (used as a mixing length) and the turbulent velocity scale of the
environment. The change in mass flux with height, including the detrainment δ of negatively buoyant
mixtures, is given by

1

M

∂M

∂z
= εdyn + εturb − δdyn − δturb (3.10)

Tiedtke (1989) and Nordeng (1994) assumed that turbulent entrainment is inversely proportional
to cloud radii, as in Simpson and Wiggert (1969) and Simpson (1971). They used typical cloud sizes
based on observations for different types of convection to fix the values of entrainment rates. For
penetrative and midlevel convection, the entrainment rate was fixed to εturb = 1 · 10−4 m−1. This
is a typical value for tropical clouds as shown in the analysis of aircraft observations in Simpson
(1971). For shallow convection, the entrainment rate was based on typical values for large trade
cumuli, εturb = 3 · 10−4 m−1 (Nitta, 1975). Gregory and Rowntree (1990) also assumed a turbulent
entrainment rate, but inversely proportional to the height, while in Bechtold et al. (2008), εturb
is O(1 · 10−3 m−1) in better agreement with CRM results, and also relative-humidity-dependent,
which turned out to be important to represent realistic tropical variability (Table 3.6). Dynamical
entrainment εdyn is proportional to moisture convergence and occurs only in the lower part of the
cloud layer up to the level of strongest vertical ascent in Tiedtke (1989). In Nordeng (1994), it

95



is based on momentum convergence. Gregory and Rowntree (1990) did not include it in their
parameterization, whereas in Bechtold et al. (2008), it depends on RH and is only applied to deep
convection. For downdraft, Bechtold et al. (2014) set εturb = 3 · 10−4 m−1 and εdyn as a function of
B. A common practice in the definition of entrainment rates for downdraft consists of assuming a
similar parameterization as for updrafts (Table 3.7).

Kain and Fritsch (1990) introduced another type of parameterization based on the buoyancy
sorting. In their parameterization, homogeneous mixing of cloudy and environmental air was as-
sumed, leading to mixtures with different buoyancy properties that have the same probability of
occurrence. Moreover, the authors modified Eq. (3.10) to make it pressure-dependent. The fraction
of environmental air that makes the mixture neutrally buoyant is the so-called critical mixing frac-
tion χc, which determines whether a mixture entrains or detrains after mixing. Thus, entrainment
of positively buoyant mixtures occurs if χ < χc, while χ > χc leads to immediate detrainment of
negatively buoyant mixtures. Therefore, detrainment can occur at any level at which χ > χc, unlike
in the AS scheme, wherein only the cloud-top detrainment is considered. Moreover, the maximum
entrainment rate is proportional to pressure and inversely proportional to updraft radius. However,
the KF scheme had deficiencies, such as excessive detrainment and the production of unrealistic
deep saturated layers. In newer versions of the KF scheme, a mitigation of unrealistic deep sat-
urated layers is achieved by assuming that the entrainment of environmental air cannot be lower
than 50 % of the total environmental air involved in the mixing process in the updraft, and that
cloud radius depends on the convergence of the sub-cloud layer (Kain, 2004). Recently, Zheng et al.
(2016) modified the minimum entrainment equation in (Kain, 2004) to include both organized and
turbulent entrainment. The authors made the equation scale-dependent and expressed it in terms
of sub-cloud-layer depth instead of cloud radius. Another scheme based on the buoyancy sorting
hypothesis, but assuming episodic mixing, is the Emanuel scheme (Emanuel, 1991), wherein, in
contrast to the KF scheme, the resulting mixtures just ascend or descend to their level of neutral
buoyancy to detrain.

Other approaches use in-cloud quantities instead of only the environmental quantities to estimate
the entrainment rate. For instance, Gregory (2001) proposed an entrainment rate that depends on
B and inversely on the square of the updraft speed w calculated using Eq. (3.6). The value of aw
also comes from the equation and is selected by comparing SCM simulations against LES and CRM
studies as well as available observations. This parameterization deals with both shallow and deep
convection. What distinguishes one type of convection from another is the value of a constant Ce,
whose values were specified by using an SCM in ECMWF model.

Apart from buoyancy, another environmental quantity that might influence entrainment, and
therefore convection, is RH. A number of studies have analyzed the effect of RH in parameterization
of entrainment-detrainment rates, drawing different conclusions. For instance, Jensen and Del Genio
(2006) found a positive correlation between entrainment rate and RH in their analysis of remote
sensing observations and soundings at Nauru Island, while Bechtold et al. (2008) and Zhao et al.
(2018) found a negative correlation using the Atmospheric Model version 4 (AM4.0). The same
conclusion was achieved by Stirling and Stratton (2012) using a CRM formulation and the Met
Office Unified Model (Met Office UM).

Mapes and Neale (2011) addressed the so-called “entrainment dilemma”, in which excessive
entrainment values tend to excessively restrain convection, while insufficient entrainment values
abundantly ease its activation. To overcome this, they proposed a new formulation of the entrain-
ment rate dependent on a prognostic variable called organization, which expresses the interaction
between the environment and convection. In their formulation, the rain evaporation rate controls
the organization and produces more deep convection for lower values of the entrainment rate.

The previous discussion about entrainment and detrainment rates was focused on deep convect-
ive schemes with some references to unified schemes. However, parameterizations of these processes
are also important in shallow convection. Tiedtke (1989) fixed the entrainment and detrainment
rates for shallow convection to ε = δ = 3 · 10−4 m−1 based on typical values for large trade cumuli
(Nitta, 1975). Using LES based on BOMEX, Siebesma and Cuijpers (1995) found typical values of
entrainment for the core between 1.5 · 10−3 m−1 and 2 · 10−3 m−1 and around 3 · 10(− 3) m−1 for the
updraft. Siebesma (1998) found typical values for entrainment in shallow convection in the range
1.5 − 2.5 · 10−3 m−1. In their revision and performance analysis of the ECMWF IFS, Gregory et al.
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(2000) found values of ε = 1.2 · 10−3 m−1 at cloud base and ε = 3 · 10−3 m−1 150 hPa above it by
employing a control physics package that included a cloud scheme based on Tiedtke (1989, 1993).

Grant and Brown (1999) and Grant and Lock (2004) described a similarity theory for shallow
convective transport. In this theory, buoyancy production and turbulent dissipation are assumed to
nearly balance within QE shallow convective fields. As for the entrainment formulation, it is scaled
based on observable quantities such as CAPE or mass flux at cloud base with a constant Aε that
represents the fraction of TKE available for entrainment. The value of this constant is derived from
LES results. Kirshbaum and Grant (2012) used this formulation with Aε = 0.06. Drueke et al.
(2019) also used this TKE similarity theory for cloud ensembles to retrieve values of entrainment
rates based on sub-cloud and environmental conditions. The authors also compared this method with
the parcel model of Jensen and Del Genio (2006), which coupled surface remote sensing observations
and soundings at Nauru Island to a parcel model, and the Entrainment Rate In Cumulus Algorithm
(ERICA) proposed by Wagner et al. (2013), which uses an algorithm to retrieve values of entrainment
from ground-based remote sensing observations. The analysis was performed using LES of a range of
shallow cumulus over ocean and land showing a strong contrast in entrainment between them, as well
as a lower dilution for wider clouds. The parcel method and TKE similarity theory better capture
the sensitivity within continental cumuli and showed a lower mean error compared to ERICA. The
diurnal variations of entrainment within continental shallow cumulus were only reproduced by the
TKE method. With this method, the authors found values of Aε in the range 0.037 − 0.035. More
recently, Kirshbaum and Lamer (2021) performed a climatological sensitivity analysis of shallow
cumulus entrainment in oceanic and continental locations using the parcel method and the TKE as
in Drueke et al. (2019). A total of 4 years of observations at two ARM observatories were used.
The analysis confirmed the results obtained by Drueke et al. (2019) and identified other sources
of entrainment variability such as sub-cloud wind speed in oceanic flows and cloud-base mass flux
in individual cumuli. Median values of entrainment at a continental site range between 0.5 and
0.6 km−1 and between 1.0 and 1.1 km−1 at the oceanic site.

Neggers et al. (2002) developed a new formulation using LES. The authors proposed an en-
trainment rate inversely proportional to a turnover timescale that seems to be independent of cloud
depth and the vertical velocity of the parcel. Thus, each parcel will have its own entrainment rate
depending on its vertical velocity. For the ensemble of parcels, the fractional entrainment rate is of
the order of the values shown in Siebesma and Cuijpers (1995). Sušelj et al. (2012) followed Neggers
et al. (2002) but with a different value of the turnover timescale (see Table 3.6). Model results using
an SCM proved to be sensitive to the choices of this parameter.

In their EDMF model, Soares et al. (2004) used a constant entrainment rate within the cloud
layer following the entrainment rate in Siebesma (1998), while in the sub-cloud layer the entrainment
is inversely proportional to height.

Bretherton et al. (2004) proposed an entrainment formulation similar to that of KF but modified
χc by defining a critical eddy mixing distance dc based on observations and LES results that revealed
fractions of negative buoyant air in the updrafts (Taylor and Baker, 1991; Siebesma and Cuijpers,
1995). The so-called fractional mixing rate ε0 is defined as inversely proportional to the top of the
cumulus layer H. In their unified scheme, Hohenegger and Bretherton (2011) applied the buoyancy
sorting idea to compute entrainment and detrainment rates as in Bretherton et al. (2004) defining ε0
in a different way. Taking into account LES performed with the System for Atmospheric Modelling
(SAM), this value is linked to the convective precipitation at cloud base here (see Table 3.6).

Based on the results obtained from using tracers in LESs of shallow convection during BOMEX,
that pointed to a description of entrainment through a stochastic Poisson process, Romps and
Kuang (2010) developed a parcel model with stochastic entrainment similar to the one proposed in
Romps and Kuang (2010). The authors used a Monte Carlo method to model entrainment rate. The
parameterization uses two probability functions characterized by two parameters, i.e., the mean ratio
of the entrained mass ment and the distance that parcel travels between entrainment events dent.
The mean fractional entrainment per distance is given by the ratio of these two parameters. The
values that best fit the CRM results were dent = 226 mm and ment = 0.91, i.e., ε = 4.010−3 m−1.
Nie and Kuang (2012) specified ment = 0.32 and dent = 125 m for their LESs of BOMEX to reduce
the number of undilute updrafts to a number comparable to their 25 m resolution run. For the
sub-cloud layer, the parameters were set to dent = 30 m and ment = 0.06. Sušelj et al. (2013)
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replaced the entrainment parameterization in Sušelj et al. (2012) with a stochastic formulation.
The authors considered a constant entrainment rate for dry updrafts below the condensation level
and an entrainment formulation similar to the one proposed by Romps and Kuang (2010). In this
case, the authors found a typical distance of 100 m between entrainment events for BOMEX phase-
3 experiment. Sušelj et al. (2014) parameterized the entrainment rate as in Sušelj et al. (2013)
although with different values for the constant entrainment rate and dent.

Table 3.6: A sample of empirical values and assumptions used in the parameterization of entrainment in the updraft.
(Note: superscript ”u ” refers to updraft, subscript ”sh” to shallow convection and ”uni” to unified schemes).

Type Empirical value or
assumption

Choices in the literature Reference

Turbulent Constant εuturb = 1 · 10−4 m−1 for penetrative
(only occurs in the lower part of the
cloud layer) and midlevel convection,
and εuturb,sh = 3 · 10−4 m−1

Tiedtke (1989), Nordeng
(1994), Zhang et al. (2011),
Möbis and Stevens (2012)

εuturb = 3 · 10−4 m−1 Wang et al. (2007)

Inversely proportional
to height z

εuturb = Ct
u/z, with Ct

u = 3Aef(p),
where Ae = 1.5 for all levels above
LCL, and f(p) = p/ps2, with ps the
surface pressure

Gregory and Rowntree (1990)

Ct
u = 0.55 + 8.0

(
1.2− zLCL

100

)2
, with

0.55 ≤ Ct
u ≤ 3.5

Stratton and Stirling (2012)
only for deep convection over
land

εuturb = 1
z

[
A·RH
zLCL

]
, where zLCL is the

height of LCL and A = 2.0

Stirling and Stratton (2012)
only for deep convection over
land

εuuni = F (z)fdp3Aeρgf(p), where
F (z) is a scaling factor in the range
0.5 to 2.5 and fdp is a tuning
parameter set to 1.13(deep) and 1.0
(shallow)

Willett and Whitall (2017)

Proportional to the
environmental
humidity q

εuturb = c0Fε,0, where Fε,0 =
(

qs
qs,b

)2

and qsi adn qs,b are the saturation
specific humidity at the parcel level
and cloud base, respectively

Bechtold et al. (2008), Han
and Pan (2011), Zhang and
Song (2016), Del Genio and
Wu (2010) found c0 = 0.5

Dynamical Proportional to
moisture convergence

Tiedtke (1989), Möbis and
Stevens (2012)

Depends on
momentum
convergence

εudyn = 1
2

B

w2
d,LFS

−

∫ LFS

z
Bdz

+ 1
ρ

dρ
dz

,

where wd,LFS = 1ms−1 is the
downdraft velocity at LFS

Nordeng (1994), Möbis and
Stevens (2012)

Proportional to the
environmental
humidity q

εudyn = c1
qs−q

q
Fε,1, where

Fε,1 =
(

qs
qs,b

)3
, c1 is a tunable

parameter, and qs and qs,b are the
saturation specific humidity at the
parcel level and cloud base,
respectively

Bechtold et al. (2008),
Del Genio and Wu (2010)
found c1 = 0.1

εudyn = d1(1− RH)Fε,1, where d1 is a

tunable parameter

Han and Pan (2011)

εudyn = Ce(1.3− RH)Fε,1, where

Ce = 1.8 · 10−3m−1, and εush = 2εudyn

Bechtold et al. (2014)

Occurs when cloud
parcels accelerate
upward and the
buoyancy B is positive

Zhang et al. (2011)

No
distinction

Inversely proportional
to cloud radius R

εu = Cu
e /R, with Cu

e = 1 Malkus (1959)

Continued on next page
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Table 3.6 – continued from previous page

Type Empirical value or
assumption

Choices in the literature Reference

Cu
e = 0.2(T62,ST62),0.18 (SW69) Turner (1962), Squires and

Turner (1962), Simpson and
Wiggert (1969), Arakawa and
Schubert (1974), Wagner and
Graf (2010)

Function of a critical
mixing fraction χc

χ < χc Kain and Fritsch (1990),
Bechtold et al. (2001),
Pergaud et al. (2009)

Does not exist around
cloud edges

Grell et al. (1994)

Defined by the
requirement that the
temperature of the
plume that detrains at
a certain level z equals
Tenv

Reaches its maximum value at the
height of minimum h for a saturated
state

Zhang and McFarlane (1995)

Inversely proportional
to height z

εush =
Ce,sh

z
with Ce,sh = 1.0 Siebesma and Cuijpers (1995),

Siebesma et al. (2003),
De Rooy and Siebesma (2008)

Set to a constant value εush = 2 · 10−3 m−1 Siebesma (1998), Siebesma
et al. (2003), Soares et al.
(2004)

εush = 1.2 · 10−3 m−1 at cloud base
and εush = 3 · 10−3 m−1 150 hPa above
it

Gregory et al. (2000)

Below condensation level
εush = 2.5 · 10−3 m−1 (S13),
8.5 · 10−4 m−1 (S14)

Sušelj et al. (2013), Sušelj
et al. (2014)

εush = 2.5 · 10−4 m−1 Song and Zhang (2017)

Proportional to the
fraction of TKE
available for
entrainment Aε

εush =ε
w∗
mb

1
CD

, where w∗ is the

convective velocity-scale, mb cloud
base mass flux, CD is the cloud depth
and Aε = 0.03 for the core(GB99),
0.66 (KG12)

Grant and Brown (1999),
Grant and Lock (2004),
Kirshbaum and Grant (2012)

εush = CAPE1/3

m
2/3
b

1
CD

, where

Aε = 0.035− 0.037

Drueke et al. (2019)

Function of the
buoyancy of the parcel
B and the in-cloud
updraft velocity w

εu = Cu
e

awB
w2 , where Cu

e = 0.25 (deep
G01), 0.5 (shallow G01) and aw = 1/6

Gregory (2001), Kim et al.
(2013)

Cu
e = 0.6 Chikira and Sugiyama (2010)

Cu
e = 0.3 Del Genio et al. (2012)

Cu
e =

(
1

RH
− 1

)
Kim and Kang (2012)

Cu
e = 0.52 Hirota et al. (2014)

εush = Cu
e,sh

B
w2 , withCu

e,sh = 0.55

(sub-cloud layer)

Pergaud et al. (2009)

Function of the
in-cloud vertical
velocity w and a
turnover timescale τt

εush = η
τt

1
w
, with τt = 300 s and

η = 0.9 for BOMEXand 1.2 for SCMs
(N02)
τt = 400 s and η = 1 (N09)
τt = 500 s and η = 1 (S12)
τt = 320 s and η = 1 (S16)

Neggers et al. (2002, 2009),
Sušelj et al. (2012), Sakradzija
et al. (2016)

η/τt = 2.4 · 10−3 s−1 Chikira and Sugiyama (2010)

Inversely proportional
to height z

εu = Cu
e /z, with Cu

e = 0.55 (JS03),
0.1 (HP11)

Jakob and Siebesma (2003), in
Han and Pan (2011) only in
sub-cloud layers

εush = Cu
e,sh/z, with Cu

e,sh = 1.0

(RS08), 0.3 (HP11)

De Rooy and Siebesma
(2008), Han and Pan (2011)

Continued on next page
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Table 3.6 – continued from previous page

Type Empirical value or
assumption

Choices in the literature Reference

(in sub-cloud layer)

εush = Cu
e,sh

(
1

z+∆z
+ 1

(zi−z)+∆z

)
,

where ∆z is the vertical grid spacing
and Cu

e,sh = 0.5 (S04), 0.4 (S07)

Soares et al. (2004), Siebesma
et al. (2007)

Depends on a critical
eddy-mixing distance
dc and a critical
mixing fraction χc

εush = ε0χ2
c , where ε0 = 15

dc
(B04)

ε0(z) = ε0(zcb)(z/zcb)
ce (HB11),

where zcb is cloud-base height, and ce
is computing by specifying ε0 at cloud
base and at zcb + 2000m

Bretherton et al. (2004),
Hohenegger and Bretherton
(2011)

Proportional to a
critical mixing fraction
χc

εu ≥ Mu
Cu

e δp

R
χc, where Mu is the

updraft mass flux at cloud base,
Cu

e = 0.03mPa−1, and χc = 0.5

Kain (2004)

Proportional to
detrainment rate δush
in the sub-cloud layer

εush = 0.4δush Rio and Hourdin (2008)

Function of the
buoyancy B and the
in-cloud vertical
velocity w

εu = max
[
0, 1

1+β1

(
a1B
w2 − b′

)]
,

where a1β1(1 + β1)−1 = 0.315,
a = 2/3 anf b′ = 0.002

Rio et al. (2010)

Stochastic
parameterization.
Depends on mean
ration of entrained
mass ment and
distance that parcel
travels between
entrainment events
dent

εush = ment/dent, where dent = 226m
(RK10), 125m (NK12), 30mm
(NK12-sub-cloud layer), 100m (S13),
200m (S14), ment = 0.91 (RK10),
0.32 (NK12), 0.06 (NK12-sub-cloud
layer), 0.1 (S13), 0.2 (S14)

Romps and Kuang (2010), Nie
and Kuang (2012), Sušelj
et al. (2013)

Depends on a
prognostic variable

Mapes and Neale (2011)

Depends on RH and
the height of the LCL
zLCL for the early
stages of developing
convection over land

Stirling and Stratton (2012)

Function of the
pressure p

εu = 4.5F
(p(z)ρg(z))

(p2s)
with F = 0.9 as

a default value and ps the surface
pressure

Klingaman and Woolnough
(2014)

Uses PDFs Lognormal, gamma and Weibull
distributions

X. Guo et al. (2015b)

The entrained mass
depends on the
pressure depth of a
model layer ∆p,
horizontal grid spacing
Dx, and the height of
LCL above the ground
zLCL

∆Me = Mb
αβ

zLCL
∆p, where Mb is the

updraft mass flux at cloud base,
α = 0.03, and β = [1 + ln(25/Dx)]

Zheng et al. (2016)

Values using retrieval
methods

εush = 0.5 km−1 over land Drueke et al. (2019)

εush = 0.5− 0.6 km−1(1.0− 1.1 km−1)
over land(ocean)

Kirshbaum and Lamer (2021)

Function of buoyancy
B and detrainment
rate δu

εuw2 = C1B − C2δuw2 with
C1 = C2 ≈ 0.2

Baba (2019)

Recently, in their shallow cumulus study, Lu et al. (2018) identified deficiencies in previous
studies about the impact of RH on entrainment that could lead to erroneous conclusions regarding
the effects of RH on entrainment, such as the use of conserved quantities related to RH to estimate
entrainment rates, and that no observations had thus far been used to determine the relationship
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between RH and entrainment. To address these deficiencies, the authors analyzed aircraft obser-
vations from the Routine AAF (ARM Aerial Facility) CLOWD (Clouds with Low Optical Water
Depths) Optical Radiative Observations (RACORO) (Vogelmann et al., 2012) and Rain In Cumulus
over the Ocean (RICO) field campaigns (Rauber et al., 2007) for shallow cumulus and concluded
that ε and RH are positively correlated. Nonetheless, there is no general consensus on the effects of
environmental RH on entrainment rates (Lu et al., 2018).

Table 3.7: A sample of empirical values and assumptions used in the parameterization of entrainment in the downdraft.

Types Empirical value or
assumption

Choices in the literature Reference

Turbulent Set to a constant value εdturb = 2 · 10−4 m−1 Tiedtke (1989), Nordeng
(1994), Möbis and Stevens
(2012), Baba (2019)

εdturb = 3 · 10−4 m−1 Bechtold et al. (2014)

Dynamical Function of in-cloud
buoyancy B

Bechtold et al. (2014)

Function of in-cloud
buoyancy B and
downdraft velocity at
the LFS wd,LFS

εddyn = −B

w2
d,LFS

−

∫ LFS

z
Bdz

+ 1
ρ

dρ
dz

,

where wd,LFS = 1ms−1 is the
downdraft velocity at the LFS

Baba (2019)

No
distinction

Proportional to εu; its
maximum value εdmax
is constrained

εd = 2εu and εdmax = 2/(zD − zb)
where zD is height of the detrainment
level, and zb is the cloud-base height

Zhang and McFarlane (1995)

Set to a constant value εd = 2 · 10−4 m−1 (K13) Gerard and Geleyn (2005),
Gerard (2007), Kim et al.
(2013)

Less attention has been paid to the parameterizations of the detrainment process. Many convec-
tion schemes set it as a constant value (see Tables 3.8 and 3.9), while others consider detrainment
to be negligible (Lu et al., 2012). Tiedtke (1989) and Nordeng (1994) assumed a turbulent detrain-
ment inversely proportional to cloud radii and fixed its value to δturb = 1 · 10−4 m−1 for penetrative
and midlevel convection (see Table 3.8). On the other hand, Gregory and Rowntree (1990) as-
sumed a turbulent detrainment rate inversely proportional to the height and smaller than εturb,
while Bechtold et al. (2008) set δturb to a constant value. Dynamical detrainment δdyn is defined to
occur in Tiedtke (1989), Bechtold et al. (2008) and Gregory and Rowntree (1990) when the updraft
buoyancy becomes negative. In the former two schemes it is then set proportional to the decrease in
updraft kinetic energy while in the latter it is computed implicitly. For downdraft, Bechtold et al.
(2014) set δturb = εturb, and enforced δdyn over the lowest 50 hPa. As in the case of entrainment
rates in downdrafts, a common practice in the definition of detrainment rates for downdraft consists
of assuming a similar parameterization as for updrafts (Table 3.9).

In the parameterization of detrainment in shallow convection schemes, De Rooy and Siebesma
(2008) treated the mass flux and the entrainment formulation separately based on LES results, which
suggests that variations in the mass flux profile are mostly related to the fractional detrainment
(Jonker et al., 2006; De Rooy and Siebesma, 2008). De Rooy and Siebesma (2008) kept ε fixed as an
inverse function of height, and developed a dynamical formulation for δ dependent on the average of
χc from cloud base up to the middle of the cloud layer ⟨χc⟩∗(the reader is referred to equation A11
in De Rooy and Siebesma (2008) for a detailed calculation of χc), and on the cloud layer depth. For
shallow convection, Siebesma and Cuijpers (1995) found vales of detrainment rates that were rather
constant at around 3 · 10−3 m−1 for the core and 4 · 10−3 m−1 for the updraft. Using LES output
from BOMEX, Siebesma (1998) found typical values of detrainment in the range 2.5− 3 · 10−3 m−1.
Other studies, such as Soares et al. (2004) used a constant detrainment rate following Siebesma
(1998) and set it to the value of entrainment at cloud base (e.g., Han and Pan, 2011) or proportional
to the entrainment rates (e.g., Bechtold et al., 2014), among others.
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Table 3.8: A sample of empirical values and assumptions used in the parameterization of detrainment in the updraft.
(Note: subscript ”sh” refers to shallow convection).

Type Empirical value or
assumption

Choices in the literature Reference

Turbulent Constant δuturb = 1 · 10−4m−1 Tiedtke (1989), Nordeng
(1994), Bechtold et al. (2008),
Zhang et al. (2011)

δuturb,sh = 3 · 10−4 m−1 Tiedtke (1989)

Proportional to the
entrainment rate εuturb

δuturb = Cu
dtε

u
turb, where Cu

dt = 2/3 Gregory and Rowntree (1990)

Cu
dt = (1− RH) Derbyshire et al. (2011),

Walters et al. (2019)

Cu
dt = 15(1− RH)2 Stirling and Stratton (2012)

Cu
dt = 2.5(1− RH) Stratton and Stirling (2012)

δuturb,sh = Cu
dt,shε

u
turb,sh, where

Cu
dt,sh = (1.6− RH)

Bechtold et al. (2014)

Dependent on RH δuturb = Cu
dt(1.6− RH), where

Cu
dt = 0.75 · 10−4 m−1

Bechtold et al. (2014)

Dynamical Initiated if the
buoyancy of the parcel
is less than a
minimum value Bmin

Bmin = 2− 3K Yanai et al. (1973)

Bmin = 0.2K Gregory and Rowntree (1990)

Only at levels of
neutral buoyancy

Tiedtke (1989)

Non-zero above the
lowest possible
organized detrainment
level zlow

δudyn = 1
σ

dσ
dz

, where

σ = σ0 cos
(

ß
2

z−zlow
zct−zlow

)
with zct the

cloud top height, and σ the horizontal
area covered by the updraft. zlow is
the level of neutral buoyancy with
entrainment rate ε = 1

2(ζ+z−zcb)
,

where the subscript cb means cloud
base, and ζ = 25m corresponds to an
excess buoyancy of 1K at cloud base
and a vertical velocity of 1ms− 1at
that level.

Nordeng (1994)

Proportional to the
decrease in updraft
vertical kinetic energy
at the top of the cloud

Bechtold et al. (2008), Zhang
and Song (2016)

Proportional to the
loss of buoyancy

Derbyshire et al. (2011)

When updraft
becomes negatively
buoyant

Bechtold et al. (2014)

No
distinction

Occurs only in a thin
layer at cloud top

Arakawa and Schubert (1974)

Only at levels of
neutral buoyancy

Emanuel (1991), Moorthi and
Suarez (1992)

Does not exist around
cloud edges

Grell et al. (1994)

Constant δu = 2 · 10−4 m−1 (deep) and
δush = 2 · 10−3 m−1 (shallow)

Gregory (2001)

δush = 3 · 10−3 m−1 Soares et al. (2004)

Depends on a critical
eddy-mixing distance
dc and a critical
mixing fraction χc

δush =
Cu

d
dc

(1− χc)2, where Cu
d = 1.5 Bretherton et al. (2004), Zhao

et al. (2018)

Continued on next page
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Table 3.8 – continued from previous page

Type Empirical value or
assumption

Choices in the literature Reference

Function of average of
χc from cloud base up
to the middle of the
cloud layer ⟨χc⟩∗

δush ∝ ⟨χc⟩∗ De Rooy and Siebesma (2008)

Depends on in-cloud
vertical velocity w,
buoyancy B and the
difference in the water
mixing ratio ∆q
between the mean
plume ql and the
environment q

δu =

max

[
0,− a1β1

1+β1

B
w2 + c

(
∆q/q)

w2

)d
]
,

where a1 = 2/3, β1 = 0.9,
c = 0.012 s−1 and d = 0.5

Rio et al. (2010)

Constant at all levels δu = εcb, and δush = εcb,sh with
εcb(sh) the entrainment at cloud base
for deep(shallow)

Han and Pan (2011)

Function of buoyancy
B and in-cloud
vertical velocity w

δu = −Cu
d

aB
w2 where Cu

d takes
different values

Kim et al. (2013)

Function of buoyancy
B

δu = B
2

Baba (2019)

Table 3.9: A sample of empirical values and assumptions used in the parameterization of detrainment in the downdraft.

Components Empirical value or assumption Choices in the
literature

Reference

Turbulent Set to a constant value δdturb = 2 · 10−4 m−1 Tiedtke (1989), Nordeng
(1994), Baba (2019) neglects
it when the downdraft is
thermodynamically positively
buoyant or reaches below the
cloud base

δdturb = 3 · 10−4 m−1 Bechtold et al. (2014)

Dynamical Enforced over the lowest 50 hPa Bechtold et al. (2014)

When the downdraft is
thermodynamically positively buoyant
or reaches below the cloud base

δddyn inversely

proportional to layer
thickness (if in-cloud)
or to height (if below
cloud base)

Baba (2019)

No
distinction

Set to a constant value that is
replaced when vertical velocity
decreases with height, usually near
cloud top

δd = 2 · 10−4 m−1 Gregory (2001)

Only at levels of neutral buoyancy Bechtold et al. (2001)

Only over a fixed layer of 60 hPa that
extends from downdraft

δd = 0m−1 apart from
the detrainment layer

Kain (2004)

Linear function of pressure between
the top of USL and the base of the
downdraft

Proportional to the updraft
convergence of the updraft mass flux

Gerard and Geleyn (2005)

When downdraft becomes positively
buoyant, with 75% of its mass
detraining at each subsequent level

Kim et al. (2013)

Only in the lowest 1000m above the
ground or starting at LFC, whichever
is located higher above the ground

Grell and Freitas (2014)
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4.2.3 Impact of entrainment and detrainment on convective models

The discussion above illustrates the many nuances in the modeling of convection, the importance
of empirical values in the final results, and the need for further research to disentangle the many
details involved. It is accepted that the parameterizations of entrainment and detrainment still have
great uncertainties (e.g., Romps, 2010; Becker and Hohenegger, 2018) and problems in producing
a realistic representation of convection (e.g., Mapes and Neale, 2011). For example, Stratton and
Stirling (2012) improved the timing and amplitude of the diurnal cycle of tropical convection in the
Met Office climate model by setting the entrainment for deep convection as a function of the height
of LCL.

Perhaps not surprisingly, MJO simulations are also sensitive to entrainment (e.g., Hannah and
Maloney, 2011; Del Genio et al., 2012; Kim et al., 2012; Hirons et al., 2013; Klingaman and Wool-
nough, 2014. Hannah and Maloney (2011) applied the RAS scheme in a GCM and analyzed the
influence of minimum entrainment rate and rain evaporation fraction in the simulation of MJO.
Larger values of either of the two parameters led to a better representation of the MJO and inter-
seasonal variability, although higher values of minimum entrainment produced a drier and cooler
atmosphere in contrast to the effect of higher values of rain precipitation fraction. Klingaman and
Woolnough (2014) evaluated the effects of 22 model configurations and subgrid parameterizations
on the simulation of MJO in the Hadley Centre Global Environmental model Global Atmosphere
version 2 (HadGEM3 GA2.0) and tested the changes in 14 hindcast cases. A better representation of
the MJO for both hindcast and climate simulations was achieved by increasing entrainment and de-
trainment rates for midlevel and deep convection. A better representation of MJO was also achieved
by Kim et al. (2012) using a GCM to evaluate the tropical subseasonal variability. However, this
improvement was at the expense of an increased bias in the mean state, which is typical for other
GCMs with stronger MJO (Kim et al., 2011).

The entrainment parameterization proposed by Gregory (2001) for both deep and shallow con-
vection achieved satisfactory results in various analyses (e.g., Chikira and Sugiyama, 2010; Del Genio
and Wu, 2010) but proved to be cloud- and altitude-dependent. Recently, Baba (2019) modified
Gregory’s parameterization of the entrainment rate by relating it to the detrainment rate and B.
This new parameterization led to improvements in the positive bias of precipitation in western Pa-
cific region, in the positive bias of outgoing shortwave radiation over the ocean as well as in the
simulation of MJO, equatorial waves, and precipitation over the western Pacific region. Using an
RCM over the Maritime Continent region, Wang et al. (2007) demonstrated that changes in the
values of the fractional entrainment-detrainment rates in Tiedtke scheme, including both shallow
and deep convection, affect the simulation of the tropical precipitation diurnal cycle. Over land,
Del Genio and Wu (2010) used a CRM to study the transition from shallow to deep convection
in diurnal cycles and inferred entrainment rates. Subsequently, the authors compared results from
three different entrainment parameterizations to the results obtained with the CRM and concluded
that the best results were achieved by the entrainment parameterization of Gregory (2001). Through
a version of the Goddard Institute for Space Studies Global Climate Model (GISS GCM) with the
entrainment rate proposed by Gregory (2001), Del Genio et al. (2012) efficiently reproduced the
MJO transition from shallow to deep convection.

The advantage of the formulation of entrainment and detrainment rates in the unified scheme of
Hohenegger and Bretherton (2011) is that it does not require an explicit distinction between deep
and shallow convection. This formulation linking the fractional mixing rate ε0 to the convective
precipitation at cloud base improved the simulation of the precipitation diurnal cycle compared to
CAM, as well as relative humidity, cloud cover and mass flux profiles, and could realistically simulate
the transition between shallow and deep convection. Willett and Whitall (2017) also achieved a more
realistic representation of the diurnal cycle in the tropics with this fractional mixing rate in their
parameterization of entrainment in the UK MetOffice model.

Other studies have evaluated the impact of entrainment-detrainment formulation on large-scale
features, such as the double ITCZ (e.g., Chikira, 2010; Chikira and Sugiyama, 2010; Möbis and
Stevens, 2012; Oueslati and Bellon, 2013). Möbis and Stevens (2012) used both the Tiedtke and
Nordeng schemes in an aquaplanet GCM to evaluate the sensitivity of ITCZ to the choice of the con-
vective parameterization. The Tiedtke scheme produced a double ITCZ, while the Nordeng scheme,
with a higher lateral entrainment rate, led to a single ITCZ. In the works by Chikira (2010) and
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Chikira and Sugiyama (2010), the entrainment rate from AS was replaced by a formulation that
depends on the surrounding environment following Gregory (2001) and Neggers et al. (2002). With
this new formulation, variability and climatology improved, including the double ITCZ and the
South Pacific Convergence Zone (SPCZ). Oueslati and Bellon (2013) obtained similar improvements
in their study of the effects of entrainment on ITCZ by increasing entrainment in a hierarchy of
models (coupled ocean–atmosphere GCM, atmospheric GCM, and aquaplanet GCM), at the cost
of an overestimation of precipitation in the center of convergence zones. The role of entrainment
in large-scale features was also underlined by Hirota et al. (2014) in their comparison of four atmo-
spheric models with different entrainment formulations over tropical oceans.

Based on Zhang (2002) and using sounding data from the Coupled Ocean–Atmosphere Response
Experiment (COARE), the South Pacific Convergence Zone (SGP97) and the Tropical Warm Pool
– International Cloud Experiment (TWP-ICE), Zhang (2009) concluded that the entrainment of
environmental air also affects CAPE and closure assumptions in CPs. The drier the entrained air,
the stronger the dilution effect that acts to reduce CAPE. Moreover, dilute CAPE shows a better
correlation with the consumption of CAPE than undilute CAPE.

As for the impact of entrainment and detrainment formulations for shallow convection, Siebesma
and Holtslag (1996) evaluated a mass flux shallow cumulus based on BOMEX results and found that
lateral entrainment and detrainment rates were 1 order of magnitude larger than those used in the
Tiedtke scheme. Neggers et al. (2002) evaluated their multi-parcel model with LES results based on
BOMEX and the Small Cumulus Microphysics Study (SCMS). The model reproduced the features
of the buoyant part of the clouds and the variability of temperature, moisture and velocity observed
in cumulus clouds. Romps and Kuang (2010) found that their stochastic formulation of entrainment
reproduces the variability observed in the CRM well even when the cloud-base variability is turned
off. While the convective updrafts simulated with the approach proposed by Sušelj et al. (2012)
did not reach high enough compared to LES results and observations, the stochastic entrainment
formulation described in Sušelj et al. (2013) properly simulated shallow cumulus, including the height
of the updrafts and their reduction of horizontal area with height.

As mentioned in Sect. 4.2.2, less attention has been paid to the parameterizations of the de-
trainment process. Based on LES results for shallow convection, De Rooy and Siebesma (2008)
proposed a new detrainment parameterization that led to improvements for ARM, BOMEX, and
RICO shallow convection cases compared to the standard parameterizations of entrainment and
detrainment (Siebesma and Cuijpers, 1995; Siebesma et al., 2003). Moreover, the authors revealed
a greater variation in the detrainment rates from hour to hour and case to case than the variation in
the entrainment rates. Derbyshire et al. (2011) confirmed this finding using a CRM and an adaptive
detrainment proportional to the environmental relative humidity. Later, De Rooy and Siebesma
(2010) showed that detrainment strongly influences the vertical structure of the mass flux.

4.3 Microphysics in convective clouds

The representation of microphysical processes in cumulus parameterizations is key to simulations
of climate change (e.g., Ramanathan and Collins, 1991; Rennó et al., 1994; Lindzen et al., 2001).
Convective microphysics greatly affect the representation of convective clouds due to their influence
on detrainment of water vapor and hydrometeors, as well as the interaction between clouds and
aerosols (e.g., Khain et al., 2005; Koren et al., 2005; Rosenfeld et al., 2008; Song and Zhang, 2011;
Song et al., 2012; Tao et al., 2012). However, many convective parameterization schemes treat
microphysical processes crudely, specifying an empirically determined conversion rate from cloud
water to rainwater (e.g., Arakawa and Schubert, 1974; Tiedtke, 1989; Zhang and McFarlane, 1995;
Han and Pan, 2011) or a certain precipitation efficiency, defined as the fraction of condensed cloud
water converted to precipitation (Emanuel, 1991). The reader should keep in mind that other authors
also take into account the effect of precipitation evaporation, and thus precipitation efficiency is
defined as the fraction of condensate that reaches the surface (see Table 3.10). This is used in the
calculations of the initial downdraft mass flux like in Bechtold et al. (2001). A brief description
of the main assumptions and empirical values used in the representation of microphysics in CPs is
presented here for the sake of completeness. For a detailed review of microphysics parameterizations,
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the reader is referred to Zhang and Song (2016) for convection and Tapiador et al. (2019a) for a full
account.

Table 3.10: A sample of empirical values and assumptions used in precipitation efficiency accounting for evaporation.

Empirical value or
assumption

Choices in the literature Reference

Function of the wind shear
∆V and cloud depth CD

PEws =

1.591− 0.639∆V
CD

+ 0.0953
(

∆V
CD

)2
− 0.00496

(
∆V
CD

)3
Fritsch and Chappell
(1980) set PE = 0.9 if
∆V
CD

< 1.35

Function of wind shear ∆V
(similar as in FC80) and
cloud-base height zLCL

PE = f(PEws, PELCL)with
PELCL = 1

1+PEz
,

where PEz =
0.967− 0.700 zLCL + 0.162 z2LCL − 1.25710−2 z3LC

Zhang and Fritsch
(1986), Kain and
Fritsch (1990),
Bechtold et al. (2001)

Function of wind shear ∆V
and sub-cloud RH

Grell (1993), Grell and
Dévényi (2002)

Proportional to the total
volume of condensed water
accumulated over the cloud
lifetime MV and droplet
concentration Nd

PE ≈ M0.9
V N1.13

d Jiang et al. (2010),
Grell and Freitas
(2014) used CCN
instead of Nd

4.3.1 Conversion of cloud water to precipitation

Despite the importance of microphysical processes in the simulation of surface precipitation, ra-
diation or cloud cover, only a few convection schemes attempted to realistically represent these
processes. A common approach is to assume that a specified fraction of the condensate is instant-
aneously removed as rain. In Yanai et al. (1973) and Tiedtke (1989), the conversion rate from cloud
water to rainwater is assumed to be proportional to cloud water mixing ratio ql with an empirical
function K(z) conversion coefficient that depends on height, as shown in Table 3.11. Other as-
sumptions include a constant conversion coefficient Cc (Arakawa and Schubert, 1974; Grell, 1993;
Zhang and McFarlane, 1995) or define a temperature-dependent threshold water content lwc, above
which all cloud water is converted to precipitation (Emanuel and Živković-Rothman, 1999). Park
and Bretherton (2009) modified the shallow cumulus parameterization described in Hack (1994) and
used it in the UW scheme based on the shallow convective parameterization of Bretherton et al.
(2004). Among the modifications introduced, cloud condensate exceeding a certain threshold value
of the cloud condensate mixing ratio is converted into precipitation, and includes the evaporation
of convective precipitation above cloud base. In general, shallow convective schemes do not include
a parameterization of conversion to precipitation.

Few schemes with a more realistic treatment of the conversion of cloud water to rainwater can
be found in the literature on convection. Autoconversion of cloud water in the convection scheme
is considered in Sud and Walker (1999), following Sundqvist (1978), as well as in Zhang and Mu
(2005b). The latter included the autoconversion of cloud water and other microphysical processes
for both cloud water and ice in the Tiedtke scheme. However, neither the size nor the number
concentration of both hydrometeors is considered explicitly. This makes it impossible to account for
aerosol–convection interaction, which is of great importance in climate simulations. To overcome this
shortcoming, Song and Zhang (2011) and Song et al. (2012) added the mass mixing ratio and number
concentration of each hydrometeor in their parameterization. Another more realistic treatment of
condensation is that proposed by Bony and Emanuel (2001). In this scheme, the condensed water
produced at the subgrid scale is predicted by the convection scheme, while its spatial distribution
is predicted by a statistical cloud scheme through a probability distribution function of the total
water. Indeed, the parameterization of the microphysics is more comprehensively devoted to this
specific problem.
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Table 3.11: A sample of empirical values and assumptions used in the conversion of cloud water to precipitation.
(Note: subscript sh refers to shallow convection).

Empirical value or
assumption

Choices in the literature Reference

Proportional to the liquid
water content ql and an
empirical function K(z) that
depends on height z

Pr = K(z)ql, where

K(z) =

{
0, z ≤ zb + 1500m

2 · 10−3 m−1, z > zb + 1500m
(T89)

Yanai et al. (1973),
Tiedtke (1989)

Constant conversion rate Cc Arakawa and Schubert
(1974)

Pr = CcMuql, where Cc = 6 · 10−3 m−1 (W12), Mu

is the updraft mass flux, and ql

Lord et al. (1982), Wu
(2012)

Cc = 2 · 10−3 m−1 Zhang and McFarlane
(1995), Han and Pan
(2011)

Cc =

{
a exp{b[T (z)− T0]}, T ≤ 0◦C

a, T > 0◦C
, where

a = 2 · 10−3 m−1 and b = 0.07◦C

J.-Y. Han et al.
(2016b)

Function of a condensate to
precipitation conversion factor
cr and the in-cloud vertical
velocity w

Pr ∝ 1− exp(−cr∆z/w), with cr = 0.01 s−1 (KF90),
0.02, s−1 (B00)

Kain and Fritsch
(1990), Bechtold et al.
(2001)

Varies linearly between
150mb and 500mb

Pr =


0, pb − pi < 150 hPa

pb−pi−150
350

, 150 hPa < pb − pi < 500 hPa
1, pb − pi > 500 hPa

,

where pb is the pressure at cloud base

Emanuel (1991)

Function of the detrainment
pressure

Pr =


1, p < 500 hPa

0.8 + 800−p
1500

, 500 hPa < p < 800 hPa
0.58, p > 800 hPa

Moorthi and Suarez
(1992)

Pr =


0.975, p < 500 hPa

0.500 + 0.475 800−p
300

, 500 hPa < p < 800 hPa
0.500, p > 800 hPa

Anderson et al. (2004),
Li et al. (2018)

Function of a threshold of the
cloud water content qlc is
converted to precipitation

Pr = Ceff (ql − lwc)

lwc =

 l0, T ≥ 0◦C
l0(1− T/Tc), Tc < T < 0◦C

0, T ≤ Tc

, where

l0 = 1.1 g kg−1 is a warm cloud autoconversion
threshold, and Tc = −55 ◦C

Emanuel and
Živković-Rothman
(1999) set Ceff = 1;
Bony and Emanuel
(2001) set
Ceff = 0.999

Precipitation of condensate
above a threshold cloud
condensate mixing ratio
qmax,sh

qmax,sh = 1g kg−1 Bretherton et al.
(2004), Park and
Bretherton (2009)

Function of the cloud water
content lwc, temperature and
cloud droplet number
concentration CDNC

Pr = qlf(T,CDNC), where f(T,CDNC) = 1.0, CDNC < 750 cm−3 orT < 263K
0.25, 750 cm−3 < CDNC < 1000 cm−3 orT > 263K
0.0, CDNC > 1000 cm−3 orT > 263K

Nober et al. (2003)

4.3.2 Evaporation in downdrafts

Downdrafts are greatly affected by evaporation of hydrometeors and detrained cloud droplets due to
latent cooling. Therefore, a realistic representation of this microphysical process is needed. However,
only a limited number of convective parameterizations, such as (Emanuel and Živković-Rothman,
1999), include an explicit calculation of this process, as shown in Table 3.12. Instead, crude assump-
tions can be found in the literature. The evaporation in downdrafts is often implicitly computed by
assuming that the evaporation maintains a saturated or quasi-saturated downdraft while the equi-
valent potential temperature is conserved (e.g., Fritsch and Chappell, 1980; Zhang and McFarlane,
1995). More sophisticated formulations include those of Kreitzberg and Perkey (1976) based on
Kessler (1969) and Song and Zhang (2011) based on Sundqvist (1988).
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Table 3.12: A sample of empirical values and assumptions used in the evaporation in the downdraft.

Empirical value or assumption Choices in the literature Reference

Evaporation takes place at the same
level at which water detrains and is
proportional to the liquid water
mixing ratio of the detrained air ldw

EV P ∝ ldw Arakawa and Schubert (1974)

Detrained cloud condensates
evaporate immediately

Tiedtke (1989)

Function of the precipitation mixing
ratio qprec and environmental
thermodynamic properties

EV P =
(1−qid/q

i
sat)

√
qiprec

2·103+104/(piqisat)
, where qd

is the mixing ratio in the downdrafts,
and qsat the saturation mixing ratio

Emanuel (1991)

Evaporation in the downdrafts cannot
exceed a fraction of the precipitation

Zhang and McFarlane (1995)

Constant evaporation coefficients Cevap = 1.0 (for rain), 0.8 (for snow) Emanuel and
Živković-Rothman (1999)

Estimated using a specified value of
RH

RH = 90% Bechtold et al. (2001)

Related to vertical profiles of grid
mean relative humidity RH and
precipitation flux Pfl

EV P = Ke(1− RH)P
1/2
fl , where

Ke = 0.2 · 10−5 (kmm−2 s−1)−1/2 s−1

Park and Bretherton (2009)

Function of RH and the conversion of
cloud water to rainwater Pr

EV P = Cevap(1− RH)P
1/2
r , where

Cevap =
2.0 · 10−4 (kmm−2 s−2)−1/2 s−1

Wu (2012)

4.3.3 Aerosols

Aerosols play a key role in the climate system due to their influence on the Earth’s energy budget
through absorption and scattering of solar radiation. Focused on microphysical processes, aerosols
serve as cloud condensation nuclei (CCN) and ice nuclei (IN) and thus affect cloud properties, dy-
namics, and precipitation. However, aerosol–convection interactions are very complex processes,
seldom included in convection microphysics. Zhang and Mu (2005a) developed a new parameteriza-
tion accounting for the effects of aerosols in stratiform and convective clouds. This was later modified
by Lohmann (2008) to include droplet activation by aerosols in terms of the updraft velocity w, tem-
perature, aerosol number concentration, and size distribution, while ice nucleation is a function of
w, aerosol properties, and air temperature. More recently, Grell and Freitas (2014) developed a new
convective parameterization that includes an interaction with aerosols through an autoconversion of
cloud water to rainwater dependent on CCN, parameterized in terms of the aerosol optical thickness
(AOT) at 550 nm, as well as an aerosol-dependent evaporation of cloud drops. The authors also
included tracer transport and wet scavenging in their parameterization. This convection scheme is
currently available in WRF.

5 Closure: strategies to close the budget equation

Closure consists of defining the intensity or strength of convection, i.e., the amount of convection
regulated by large-scale variables. Therefore, it is essential to close the budget equations (Eq. (3.5a),
Eq. (3.5b) and Eq. (3.5c)). Despite the number of hypotheses proposed in the literature, it is still
considered an unresolved problem (Yano et al., 2013). The following subsections discuss the main
closure types, as well as their main assumptions and empirical values. The impact of the closure
formulation in convective models concludes the section.

5.1 Closure types

Existing convective closures can be classified into diagnostic, prognostic, and stochastic. While
diagnostic closures relate cumulus effects to the large-scale dynamics at a particular timescale,
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prognostic closures perform a time integration of explicitly formulated transient processes. Stochastic
closures include randomness elements in closure schemes.

5.1.1 Diagnostic closures

Diagnostic closures include different types of closures based on a certain physical variable that
expresses the intensity of convection. Table 3.13 shows a sample of empirical values and assumptions
used in the closure in the updraft. In moisture convergence schemes, moisture convergence or vertical
advection of moisture is selected as the closure variable (e.g., Kuo, 1974; Anthes, 1977; Krishnamurti
et al., 1980, 1983; Kuo and Anthes, 1984; Molinari and Corsetti, 1985; Tiedtke, 1989), therefore
assuming that convection consumes the moisture supplied by the large-scale processes.

The first parameterizations based on moisture convergence were too crude to produce results
similar to those observed in nature, which led to the formulation of mass flux schemes. Early
parameterizations lacked a theoretical framework to explain the interactions between the large-scale
dynamics and convection or were incomplete, such as in Ooyama (1971). In an attempt to overcome
this drawback, Arakawa and Schubert (1974) proposed a closed theory based on the QE of the CWF,
which is similar to CAPE. Since then, many CPs have used CAPE-like closures, generally assuming
that the adjustment occurs at a relaxed timescale in contrast to the instantaneous adjustment
proposed in Arakawa (1969), among others. Table 3.14 lists the most important choices made for
the relaxation timescale.

Following Lin et al. (2015), CAPE-like closures can be classified into two types according to the
decomposition and constraints applied to the closure variable: the flux type and the state type. In
the flux type, the change in the CAPE-like variable is decomposed into its large-scale and convective
components. Of these types of closures, CAPE is the most commonly used closure variable in CPs
(Fritsch and Chappell, 1980; Kain and Fritsch, 1993; Zhang and McFarlane, 1995; Gregory et al.,
2000; Bechtold et al., 2001) with adjustment timescales varying from constant values to functional
forms (Bechtold et al., 2008). Other schemes with CAPE closure include the KF scheme in WRF
(Kain, 2004), as well as in CAM (Neale et al., 2008; Wang and Zhang, 2013), CAM6, and the
Met Office Unified Model Global Atmosphere 7.0 (GA7.0) Walters et al. (2019) for deep convection
schemes. While the preceding schemes applied convective closure to the full troposphere, Emanuel
(1995) and Raymond (1995) proposed the so-called boundary layer QE, wherein only the boundary
layer component of the CAPE closure is considered. On the other hand, Zhang (2002) introduced a
modified version of the QE assumption, in which only dCAPE is employed as the closure variable,
without considering the effect of boundary layer forcing. This type of closure, known as the free
tropospheric QE or the parcel-environment QE, provides a better simulation of the diurnal cycle of
precipitation than the boundary layer QE (Zhang, 2003a), as well as a better representation of MJO
and ITCZ than the QE assumption used in the Zhang–McFarlane scheme (Zhang and Mu, 2005b;
Zhang and Wang, 2006; Song and Zhang, 2009; Zhang and Song, 2010). Donner and Phillips (2003)
confirmed these results in their analysis over oceanic tropical areas and the midlatitude continental
location of ARM. More recently, Bechtold et al. (2014) used the QE assumption to formulate a closure
for the free troposphere based on boundary layer forcing. The dCAPE closure variable was replaced
by PCAPE, defined as the integral over pressure of the buoyancy of an entraining ascending parcel
with density scaling. The authors defined a convective adjustment timescale following Bechtold
et al. (2008). This adjustment time is defined as the product of a convective turnover timescale
τc and empirical scaling function f(n) that decreases with increasing spectral truncation. At the
same time, τc is given by the ratio of the convective cloud depth and the vertical averaged updraft
velocity. The authors stressed the dependency of τc with PCAPE through the velocity, which agrees
with the observations in Zimmer et al. (2011). The implementation of this closure in the ECMWF
IFS led to a better representation of the diurnal cycle of precipitation.
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Table 3.13: A sample of empirical values and assumptions used in the closure in the updraft.

Main
closure
variable

Empirical value or assumption Choices in the
literature

Reference

Moisture
convergence

Convection is controlled by the
column-integrated water vapor

Kuo (1974), Tiedtke (1989),
Gerard (2007)

CWF QE assumption Arakawa and Schubert (1974),
Grell (1993)

Relaxed at a certain timescale τ Pan and Wu (1995), Lim et al.
(2014) include a factor
depending on the vertical
velocity at cloud base

Relaxed at a certain timescale τ and
towards a CWF reference value

CWFref = 10 J kg−1 Zhao et al. (2018)

CAPE Consumed by convective activity at a
certain timescale τ

Fritsch and Chappell (1980),
Betts (1986), Betts and Miller
(1986) (deep convection is
supressed if the precipitation
rate is negative), Nordeng
(1994), Gregory et al. (2000),
Bechtold et al. (2001)

Consumption proportional to heat
and moisture sources

Donner (1993), Donner et al.
(2001), Wilcox and Donner
(2007)

Consumed at an exponential rate by
cumulus convection

Zhang and McFarlane (1995)

Modified by the vertical velocity Stratton and Stirling (2012)

Boundary
layer QE
(CAPE)

QE between increased boundary layer
moist entropy and decreased entropy
due to moist downdrafts

Emanuel (1995), Raymond
(1995)

Cloud-base upward mass flux is
relaxed toward sub-cloud-layer QE;
includes a fixed relaxation rate α and
a convection buoyancy threshold δTk

α = 0.02 kg (m2 sK)−1

and δTk = 0.65K
(EZ99), 0.90K (BE01)

Emanuel and
Živković-Rothman (1999),
Bony and Emanuel (2001)

Free tropo-
spheric QE
(dCAPE)

Convective and large-scale processes
in the free troposphere above the
boundary layer are in balance;
Contribution from the free
troposphere to changes in CAPE is
negligible

Zhang (2002), Zhang and Mu
(2005a), Zhang and Wang
(2006), Song and Zhang
(2009), Zhang and Song
(2010), Song and Zhang
(2018)

Dilute
CAPE

Consumed by convective activity at a
certain timescale τ

Kain (2004), Neale et al.
(2008), Wang and Zhang
(2013), Walters et al. (2019)

PCAPE Relaxation of an effective PCAPE
that includes the imbalance between
BL heating and convective
overturning

Bechtold et al. (2014), Baba
(2019)

CAPE and
moisture
convergence

Gerard (2015), Becker et al.
(2021)

In contrast to the previous flux-type closures, state-type closures decompose the change in the
CAPE-like variable into its boundary layer component and free troposphere component, instead of
its large-scale and convective component. The main representatives of state-type closures are the
convective adjustment schemes of Betts (1986), wherein mesoscale and subgrid-scale cloud processes
maintain QE, and Emanuel (1994), wherein QE is related to fluctuations of entropy in the sub-
cloud layer. Differences between these adjustment schemes are in the adjustment timescale and
reference profiles selected for the adjustment. For example, Emanuel (1994) included an adjustment
timescale for the sub-cloud layer of the order of half a day, while Betts and Miller (1986) found good
results for values between 1 and 2 hours based on GATE wave data. More recently, authors such as
Khouider and Majda (2006, 2008) and Kuang (2008) applied a state-type scheme only to the lower
troposphere.
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Table 3.14: A sample of the empirical values and assumptions in the relaxation timescale. (Note: subscript sh refers
to shallow convection).

Empirical value or assumption Choices in the literature Reference

Varies within a specified range τ = 103 − 104 s
0.5 h < τ < 1 h
1800 s < τsh < 3600 s

Arakawa and Schubert (1974)

0.5 h < τ < 1 h Bechtold et al. (2001)

1800 s < τsh < 3600 s Kain (2004)

Set to a constant value τ = 2h
τsh = 3h (B86, BM86, B01)

Betts (1986), Betts and Miller
(1986), Zhang and McFarlane
(1995), Lin and Neelin (2000),
Bechtold et al. (2001), Zhang
(2002), Zhang and Mu
(2005b), Zhang and Wang
(2006), Song and Zhang
(2009), Zhang and Song
(2010), Stratton and Stirling
(2012)

τ = 3600 s Nordeng (1994)

τ = 1h Pan and Wu (1995)

τ = 8h Zhao et al. (2018)

Inversely proportional to cloud
efficiency

Janjić (1994)

Function of the cloud depth CD, the
vertical average updraft velocity w
and an empirical scaling function f
that decreases with horizontal
resolution

τ = CD
w

f . In B14 the minimum
allowed value for τ is 12min

Bechtold et al. (2008, 2014),
Baba (2019)

Varies with a bulk RH over the cloud
layer

Derbyshire et al. (2011)

Varies according to the large-scale
velocity ω within the range
1200− 3600 s τ = max {min [∆t+max(1800−∆t, 0)·(

ω − ω4

ω3 − ω4

)
, 3600

]
, 1200

}
, with ∆t the real model integration
time step (s),
ω3 = −8 · 10−3(−2 · 10−4),
ω4 = −4 · 10−2(−2 · 10−3) over
land(ocean)

Han and Pan (2011), Lim
et al. (2014), Han et al. (2019)
ω3 = −250/∆x, ω4 = 0.1 · ω3,
with ∆x the grid sixze (in m)

Dynamic formulation; depends on the
cloud depth CD, the grid resolution
Dx and the in-cloud vertical velocity
w

τ = CD
w

[
1 + ln

(
25
Dx

)]
Zheng et al. (2016)

An alternative principle to QE is the so-called activation control proposed by Mapes (1997) in
which the intensity of deep convection is controlled by inhibition and initiation processes at low
levels, and closure is formulated in terms of CIN and the turbulent kinetic energy (TKE) (Mapes,
2000; Fletcher and Bretherton, 2010). However, as highlighted in Yano and Plant (2012) this for-
mulation is not self-consistent, which is a must, as models are intended to test physical hypotheses
(the reader is referred to Yano et al. (2013) for a detailed explanation). In Rio et al. (2009) the
intensity of convection is controlled by sub-cloud processes, such as boundary layer thermals. The
authors defined the closure in terms of the so-called available lifting power (ALP), which is the flux
of kinetic energy associated with thermals. Grandpeix and Lafore (2010) also used an ALP closure
in their wake parameterization for GCMs couple with Emanuel’s scheme (Emanuel, 1991), as did
Hourdin et al. (2013) in the development of the LMDZ5B. While in Grandpeix and Lafore (2010)
the source of ALP comes from the collapse of the wakes, in Hourdin et al. (2013) the thermal plumes
and the spread of cold pools are the ones providing the power.
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This section presented the assumptions and empirical values used in the formulation of the
closure for updrafts. However, the magnitude of the downdrafts should also be addressed. In the
schemes in which it is included, it is commonly expressed as a fraction γd of the closure of the
corresponding updraft, setting γd as a certain value (Johnson, 1976; Tiedtke, 1989; Baba, 2019).
Alternatively, other authors have related γd to precipitation efficiency (Emanuel, 1995; Bechtold
et al., 2001), the RH in the LFS (Kain, 2004) or proposed a formula for γd in terms of the total
precipitation rate within the updraft (Zhang and McFarlane, 1995). Table 3.15 lists some of the
empirical values and assumptions used in closure in the downdraft.

Table 3.15: A sample of empirical values and assumptions used in the closure in the downdraft.

Empirical value or assumption Choices in the literature Reference

Proportional to the updraft mass flux
Mu

Md = γd Mu, where γd = 0.2 Johnson (1976, 1980), Tiedtke
(1989), Nordeng (1994)

γd = 0.1− PE Emanuel (1989, 1995),
Bechtold et al. (2001)

γd = 0.1− RH Kain (2004)

γd = 0.3 Baba (2019)

Function of updraft mass flux Mu and
re-evaporation of convective
condensate

Grell (1993), Grell et al.
(1994), Pan and Wu (1995)

Function of updraft mass flux Mu,
height z, and maximum downdraft
entrainment rate εdmax

Md(z) =

−αMb
exp[εdmax·(zLFS−z)]−1

εdmax·(zLFS−z)
, where α

is a proportionality factor that
depends on the total precipitation
and evaporation rates

Zhang and McFarlane (1995)
(downdraft ensemble is
constrained both by the
availability of precipitation
and by the requirement that
the net mass flux at cloud
base be positive)

Md(z) =

−αMd(LFS)
exp[εdmax·(zLFS−z)]−1

εdmax·(zLFS−z)
,

with
Md(LFS) = 2(1− RHLFS)Mu(LFS),

where RHLFS is the mean (fractional)
RH at LFS, Mu(LFS) is Mu at LFS

and εdmax = 5 · 10−4 m−1

Wu (2012)

The discussion above focused on closure in deep convective and unified schemes. As for shallow
convection closures, different approaches have been proposed since the publication of the first convec-
tion schemes. In this paper, we present a framework for the main empirical values and assumptions
for shallow convection following the classification in Neggers et al. (2004). The authors classified
the main shallow convection closures into moist static energy convergence, CAPE adjustment and
sub-cloud convective velocity scaling.

In the moist static energy closures, the QE budget for moist static energy controls shallow
convection activity. Based on the results obtained by LeMone and Pennell (1976) from trade wind
cumuli, and the moisture convergence hypothesis from Kuo (1965, 1974) and Lindzen (1988), Tiedtke
(1989) proposed a shallow convection closure based on the moist static energy closure. Later,
Raymond (1995) and Emanuel (1995) used it in the boundary layer quasi-equilibrium for shallow
convection, and Gregory et al. (2000) included it in a revised version of the ECMWF scheme. More
recently, Bechtold et al. (2014) parameterized the mass flux for shallow convection in terms of the
vertically integrated moist static energy tendency.

Other authors proposed shallow convection closures based on the relaxation of the system to-
wards a certain reference state within a relaxation timescale, i.e., adjustment scheme. For example,
Albrecht et al. (1979) used this closure in their study of the trade wind boundary layer specifying
a constant adjustment time set to 1/3 day according to the observation results obtained by Betts
(1975) for BOMEX. Later, based on observations from BOMEX and ATEX, Betts (1986) used an
adjustment scheme for shallow convection in which the thermodynamic structure tends towards a
mixing line with an adjustment time set to 3 hours. Bechtold et al. (2001) used the same value for
the relaxation time in their CAPE closure formulation for shallow convection.
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One of the main representatives of TKE budget closures is Grant (2001), who assumed that mass
flux at cloud base is proportional to the convective velocity scale proposed by Deardorff et al. (1969),
w∗. The proportionality constant is the area fraction of cumulus updrafts and was determined by
plotting the cloud-base mass flux versus the sub-cloud layer velocity scale in LES (see Table 3.16).
This shallow closure was further used by other authors such as Soares et al. (2004), Siebesma et al.
(2007) and Pergaud et al. (2009) in an EDMF, or Han and Pan (2011) and Han et al. (2017) in their
revision of the NCEP GFS, among others. While Soares et al. (2004) defined the mass flux as the
product of the updraft vertical velocity and a constant updraft fraction, Siebesma et al. (2007) scaled
the mass flux with the standard vertical velocity deviation and set the proportionality constant to
0.3. In Pergaud et al. (2009) the closure is based on the mass flux near the surface instead of at the
LCL. The authors set the proportionality constant to 0.065 based on LES results. Han et al. (2017)
modified the closure by making the cloud-base mass flux a function of the mean updraft velocity.
This way, shallow convection can be triggered in the stable boundary layer. Another closure based
on the relationship between mass flux and TKE is that described in Kain (2004), wherein the mass
flux is scaled with the maximum TKE in the sub-cloud layer. The convective time period in this
parameterization ranges from 1800 to 3600 s.

Similar to these parameterizations, Hourdin et al. (2002) developed a new mass parameterization
of vertical transport in the convective boundary layer, known as the thermal plume model, wherein
the closure depends on the maximum vertical velocity and an area fraction. As stated in Rio
and Hourdin (2008) the area fraction is predicted according to the entrainment and detrainment
in contrast to the constant values used in Soares et al. (2004) and Siebesma et al. (2007), among
others.

Using LESs and observations, Grant and Lock (2004) proposed a shallow convective closure
proportional to CAPE and the convective velocity scale w∗. More recently, Zheng et al. (2016)
extended the shallow convection study of Grant and Lock (2004) and expressed the closure in terms
of CAPE and cloud-depth-averaged vertical velocity.

In the DualM framework, Neggers et al. (2009) defined the vertical structure of the updraft
mass flux as the product of the updraft vertical velocity and updraft fraction. Based on results
from De Rooy and Siebesma (2008) and the statistical distribution type in Sommeria and Deardorff
(1977), the authors used a moist zero buoyancy deficit to estimate the updraft area fraction and
through it, the vertical velocity and mass flux.

A different shallow convection closure was suggested by Mapes (2000). The author expressed the
mass flux in terms of CIN and TKE. Later, Bretherton et al. (2004) developed a new parameterization
consisting of coupling a PBL turbulence model based on Grenier and Bretherton (2001) with a
shallow convective mass flux scheme based on an entraining–detraining single-plume model. The
closure assumes that a buoyant cumulus cloud can form if the vertical velocity of source air is high
enough to penetrate the inversion layer in the sub-cloud layer and reach its LFC. The critical velocity
is a function of CIN and the distribution of velocities is assumed to be Gaussian. The mass flux
closure has a form similar to that proposed by Mapes (2000). In this case, it is an exponential
function of the ratio between CIN and the average TKE in the sub-cloud layer calculated by the
PBL scheme. In their simulations of the transition from shallow to deep convection, Kuang and
Bretherton (2006) applied the CIN-based closure proposed by Mapes (2000). with the updraft
velocity at cloud base set to the sub-cloud-layer TKE as in Bretherton et al. (2004). In the unified
scheme of Hohenegger and Bretherton (2011), the shallow closure is a function of the ratio between
CIN and mean planetary boundary layer TKE. Despite its use in several convection schemes, this
parameterization is not self-consistent as already mentioned in Sect. 5.1.1.

In the MM5, Deng et al. (2003) proposed three different shallow convection closures depending
on the values of the cloud depth (CD), cloud-top height zt, and LFC height zLFC , and assumed a
uniform updraft geometry. The closures include a TKE-based closure, a CAPE closure, and a hydrid
closure. TKE-based closure is used when zt ≤ zLFC . In this closure, the cloud-base mass flux in the
sub-cloud layer scales with the maximum diagnosed TKE in the sub-cloud mass-source layer over a
relaxation timescale. If CD ≥ 4 km, the CAPE closure applies, while for CD < 4 km and zt > zLFC
a hybrid closure between TKE and CAPE closures is used. The transition is done through a simple
linear averaging. More recently, Freitas et al. (2021) proposed a trimodal formulation instead of
the unimodal deep plume used in Grell and Freitas (2014) to represent shallow, congestus and
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deep convection. Closures for shallow convection include the boundary layer quasi-equilibrium from
Raymond (1995), the closure proposed in Grant (2001), and a closure based on the heat engine
treatment of convection applied in Rennó et al. (1994). This closure relates the updraft cloud-base
mass flux to the buoyancy surface flux, a certain thermodynamic efficiency, and the total CAPE
that is equivalent to the standard CAPE.

5.1.2 Prognostic closures

Compared to the QE assumption used in the majority of the diagnostic closures mentioned above,
prognostic closures do not distinguish between large-scale and convective processes and substitute
the QE assumption with time integration of prognostic equations. These equations explicitly account
for the time changes of different physical variables, i.e., convective kinetic energy or h, which are
related to the cloud-base mass flux through a dimensional parameter. Energy dissipation rate is
also included in this type of closure through a dissipation term, either determined by a second
dimensional parameter called dissipation time (e.g., Randall and Pan, 1993; Pan and Randall, 1998;
Yano and Plant, 2012) or expressed in terms of the entrainment rate and an aerodynamic friction
coefficient (e.g., Gerard and Geleyn, 2005). Gerard and Geleyn (2005) defined cloud-base mass flux
as Mu = −auwu where au is a prognostic updraft fraction area, obtained by a moist static energy
closure, and wu is a prognostic vertical updraft velocity. Gerard (2007) and Gerard et al. (2009)
also used this approach and even applied it for downdrafts (Gerard et al., 2009). Other schemes
using prognostic updraft fractional areas include those of Grandpeix and Lafore (2010), Mapes and
Neale (2011) and Tan et al. (2018), among others (see Table 3.16).

5.1.3 Stochastic closures

Usually subgrid-scale processes are considered in an ensemble mean sense in CPs (Lin and Neelin,
2000, 2002). Stochastic closures include randomness elements in convective scheme closures to
represent these subgrid-scale processes in a more realistic way. Numerous stochastic convective
parameterizations have been proposed (e.g., Lin and Neelin, 2000, 2002; Majda and Khouider, 2002;
Lin and Neelin, 2003; Khouider et al., 2003; Khouider, 2014). However, as Stechmann and Neelin
(2011) stated, sometimes the distinction between stochastic triggers and stochastic closures is not
clear. Differences between the proposed closures are in the type of stochastic process employed.
For instance, Stechmann and Neelin (2011) proposed a stochastic closure for precipitation using
Gaussian white noise, while Majda and Khouider (2002) and Khouider et al. (2003) used a Markov
jump process.

For deep convection, Lin and Neelin (2000) included a first-order autoregressive random noise
component in the convective parameterization of Betts and Miller (1986) keeping the convective
relaxation timescale. This random noise is expressed as ξt = cξξt−1+zt, where cξ is an autoregressive
coefficient that yields an autocorrelation time τξ for the process and zt is white noise with zero mean
and standard deviation σz. The authors evaluated three values for τξ, i.e., 20 min, 2 hours and 1 day,
with three different σz, i.e., 4.5 K, 0.8 K and 0.1 K, respectively. Longer τξ produced better results
compared to observations. Lin and Neelin (2003) introduced this stochastic component in the ZM
closure with τξ = 1 day and σz = 1000 J kg−1. This scheme increased precipitation variance toward
observations. Based on the variability around the equilibrium state, Plant and Craig (2008) and
Groenemeijer and Craig (2012) used a PDF to obtain random values for the cloud-base mass flux.
This PDF expresses the chance of launching a cloud with a certain radius between two calls of
the convective scheme. The radius is assumed to be related to the mass flux. It is defined as
p(m)dm = 1

⟨m⟩ exp
(

−m
⟨m⟩

)
dm, where m is the mass flux per cloud and ⟨m⟩ is its ensemble average,

both related through the definition of updraft radius m = ⟨m⟩
⟨R2⟩R

2. Moreover, the closure timescale

in Plant and Craig (2008) is defined as τc = kL = k
√

⟨m⟩
⟨M⟩ , where ⟨M⟩ is the ensemble mean total

coud-base mass fux calculated as in Kain and Fritsch (1990), and k is a constant that depends
on the definition of adjustment. The default parameter choices in Plant and Craig (2008)) are

⟨m⟩ = 2 · 10−7 kg s−1, a root mean squared cloud radius of ⟨R2⟩1/2 = 450 m and k = 0.3 s m−1.
In Groenemeijer and Craig (2012) these values did not produce enough convective, so they were
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changed to ⟨m⟩ = 1 · 10−7 kg s−1 and ⟨R2⟩1/2 = 1200 m, with fixed τc = 600 s. Bengtsson et al.
(2013) introduced a CA in the parameterization of the updraft mesh fraction au used in the Gerard
et al. (2009) cumulus convective scheme closure. Using observational data, Dorrestijn et al. (2015)
determined the au for various cloud types using Markov chains. The one for deep convection was later
implemented in the Tiedtke cumulus scheme in Simplified Parameterizations, Primitive Equation
Dynamics (SPEEDY).

Table 3.16: A sample of empirical values and assumptions used in the cloud fraction. (Note: subscript sh refers to
shallow convection).

Empirical value or assumption Choices in the literature Reference

Function of the relative humidity RH,
liquid water mixing ratio ql and the
saturation specific humidity qs

ash =

RHk1

(
1− exp

{
− k2ql

[(1−RH)qs]
k3

})
,

where k1 = 0.25, k2 = 100 and
k3 = 0.49

Xu and Randall (1996), Han
and Pan (2011)

For stratiform clouds, it is a function
of RH and the difference in potential
temperature between the surface
θsurf and 700 hPa θ700hPa

θ700hPa − θsurf = 20K (T04, N09) Klein and Hartmann (1993),
Tompkins (2004), Neggers
et al. (2009)

Constant ash = 0.03 (G01, JS03), 0.01(S04),
0.065 (P09)

Grant (2001), Jakob and
Siebesma (2003), Soares et al.
(2004), Pergaud et al. (2009)

For deep convection, it is allowed to
vary on the coarse mesh j∆x

a(j∆x) = [1− aI(j∆x)]a+, where
0 ≤ aI ≤ 1, and a+ = 0.002 (K03)

Majda and Khouider (2002),
Khouider et al. (2003)

Prognostic Gerard and Geleyn (2005),
Gerard (2007), Tan et al.
(2018)

Depends on the transition layer depth
dtr and the sub-cloud mixed layer
depth hml

(For moist updraft)

am,sh = dtr
hml

1
2p+1

, with p = 2.2, (for

dry updraft) ad,sh = A− am, where
A = 0.1(N07, N09*) is the total
updraft fractional area

Neggers et al. (2007, 2009),
Neggers (2009) = N09*

Depends on the wake radius Rw and
density Dw

aw = DwπR2 Grandpeix and Lafore (2010)

Depends on the turbulent kinetic
energy TKE

a = (2TKE/3)1/2 Mapes and Neale (2011) only
for the first generation

Depends on the previous generation
value and organization

ag+1 = a2g + org · (ag − a2g), where g
indicates the generation

Mapes and Neale (2011) only
for generations different than
the first one

Stochastic formulation Conditioned on CAPE Bengtsson et al. (2013) for
deep convection using cellular
automat (CA), Dorrestijn
et al. (2015), Gottwald et al.
(2016)
Sakradzija et al. (2015, 2016)
for shallow convection

Function of the convective updraft
radius R and the grid box area Agrid

a = πR
Agrid

Grell and Freitas (2014), Han
et al. (2017)

For shallow convection, Sakradzija et al. (2015) developed a stochastic shallow parameterization
following the studies of Craig and Cohen (2006) and Plant and Craig (2008) for deep convection.
In this scheme, the number of new clouds is a sample from a Poisson distribution while the lifetime
average mass flux for each new cloud is randomly sampled from a Weibull distribution with two
modes, namely forced and passive clouds on one hand, and active clouds on the other. This Weibull
distribution is defined through a scale λ and a shape k parameter. The cloud lifetime is defined as
τclt = αim

βi , where the coefficients are obtained from the nonlinear least square fitting of the joint
distribution of cloud mass flux and cloud lifetime. The total cloud-base mass flux is then calculated
by integrating the instantaneous mass flux distribution, i.e., ⟨M⟩ =

∫∞
0
m⟨τclt(m)⟩/⟨Gp(m)⟩dm or

⟨M⟩ = Gαλk+1Γ(2 + 1/k), where G is the cloud-generating rate. The following values were used
for this parameterization: k = 0.7, λ1 = 7269.08 kg s−1, λ2 = 29868.48 kg s−1, α1 = 0.02 kg−1,
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α2 = 0.33 kg−1, and G = 4.55 s−1 (subscript 1 refers to forced and passive clouds, and subscript 2 is
for active clouds). The reader is referred to Sakradzija et al. (2015) for values of other parameters.
This scheme was later implemented in EDMF (Sakradzija et al., 2016) and ICON ((Sakradzija and
Klocke, 2018) with variations in the values of the aforementioned parameters.

5.2 Impact of closure on convective models

The closure problem is one of the major challenges in CPs. As well as being essential to close
the budget equations (Eq. (3.5a), Eq. (3.5b) and Eq. (3.5c)), it plays an important role in the
performance of CPs. For instance, Bechtold et al. (2008) obtained a better representation of the
rainfall pattern and tropical wave activity with their modifications of the entrainment and convective
adjustment time in the deep convection scheme in IFS. In Rio et al. (2009), the representation of
the diurnal cycle of precipitation is greatly improved using the ALP deep closure in a 1D model. In
their formulation, the convective mass flux scheme is coupled with cold pools and the thermal plume
model through the ALP. Using a dilute CAPE closure together with convective momentum transport,
Neale et al. (2008) improved the representation of ENSO in CAM3. Adding a stochastic component
to the deep convection closure in BMJ, Lin and Neelin (2000) obtained a better representation of
the intraseasonal variability. Later, Lin and Neelin (2003) included a stochastic component in the
deep closure of the ZM scheme. The daily variance was much closer to observations than without
the stochastic component. Moreover, the SPCZ was better placed.

Replacing the CAPE closure used in the ZM scheme with a dCAPE closure, Zhang (2002)
improved the simulation of precipitation, moisture and temperature for midlatitude continental
convection. This closure also improved the diurnal cycle of precipitation over the Southern Great
Planes in the U.S. (Zhang, 2003b). The replacement of the ZM closure by dCAPE provided a better
representation of the tropical precipitation in NCAR CCM in Zhang and Mu (2005a). With this
closure, the precipitation was enhanced over the western Pacific monsoon region during June, July
and August, as well as the SPCZ during December, January and February. In the representation
of the MJO, Zhang and Mu (2005b) used the closure and convection trigger proposed in Zhang
and Mu (2005a) and removed the restriction in the convection originating level. The simulated
MJO was more consistent with the observations in terms of variability in precipitation, outgoing
longwave radiation and zonal wind, and it exhibited a clear eastward propagation. However, the
precipitation signal and the time period of the MJO differed from the observations. This revision of
the ZM scheme used in the NCAR Community Climate System Model (CCSM3) also alleviates the
biases related to the double ITCZ in precipitation and cold tongue in sea surface temperature (SST)
over the Equator, among other benefits (Zhang and Wang, 2006; Song and Zhang, 2009; Zhang and
Song, 2010). Wang and Zhang (2013) evaluated three different trigger and closure assumptions in
CAM4 and CAM5 and highlighted the need to use multiple independent observations simultaneously
to constrain models to reduce the degrees of freedom as well as the need to avoid the individual
treatment of model physical parameterizations. Wang et al. (2016) obtained a better representation
of the precipitation intensity, especially over the tropical belt as well as improved simulations of the
eastward-propagating intraseasonal signals of precipitation and zonal wind by coupling the Plant and
Craig (2008) stochastic parameterization with the ZM scheme in CAM5. More recently, Becker et al.
(2021) showed a better representation of the propagation and organization of mesoscale convective
systems, such as African squall lines, when adding a term for the integrated and scaled total advective
moisture tendency to the CAPE closure.

Using CRM simulations, Kuang and Bretherton (2006) tested the viability of representing the
transition from shallow to deep convection using a CIN-based closure similar to the shallow closure
in Bretherton et al. (2004). Results from an idealized numerical experiment of shallow-to-deep
convection transition are in agreement with the CIN-based closure and do not support a closure
based solely on CAPE. Later, Fletcher and Bretherton (2010) extended the Bretherton et al. (2004)
shallow closure to deep convection with the goal of finding a closure that works well for both
shallow and deep convection without changing any parameter. Three CRM simulations forced with
observations from ARM Great Plains, Kwajalein Experiment (KWAJEX) and BOMEX were used
to test this closure as were a CAPE and a Grant closure (Grant, 2001). The CIN-based closure was
more skillful in the prediction of the cloud-base mass flux and performed well for both deep and
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shallow convection. Hohenegger and Bretherton (2011) modified the UW shallow convection scheme
to develop a unified scheme for shallow and deep convection. The closure introduced also relates
the cloud-base mass flux to TKE and CIN taking into account the contribution of cold pools to the
increase of TKE. LES simulations and BOMEX, KWAJEX and ARM were used to formulate and
improve this parameterization. Tested in the Single-column Community Atmosphere Model (SCAM)
single-column modeling framework, this parameterization was able to represent both shallow and
deep convection as well as midlatitude continental convection. Han and Pan (2011) modified the
deep scheme in SAS (Pan and Wu, 1995) by increasing the allowable cloud-base mass flux, which was
originally set to 0.1 kg(m2 s−1)−1, with a Courant–Friedrichs–Lewy (CFL) criterion to make cumulus
deeper and stronger. This scheme effectively eliminated the remaining instability in the atmospheric
column that was producing excessive grid-scale precipitation in the original formulation. Using a
PCAPE closure with boundary layer forcing, the scheme for shallow and deep convection described
in Bechtold et al. (2014) represented the observed daytime evolution of convection over land fairly
well when compared with observations such as satellite data. Moreover, the evolution of shallow
and deep convection agreed with CRM results. Over Europe, it better represented the mainly
surface-driven convection over the Balkans and the Atlas Mountains, as well as forced convection
over central Europe, and reduced unrealistic rates of snowfall along the coast of the British Isles and
near the European continent for a particular winter case. Han et al. (2020) obtained similar results
using this closure in KIM (the Netherlands Institute for Transport Policy Analysis). The afternoon
peak was delayed and the biases of the overestimated precipitation over land in the morning and
late afternoon were reduced.

Focused on closures for shallow convection, different authors have analyzed the impact that
shallow convection closures have on the simulation of the diurnal cycle. For instance, Neggers et al.
(2004) evaluated moist static energy closure, CAPE adjustment and sub-cloud convective velocity
scaling closure against LESs and analyzed the impact of each closure on the simulation of the diurnal
cycle. Among those, the sub-cloud convective velocity scaling closure showed the best results. The
onset, dissipation time and cloud cover of cumulus clouds were well captured by the EDMF scheme
in Soares et al. (2004). Scaling the mass flux with the standard vertical velocity deviation in
the EDMF, Siebesma et al. (2007) obtained realistic representation of the main properties of dry
convective boundary layers. Using a similar closure, Pergaud et al. (2009) showed the ability of the
EDMF scheme to represent mixing in the counter-gradient zone and to handle the diurnal cycle of
boundary layer cumulus clouds. Similar results were obtained by Rio and Hourdin (2008) in terms
of the diurnal cycle of the boundary layer. The shallow cumulus parameterization developed by
Bretherton et al. (2004) reproduced LES results obtained by Siebesma and Cuijpers (1995) and
Siebesma et al. (2003) well for a subperiod of BOMEX, as well as those by Wyant et al. (1997)
for the transition from stratocumulus to trade. However, this transition was slightly abrupt in the
simulations with the shallow parameterization. McCaa and Bretherton (2004) further analyzed the
performance of this scheme in a regional climate simulation of the subtropical northeastern Pacific
Ocean in MM5. The regional mean shortwave cloud radiative forcing and vertical structure were
better represented by this scheme compared to other parameterizations of cloud-topped boundary
layer processes. In the DualM framework, Neggers et al. (2009) defined the cloud-base mass flux
as the product of updraft fraction and updraft vertical velocity. Examined for ATEX, this closure
produced steeper gradients closer to LES results than the ones obtained with a fixed structure of
the mass flux, and it was concluded that this result is an indicator of the interaction between the
mass flux and environmental humidity introduced by the closure. Han and Pan (2011) replaced
the shallow convection in SAS with a new formulation using the shallow closure described in Grant
(2001). Compared to the original formulation, this new scheme did not destroy stratocumulus clouds
off the west coasts of South America and Africa.

6 Conclusions

Numerical models need simplifications in order to cope with the complexity of the physical pro-
cesses actually occurring in the atmosphere. The degree of simplification in the physics is evolving
at a pace inverse to the availability of computational power. Thus, early convective parameteriza-
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tions (as well as parameterizations of radiation, turbulence, microphysics, etc.) were based on very
simple assumptions, such as the conditional instability of the second kind (CISK) first presented
by Charney and Eliassen (1964) and Ooyama (1964) in tropical cyclone modeling. Manabe et al.
(1965) proposed a different parameterization, the so-called adjustment scheme, wherein atmospheric
instability is removed through an adjustment towards a reference state. The instability was removed
instantaneously and condensed water precipitated immediately. However, the scheme produced very
large precipitation rates, and a saturated final state after convection, which is rarely observed in
nature (Emanuel and Raymond, 1993). To alleviate these issues, relaxed adjustment schemes and
penetrative adjustment schemes (Betts, 1986; Betts and Miller, 1986) were proposed. Such im-
provements were only possible when more powerful computers became available. However, novel
theoretical approaches ahead of the technological capabilities of the time have also greatly impacted
the field. Thus, the first parameterizations based on moisture convergence were too crude to produce
results similar to those observed in nature, which led to the formulation of mass flux schemes. Sim-
ulations improved with further refinements of the interaction of cumulus clouds with the large-scale
environment by, for instance, Ooyama (1971) (a statistical ensemble of bubbles represents cumulus
convection) or Yanai et al. (1973) (detrainment and cumulus-induced subsidence). Early parameter-
izations lacked a theoretical framework to explain the interactions between the large-scale dynamics
and convection or were incomplete, such as in Ooyama (1971) . In an attempt to overcome this
drawback, Arakawa and Schubert (1974) proposed a closed theory based on the cloud work function
and adjustment towards QE. A few years after, thanks to the increase in computational power, more
complex parameterizations and new variables based on observations were implemented to achieve
better spatial and temporal resolutions. Krueger (1988) put forward the Cloud Systems Resolv-
ing Model (CSRM) idea to explicitly simulate convective processes over a kilometer scale, instead
of using parameterizations. However, this approach entails an extremely high computational cost.
As an alternative with a lower computational cost, Multiscale Model Framework (MMF) or super-
parameterizations (SP) emerged. In this case, convective parameterizations are replaced by 2D cloud
resolving models (CRMs), or even a 3D LES model, at each grid cell of a GCM (Grabowski and
Smolarkiewicz, 1999).

To alleviate problems associated with traditional convective parameterizations, e.g. the repres-
entation of the diurnal cycle of convection (e.g., Yang and Slingo, 2001; Guichard et al., 2004), several
studies introduced modifications to existing models. Challenges remain for convective parameter-
izations. As highlighted in Rio et al. (2019), three of these major challenges include (a) improving
the representation of convective cloud ensembles, (b) improving the representation of convective
memory and organization, and (c) improving the representation of convection to large-scale inter-
actions. The reader is referred to Rio et al. (2019) for a comprehensive review. Here, only the main
representatives of each challenge are mentioned.

Regarding the first challenge, current approaches to improve the representation of convective
cloud ensembles include unified and multi-object framework parameterizations that account for the
coexistence of more numerous cloud types within a model grid cell, and different methods to compute
the vertical profile of cloud properties. Traditionally, models have used separate parameterizations
for shallow and deep convection. Guichard et al. (2004) stressed the necessity of using an ensemble
of parameterizations that represents a succession of convective regimes. Some modelers proposed
keeping shallow and deep convection parameterizations separate due to their different nature and
then using a parameterization to couple them (e.g., Rio et al., 2013), while others proposed uni-
fied schemes that attempt to merge shallow and deep convection into one parameterization (e.g.,
Guérémy, 2011; Arakawa and Wu, 2013; Wu and Arakawa, 2014; Park, 2014a,b; D’Andrea et al.,
2014; Kwon and Hong, 2017; Zhao et al., 2018). Also, models traditionally split the turbulence
parameterization among the PBL and moist convection simplifying the treatment of turbulence but
requiring the addition of an artificial closure to match both schemes (Sušelj et al., 2014). Unified
models have been also used to merge these parameterizations, such as the so-called Cloud Layers
Unified By Binomials (CLUBB) (Golaz et al., 2002a,b; Larson et al., 2002). Two different approaches
have been proposed that unify the PBL, shallow and deep convection. Those approaches are the
so-called EDMF framework (e.g., Hourdin et al., 2002; Köhler et al., 2011; Hourdin et al., 2013;
Bhattacharya et al., 2018) and third-order turbulent schemes (e.g., H. Guo et al., 2014, 2015a).
Parameterizations that account for the coexistence of more numerous cloud types within a model
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grid cell include the use of Markov chains considering a certain number of cloud types (Khouider
et al., 2010; Dorrestijn et al., 2013b; Peters et al., 2013) or the use of a probability density function
(PDF) (e.g., Plant and Craig, 2008; Sakradzija et al., 2016) , among others. As for the methods to
compute the vertical profile of cloud properties, numerous studies apply a deterministic entrainment
to different cloud types; others use stochastic entrainment parameterizations (e.g., Raymond and
Blyth, 1986; Emanuel and Živković-Rothman, 1999; Grandpeix et al., 2004; Romps and Kuang,
2010; Sušelj et al., 2013; Romps, 2016). The vertical profile of vertical velocity also needs further
attention as many schemes do not solve an equation for the vertical velocity, and the ones that do
it are mostly based on the equation proposed by Simpson and Wiggert (1969) as highlighted in
de Roode et al. (2012).

For the second challenge, improving the representation of convective memory and organization,
there are at least two outstanding issues. On the one hand, as pointed out in Davies et al. (2009),
the QE hypothesis does not account for convective memory. Different strategies have been proposed
to include it in convective parameterizations, such as the use of prognostic variables (e.g., Pan and
Randall, 1998; Gerard and Geleyn, 2005; Piriou et al., 2007; Mapes and Neale, 2011; Hohenegger and
Bretherton, 2011; Willett and Whitall, 2017; Tan et al., 2018), Markov chains (e.g., Khouider et al.,
2010; Hagos et al., 2018), cellular automaton (CA) assigning a prescribed lifetime to each active cell
(e.g., Bengtsson et al., 2011, 2013) or cold pools (e.g., Grandpeix and Lafore, 2010; Park, 2014a,b;
Del Genio et al., 2015; Colin et al., 2019). On the other hand, as for the representation of convective
organization, Donner (1993), Alexander and Cotton (1998) and Donner et al. (2001) represented
the effects of mesoscale circulations and Mapes and Neale (2011) introduced a prognostic variable
called organization that represents the degree of subgrid organization. Other studies accounting for
convective organization use surface cold pools (e.g., Rio et al., 2009; Grandpeix and Lafore, 2010;
Rochetin et al., 2014a,b; Park, 2014a,b; Böing, 2016), slantwise overturning model (e.g., Moncrieff
et al., 2017), CA (e.g., Shutts, 2005; Bengtsson et al., 2011, 2013, 2019, 2021), PDF-based or spectral
schemes based on a discretized distribution (e.g., Neggers et al., 2003; Wagner and Graf, 2010; Neg-
gers, 2012; Park, 2014a,b; Neggers, 2015). Accurate representations of precipitation and cloud cover
are important for the spatial organization and time evolution of convective systems. Parameteriz-
ations accounting for the microphysics of precipitation include those of Feingold (2003), Del Genio
et al. (2005) McFiggans et al. (2006)and Heymsfield et al. (2013), among others. Several studies
have also attempted to improve convective cloud radiative effects using PDFs (e.g., Bogenschutz
et al., 2010; Perraud et al., 2011; Hourdin et al., 2013; Storer et al., 2015; Qin et al., 2018).

The third main challenge is to achieve better representations of convection to large-scale inter-
actions, i.e., shallow convection and transitions from shallow to deep and from deep to organized
convection. For transitions from shallow to deep, various approaches have been proposed, especially
focused on the representation of the diurnal cycle of precipitation (e.g., Rio et al., 2009; Stratton
and Stirling, 2012; Rio et al., 2013; Bechtold et al., 2014; Rochetin et al., 2014a; Peters et al., 2017).
Other aspects that deserve more attention, among others, are the representation of the impact of sea
breeze in deep convection initiation over islands, and the tendency to show strong positive tropical
rain biases for models with strong intraseasonal variability due to the sensitivity of convection to free
tropospheric humidity through entrainment (Rio et al., 2019). Transitions from deep to organized
convection also deserve more attention due to the role that mesoscale convective systems play in
weather and climate.

The field of modeling convection is full of details and intricacies. As already mentioned, mass
flux convective parameterization schemes are still the most common convective parameterizations
used in ESMs, RCMs, and NWP models. Models have traditionally used separate parameterizations
for shallow and deep convection Therefore, we mainly focused our attention to the assumptions and
empirical values used in shallow and deep mass flux schemes for their three main elements, i.e.,
trigger, cloud model and closure. In the activation of convection, the main differences between
shallow and deep convection are in the cloud-depth criterion, the updraft radius, and the buoyancy
threshold. Both cloud depth and radius are always set to smaller values compared to deep convection.
As for the temperature perturbation that some deep convective parameterizations include in the
buoyancy threshold, it is absent in shallow convection triggers. Commonly, the procedure followed
to find cloud base and trigger convection is the same for both schemes, though some studies set
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different conditions for the USL (Han and Pan, 2011) or use a vertical velocity criterion to trigger
shallow convection (Bretherton et al., 2004; Park and Bretherton, 2009). The cloud-depth criterion
is what decides which type of convection activates.

Numerous parameterizations of entrainment and detrainment have been proposed for shal-
low and deep convection including turbulent and dynamical components (e.g., Tiedtke (1989) and
Nordeng (1994) for deep and shallow convection), constant values (e.g., Song and Zhang (2017) for
deep and Siebesma (1998) for shallow convection), inverse proportionality to height (e.g., Siebesma
and Cuijpers (1995) for deep and Jakob and Siebesma (2003) for shallow convection) or to the vertical
velocity of the parcel (e.g., Gregory (2001) for both deep and shallow convection), or dependence
on a critical mixing fraction (e.g., Kain and Fritsch (1990) for deep and Bretherton et al. (2004) for
shallow convection), among others. For schemes using the same parameterization for shallow and
deep convection, the main difference between the two types is in the values, which are higher for
shallow than for deep convection. Entrainment and detrainment formulations for downdrafts usu-
ally use similar parameterization as for updrafts. In terms of the microphysics, shallow convective
schemes usually do not include a parameterization of conversion to precipitation.

As for the closure formulation, numerous deep convective schemes use CAPE-based closures,
although formulations based on convective adjustment in terms of CIN and TKE or using stochastic
closure have also been proposed. For shallow convection, the most often used are TKE-based clos-
ures. Other closures such as moist static energy convergence (Tiedtke, 1989) and CAPE adjustment
closures (Betts, 1986) are also used in shallow convection. For the latter, the adjustment time is
usually higher for shallow than for deep convection. In the parameterizations in which it is included,
downdraft closure is commonly expressed as a fraction of the closure of the corresponding updraft.

Convective parameters require fine tuning, but there is no explicit methodology to do so. In
some cases, authors use the variables that are easiest to measure. In others, mean values describe
processes that cannot be modeled in sufficient detail, or the values represent particular conditions
for certain locations and atmospheric events (Mauritsen et al., 2012). For instance, Bony and
Emanuel (2001) adjusted their water vapor and temperature prediction using the TOGA-COARE
data measured in the western Pacific Ocean in 1993, while (Betts and Miller, 1986) used GATE
datasets measured over the tropical Atlantic Ocean in 1974 to develop their deep convection scheme.
Hence, empirical values and assumptions selected this way might yield good results when compared
to observations from certain locations and less good results for others. Commonly, manual tuning
of convective parameters is used, although various automatic methods have recently been used to
estimate parameters, including the variational method (Emanuel and Živković-Rothman, 1999),
Bayesian calibration (e.g., Hararuk et al., 2014; Wu et al., 2018), simulated annealing method (e.g.,
Jackson et al., 2004, 2008; Liang et al., 2014), genetic algorithm (e.g., Lee et al., 2006), ensemble
data assimilation (e.g., Ruiz et al., 2013; Li et al., 2018, and machine learning (e.g., Schneider et al.,
2017) among others. Recently, Couvreux et al. (2021) proposed a new method that performs a
multi-case comparison between SCM and LES results to calibrate parameterizations. The method
uses machine learning without replacing parameterizations.

Comparisons with observations were, and still are, crucial to the development of convective
parameterizations. For instance, the underprediction of large-scale precipitation by dry adiabatic
models compared to observations led to the inclusion of moist adiabatic processes in NWP models
(Smagorinsky, 1956), and lake-effect snow observations (Niziol et al., 1995) forced a reduction of
the minimum cloud-depth threshold in Kain and Fritsch (1993) to 2 km. However, observations
suffer from data gaps and the instruments used are not able to sample key variables in parametric
equations. The use of observations by the convective modeling community has not been sufficient so
far. The reasons are twofold. Basic convective quantities like mass flux and important parameters
like adjustment timescale, entrainment, and microphysical parameters can often be only indirectly
inferred from observations like infrared and microwave satellite data, radar data, rainfall rates, ra-
diosonde networks, and reanalysis data. When we say that they are indirectly inferred, we mean
that these quantities are adjusted to optimize the model fit to the observed radiative and surface
fluxes as well as the observed temperature and wind field. On the other hand, long-term instrument-
ation deployment at meteorological supersites (e.g. Neggers et al., 2012; Song et al., 2013; Gustafson
et al., 2020; Zheng et al., 2021) or dedicated convection field campaigns like GATE, TOGA-COARE,
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DYNAMO, PECAN (Geerts et al., 2017) and EUREC4A (Bony et al., 2017), to mention a few, have
been conducted to quantify convection and its effect on the large-scale flow, and powerful LES data
are available with statistical samples of the convective updraft and downdraft properties. However,
the dilemma is that these data are only available locally or for specific setups; LES data also need
to be constrained by observations and an accurate convection parameterization in a global model
needs to be constrained globally.

Modern extensive big datasets such as those derived from COPERNICUS data are very relevant
to constrain assumptions and calibrate parameterizations. Recently, Neggers et al. (2012) and
Gustafson et al. (2020), among others, have provided a successful attempt to reconcile observations
and LES data. This new approach consists of combining LES outputs with observations. Indeed,
high-resolution models provide additional information in 4D that is not possible to obtain from
point-based measurements (Gustafson et al., 2020). The complementary approach consists of new
dedicated satellite missions such as INCUS or the follow-on to CloudSat and CALIPSO, which can
provide global, homogeneous, and time-extended observations. Satellite estimates of the convective
mass flux are becoming available (Jeyaratnam et al., 2021) and new missions are in the planning to
fill the gap in global, multiple-regime observations of convection. Although observations have long
been used to tune parameters in convective schemes to reduce errors, it is still unclear whether these
tuned parameters based on particular datasets can improve model skills across different locations,
model resolutions, or atmospheric events. As described above, it is known that model results are
sensitive to the empirical values in convection. To summarize the numerous sensitivity studies here,
some have reported that the location and intensity of precipitation are extremely sensitive to cumulus
parameterization (e.g., Bechtold et al., 2008; Ma and Tan, 2009; Chikira and Sugiyama, 2010). For
instance, Wang et al. (2007) improved the simulated diurnal cycle over land and ocean by increasing
the entrainment-detrainment rates for deep and shallow convection used in the Tiedtke scheme, which
tends to simulate convective precipitation too early in the day and with an unrealistic amplitude
over land. Thus, the choice of a convective scheme impacts the diurnal cycle (e.g., Bechtold et al.,
2004; Wang et al., 2007), as well as the simulation of monsoon precipitation in climate models (e.g.,
Mukhopadhyay et al., 2010), the MJO (e.g., Lin et al., 2006), the ENSO (e.g., Wu et al., 2007; Neale
et al., 2008), the ITCZ configuration (e.g., Liu et al., 2019), and cloud cover and precipitation over
urban areas (e.g., Karlický et al., 2020), among others. This topic has profound practical effects: it
has been shown that choices in the convective parameterization affect the prediction of the track,
intensity, and associated rainfall of tropical cyclones (e.g., Mohandas and Ashrit, 2014). However,
the impacts of the empirical values in convection are extremely code-specific, and often errors in
calibration of one parameter are hidden by errors in another. Examples of these include masking
errors in vertical structure due to errors in cloud overlap (Neggers and Siebesma, 2013) or the ”too
few, too bright” problem (e.g., Nam et al., 2014). Therefore, results obtained in one GCM with
a particular set of empirical values might differ from results obtained in a different GCM with the
same set of empirical values.

Timely provision of the correct amount of precipitation at the right location is still a challenge
for models. In the weather realm, Fig. 3.17 is an example of how different the precipitation field
may look depending on the cumulus parameterization used. All a priori sensible methods locate
the maximum and minima in different parts of Typhoon Megi and predict different areas and total
accumulations. Fig. 3.19 shows differences in the location and pressure of typhoon Megi and Chaba
with initial perturbations, and when 7 different convection parameters are perturbed using SPP.
Compared to the initial perturbations, changes in convection parameters show a bigger dispersion
and yield a wider range of pressure values for each of the cyclones. In the climate model realm,
validation exercises focusing on precipitation (Tapiador et al., 2012, 2017, 2018) have shown the
importance and challenges of comparing model outputs with precipitation measurements in order
to improve model performance. Indeed, the difficulties of quantitative precipitation estimation sug-
gest precipitation as a privileged metric to gauge model performance (Tapiador et al., 2019b). The
“ultimate test”, as it has been described, makes precipitation science an active field of research.
As discussed in such paper, there is no complete agreement even in the reference data, with data-
sets differing even in such aggregated value as the global mean value of the precipitation on Earth.
Advances in satellite precipitation estimation (Kummerow et al., 1998; Joyce et al., 2004; Okamoto
et al., 2005; Ushio and Kachi, 2010; Watanabe et al., 2010, 2011; Kucera et al., 2013; Hou et al., 2014;
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Huffman et al., 2015; Xie et al., 2017; Levizzani and Cattani, 2019; Skofronick-Jackson et al., 2019)
are indispensable for further advancement, since direct estimates of precipitation (pluviometers, dis-
drometers) and ground radars are limited to land areas. In the near future, it is likely that satellites
will continue to play a vital role in validating models and therefore in opening new directions in the
way key physical processes are modeled. These advances need to be parallel with an explicit account
of what is empirical in models in order to benefit both fields, observations and models. Algorithm
developers in the satellite realm are perhaps more used to specifying their assumptions through the
Algorithm Theoretical Basis Documents (ATBD), but a full comparison between the physics and
empirical values behind both algorithms and parameterizations is much needed to advance the field.
On that note, it is clear that better access to climate model code would contribute to addressing
scientific gaps in climate models and improving their reliability (Añel et al., 2021). It would also be
highly desirable that scientists not only specify the parameterizations they have used, but also the
assumptions and empirical values they have actually selected within these. Tables 3.2-3.16 can be
used to easily identify and pinpoint their choices. The benefit will be immense as some discrepancies
could be readily attributed to known issues (i.e. heavy spurious rainfall over warm water in adjust-
ment schemes) or identified as confounding variables. As in the case of the microphysics, making
transparent the codes, the assumptions and the empiricisms can only benefit the community and
dispel any potential concerns.

As a final comment, it is important to note that the focus of this paper is not comparing the
publicly available convection schemes or steering users towards one or another but to explore the
physics behind the modules and to do that from an objective and independent point of view. Neither
is the paper about criticizing the simplifications that are inherent to modeling the atmosphere or
the limitations of current methods. On the contrary, the research arises from the conviction that
models are the way forward to advance climate research. Being aware of the potential misuse of the
results shown here to discredit models, it is important to discourage uninformed critics and futile
attempts: neither this paper nor Tapiador et al. (2019a) cast any shadow of doubt on model outputs.
On the contrary, they display and celebrate the delicate intricacies, nuances, precise measurements,
and careful choices made by the community to craft complex tools to forecast, simulate, and predict
precipitation.

Data availability: GFS data have been used to run the WRF simulations in Figs. 3.16 and
3.17. These datasets are publicly available online at https://doi.org/10.5065/D65D8PWK (Na-
tional Centers for Environmental Prediction/National Weather Service/NOAA/U.S. Department of
Commerce, 2015). Also, the GPM IMERG final run daily precipitation dataset was used in the
comparison in Fig. 3.16. This dataset is publicly available online at https://doi.org/10.5067/

GPM/IMERGDF/DAY/06 (Huffman et al., 2019).
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Añel, J. A., Garćıa-Rodŕıguez, M., and Rodeiro, J. (2021). Current status on the need for improved
accessibility to climate models code. Geoscientific Model Development, 14(2):923–934.

Angevine, W. M. (2005). An integrated turbulence scheme for boundary layers with shallow cumulus
applied to pollutant transport. Journal of Applied Meteorology, 44(9):1436–1452.

Angevine, W. M., Jiang, H., and Mauritsen, T. (2010). Performance of an eddy diffusivity–mass
flux scheme for shallow cumulus boundary layers. Monthly Weather Review, 138(7):2895–2912.

Anthes, R. A. (1977). A cumulus parameterization scheme utilizing a one-dimensional cloud model.
Monthy Weather Review, 105(3):270–286.

Arakawa, A. (1969). Parameterization of cumulus convection. Proceedings of WMO/IUGG Sym-
posium, Numerical Weather Prediction, Japan Meteorological Agency, IV(8):1–6.

Arakawa, A. (2004). The cumulus parameterization problem: Past, present, and future. Journal of
Climate, 17(13):2493–2525.

Arakawa, A., Jung, J.-H., and Wu, C.-M. (2011). Toward unification of the multiscale modeling of
the atmosphere. Atmospheric Chemistry and Physics, 11(8):3731–3742.

Arakawa, A. and Schubert, W. H. (1974). Interaction of a cumulus cloud ensemble with the large-
scale environment, part I. Journal of the Atmospheric Sciences, 31(3):674–701.

Arakawa, A. and Wu, C.-M. (2013). A unified representation of deep moist convection in numerical
modeling of the atmosphere. Part I. Journal of the Atmospheric Sciences, 70(7):1977–1992.

Asai, T. and Kasahara, A. (1967). A theoretical study of the compensating downward motions
associated with cumulus clouds. Journal of Atmospheric Sciences, 24(5):487–496.

123



Baba, Y. (2019). Spectral cumulus parameterization based on cloud-resolving model. Climate
Dynamics, 52(1):309–334.

Baik, J.-J., DeMaria, M., and Raman, S. (1990). Tropical cyclone simulations with the Betts convect-
ive adjustment scheme. Part II: Sensitivity experiments. Monthly Weather Review, 118(3):529–
541.

Bak, P., Tang, C., and Wiesenfeld, K. (1987). Self-organized criticality: An explanation of the 1/f
noise. Physical Review Letters, 59(4):381.

Baldwin, M. E., Kain, J. S., and Kay, M. P. (2002). Properties of the convection scheme in NCEP’s
Eta model that affect forecast sounding interpretation. Weather and Forecasting, 17(5):1063–1079.

Barros, D. and Albernaz, A. (2014). Possible impacts of climate change on wetlands and its biota
in the Brazilian Amazon. Brazilian Journal of Biology, 74:810–820.

Bechtold, P. (2019). Atmospheric moist convection. Meteorological Training Course Lecture Series.
Technical report, ECMWF, Shinfield Park.

Bechtold, P., Bazile, E., Guichard, F., Mascart, P., and Richard, E. (2001). A mass-flux convection
scheme for regional and global models. Quarterly Journal of the Royal Meteorological Society,
127(573):869–886.

Bechtold, P., Chaboureau, J.-P., Beljaars, A., Betts, A., Köhler, M., Miller, M., and Redelsperger,
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W., Grenier, H., Jones, C., Köhler, M., et al. (2004). Modelling the diurnal cycle of deep pre-
cipitating convection over land with cloud-resolving models and single-column models. Quarterly
Journal of the Royal Meteorological Society: A Journal of the Atmospheric Sciences, Applied
Meteorology and Physical Oceanography, 130(604):3139–3172.

Guo, H., Golaz, J.-C., Donner, L., Wyman, B., Zhao, M., and Ginoux, P. (2015a). CLUBB as
a unified cloud parameterization: Opportunities and challenges. Geophysical Research Letters,
42(11):4540–4547.

Guo, H., Golaz, J.-C., Donner, L. J., Ginoux, P., and Hemler, R. S. (2014). Multivariate probability
density functions with dynamics in the GFDL atmospheric general circulation model: Global
tests. Journal of Climate, 27(5):2087–2108.

Guo, X., Lu, C., Zhao, T., Zhang, G. J., and Liu, Y. (2015b). An observational study of entrainment
rate in deep convection. Atmosphere, 6(9):1362–1376.

Gustafson, W. J. I., Vogelmann, A. M., Li, Z., Cheng, X., Dumas, K. K., Endo, S., Johnson, K. L.,
Krishna, B., Fairless, T., and Xiao, H. (2020). The large-eddy simulation (LES) atmospheric
radiation measurement (ARM) symbiotic simulation and observation (LASSO) activity for con-
tinental shallow convection. Bulletin of the American Meteorological Society, 101(4):E462–E479.

Hack, J. J. (1994). Parameterization of moist convection in the National Center for Atmospheric
Research community climate model (CCM2). Journal of Geophysical Research: Atmospheres,
99(D3):5551–5568.

Hack, J. J., Schubert, W. H., and Dias, P. L. S. (1984). A spectral cumulus parameterization for
use in numerical models of the tropical atmosphere. Monthly Weather Review, 112(4):704–716.

Hagos, S., Feng, Z., Plant, R. S., Houze Jr, R. A., and Xiao, H. (2018). A stochastic framework for
modeling the population dynamics of convective clouds. Journal of Advances in Modeling Earth
Systems, 10(2):448–465.

Han, J. and Bretherton, C. S. (2019). TKE-based moist eddy-diffusivity mass-flux (EDMF) para-
meterization for vertical turbulent mixing. Weather and Forecasting, 34(4):869–886.

Han, J. and Pan, H.-L. (2011). Revision of convection and vertical diffusion schemes in the NCEP
Global Forecast System. Weather and Forecasting, 26(4):520–533.

Han, J., Wang, W., Kwon, Y. C., Hong, S.-Y., Tallapragada, V., and Yang, F. (2017). Updates
in the NCEP GFS cumulus convection schemes with scale and aerosol awareness. Weather and
Forecasting, 32(5):2005–2017.

Han, J., Witek, M. L., Teixeira, J., Sun, R., Pan, H.-L., Fletcher, J. K., and Bretherton, C. S.
(2016a). Implementation in the NCEP GFS of a hybrid eddy-diffusivity mass-flux (EDMF)
boundary layer parameterization with dissipative heating and modified stable boundary layer
mixing. Weather and Forecasting, 31(1):341–352.

Han, J.-Y., Hong, S.-Y., and Kwon, Y. C. (2020). The performance of a revised simplified Arakawa–
Schubert (SAS) convection scheme in the medium-range forecasts of the Korean Integrated Model
(KIM). Weather and Forecasting, 35(3):1113–1128.

134



Han, J.-Y., Hong, S.-Y., Sunny Lim, K.-S., and Han, J. (2016b). Sensitivity of a cumulus paramet-
erization scheme to precipitation production representation and its impact on a heavy rain event
over Korea. Monthly Weather Review, 144(6):2125–2135.

Han, J.-Y., Kim, S.-Y., Choi, I.-J., and Jin, E. K. (2019). Effects of the convective triggering process
in a cumulus parameterization scheme on the diurnal variation of precipitation over East Asia.
Atmosphere, 10(1):28.

Hannah, W. M. and Maloney, E. D. (2011). The role of moisture–convection feedbacks in simulating
the Madden–Julian Oscillation. Journal of Climate, 24(11):2754–2770.

Hara, M., Yoshikane, T., Takahashi, H. G., Kimura, F., Noda, A., and Tokioka, T. (2009). Assess-
ment of the diurnal cycle of precipitation over the Maritime Continent simulated by a 20 km mesh
GCM using TRMM PR data. Journal of the Meteorological Society of Japan. Ser. II, 87:413–424.

Hararuk, O., Xia, J., and Luo, Y. (2014). Evaluation and improvement of a global land model against
soil carbon data using a Bayesian Markov chain Monte Carlo method. Journal of Geophysical
Research: Biogeosciences, 119(3):403–417.

Heus, T. and Jonker, H. J. (2008). Subsiding shells around shallow cumulus clouds. Journal of the
Atmospheric Sciences, 65(3):1003–1018.

Heymsfield, A. J., Schmitt, C., and Bansemer, A. (2013). Ice cloud particle size distributions and
pressure-dependent terminal velocities from in situ observations at temperatures from 0◦ to- 86◦C.
Journal of the Atmospheric Sciences, 70(12):4123–4154.

Hirons, L., Inness, P., Vitart, F., and Bechtold, P. (2013). Understanding advances in the simula-
tion of intraseasonal variability in the ECMWF model. Part I: The representation of the MJO.
Quarterly Journal of the Royal Meteorological Society, 139(675):1417–1426.

Hirota, N., Takayabu, Y. N., Watanabe, M., Kimoto, M., and Chikira, M. (2014). Role of convect-
ive entrainment in spatial distributions of and temporal variations in precipitation over tropical
oceans. Journal of Climate, 27(23):8707–8723.

Hohenegger, C. and Bretherton, C. S. (2011). Simulating deep convection with a shallow convection
scheme. Atmospheric Chemistry and Physics, 11(20):10389–10406.

Holden, Z. A., Swanson, A., Luce, C. H., Jolly, W. M., Maneta, M., Oyler, J. W., Warren, D. A.,
Parsons, R., and Affleck, D. (2018). Decreasing fire season precipitation increased recent western
US forest wildfire activity. Proceedings of the National Academy of Sciences, 115(36):E8349–
E8357.

Holloway, C., Woolnough, S., and Lister, G. (2012). Precipitation distributions for explicit versus
parametrized convection in a large-domain high-resolution tropical case study. Quarterly Journal
of the Royal Meteorological Society, 138(668):1692–1708.

Holloway, C. E., Woolnough, S. J., and Lister, G. M. (2013). The effects of explicit versus para-
meterized convection on the MJO in a large-domain high-resolution tropical case study. Part I:
Characterization of large-scale organization and propagation. Journal of the Atmospheric Sci-
ences, 70(5):1342–1369.

Holtslag, A. A. M. (1998). Modelling of atmospheric boundary layers. Royal Netherlands Academy
of Arts and Sciences,, 85:110.

Hong, S.-Y. and Pan, H.-L. (1996). Nonlocal boundary layer vertical diffusion in a medium-range
forecast model. Monthly Weather Review, 124(10):2322–2339.

Hong, S.-Y. and Pan, H.-L. (1998). Convective trigger function for a mass-flux cumulus parameter-
ization scheme. Monthly Weather Review, 126(10):2599–2620.

135



Hong, S.-Y., Park, H., Cheong, H.-B., Kim, J.-E. E., Koo, M.-S., Jang, J., Ham, S., Hwang, S.-O.,
Park, B.-K., Chang, E.-C., et al. (2013). The global/regional integrated model system (GRIMs).
Asia-Pacific Journal of Atmospheric Sciences, 49(2):219–243.

Honnert, R., Efstathiou, G. A., Beare, R. J., Ito, J., Lock, A., Neggers, R., Plant, R. S., Shin, H. H.,
Tomassini, L., and Zhou, B. (2020). The atmospheric boundary layer and the “gray zone” of
turbulence: A critical review. Journal of Geophysical Research: Atmospheres, 125(13):e1–26.

Hou, A. Y., Kakar, R. K., Neeck, S., Azarbarzin, A. A., Kummerow, C. D., Kojima, M., Oki, R.,
Nakamura, K., and Iguchi, T. (2014). The global precipitation measurement mission. Bulletin of
the American Meteorological Society, 95(5):701–722.

Houghton, H. G. and Cramer, H. E. (1951). A theory of entrainment in convective currents. Journal
of Atmospheric Sciences, 8(2):95–102.

Hourdin, F., Couvreux, F., and Menut, L. (2002). Parameterization of the dry convective boundary
layer based on a mass flux representation of thermals. Journal of the Atmospheric Sciences,
59(6):1105–1123.

Hourdin, F., Grandpeix, J.-Y., Rio, C., Bony, S., Jam, A., Cheruy, F., Rochetin, N., Fairhead,
L., Idelkadi, A., Musat, I., et al. (2013). LMDZ5B: the atmospheric component of the IPSL
climate model with revisited parameterizations for clouds and convection. Climate Dynamics,
40(9):2193–2222.

Hourdin, F., Mauritsen, T., Gettelman, A., Golaz, J.-C., Balaji, V., Duan, Q., Folini, D., Ji, D.,
Klocke, D., Qian, Y., et al. (2017). The art and science of climate model tuning. Bulletin of the
American Meteorological Society, 98(3):589–602.

Huffman, G. J., Bolvin, D. T., Braithwaite, D., Hsu, K., Joyce, R., Xie, P., and Yoo, S.-H. (2015).
NASA global precipitation measurement (GPM) integrated multi-satellite retrievals for GPM
(IMERG). Algorithm Theoretical Basis Document (ATBD) Version, 4:26.

Huffman, G. J., Stocker, E. F., Bolvin, D. T.and Nelkin, E. J., and Tan, J. (2019). GPM IMERG
Final Precipitation L3 1 day 0.1 degree x 0.1 degree V06, Edited by Andrey Savtchenko, Greenbelt,
MD, Goddard Earth Sciences Data and Information Services Center (GES DISC). https://doi.
org/10.5067/GPM/IMERGDF/DAY/06.

IPCC (2014). Climate Change 2014: Synthesis report. Contribution of Working Groups I, II and
III to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change. Technical
report.

Jackson, C., Sen, M. K., and Stoffa, P. L. (2004). An efficient stochastic Bayesian approach to
optimal parameter and uncertainty estimation for climate model predictions. Journal of Climate,
17(14):2828–2841.

Jackson, C. S., Sen, M. K., Huerta, G., Deng, Y., and Bowman, K. P. (2008). Error reduction and
convergence in climate prediction. Journal of Climate, 21(24):6698–6709.

Jakob, C. (2010). Accelerating progress in global atmospheric model development through improved
parameterizations: Challenges, opportunities, and strategies. Bulletin of the American Meteoro-
logical Society, 91(7):869–876.

Jakob, C. and Siebesma, A. P. (2003). A new subcloud model for mass-flux convection schemes:
Influence on triggering, updraft properties, and model climate. Monthly Weather Review,
131(11):2765–2778.

Jam, A., Hourdin, F., Rio, C., and Couvreux, F. (2013). Resolved versus parametrized boundary-
layer plumes. Part III: Derivation of a statistical scheme for cumulus clouds. Boundary-Layer
Meteorology, 147(3):421–441.

136

https://doi.org/10.5067/GPM/IMERGDF/DAY/06
https://doi.org/10.5067/GPM/IMERGDF/DAY/06


James, R. P. and Markowski, P. M. (2010). A numerical investigation of the effects of dry air aloft
on deep convection. Monthly Weather Review, 138(1):140–161.
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Rennó, N. O., Emanuel, K. A., and Stone, P. H. (1994). Radiative-convective model with an explicit
hydrologic cycle: 1. Formulation and sensitivity to model parameters. Journal of Geophysical
Research: Atmospheres, 99(D7):14429–14441.

Reuter, G. and Yau, M. (1987). Mixing mechanisms in cumulus congestus clouds. Part II: Numerical
simulations. Journal of Atmospheric Sciences, 44(5):798–827.

Rio, C., Del Genio, A. D., and Hourdin, F. (2019). Ongoing breakthroughs in convective paramet-
erization. Current Climate Change Reports, 5(2):95–111.

Rio, C., Grandpeix, J.-Y., Hourdin, F., Guichard, F., Couvreux, F., Lafore, J.-P., Fridlind, A.,
Mrowiec, A., Roehrig, R., Rochetin, N., et al. (2013). Control of deep convection by sub-cloud
lifting processes: the ALP closure in the LMDZ5B general circulation model. Climate Dynamics,
40(9):2271–2292.

Rio, C. and Hourdin, F. (2008). A thermal plume model for the convective boundary layer: Rep-
resentation of cumulus clouds. Journal of the Atmospheric Sciences, 65(2):407–425.

Rio, C., Hourdin, F., Couvreux, F., and Jam, A. (2010). Resolved versus parametrized boundary-
layer plumes. Part II: Continuous formulations of mixing rates for mass-flux schemes. Boundary-
Layer Meteorology, 135(3):469–483.

Rio, C., Hourdin, F., Grandpeix, J.-Y., and Lafore, J.-P. (2009). Shifting the diurnal cycle of
parameterized deep convection over land. Geophysical Research Letters, 36(7).

Rocha, R. D. and Caetano, E. (2010). The role of convective parameterization in the simulation of
a cyclone over the South Atlantic. Atmósfera, 23(1):1–23.

Rochetin, N., Couvreux, F., Grandpeix, J.-Y., and Rio, C. (2014a). Deep convection triggering by
boundary layer thermals. Part I: LES analysis and stochastic triggering formulation. Journal of
the Atmospheric Sciences, 71(2):496–514.

149



Rochetin, N., Grandpeix, J.-Y., Rio, C., and Couvreux, F. (2014b). Deep convection triggering by
boundary layer thermals. Part II: Stochastic triggering parameterization for the LMDZ GCM.
Journal of the Atmospheric Sciences, 71(2):515–538.

Romps, D. M. (2010). A direct measure of entrainment. Journal of the Atmospheric Sciences,
67(6):1908–1927.

Romps, D. M. (2016). The stochastic parcel model: A deterministic parameterization of stochastic-
ally entraining convection. Journal of Advances in Modeling Earth Systems, 8(1):319–344.

Romps, D. M. and Kuang, Z. (2010). Do undiluted convective plumes exist in the upper tropical
troposphere? Journal of the Atmospheric Sciences, 67(2):468–484.

Romps, D. M. and Kuang, Z. (2010). Nature versus nurture in shallow convection. Journal of the
Atmospheric Sciences, 67(5):1655–1666.

Rosa, D. and Collins, W. (2013). A case study of subdaily simulated and observed continental
convective precipitation: CMIP5 and multiscale global climate models comparison. Geophysical
Research Letters, 40(22):5999–6003.

Rosenfeld, D., Lohmann, U., Raga, G. B., O’Dowd, C. D., Kulmala, M., Fuzzi, S., Reissell, A.,
and Andreae, M. O. (2008). Flood or drought: how do aerosols affect precipitation? Science,
321(5894):1309–1313.

Rougier, J., Sexton, D. M., Murphy, J. M., and Stainforth, D. (2009). Analyzing the climate
sensitivity of the HadSM3 climate model using ensembles from different but related experiments.
Journal of Climate, 22(13):3540–3557.

Ruiz, J. J., Pulido, M., and Miyoshi, T. (2013). Estimating model parameters with ensemble-based
data assimilation: A review. Journal of the Meteorological Society of Japan. Ser. II, 91(2):79–99.

Sakradzija, M. and Klocke, D. (2018). Physically constrained stochastic shallow convection in real-
istic kilometer-scale simulations. Journal of Advances in Modeling Earth Systems, 10(11):2755–
2776.

Sakradzija, M., Seifert, A., and Dipankar, A. (2016). A stochastic scale-aware parameterization of
shallow cumulus convection across the convective gray zone. Journal of Advances in Modeling
Earth Systems, 8(2):786–812.

Sakradzija, M., Seifert, A., and Heus, T. (2015). Fluctuations in a quasi-stationary shallow cumulus
cloud ensemble. Nonlinear Processes in Geophysics, 22(1):65–85.

Sanderson, B. M., Piani, C., Ingram, W., Stone, D., and Allen, M. (2008). Towards constraining
climate sensitivity by linear analysis of feedback patterns in thousands of perturbed-physics GCM
simulations. Climate Dynamics, 30(2):175–190.

Sato, T., Miura, H., Satoh, M., Takayabu, Y. N., and Wang, Y. (2009). Diurnal cycle of precipitation
in the tropics simulated in a global cloud-resolving model. Journal of Climate, 22(18):4809–4826.

Schlemmer, L. and Hohenegger, C. (2014). The formation of wider and deeper clouds as a result of
cold-pool dynamics. Journal of the Atmospheric Sciences, 71(8):2842–2858.

Schmidt, G. A., Bader, D., Donner, L. J., Elsaesser, G. S., Golaz, J.-C., Hannay, C., Molod, A.,
Neale, R. B., and Saha, S. (2017). Practice and philosophy of climate model tuning across six US
modeling centers. Geoscientific Model Development, 10(9):3207–3223.

Schneider, T., Lan, S., Stuart, A., and Teixeira, J. (2017). Earth system modeling 2.0: A blueprint
for models that learn from observations and targeted high-resolution simulations. Geophysical
Research Letters, 44(24):12–396.

150



Shin, J. and Park, S. (2020). A stochastic unified convection scheme (UNICON). Part I: Formula-
tion and single-column simulation for shallow convection. Journal of the Atmospheric Sciences,
77(2):583–610.

Shutts, G. (2005). A kinetic energy backscatter algorithm for use in ensemble prediction systems.
Quarterly Journal of the Royal Meteorological Society: A Journal of the Atmospheric Sciences,
Applied Meteorology and Physical Oceanography, 131(612):3079–3102.

Siebesma, A. (1998). Shallow cumulus convection. In Buoyant convection in geophysical flows, pages
441–486. Springer.

Siebesma, A. and Cuijpers, J. (1995). Evaluation of parametric assumptions for shallow cumulus
convection. Journal of Atmospheric Sciences, 52(6):650–666.

Siebesma, A. and Holtslag, A. A. (1996). Model impacts of entrainment and detrainment rates in
shallow cumulus convection. Journal of Atmospheric Sciences, 53(16):2354–2364.

Siebesma, A. and Teixeira, J. (2000). An advection–diffusion scheme for the convective boundary
layer: Description and 1D results. In Preprints, 14th Symp. on Boundary Layers and Turbulence,
Aspen, CO, Amer. Meteor. Soc, volume 133, page 136.

Siebesma, A. P., Bretherton, C. S., Brown, A., Chlond, A., Cuxart, J., Duynkerke, P. G., Jiang,
H., Khairoutdinov, M., Lewellen, D., Moeng, C.-H., et al. (2003). A large eddy simulation
intercomparison study of shallow cumulus convection. Journal of the Atmospheric Sciences,
60(10):1201–1219.

Siebesma, A. P., Soares, P. M., and Teixeira, J. (2007). A combined eddy-diffusivity mass-flux
approach for the convective boundary layer. Journal of the Atmospheric Sciences, 64(4):1230–
1248.

Simpson, J. (1971). On cumulus entrainment and one-dimensional models. Journal of Atmospheric
Sciences, 28(3):449–455.

Simpson, J. and Wiggert, V. (1969). Models of precipitating cumulus towers. Monthly Weather
Review, 97(7):471–489.

Singh, M. S., Warren, R. A., and Jakob, C. (2019). A steady-state model for the relationship
between humidity, instability, and precipitation in the tropics. Journal of Advances in Modeling
Earth Systems, 11(12):3973–3994.

Skofronick-Jackson, G., Kulie, M., Milani, L., Munchak, S. J., Wood, N. B., and Levizzani, V.
(2019). Satellite estimation of falling snow: A global precipitation measurement (GPM) core
observatory perspective. Journal of Applied Meteorology and Climatology, 58(7):1429–1448.

Slingo, J., Blackburn, M., Betts, A., Brugge, R., Hodges, K., Hoskins, B., Miller, M., Steenman-
Clark, L., and Thuburn, J. (1994). Mean climate and transience in the tropics of the UGAMP
GCM: Sensitivity to convective parametrization. Quarterly Journal of the Royal Meteorological
Society, 120(518):881–922.

Smagorinsky, J. (1956). On the inclusion of moist adiabatic processes in numerical prediction models.
Beitrag Deutsche Wetterdiens, 5:82–90.

Smith, L. A. (2002). What might we learn from climate forecasts? Proceedings of the National
Academy of Sciences, 99(suppl 1):2487–2492.

Smith, R. (1990). A scheme for predicting layer clouds and their water content in a general circulation
model. Quarterly Journal of the Royal Meteorological Society, 116(492):435–460.

151



Soares, P., Miranda, P., Siebesma, A., and Teixeira, J. (2004). An eddy-diffusivity/mass-flux para-
metrization for dry and shallow cumulus convection. Quarterly Journal of the Royal Meteorological
Society: A Journal of the Atmospheric Sciences, Applied Meteorology and Physical Oceanography,
130(604):3365–3383.

Sommeria, G. and Deardorff, J. (1977). Subgrid-scale condensation in models of nonprecipitating
clouds. Journal of Atmospheric Sciences, 34(2):344–355.

Song, F. and Zhang, G. J. (2017). Improving trigger functions for convective parameterization
schemes using GOAmazon observations. Journal of Climate, 30(21):8711–8726.

Song, H., Lin, W., Lin, Y., Wolf, A. B., Neggers, R., Donner, L. J., Del Genio, A. D., and Liu, Y.
(2013). Evaluation of precipitation simulated by seven SCMs against the ARM observations at
the SGP site. Journal of Climate, 26(15):5467–5492.

Song, X. and Zhang, G. J. (2009). Convection parameterization, tropical Pacific double ITCZ, and
upper-ocean biases in the NCAR CCSM3. Part I: Climatology and atmospheric feedback. Journal
of Climate, 22(16):4299–4315.

Song, X. and Zhang, G. J. (2011). Microphysics parameterization for convective clouds in a global
climate model: Description and single-column model tests. Journal of Geophysical Research:
Atmospheres, 116(D2).

Song, X. and Zhang, G. J. (2018). The roles of convection parameterization in the formation of
double ITCZ syndrome in the NCAR CESM: I. Atmospheric processes. Journal of Advances in
Modeling Earth Systems, 10(3):842–866.

Song, X., Zhang, G. J., and Li, J.-L. (2012). Evaluation of microphysics parameterization for
convective clouds in the NCAR Community Atmosphere Model CAM5. Journal of Climate,
25(24):8568–8590.

Song, Y., Wikle, C. K., Anderson, C. J., and Lack, S. A. (2007). Bayesian estimation of
stochastic parameterizations in a numerical weather forecasting model. Monthly Weather Re-
view, 135(12):4045–4059.

Squires, P. (1958). Penetrative downdraughts in cumuli. Tellus, 10(3):381–389.

Squires, P. and Turner, J. (1962). An entraining jet model for cumulo-nimbus updraughts. Tellus,
14(4):422–434.

Stechmann, S. N. and Neelin, J. D. (2011). A stochastic model for the transition to strong convection.
Journal of the Atmospheric Sciences, 68(12):2955–2970.

Stensrud, D. J. (2009). Parameterization schemes: Keys to understanding numerical weather pre-
diction models. Cambridge University Press.

Stephens, G. L., L’Ecuyer, T., Forbes, R., Gettelmen, A., Golaz, J.-C., Bodas-Salcedo, A., Suzuki,
K., Gabriel, P., and Haynes, J. (2010). Dreary state of precipitation in global models. Journal of
Geophysical Research: Atmospheres, 115(D24).

Stephens, G. L., van den Heever, S. C., Haddad, Z. S., Posselt, D. J., Storer, R. L., Grant, L. D.,
Sy, O. O., Rao, T. N., Tanelli, S., and Peral, E. (2019). A distributed small satellite approach for
measuring convective transports in the Earth’s atmosphere. IEEE Transactions on Geoscience
and Remote Sensing, 58(1):4–13.

Stevens, B., Giorgetta, M., Esch, M., Mauritsen, T., Crueger, T., Rast, S., Salzmann, M., Schmidt,
H., Bader, J., Block, K., et al. (2013). Atmospheric component of the MPI-M Earth system
model: ECHAM6. Journal of Advances in Modeling Earth Systems, 5(2):146–172.

152



Stirling, A. and Stratton, R. (2012). Entrainment processes in the diurnal cycle of deep convection
over land. Quarterly Journal of the Royal Meteorological Society, 138(666):1135–1149.

Stommel, H. (1947). Entrainment of air into a cumulus cloud. Journal of Atmospheric Sciences,
4(3):91–94.

Storer, R. L., Van Den Heever, S. C., and Stephens, G. L. (2010). Modeling aerosol impacts on
convective storms in different environments. Journal of the Atmospheric Sciences, 67(12):3904–
3915.

Storer, R. L., Zhang, G. J., and Song, X. (2015). Effects of convective microphysics parameterization
on large-scale cloud hydrological cycle and radiative budget in tropical and midlatitude convective
regions. Journal of Climate, 28(23):9277–9297.

Stratton, R. and Stirling, A. (2012). Improving the diurnal cycle of convection in GCMs. Quarterly
Journal of the Royal Meteorological Society, 138(666):1121–1134.

Sud, Y. and Walker, G. (1999). Microphysics of clouds with the relaxed Arakawa–Schubert scheme
(McRAS). Part I: Design and evaluation with GATE phase III data. Journal of the Atmospheric
Sciences, 56(18):3196–3220.

Suhas, E. and Zhang, G. J. (2014). Evaluation of trigger functions for convective parameterization
schemes using observations. Journal of Climate, 27(20):7647–7666.

Sun, J. and Pritchard, M. S. (2016). Effects of explicit convection on global land-atmosphere coupling
in the superparameterized CAM. Journal of Advances in Modeling Earth Systems, 8(3):1248–1269.

Sun, Y., Solomon, S., Dai, A., and Portmann, R. W. (2006). How often does it rain? Journal of
Climate, 19(6):916–934.

Sundqvist, H. (1978). A parameterization scheme for non-convective condensation including predic-
tion of cloud water content. Quarterly Journal of the Royal Meteorological Society, 104(441):677–
690.

Sundqvist, H. (1988). Parameterization of condensation and associated clouds in models for weather
prediction and general circulation simulation. In Physically-based modelling and simulation of
climate and climatic change, pages 433–461. Springer.
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Tapiador, F. J., Sanchez, J.-L., and Garćıa-Ortega, E. (2019a). Empirical values and assumptions
in the microphysics of numerical models. Atmospheric Research, 215:214–238.

Tapiador, F. J., Roca, R., Del Genio, A., Dewitte, B., Petersen, W., and Zhang, F. (2019b). Is
precipitation a good metric for model performance? Bulletin of the American Meteorological
Society, 100(2):223–233.

Tapiador, F. J., Hou, A. Y., De Castro, M., Checa, R., Cuartero, F., and Barros, A. P. (2011).
Precipitation estimates for hydroelectricity. Energy and Environmental Science, 4(11):4435–4448.
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3.3 How will precipitation science evolve in the coming dec-
ades?

Measuring precipitation has always been of vital importance for communities. So
much so that the first records of rain gauges go back to the fourth century BC
in India and the second century BC in Palestine. Later, in the thirteenth century
China started using rain gauges in cities and snow gauges in mountainous regions,
whereas rain gauges were systematically used for agricultural purposes in Korea in
the fifteenth century. However, measurements in the scientific sense started in the
seventeenth century in Europe with the scientific revolution.

Numerous types of rain gauges are currently in use. The tipping bucket was
the first rain gauge used in Europe. Christopher Wren invented it around 1661. It
consisted of a lever that would tip after receiving a certain amount of water. Different
models followed but it was not until the 1860s and 1870s that the first automated
rain gauges started to be in use with different models around the globe, such as those
invented by George James Symons in the British Empire or Gustav Hellmann in
Central Europe. For a more detailed description of rain gauges evolution, the reader is
referred to Strangeways et al. (2010) and Morbidelli et al. (2020). Variations between
rain gauges made it impossible to systematically analyze data measured at different
locations. In 1873, the International Meteorological Organization, the precursor of
the current World Meteorological Organization (WMO), was funded with the main
goal of standardizing measurements. However, differences persist among the rain
gauges currently in use. As reported by Sevruk and Klemm (1989), there are more
than 50 different types of gauges throughout the globe. The main ones are manual,
mechanical recording, and electrical.

Knowing the amount of precipitation fallen in a certain location is important and
so is the size of each drop and its contribution to the total precipitation, which is
very useful to obtain information about its physical characteristics and understand its
dynamics. Early low-cost measurements of drop size go back to the late nineteenth
century when Wiesner (1895) exposed a water-soluble-dyed sheet of absorbent paper
to rainfall. This technique has several drawbacks including the fact that large drops
could be difficult to measure due to breaking up once they hit the paper. New at-
tempts followed such as the use of a 2 to 3 cm layer of flour instead of absorbent paper
(Bentley, 1904), two raindrop cameras situated perpendicularly (Jones, 1959) or the
Illinois camera (Mueller, 1966). However, all these techniques suffered from several
drawbacks such as superimposition. The first manuscript describing a disdrometer is
that of Clardy and Tolbert (1961), who suggested it as a possible alternative method
to measure drop size. The author obtained good results. Some years later, the micro-
phonic disdrometer was invented by Joss and Waldvogel (1967) using a microphone
sensor that produced an electrical pulse by the vertical impact of the drop. They
also assumed that drops were spherical. The electromagnetic or optical disdrometer
appeared soon after. In this case, drops going through a laser beam are responsible
for the electrical pulses. Since then, a wide number of optical disdrometers have been
proposed as highlighted in the review of Fernandez-Raga et al. (2011) on disdrometers
in precipitation science.

Despite retrieving direct measurements, both rain gauges and disdrometers suffer
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from drawbacks being the limited spatial representativeness the most relevant one.
During World War II, radar operators realized that weather events affected radar sig-
nals creating echoes. After the war, this lead the scientific community to study more
in detail the possibility of using radars to measure precipitation as it could provide
higher spatial resolution than the ground-based instruments used so far. Moreover, it
could help to forecast short-term precipitation. As reported in Sokol et al. (2021), one
of the first applications of weather radar products in hydrology was in rainfall-runoff
models. Since then, weather radars have been widely used for different applications
such as issuing warnings (e.g., Stensrud et al., 2009) or forecast floods (e.g. Stensrud
et al., 2013), among others. The main procedure to obtain rainfall rates from radar re-
flectivities is to use the known Marshall-Palmer formula (Marshall et al., 1947), which
states that the relationship between both variables is of the form Z = aRb being Z
the reflectivity and R the rainfall rate. Both a and b are adjustable parameters.

However, radars also suffer from pitfalls and although they provide very useful
data, the covered areas are sparse making it difficult to forecast. Global measurements
are needed to fill the gap. Thus, scientists came up with the idea of using cameras
on board satellites. Attempts were already made in 1958 but it was in 1959 and
1960 when the first operational weather satellites were launched, i.e., Vanguard 2
and TIROS-1. Since then, numerous satellites with improved technology have been
launched contributing to significant improvements in weather forecasting. Examples
of them include polar-orbiting satellites and the GOES series in the 1970s, and the
TRMM launched by NASA in the 2000s that added microwave imagery to the already
used visible and infrared channels. More recently, the GPM mission aims to improve
the success of TRMM by increasing its spatial coverage to 65 ◦ north and south, using
more sensitive instruments and improved retrieval algorithms, among others.

All the aforementioned techniques are very useful to measure precipitation and
while both radars and satellites can forecast weather phenomena their leading time is
limited. Taking into account the devasting effects of climate change already in place
it is very important to be able to forecast how future changes will affect our climate.
The only tool that the scientific community has to do so is models. As we already
mentioned in previous sections, they not only have the ability to replicate past and
current weather events with more or less accuracy but can also predict. In that
sense, and taking into account the foreseeable increase in computational power, it is
expected that in the future models will reign over radars and satellites in forecasting.

Section 3.3.1 presents possible pathways that observations, models, and paramet-
erizations might follow based on the current state of the art and the expected increase
in computational power.

3.3.1 Paper III

This section corresponds to the paper published in Remote Sensing. After evaluat-
ing the performance of one of the GPM products in representing a strong snowstorm
(Section 3.1.3) and comprehensively reviewed the empiricism behind convection para-
meterizations (Section 3.2.3), we present here a perspective paper on the possible
future directions in precipitation science, including ground and satellite observations,
models and parameterizations.
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Abstract: Precipitation science is a growing research field. It is concerned with the study of the
water cycle from a broad perspective, from tropical to polar research and from solid precipitation
to humidity and microphysics. It includes both modeling and observations. Drawing on the results
of several meetings within the International Collaborative Experiments for the PyeongChang 2018
Olympics and Paralympic Winter Games (ICE-POP 2018), and on two Special Issues hosted by
Remote Sensing starting with “Winter weather research in complex terrain during ICE-POP 2018”,
this paper completes the “Precipitation and Water Cycle” Special Issue by providing a perspective
on the future research directions in the field.
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The International Collaborative Experiments for the Pyeong Chang 2018 Olympics and
Paralympic Winter Games (ICE-POP 2018) were conducted over the northeastern region
of the Korean peninsula. The main scientific purpose of the field campaigns and associ-
ated experiments was to obtain various observational datasets at high spatial and temporal
resolutions that could provide insight into the cloud microphysics processes and detailed
structures of snow formation (Lim et al., 2020). However, ICE-POP 2018 also acted as a
lively and dynamic meeting point for a panoply of international scientists working on pre-
cipitation science. The various meetings held between 2016 and October 2020 were a unique
opportunity to explore many of the perspectives and challenges faced by the precipitation
science community. The Special Issue in Remote Sensing on “Winter weather research in
complex terrain during ICE-POP 2018” included some of the ICE-POP 2018 results that can
be used to envision the future of the field (Gehring et al., 2020; Jeoung et al., 2020; Planat
et al., 2020; Billault-Roux and Berne, 2021). Additional contributions in the “Precipitation
and Water Cycle” Special Issue can also help unravel the many dimensions of precipitation
science, including ground observations (rain gauges, ground radars, disdrometers), satellite
estimates (radars, radiometers) and models, including numerical weather prediction (NWP)
models, regional climate models (RCMs), global climate/circulation models (GCMs), Earth
system models (ESMs) and variable resolution models (VRMs) (Derin et al., 2019; Sadeghi
et al., 2019; Lee et al., 2020; Li et al., 2020; Navarro et al., 2020; Ye et al., 2020).

Indeed, one of the motivations of scientific literature is to share results, ideas and visions
so they can be compared and refined. Drawing heavily on these contributions and on the
recent literature, this paper provides a vision of the future of the field with a focus on satellite
technology. As a perspective, the authors have enjoyed some latitude to speculate and it is
possible, and even expected, that not everyone will agree with some of the statements. It is
hoped that some of the ideas we discuss could help eventually define how community plans
develop in the coming decades. The following ideas are not driven by any programmatic or
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project-driven purpose: while we are aware of the interests and strategies of many players,
such as those involved in the Decadal Survey (National Academies of Sciences, Engineering,
and Medicine, 2018), our comments are not prompted by any other interest than that of
advancing our scientific knowledge on precipitation. These ideas may, or may not, be
aligned with the goals of several governments, agencies, organizations, institutions and
research centers.

Precipitation science today appears to be a thriving field, but one at a crossroads.
A recent milestone can help frame the challenges and opportunities faced by scientists
working in this field. The ‘Destination Earth’ project (Voosen, 2020) is aiming to build a 1-
km resolution numerical model for the whole planet with realistic boundary conditions, i.e.,
also modeling the ocean and the land cover. At such resolution, some eddies can be resolved,
convection can be more directly modeled and modeled precipitation is expected to improve
over coarse resolution simulations (Fuhrer et al., 2018; Roberts et al., 2018). The visual
aspect of the first simulations of the albedo through a radiative transfer simulator shows
little difference to satellite views. Aimed mainly at testing computing resources, previous
similar attempts were made on an Aquaplanet idealization, but the new simulations can be
one-to-one compared with reality. The precipitation metrics at the climatological level of
the results have not yet been evaluated, but the results for some months-worth of data are
promising. The resulting dataset will have unprecedented resolution at global scale. The
Energy Exascale Earth System Model (E3SM) project is heading in the same direction,
with the support of the U.S. Department of Energy (DOE; Leung et al. (2020)). In the
light of these projects, it seems natural to ask what the remote-sensing community working
in precipitation science will do now when models are on the point of catching up with
observations. This question leads to further ones: What will we be doing in the next 25
years? What will be the situation of precipitation science in 2045?

Fig. 3.20 shows a visual idea of the main aspects of precipitation science in 2021, includ-
ing datasets of past missions such as CloudSat. Ground observations, models and satellite
platforms provide more or less direct estimates of the planet’s precipitation on several spa-
tial and temporal scales. Observations, retrievals and forecasts are then used for a variety
of applications, including renewable energy management (Tapiador et al., 2011); insurance
(Erhardt et al., 2019); agriculture (Enenkel et al., 2019); urban hydrological management
(Sempere-Torres et al., 1999); fresh water supply networks (Sheffield et al., 2018) and flood
readiness (Wu et al., 2014). Satellites provide reasonable estimates of current precipitation.
The skill scores and performance metrics of these are reasonable when compared at degree
resolution and monthly accumulation with rain gauges (Prakash et al., 2016; Skofronick-
Jackson et al., 2018; Chen et al., 2019; Khan and Maggioni, 2019; Navarro et al., 2019;
Yuan et al., 2019; Gao et al., 2020; Solakian et al., 2020; Tapiador, 2020; Wang et al., 2020;
Zhang et al., 2020). It is possible to have about 8-km spatial resolution estimates and ob-
tain our estimates about 3 h after the episode of interest with the Integrated Multi-satellitE
Retrievals for Global Precipitation Measurement (GPM) (IMERG) algorithm, which uses
global precipitation measurement (GPM) mission data, but then the skill is far lower due
to the large spatio-temporal variability of precipitation.

The situation on the modeling side is quite different. Models such as the Destination
Earth project model can provide reasonable estimates of precipitation at around 1-km
resolution. However, they can do this more than 48 h in advance (as a reference, the
faster estimate of precipitation from satellites is 3 h after precipitation occurs). It is widely
accepted that modeled precipitation is still not really sufficiently good for most of the
applications mentioned before, as the forecasts often miss the location or the timing, or both.
However, models can provide a glimpse of the future precipitation when it is really useful
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Figure 3.20: An overview of the main aspects of precipitation science in 2021.

to know, hours in advance, and this is critical for most of the many interesting applications,
such as planning a trip (Legates, 2014; Tapiador et al., 2019b; Foufoula-Georgiou et al.,
2020).

What about the conceivable future? Can we already see sufficient progress in the precise
location and timing of model estimates to state that models are catching up with obser-
vations? We believe we can, and this means profound changes in the precipitation science
field. One can easily imagine the evolution of satellite precipitation products reaching 1-km
resolution, having the data available as soon as 30 min after collection.

One can even imagine a nearly perfect estimate of present precipitation: it is easy
to picture such an ideal outcome by resorting to several geostationary microwave sensors
combining the data with a dense constellation of radiometers and radars. However, that
would still be for providing instantaneous estimates. What is evident is that models can
not only estimate current precipitation, but also forecast it. Based on today’s technology,
one can see that models are soon likely to go below the 1-km scale. This is just a question
of computing time (Shukla et al., 2010; Palmer and Stevens, 2019), which is a technological,
not a scientific or fundamental, barrier. Even if the models are just ‘good enough’ for most
applications, say hydrology, agriculture, safety and security, traffic, etc., they will always
have the edge on being capable of predicting the future. This is something that is often
forgotten when products from satellites are compared with model outputs.

The bottom line of the discussion is that models can tell us about the future, but they
are still not good enough (Maslin and Austin, 2012; Loehle, 2018; Tapiador et al., 2019b).
This, however, could soon change as we get better resolution, which is a defining factor
in improving the modeling of precipitation (Zhang et al., 2016). What seems clear is that
eventually models will catch up with observations in terms of accuracy and precision, and
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it will then be obvious that models can also forecast. The elephant in the room in remote
sensing is that models are soon likely to take center stage in precipitation science for most
applications. While not everyone may agree with this statement, it seems clear that more
computing power and less need for some parameterizations (Palmer and Stevens, 2019) will
result in models being the primary provider of precipitation data in far less than 20 years’
time. Indeed, satellite data will be extensively used to drive models towards realistic states
and more accurate measurements will certainly improve forecasts, but the final product will
be more a model forecast than an observation.

Such a realization is a pivotal idea to start thinking about the future. Speculating
about the evolution of precipitation science includes considering future directions in RCMs,
limited area models (LAMs), VRMs, ESM and seamless prediction over scales, and of course
parameterizations. Topics of interest in the discussion include the future of precipitation
from space, the role of ground radars, the future of disdrometers and gauges, and the role
of soil moisture sensors and river flow measurements in the bigger picture of precipitation
science.

Regarding RCMs, last year was the 30th anniversary of this valuable tool. There are at
least two papers on future directions in this field with contrasting views on the topic (Giorgi,
2019; Tapiador et al., 2020). Regarding criticisms, on the one hand, it is argued that a major
issue is that the results depend too heavily on a parent model. RCMs inherit all the defects
of the parents critically on the long-scale flow deficiencies. This is a problem in terms of
tuning the model for different areas and parent models, and to decide which combination
is best, as small ensembles are known to be insufficient to gauge the uncertainties involved.
On the other hand, and more critically, RCMs are heavily tuned to present-day conditions
at the regional level, so we do not know about their actual behavior when CO2 and other
greenhouse gases continue increasing. There is no reference for this. Nonetheless, even with
all the RCM tuning and fixes (such as moving the domains, etc.), the performance of the
models is less than notable when compared with observational datasets (Lucarini et al.,
2007; Mascaro et al., 2018; Tapiador et al., 2019c; Stefanidis et al., 2020). Therefore, it
has been suggested that RCMs should be kept in the research domain because they are
not suited to providing useful, consistent policy advice. They might have a role in rapid
prototyping but not for policy advice (Tapiador et al., 2020). Even more critically, ESMs
are catching up with RCMs in terms of resolution. We already have several ESMs with
a comparable resolution to RCMs in the Coupled Model Intercomparison Project Phase 6
(CMIP6) (Roberts et al., 2018; Demory et al., 2020). There is good reason to expect that
in 2045 even improved RCMs (convection-permitting and including complex biophysical
processes) will be limited to the research realm, having been replaced for mitigation and
adaptation applications by more comprehensive and global approaches.

As for limited-area models (LAMs), the situation is somewhat different. Their outputs
are highly dependent on the large-scale flow and they also present large differences depend-
ing on the parent model (Kumar et al., 2017): The same LAM nested on the Global Forecast
System (GFS) or in European Centre for Medium-Range Weather Forecasts (ECMWF)
models can produce very different local forecasts. Indeed, again in this realm, global high-
resolution models are also catching up in limited-area approaches (the ECMWF model is
rapidly increasing its level of detail), but assimilation plays a more critical role here, and
LAMs with their own assimilation system can outperform the parent model (Pan et al.,
2012; Kumar et al., 2014; Pan et al., 2017; Ricciardelli et al., 2018; Lee et al., 2020). LAMs
are required to provide vital information for people, for example, through weather applica-
tions (“apps”) on mobile phones, and to help inform authorities about local severe weather,
storms and weather conditions relevant to human activities. So, they have a role that global
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models are unlikely to fulfil. It is unreasonable to run a global model at the 100-m resol-
ution, for example, required to properly model runoff in a canyon during a flashflood, and
so the approach is likely to remain unchanged for a time. Note that the same reasoning
does not apply to RCMs since, at climatological 30-year scales, the actual conditions of the
canyon are very likely to change (urbanization, land use/cover changes, etc.) in a way that
renders the boundary conditions highly hypothetical and thus disconnected from the actual
historical evolution. An informed look back at the evolution of European landscapes in
the last 30 years shows that changes have been significant enough to make high-resolution
RCM outputs under the 1990s’ conditions unrealistic in terms of what actually happened
at local scale. Indeed, as one aggregates the estimates (say from 10 km to 100 km grids),
such changes become less important, but this betrays the purpose of RCMs since nothing
could then be said about local scales.

LAMs are likely to remain for a time, but not for long. It seems unavoidable that
in twenty-five years’ time they will be phased out and everyone will be using variable
resolution models (VRMs). These models represent a sort of a ‘middle way’: in areas where
the fields have small spatial variability, there is little need for a detailed grid, whereas areas
of contrasting terrain require detail to account for large spatial variability and gradients.
Additionally, the infusion of large-scale flows into local conditions can be progressively done
by gradually refining the mesh. This is a sensible way to convey large-scale, global inputs
to higher resolutions using the same physics, which is a plus in terms of consistency. The
approach mitigates most of the shortcomings exhibited by LAMs in this respect (Skamarock
et al., 2012; Kramer et al., 2020). The model’s details, or how large the meshes are, are
only limited by computing power and not by any structural strong constraint. VRMs such
as the Variable Resolution Community Earth System Model (VR CEMS) or the Model
for Prediction Across Scales (MPAS) also depend on good assimilation for the weather
temporal scale, and are very useful for people and economic activities, having also the
potential to inform the public about alerts and severe weather (Ha et al., 2017). It is
foreseeable that by 2045 VRMs will be extraordinarily accurate, with very high, tens-of-
meters spatial resolution in the region of interest, and that computing power will allow for
a large number of tailored, application-based simulations.

It is likely that the influence of VRMs will reach beyond weather simulations. ESMs
are today’s standard for climate research. The CMIP5 and CMIP6 projects have produced
a great deal of new information on how the Earth system works (Taylor et al., 2012; Eyring
et al., 2016). These models include most of the known cycles, such as the social layer through
representative concentration pathways or other approaches, and are becoming increasingly
complex. Indeed, they need massive computing infrastructures, but remain the basic tool for
climate impact assessments (Knutti, 2008; Palmer, 2014; Kawamiya et al., 2020). In the next
decade, however, they are likely to be superseded by, or perhaps we should say embedded
in, the overarching idea of seamless prediction over scales using VRMs. The approach here
is to run the same model in time and cover from the weather to seasonal forecasts and then
the climate. A functional description of the next step would be the widespread use of ESMs
of variable resolution, or “variable resolution ESMs providing seamless prediction” (Fox-
Rabinovitz et al., 2008; Huang et al., 2016). These models will likely be the basis of future
Intergovernmental Panel on Climate Change (IPCC) assessments. They will be exceedingly
complex and computationally expensive tools, but in the near future quantum computing
could fulfil a long-awaited promise and advance sufficiently to solve some of the technological
challenges posed by this approach. Even if this sort of model remains concentrated in a few
centers worldwide, the advances in atmospheric sciences and, by extension, in precipitation
research will herald a new era in more detailed understanding of the complex physics of
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precipitation.
What about parameterizations? A few will no longer be necessary given the improve-

ments in the spatial resolution of the models (Palmer and Stevens, 2019), but this is unlikely
to be the case of the microphysics of precipitation, as many of the relevant processes occur
at centimeter scale. The microphysics of precipitation is today an active field with many
unknowns (Khain et al., 2000; Tapiador et al., 2018, 2019a; Morrison et al., 2020; Mil-
brandt et al., 2021). Critical experiments on the physics behind the parameterizations are
needed. More field work, more laboratory experiments and more in-cloud measurements
are known to be required. The need is especially acute for solid precipitation. Precipitation
phase-rainfall and snowfall, not matter in observations, or satellites, or models, is difficult
to capture and even differentiate, and ongoing global change complicates research. Possible
directions to overcome present difficulties include dedicated campaigns, more laboratory
work and advances in stochastic parameterizations below the kilometer scale.

The limit of the mechanistic approach to the subject is more theoretical than practical,
because the problem is ultimately a statistical one, in the sense of statistical physics, and
so the need for parameterization in the microphysics will likely remain. This contrasts
with other parameterizations, such as that of convection of the planetary boundary layer
(PBL). The need for better or more efficient ways to do computations, through machine
learning for instance, has been a constant over recent decades (Nair and Yu, 2020; Seifert
and Rasp, 2020; Alfonso and Zamora, 2021). One approach has been to use microphysics
as a validation tool for physical hypotheses, as it will be difficult to directly include the
results of the experiments in the codes. In the future, the microphysics of precipitation is
likely to be extremely complex and detailed, requiring extraordinary resources and quantum
computing approaches.

What about precipitation from space? This represents another way to understand this
extremely complex process. It is not speculation, but rather a fact, to say that in the
near future we will have access to massive amounts of data, including radio-occultations
and several more radars in space (Tapiador et al., 2017; Levizzani and Cattani, 2019; Mi-
chaelides, 2019; Kidd et al., 2020). It is less safe to say, but worth sharing the vision, that
in the future satellites observing precipitation will be used mainly in the assimilation chain,
or for very precise validation experiments through intensive observations programs. It is
unlikely, though, that precipitation from space in the future will be mainly used to derive
products or climate data records. There is a growing overlap in the field, with algorithms
such as the IMERG (Huffman et al., 2015) now using model-derived vertically integrated
water vapor fields to propagate microwave measurements. The next logical step of such a
procedure is to improve the model so it can produce precipitation in the right amount, time
and location, thanks to the observations. The obvious advantage is that the model will be
capable of predicting the precipitation field. Regarding soil moisture, it is also likely that
this meteorological field will reasonably soon also be derived from models.

As for ground-based radars, the most likely development is instruments having more
bands, being more precise and increasing even further the resolution of the estimates
(Anagnostou et al., 2009; Battaglia et al., 2014; Anagnostou et al., 2018; Biswas and
Chandrasekar, 2018). It is also safe to assume that the technology will become more eco-
nomical, and that integrated networks will be the norm. Radar will greatly help elucidate
the physics, especially the dynamics or the processes involved. Nowcasting will certainly
evolve to fully automatic systems using machine learning, and radars will likely be used
for alerts and warnings in small basins, or for certain very specific applications such as
aviation. The dynamic information driven by integrated networks of radars will also help
models provide better representation and prediction of the dynamics and, subsequently, of
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the microphysics, probably integrated into a multisource global assimilation system.
Disdrometers are likely to be gone by 2045. Radar technology will probably cover the

research realm that disdrometers cover today, and more advanced, integrated instruments
will likely soon be available (Kalina et al., 2014; Adirosi et al., 2020; Garcia-Benadi et al.,
2020). Rain gauges, however, will certainly continue in use. They will remain the reference
data source for many years. Ultimately, we have long series of historical data we would
like to continue advancing. The key defining element of rain gauges is that they measure
something physical, which is an object, a quantity of water. This is indisputable, because it
is direct. We know there are many errors and biases affecting gauges, but that is something
we already account for, and there are quite robust methods to homogenize and adjust
the series. It is safe to say that we will have advanced versions of this old and reputable
instrument in the future (Rodda and Dixon, 2012; Tapiador et al., 2012; Kidd et al., 2017).
River flow sensors will also stay in use, not only for legacy reasons like rain gauges, but also
because they will become cheaper; rivers will be fully integrated into urban management
systems as society evolves to a fully connected system, and they will help provide real-time
control of the flows.

Regarding soil moisture sensors, one can envision a future in which they are fully integ-
rated into the Internet of Things (IoT), or as part of meteorological sensors in buildings,
clothes, vehicles, etc. In the future, they will be as cheap as a Global Positioning System
(GPS) receptor (Codeluppi et al., 2020; Gsangaya et al., 2020). Today, all the electronics
have a GPS chip. In the future, everything will have meteorological sensors inside.

To summarize, a highly speculative overview of the landscape of precipitation science
in 2045 may look something like this:

1. Seamless variable resolution models providing precipitation estimates at several res-
olutions across scales. Perhaps we will soon only speak about simply “The model”.
As mentioned, all efforts in modeling might soon converge in a single approach within
the framework of quantum computing.

2. IoT/wearables/cheap electronics for meteorological data. The likely problem will be
dealing with the vast amount of data and making sense of the physics.

3. Parameterizations of precipitation microphysics. This will still be an active research
field in 2045. Targeted and high-quality measurements to elucidate specific processes
will be a major reason for satellite missions, which should be combined with an
extensive ground field experiment.

4. International observatory of precipitation (IOP). It is not hard to imagine an interna-
tional observatory of precipitation, probably a constellation of satellites with far more
capabilities than today’s systems. The evolution of the GPM constellation towards a
more multinational effort with far more radars could be the basis of this IOP.

5. Assimilation. Meteorological satellites will be devoted mainly to providing data for
assimilation. This will be the main driver for meteorological satellite missions, rather
than producing climate data records competing with increasingly precise re-analyses.

6. Advanced rain gauges will remain the ultimate truth and reference source for precip-
itation on the ground and will still be used to validate model outputs.

All these ideas and projections have been considered under the supposition of no major
changes in the field and smooth evolution of the technology. Evidently, one cannot account
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for revolutions or paradigm changes in the field, which are, almost by definition, impossible
to forecast. With the benefit of hindsight, it is not unlikely that in 2045 (or sooner) this
paper will be considered both candid and fundamentally misguided. That is not, however,
a reason for refraining from venturing into the future with the information we have now.
Indeed, forecasting trends is a difficult task especially in a human endeavor— science—that
is intended to actually invent the future. Quoting Niels Bohr, “Prediction is very difficult,
especially if it’s about the future.” Such intelligent observation should not, however, deter
us from what lies beyond the horizon we currently observe in precipitation science.
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Chapter 4

Conclusions

The main objective of this thesis was to improve our current understanding of pre-
cipitation processes in order to obtain more accurate forecasts, which in turn helps
government early warning systems, stakeholders, and policymakers. We started high-
lighting the impacts that precipitation, especially in the form of extreme events, such
as floods and cyclones, have on the climate and the environment, as well as on human
lives and activities going from agriculture and water management to energy produc-
tion and the insurance sector. For these reasons, reliable forecasts of precipitation
patterns are crucial. However, they are not easy to obtain. Both observations and
models have inherent advantages but also drawbacks that affect the accuracy of their
precipitation products.

In the observation realm, gauges provide direct precipitation observations com-
pared to radars and satellites, but these observations may be affected by the presence
of debris in the instrument or undercatchment due to strong winds, among others.
The main disadvantage of rain gauges is their spatial resolution. Observations are
taken at a particular point on Earth and the spatial distribution of gauges across
the globe is highly heterogeneous. On the other hand, radars retrieve indirect meas-
urements of precipitation but with wider spatial coverage. These measurements also
suffer from drawbacks such as beam blockage. Satellites are the best observation
tool in terms of spatial coverage. They provide observations even over complex to-
pography and water bodies, but these are indirect observations based on visible, IR,
and/or MW, that in general suffer from underestimation of high precipitation and
overestimation of light precipitation.

Numerous satellite precipitation products with different spatiotemporal resolu-
tions are currently available as shown in Table 3.1. Among them, GPM provides
the best combination in terms of temporal (30min) and spatial resolution (0.1 ◦) as
well as in terms of the sensors used to retrieve precipitation products (a combination
of PMW and IR). Although it has been extensively evaluated, assessments of GPM
IMERG’s performance over snow-covered surfaces are rather scarce. In that sense and
taking into account the opportunity that the Filomena storm represented in terms
of severe weather, in Section 3.1.3, we performed a qualitative evaluation of GPM
IMERG Late run over Madrid (Spain) in representing this intense snowstorm that
covered the whole Madrid metropolitan area causing unprecedented disruptions. Res-
ults revealed problems in precipitation retrievals over the snow-covered surface from
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the radiometers on board GPM core satellites, which further affected the precipita-
tion products calculated with the GPM IMERG algorithm. Despite its performance
over surface covered in snow or over complex terrain, GPM allows for a more pre-
cise quantification of the hydrological cycle than its predecessors and than the other
available satellite precipitation products.

But in atmospheric science we are not only interested in observing the atmosphere
and the events taking place in it, which allows us to improve our understanding of
the physics behind them, we also need to forecast. Radars and satellites can be used
to forecast. However, the leading time of these forecasts is rather small. The only
tool that the community has to forecast changes in the atmosphere in short, middle,
and long times are models. Thus, they are an important source of information about
the possible consequences of climate change in the future.

Due to the computational burden and the small scales at which some physical
processes occur in the atmosphere, models need to rely on simplifications of these
processes, i.e., the so-called parameterizations. Among the process that are paramet-
erized, convection, microphysics, and the PBL schemes are the ones responsible for
precipitation generation. While microphysics always needs to be parameterized due
to the microscale at which it occurs, it is not the same in the case of convection.
Whether this process is included as a parameterization or resolved explicitly depends
on the spatial resolution of the model. As the computational power increases, model
grid size decreases and many models are able to resolve convection explicitly, as is
the case in high-resolution models. However, centennial global climate change simula-
tions still need to rely on this type of parameterization due to the high computational
cost, but convection parameterization schemes are the major source of uncertainty in
models Reynolds et al., 2020. Therefore, efforts should be done to improve this type
of schemes.

In that sense, we delved into the empirical values and assumptions used in the
current convection parameterizations in Section 3.2.3. Despite models having tra-
ditionally separated the treatment of shallow and deep convection in their schemes,
new approaches such as the so-called unified models (e.g., Park, 2014a,b), treat them
together. In some cases, the parameterizations also include the representation of the
turbulent transport in the atmosphere as proposed by Siebesma and Teixeira (2000)
and Siebesma et al. (2007) in their EDMF approach, to name a few. The objective of
this type of schemes is to overcome the artificial closure needed to match the paramet-
erizations of turbulent transport in the PBL and moist convection parameterization
schemes.

Among the different convection parameterizations available (e.g., moisture conver-
gence, adjustment schemes), mass flux schemes are the most commonly used paramet-
erizations in NWPs, ESMs, and RCMs. Therefore, these types of schemes received
special attention in our evaluation. Indeed, their main components served to create
a framework to classify the empirical values and assumptions used in each process.
These main components are (1) the initiation of convection (trigger), (2) the so-called
cloud model, which deals with the representation of microphysics and transport (e.g.,
conversion of cloud water to rainwater, entrainment and detrainment), and (3) the
closure or intensity of convection. Besides, we identified differences in the represent-
ation of shallow and deep convection.
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In the triggering of convection, the procedure to find the cloud base is in general
the same for both shallow and deep convection. The main differences between both
types of convection are related to the values of cloud depth and radius, as well as to
the buoyancy threshold used. Deep convection always has associated higher values
of cloud radius and cloud depth, and sometimes includes a temperature perturbation
in its buoyancy threshold. The latter is absent for shallow convection. In some
models, shallow convection requires a certain vertical velocity to trigger convection
(e.g., Bretherton et al., 2004).

As for the cloud model, we identified the following processes represented in con-
vection parameterizations: entrainment of ambient air into cloudy air, detrainment
of cloudy air into the environment, conversion of cloud water to precipitation, and
evaporation in the downward moving air, i.e., the so-called downdraft. Entrainment
and detrainment processes have been represented in a vast number of ways as shown
in Tables 3.6, 3.7, 3.8 and 3.9. Some parameterizations use a fixed value for each
of them based on field campaigns and observations in the 1980’s and 1990’s; others
make them a function of the environment humidity, or the buoyancy, or inversely
proportional to height or cloud radius, while others distinguish between exchanges
due to turbulent mixing and due to large-scale organized flow (turbulent and dy-
namic components, respectively), to name a few. The treatment of entrainment and
detrainment in upward moving air (updrafts) and downward moving air (downdrafts)
is usually very similar. As for those schemes in which entrainment and detrainment
are formulated in the same way for both shallow and deep convection, we found lower
values for deep convection.

In terms of the conversion of cloud water to precipitation as well as in the repres-
entation of evaporation in downdrafts, we found that just a few models attempt to
represent these processes realistically. The majority prescribe a constant conversion
rate or use an empirical conversion coefficient function to relate it to the cloud water
mixing ratio. In general, this process is not considered in shallow convection schemes.
While evaporation greatly affects downdrafts, only a few schemes explicitly calculate
it, such as in Emanuel (1991). The same can be said about the inclusion of aerosols in
convection parameterizations. Despite its influence on cloud dynamics and properties
as well as on precipitation, few schemes include these interactions. An example of
a scheme including aerosols in its parameterization is the Grell and Freitas cumulus
scheme (Grell and Freitas (2014)).

There are as many closure formulations as convection parameterizations, as shown
in Tables 3.13 and 3.15. Among them, we identified that CAPE-based closures are
widely used to represent the intensity of deep convection. Other closures, such as
stochastic closures or convective adjustment closures in terms of TKE and CIN, can
be also found in the literature. Although CAPE closures are also used in shallow
convection, TKE-based closures are the most common ones. Among convection para-
meterizations based on convective adjustment, we identified lower values of the adjust-
ment time for deep convection compared to shallow. In terms of closure for updrafts
and downdrafts, the common practice is to express downdraft closure as a fraction of
the updraft closure.

The identified parameters require tuning in order to be able to realistically repres-
ent convective processes. Commonly, tuning is done manually either using measured
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values at some particular location and time that are easy to measure, or mean val-
ues. However, the results obtained this way may be valid only for those particular
locations. Instead of manual tuning, some authors suggested the use of variational
methods, Bayesian calibration, or, more recently, machine learning techniques, among
others.

Model assessment is necessary to improve convection parameterizations. In Figs.
3.16 and 3.17 we showed how different convection parameterizations in WRF used
to simulate typhoon Megi yielded different precipitation outputs that differ from the
ones retrieved by GPM IMERG. Besides, we evaluated the dispersion in the intensity
and track of Typhoons Megi and Chaba using two different setups in the IFS model.
In one of them, we perturbed the initial conditions, while in the other we kept the
same initial conditions but modified seven different convection parameters, namely,
organized entrainment, entrainment for shallow convection, turbulent detrainment,
adjustment time, rain conversion, momentum transport, and shallow vs deep cloud
thickness. We used SPP to perform these perturbations. Fig. 3.19 showed that
changes in convection parameters led to a bigger dispersion and a wider range of
pressure values for each of the cyclones than the results obtained with perturbed
initial conditions.

Observations played and still do a major role in the validation, tuning, and de-
velopment of convection schemes. On the other hand, we already showed that ob-
servations suffer from a number of drawbacks that one should keep in mind when
using them for assessment. Among them, data gaps and the indirect measurement
of relevant parameters such as entrainment, are the main issues. Ways to allevi-
ate these problems include long-term instrumentation deployment at meteorological
supersites, dedicated field campaigns, and the use of LES. However, issues persist
regarding the validity of these data over other regions and the fact that LES results
need to be constrained by observations. Dedicated satellite missions such as INCUS or
the follow-on CloudSat and CALIPSO are another useful tool in convection tuning as
satellites can provide global measurements to constrain parameterizations, although
satellite retrievals also suffer from drawbacks.

This comprehensive review helped us to advance in the knowledge of how convec-
tion is represented in models identifying those parameters and processes that require
further attention. Challenges remain in convection parameterizations. The main ones
include the representation of convective cloud ensembles, convection organization and
memory, and interactions between large-sale and convection, as already highlighted
in Rio et al. (2019).

Taking into account the importance of precipitation and the problems to accur-
ately represent it in models, we wondered how precipitation science will evolve in
the future. In Section 3.3 we had a brief look at the main advances in precipitation
science since the first measurements were performed back in the fourth century BC
in India. Based on the state of the art and the expected increase in computational
power in the coming decades, we presented our perspectives in Section 3.3.1 regard-
ing the future of traditional ground-based measurements (disdrometers, gauges, river
flow and soil moisture sensors), weather radars, satellites, and of course, models and
parameterizations.

We expect that by 2045 disdrometers will be gone and replaced by radars. That
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will not be the case for gauges. Despite all the errors associated with gauges, already
mentioned at the beginning of this manuscript, they will remain in use thanks to their
capability of providing a direct measure of precipitation and the long historical records
that the community would like to keep on growing. Besides, the scientific community
already counts with robust methods to adjust and homogenize the series. Thus,
improved versions of these instruments are foreseeable. The same is expected for
river flow sensors, which hopefully will be cheaper. We anticipate that soil moisture
sensors will be integrated into the Internet of Things (IoT), so these sensors will be
everywhere.

Weather radars are expected to increase their number of bands as well as to
provide more precise estimations and at higher resolutions. This technology will
be used mainly to elucidate the physics, especially the dynamics of the processes
involved, as well as for aviation and early warning systems in small basins.

Measuring precipitation from space will become even more relevant probably with
an International Observatory of Precipitation (IOP) with numerous countries contrib-
uting to the same project, having more satellites and improved algorithms. Satellite
precipitation products will be included in the assimilation chain and will be very useful
to precisely evaluate experiments through intensive observation programs. However,
we do not expect that they will be used to derive products or climate data records.

As for models, we foresee that Variable Resolution Models (VRMs) will replace
RCMs, which will be used just for research, as well as Limited Area Models (LAMs)
thanks to its future extraordinary accuracy and spatial resolution. ESMs will likely
be included in VRMs. We speculate that models will be the future of precipitation
science.

Last but not least, some parameterizations will no longer be needed as the resol-
ution increases. However, microphysics parameterizations are very likely to remain
due to the centimeter scale at which these processes take place.
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Conclusiones

El principal objetivo de esta tesis doctoral es el de mejorar nuestro conocimiento ac-
tual sobre los procesos de precipitación para aśı obtener pronósticos más precisos, lo
que a su vez ayuda a los sistemas de alerta temprana del gobierno, a los legisladores
en la toma de decisión y a las partes interesadas. Comenzamos destacando los im-
pactos que las precipitaciones, especialmente en forma de eventos extremos como
inundaciones y ciclones, tienen sobre el clima y el medio ambiente, aśı como sobre
las vidas y actividades humanas, las cuales van desde la agricultura y la gestión del
agua hasta la producción de enerǵıa y los seguros. Por ello, es crucial disponer de
pronósticos fiables de los patrones de precipitación. Sin embargo, no son fáciles de
obtener. Tanto las observaciones como los modelos tienen ventajas inherentes pero
también inconvenientes que afectan la precisión de sus productos de precipitación.

En el ámbito de la observación, los pluviómetros proporcionan observaciones de
precipitación directas en comparación con los radares y los satélites, pero estas ob-
servaciones pueden verse afectadas por la presencia de escombros en el instrumento
o la subcaptación debido a fuertes vientos, entre otros. La principal desventaja de
los pluviómetros es su resolución espacial. Las observaciones se toman en un punto
particular del planeta y la distribución espacial de los medidores en todo el mundo es
muy heterogénea. Por otro lado, los radares proporcionan mediciones indirectas de
precipitación pero con una cobertura espacial más amplia. Estas mediciones también
tienen inconvenientes como el bloqueo del haz. Los satélites son la mejor herramienta
de observación en términos de cobertura espacial. Proporcionan observaciones in-
cluso sobre topograf́ıas complejas y masas de agua, pero son observaciones indirectas
basadas en observaciones en el visible, IR y/o MW, que en general tienen problemas
relacionados con la subestimación de altos niveles de precipitación y sobreestimación
de precipitación ligera.

Actualmente se disponen de numerosos productos de precipitación por satélite
con diferentes resoluciones espacio-temporales tal y como se muestra en la Tabla
3.1. Entre ellos, GPM proporciona la mejor combinación en términos de resolución
temporal (30min) y espacial (0.1 ◦), aśı como en términos de sensores utilizados para
proporcionar productos de precipitación (una combinación de PMW e IR). Aunque
se ha evaluado ampliamente, las evaluaciones del rendimiento de GPM IMERG sobre
superficies cubiertas de nieve son bastante escasas. En ese sentido y teniendo en
cuenta la oportunidad que representó la tormenta Filomena en términos de tiempo
severo, en la Sección 3.1.3, realizamos una evaluación cualitativa del GPM IMERG
Late run sobre Madrid (España). En esa sección se evalua la representación de
esta intensa tormenta de nieve que cubrió toda el área metropolitana de Madrid
provocando perturbaciones sin precedentes. Los resultados revelaron problemas en la
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estimación de precipitaciones sobre la superficie cubierta de nieve de los radiómetros
a bordo de los satélites centrales GPM, lo que afectó aún más los productos de
precipitación calculados con el algoritmo GPM IMERG. A pesar de su desempeño
sobre superficies cubiertas de nieve o sobre terrenos complejos, GPM permite una
cuantificación más precisa del ciclo hidrológico que sus predecesores y que los otros
productos satelitales de precipitación disponibles.

Pero en ciencias de la atmosférica no solo nos interesa observar la atmósfera y los
eventos que tienen lugar en ella, lo que nos permite mejorar nuestra comprensión de
la f́ısica detrás de ellos, también necesitamos pronosticar. Los radares y los satélites
se pueden utilizar para pronosticar. Sin embargo, el tiempo de anticipación de es-
tos pronósticos es bastante pequeño. La única herramienta que tiene la comunidad
cient́ıfica para pronosticar cambios en la atmósfera a corto, mediano y largo plazo son
los modelos. Por lo tanto, son una fuente de información muy importante en cuanto
a las posibles consecuencias del cambio climático en el futuro.

Debido a la carga computacional y a las pequeñas escalas en las que ocurren al-
gunos procesos f́ısicos en la atmósfera, los modelos deben basarse en simplificaciones
de estos procesos, es decir, han de utiizar parametrizaciones. Entre los procesos que
se parametrizan, la convección, la microf́ısica y los esquemas PBL son los respons-
ables de la generación de precipitación. Si bien la microf́ısica siempre necesita ser
parametrizada debido a la microescala en la que se produce, no ocurre lo mismo en
el caso de la convección. Que este proceso se incluya como parametrización o se re-
suelva expĺıcitamente depende de la resolución espacial del modelo. A medida que
aumenta la potencia computacional, el tamaño de la cuadŕıcula del modelo disminuye
y muchos modelos pueden resolver la convección de forma expĺıcita, como es el caso
de los modelos de alta resolución. Sin embargo, las simulaciones centenarias del cam-
bio climático a escala global aún necesitan depender de este tipo de parametrización
debido al alto costo computacional, pero los esquemas de parametrización de con-
vección son la principal fuente de incertidumbre en los modelos Reynolds et al., 2020.
Por lo tanto, se debe prestar especial atención a estos modelos e intentar mejorar este
tipo de esquemas.

En ese sentido, profundizamos en los valores emṕıricos y asunciones utilizados
en las parametrizaciones de convección actuales en la Sección 3.2.3. A pesar de que
los modelos tradicionalmente han separado el tratamiento de la convección somera y
profunda en sus esquemas, los nuevos enfoques, como los llamados modelos unificados
(por ejemplo, Park, 2014a,b), los tratan juntos. En algunos casos, las parametriza-
ciones también incluyen la representación del transporte turbulento en la atmósfera
propuesto por Siebesma and Teixeira (2000) y Siebesma et al. (2007) en su enfoque
EDMF, por nombrar algunos. El objetivo de este tipo de esquemas es evitar e uso de
un cierre artificial necesario para hacer coincidir las parametrizaciones de transporte
turbulento en los esquemas de parametrización de PBL y convección húmeda.

Entre las diferentes parametrizaciones de convección disponibles (p. ej., conver-
gencia de humedad, esquemas de ajuste), los esquemas de flujo de masa son las
parametrizaciones más utilizadas en NWP, ESM y RCM. Por lo tanto, este tipo de
esquemas recibieron especial atención en nuestra evaluación. De hecho, sus compon-
entes principales sirvieron para crear un marco para clasificar los valores emṕıricos
y las asunciones utilizados en cada proceso. Estos componentes principales son (1)
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el inicio de la convección (trigger), (2) el llamado modelo de nube, que se ocupa de
la representación de la microf́ısica y el transporte (p. ej., conversión del agua de la
nube en agua de lluvia, la entrada de aire ambiental en la nube y la salida de aire
de la nube al ambiente), y (3) el cierre o la intensidad de la convección. Además,
identificamos diferencias en la representación de convección somera y profunda.

En la activación de la convección, el procedimiento para encontrar la base de la
nube es, en general, el mismo tanto para la convección somera como para la profunda.
Las principales diferencias entre ambos tipos de convección están relacionadas con los
valores de profundidad y radio de las nubes, aśı como con el umbral de flotabilidad
utilizado. La convección profunda siempre tiene asociados valores más altos de radio
y profundidad de la nube y, a veces, incluye una perturbación de la temperatura en
su umbral de flotabilidad. Este último está no está presente en las parametrizaciones
de la convección poco profunda. En algunos modelos, la convección poco profunda
requiere una cierta velocidad vertical para activar la convección (p. ej., Bretherton
et al., 2004).

En cuanto al modelo de nubes identificamos los siguientes procesos representados
en las parametrizaciones de convección: entrada de aire ambiental hacia la nube,
salida del aire de lal nube hacia el medio ambiente, conversión del agua de la nube
en precipitación y evaporación en las corrientes descendentes de aire. Los procesos
de entrada y salida de aire se han representado en un gran número de formas como
se muestra en las tablas 3.6, 3.7, 3.8 y 3.9. Algunas parametrizaciones utilizan un
valor fijo para cada uno de ellos cen base a campañas de medida y observaciones
realizadas en las décadas de 1980 y 1990; otros los hacen en función de la humedad
ambiental, o de la flotabilidad, o inversamente proporcionales a la altura o al radio de
la nube, mientras que otros distinguen entre intercambios por mezcla turbulenta y por
flujo organizado a gran escala (componentes turbulento y dinámico, respectivamente),
entre otros. El tratamiento de la entrada y salida de aire en las corrientes ascendentes
y el en las descendentes suele ser muy similar. En cuanto a aquellos esquemas en los
que la entrada y salida de aire se formulan de la misma forma tanto para la convección
somera como para la profunda, encontramos valores más bajos para la convección
profunda.

En cuanto a la conversión del agua de las nubes en precipitación, aśı como en la
representación de la evaporación en corrientes descendentes, solo unos pocos modelos
intentan representar estos procesos de manera realista. La mayoŕıa prescribe una tasa
de conversión constante o utiliza una función de coeficiente de conversión emṕırica
para relacionarla con la proporción de mezcla del agua de la nube. En general, este
proceso no se considera en esquemas de convección somera. Si bien la evaporación
afecta en gran medida a las corrientes descendentes, solo unos pocos esquemas la
calculan expĺıcitamente, como en Emanuel (1991). Lo mismo puede decirse de la
inclusión de aerosoles en las parametrizaciones de convección. A pesar de su influ-
encia en la dinámica y las propiedades de las nubes, aśı como en la precipitación,
pocos esquemas incluyen estas interacciones. Un ejemplo de un esquema que incluye
aerosoles en su parametrización es el esquema de cúmulos de Grell y Freitas (Grell
and Freitas (2014)).

Hay tantas formulaciones de cierre como parametrizaciones de convección, como
se muestra en las Tablas 3.13 y 3.15. Entre ellas identificamos que los cierres basados
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en CAPE son ampliamente utilizados para representar la intensidad de la convección
profunda. También se pueden encontrar en la literatura otros cierres, como cierres
estocásticos o cierres de ajuste convectivo en términos de TKE y CIN. Aunque los
cierres CAPE también se utilizan en convección poco profunda, los cierres basados
en TKE son los más comunes. Entre las parametrizaciones de convección basadas en
el ajuste convectivo, identificamos valores más bajos del tiempo de ajuste para con-
vección profunda en comparación con somera. En términos de cierre para corrientes
ascendentes y corrientes descendentes, la práctica común es expresar el cierre en las
corrientes descendentes como una fracción del cierre en las corrientes ascendentes.

Los parámetros identificados requieren ajuste para poder representar de manera
realista los procesos convectivos. Por lo general, el ajuste se realiza manualmente ya
sea utilizando valores medidos en una ubicación y hora en particular que son fáciles de
medir, o valores medios. Sin embargo, los resultados obtenidos de esta manera pueden
ser válidos solo para esas ubicaciones en particular. En lugar del ajuste manual,
algunos autores sugirieron el uso de métodos variacionales, calibración bayesiana o,
más recientemente, técnicas de machine learning, entre otros.

La evaluación de los modelos es necesaria para mejorar las parametrizaciones de
convección. En las Figs. 3.16 y 3.17 mostramos cómo diferentes parametrizaciones
de convección en WRF utilizadas para simular el tifón Megi arrojaron diferentes res-
ultados de precipitación que difieren de los obtenidos por GPM IMERG. Además,
evaluamos la dispersión en la intensidad y la trayectoria de los tifones Megi y Chaba
utilizando dos configuraciones diferentes en el modelo IFS. En uno de ellos, per-
turbamos las condiciones iniciales, mientras que en el otro mantuvimos las mismas
condiciones iniciales pero modificamos siete parámetros de convección diferentes, a
saber, entrada organizada de aire, entrada de aire para convección superficial, salida
de aire turbulento, tiempo de ajuste, conversión de lluvia, transporte de cantidad de
movimiento, y espesor de nubes someras vs profundas. Usamos SPP para realizar
estas perturbaciones. La Fig. 3.19 muestra que los cambios en los parámetros de
convección llevaron a una mayor dispersión y un rango más amplio de valores de
presión para cada uno de los ciclones que los resultados obtenidos con condiciones
iniciales perturbadas.

Las observaciones han desempeñaron y siguen desempeñando un papel importante
en la validación, el ajuste y el desarrollo de los esquemas de convección. Por otro
lado, ya mostramos que las observaciones sufre de una serie de inconvenientes que se
deben tener en cuenta al utilizarlas para la evaluación. Entre ellos, las lagunas de
datos y la medición indirecta de parámetros relevantes son los principales problemas.
Las formas de aliviar estos problemas incluyen el despliegue de instrumentación a
largo plazo en supersitios meteorológicos, campañas de campo dedicadas y el uso de
LES. Sin embargo, persisten problemas con respecto a la validez de estos datos en
otras regiones y el hecho de que los resultados de LES deben estar limitados por las
observaciones. Las misiones satelitales dedicadas como INCUS o las continuaciones
de CloudSat y CALIPSO son otra herramienta útil en el ajuste de convección, ya
que los satélites pueden proporcionar mediciones globales para restringir las para-
metrizaciones, aunque las productos de precipitación por satélites también tienen
inconvenientes.

Esta revisión exhaustiva nos ayudó a avanzar en el conocimiento de cómo se rep-
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resenta la convección en modelos identificando aquellos parámetros y procesos que
requieren mayor atención. Siguen existiendo desaf́ıos en las parametrizaciones de
convección. Los principales incluyen la representación de conjuntos de nubes con-
vectivas, la organización y la memoria de la convección, y las interacciones entre el
resto de la atmósfera y la convección, como ya se destacó en Rio et al. (2019).

Teniendo en cuenta la importancia de la precipitación y los problemas para repres-
entarla con precisión en los modelos, nos preguntamos cómo evolucionará la ciencia
de la precipitación en el futuro. En la Sección 3.3 echamos un breve vistazo a los prin-
cipales avances en la ciencia de la precipitación desde que se realizaron las primeras
mediciones allá por el siglo IV a. C. en la India. Teniendo en cuenta el estado
del arte y el aumento esperado en el poder computacional en las próximas décadas
presentamos nuestras perspectivas en la Sección 3.3.1 con respecto al futuro de las
mediciones tradicionales basadas en tierra (disdrómetros, pluviómetros, sensores de
flujo y de humedad del suelo), radares meteorológicos, satélites, y por supuesto, mod-
elos y parametrizaciones.

Esperamos que para 2045 los disdrómetros desaparezcan y sean reemplazados
por radares. No será aśı en el caso de los pluviómetros. A pesar de todos los errores
asociados a los pluviómetros, ya mencionados al principio de este manuscrito, seguirán
en uso gracias a su capacidad de proporcionar una medida directa de la precipitación y
los largos registros históricos que la comunidad deseaŕıa seguir aumentando. Además,
la comunidad cient́ıfica ya cuenta con métodos robustos para ajustar y homogeneizar
las series. Por lo tanto, son previsibles versiones mejoradas de estos instrumentos. Se
espera lo mismo para los sensores de flujo de ŕıos, que con suerte serán más baratos.
Anticipamos que los sensores de humedad del suelo se integrarán en Internet de las
cosas (IoT), por lo que estos sensores estarán en todas partes.

Se espera que los radares meteorológicos aumenten su número de bandas y pro-
porcionen estimaciones más precisas y con resoluciones más altas. Esta tecnoloǵıa
se utilizará principalmente para dilucidar la f́ısica, especialmente la dinámica de los
procesos involucrados, aśı como para la aviación y los sistemas de alerta temprana en
pequeñas cuencas.

La medición de la precipitación desde el espacio será aún más relevante prob-
ablemente con un Observatorio Internacional de Precipitación (OIP) con numerosos
páıses contribuyendo al mismo proyecto, con más satélites y algoritmos mejorados.
Los productos de precipitación satelital se incluirán en la cadena de asimilación y
serán muy útiles para evaluar con precisión los experimentos a través de programas
intensivos de observación. Sin embargo, no esperamos que se utilicen para derivar
productos o registros de datos climáticos.

En cuanto a los modelos, prevemos que los Modelos de Resolución Variable (VRM
por su siglas en inglés) reemplazarán a los RCM, que se utilizarán solo para invest-
igación, aśı como a los Modelos de Área Limitada (LAM, por sus siglas en inglés)
gracias a su futura precisión y resolución espacial extraordinarias. Es probable que
los ESM se incluyan en los VRM. Especulamos que los modelos serán el futuro de la
ciencia de la precipitación.

Por último, pero no menos importante, algunas parametrizaciones ya no serán
necesarias a medida que aumente la resolución. Sin embargo, es muy probable que
se mantengan las parametrizaciones de la microf́ısicas debido a la escala en la que
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tienen lugar estos procesos.
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Chapter 5

Future work

Despite GPM IMERG allows for a more precise quantification of the hydrological
cycle, issues still remain especially when surfaces are covered in snow, as shown in
Section 3.1.3. More assessment studies are needed in this regard and not only at a
qualitative level. Quantitative analyses are required for a further evaluation of GPM
IMERG performance that allows for to identification of the sources of errors and space
for improvement.

While a comprehensive review of convection parameterizations has been proposed
in this thesis, several research questions remain open for future investigation. Simula-
tions presented in Section 3.2.3 showed how different model outputs can be depending
on the convection parameterization as well as on the empirical values used in the para-
meterizations. More comparisons are needed to evaluate the impact of those changes
under different scenarios including different geographical regions and extreme pre-
cipitation events. Besides, model outputs should be evaluated against another type
of observations, such as ground gauges or radars, and undergo statistical analysis.
Section 3.2.2.2 included simulations of Typhoon Megi and Hurricane Sam, as well
as a Taylor diagram of an example of a sensitivity analysis performed for the flood
period that affected several countries in Central Europe in July 2021. In the latter,
we modified the reference value of the maximum organized entrainment rate at cloud
base in the New Tiedtke scheme in WRF. These simulations are part of an undergo-
ing project in collaboration with the Department of Atmospheric Physics at Charles
University in Prague. In this case, observations from ECAD stations are used to
evaluate model performance.

Apart from evaluating the performance of different convection parameterizations,
it would be interesting to do the same for those models that explicitly resolve con-
vection, the so-called cloud-resolving models (CRMs). Some studies showed that
convection parameterizations provided more accurate estimates than CRMs at 4 km
resolution in global models (Stevens et al., 2019; Becker et al., 2021). Therefore,
it might be interesting to further analyze this by performing 4 km simulations with
both parameterized and explicit convection and compare their performance at this
spatial resolution. CRMs can benefit from these comparisons and thus, improve their
performance in GCMs.

Precipitation in models is not only generated by microphysics and convection
parameterizations but also by planetary boundary layer (PBL) schemes. Before the
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beginning of this Ph.D. dissertation, the ESS group delved into the intricacies of mi-
crophysics parameterizations in numerical models, as shown in Section 3.2.1. This
work continued with this thesis, which is mainly focused on convection paramet-
erizations. Therefore, it seems natural that the next step will be to carry out a
comprehensive analysis of the empiricism included in PBL schemes.
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Transferring deep learning models for cloud detection between Landsat-8 and
Proba-v. ISPRS Journal of Photogrammetry and Remote Sensing, 160:1–17.

Maussion, F., Scherer, D., Mölg, T., Collier, E., Curio, J., and Finkelnburg, R. (2014).
Precipitation seasonality and variability over the Tibetan Plateau as resolved by
the High Asia Reanalysis. Journal of Climate, 27(5):1910–1927.

Mei, Y., Anagnostou, E. N., Nikolopoulos, E. I., and Borga, M. (2014). Error analysis
of satellite precipitation products in mountainous basins. Journal of Hydrometeor-
ology, 15(5):1778–1793.

Meraner, A., Ebel, P., Zhu, X. X., and Schmitt, M. (2020). Cloud removal in Sentinel-
2 imagery using a deep residual neural network and SAR-optical data fusion. ISPRS
Journal of Photogrammetry and Remote Sensing, 166:333–346.

208



Meredith, E. P., Ulbrich, U., and Rust, H. W. (2020). Subhourly rainfall in a
convection-permitting model. Environmental Research Letters, 15(3):034031.

Miao, S., Chen, F., LeMone, M. A., Tewari, M., Li, Q., and Wang, Y. (2009). An
observational and modeling study of characteristics of urban heat island and bound-
ary layer structures in Beijing. Journal of Applied Meteorology and Climatology,
48(3):484–501.

Michaelides, S., Levizzani, V., Anagnostou, E., Bauer, P., Kasparis, T., and Lane,
J. (2009). Precipitation: Measurement, remote sensing, climatology and modeling.
Atmospheric Research, 94(4):512–533.

Mlawer, E. J., Taubman, S. J., Brown, P. D., Iacono, M. J., and Clough, S. A.
(1997). Radiative transfer for inhomogeneous atmospheres: RRTM, a validated
correlated-k model for the longwave. Journal of Geophysical Research: Atmo-
spheres, 102(D14):16663–16682.

Möbis, B. and Stevens, B. (2012). Factors controlling the position of the Intertrop-
ical Convergence Zone on an aquaplanet. Journal of Advances in Modeling Earth
Systems, 4(4).
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(2021). The role of weather radar in rainfall estimation and its application in
meteorological and hydrological modelling—A Review. Remote Sensing, 13(3):351.

Song, X. and Zhang, G. J. (2009). Convection parameterization, tropical Pacific
double ITCZ, and upper-ocean biases in the NCAR CCSM3. Part I: Climatology
and atmospheric feedback. Journal of Climate, 22(16):4299–4315.

Sorooshian, S., Hsu, K.-L., Gao, X., Gupta, H. V., Imam, B., and Braithwaite,
D. (2000). Evaluation of PERSIANN system satellite-based estimates of tropical
rainfall. Bulletin of the American Meteorological Society, 81(9):2035–2046.

Sperber, K., Annamalai, H., Kang, I.-S., Kitoh, A., Moise, A., Turner, A., Wang, B.,
and Zhou, T. (2013). The Asian summer monsoon: an intercomparison of CMIP5
vs. CMIP3 simulations of the late 20th century. Climate Dynamics, 41(9):2711–
2744.

Stensrud, D. J., Wicker, L. J., Xue, M., Dawson II, D. T., Yussouf, N., Wheatley,
D. M., Thompson, T. E., Snook, N. A., Smith, T. M., Schenkman, A. D., et al.
(2013). Progress and challenges with Warn-on-Forecast. Atmospheric Research,
123:2–16.

Stensrud, D. J., Xue, M., Wicker, L. J., Kelleher, K. E., Foster, M. P., Schaefer,
J. T., Schneider, R. S., Benjamin, S. G., Weygandt, S. S., Ferree, J. T., et al.
(2009). Convective-scale warn-on-forecast system: A vision for 2020. Bulletin of
the American Meteorological Society, 90(10):1487–1500.

Stephens, G. L., L’Ecuyer, T., Forbes, R., Gettelmen, A., Golaz, J.-C., Bodas-
Salcedo, A., Suzuki, K., Gabriel, P., and Haynes, J. (2010). Dreary state of
precipitation in global models. Journal of Geophysical Research: Atmospheres,
115(D24).

Stevens, B., Giorgetta, M., Esch, M., Mauritsen, T., Crueger, T., Rast, S., Salzmann,
M., Schmidt, H., Bader, J., Block, K., et al. (2013). Atmospheric component of the
MPI-M Earth system model: ECHAM6. Journal of Advances in Modeling Earth
Systems, 5(2):146–172.

Stevens, B., Satoh, M., Auger, L., Biercamp, J., Bretherton, C. S., Chen, X., Düben,
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using the Artificial Neural Networks
PERSIANN-
CCS

Precipitation Estimation from the Remotely Sensed Information
using the Artificial Neural Networks – Cloud Classification System

PERSIANN-
CDR

Precipitation Estimation from the Remotely Sensed Information
using the Artificial Neural Networks – Climate Data Record

PM Particulate Matter
PML Potential Mixed Layer
PMW Passive Microwave
POP Persistent Organic Pollutant



PPS Precipitation Processing System
QE Quasi-Equilibrium
RACORO Routine AAF (ARM Aerial Facility) CLOWD (Clouds with Low

Optical Water)
RAS Relaxed Arakawa-Schubert scheme
RCM Regional Climate Model
RH Relative Humidity
RICO Rain In Cumulus over the Ocean field campaign
RRTM Rapid Radiation Transfer Model
SAPHIR Sondeur Atmosphérique du Profil d’Humidité Intertropicale par

Radiométrie
SAS Simplified Arakawa-Schubert scheme
SCAM Single-column Community Atmosphere Model
SCM Single Cloud Model
SEVIRI Spinning Enhanced Visible and Infrared Imager
SG Satellite-Gauge combination
SGP97 Southern Great Plains 97
SILHS Subgrid Importance Latin Hypercube Sampler
SLSTR Sentinel-3 Sea and Land Surface Temperature Radiometer
SNPP Suomi National Polar-orbiting Partnership
SNU Seoul National University
SP Super-Parameterization
SPCZ South Pacific Convergence Zone
SPP Satellite Precipitation Product
SSMIS Special Sensor Microwave Imager/ Sounder
SST Sea Surface Temperature
STOMP STOchastic framework for Modeling Population dynamics of

convective clouds
TC Tropical Cyclone
TKE Turbulent Kinetic Energy
TMPA Tropical Rainfall Measuring Mission Multi-satellite Precipitation

Analysis
TOGA Tropical Ocean-Global Atmosphere
TRMM Tropical Rainfall Measuring Mission
TWP-ICE Tropical Warm Pool – International Cloud Experiment
UCI University of California, Irvine
UCLM University of Castilla – La Mancha
UCSB University of California, Santa Barbara
UIUC University of Illinois, Urban–Champaign
UKMO UK Met Office
UM Unified Model
UNICON Unified Convection scheme
US United States
USGS United States Geological Survey
USL Updraft Source Layer
VRM Variable Resolution Model



WMO World Meteorological Organization
WRF Weather Research and Forecasting model
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A B S T R A C T   

Accurate, reliable, and high spatio-temporal resolution precipitation data are vital for many applications, 
including the study of extreme events, hydrological modeling, water resource management, and hydroclimatic 
research in general. In this study, we performed a systematic review of the available literature to assess the 
performance of the Integrated Multi-Satellite Retrievals for GPM (IMERG) products across different geographical 
locations and climatic conditions around the globe. Asia, and in particular China, are the subject of the largest 
number of IMERG evaluation studies on the continental and country level. When compared to ground obser-
vational records, IMERG is found to vary with seasons, as well as precipitation type, structure, and intensity. It is 
shown to appropriately estimate and detect regional precipitation patterns, and their spatial mean, while its 
performance can be improved over mountainous regions characterized by orographic precipitation, complex 
terrains, and for winter precipitation. Furthermore, despite IMERG’s better performance compared to other 
satellite products in reproducing spatio-temporal patterns and variability of extreme precipitation, some limi-
tations were found regarding the precipitation intensity. At the temporal scales, IMERG performs better at 
monthly and annual time steps than the daily and sub-daily ones. Finally, in terms of hydrological application, 
the use of IMERG has resulted in significant discrepancies in streamflow simulation. However, and most 
importantly, we find that each new version that replaces the previous one, shows substantial improvement in 
almost every spatiotemporal scale and climatic condition. Thus, despite its limitations, IMERG evolution reveals 
a promising path for current and future applications.   

1. Introduction 

During the last three decades, satellite data have become a promising 
source of precipitation observations at the global scale (Levizzani and 
Cattani, 2019). They provide continuous measurement of precipitation 
in both space and time with quasi-global coverage (Derin and Yilmaz, 
2014), making them especially important over data-scarce regions (Kidd 
and Levizzani, 2011). Satellite-based precipitation estimation tech-
niques can be grouped into three main methods; (i) the visible (VIS) and 
infrared (IR), (ii) the passive microwave (PMW), and (iii) the merged 
VIS/IR and PMW (Kidd and Levizzani, 2011). As its name implies, the 

first uses VIS/IR images from geostationary satellites and estimates 
precipitation based on cloud top temperature. Even though the VIS/IR 
method provides high spatiotemporal resolution, uncertainties in the 
indirect relationship between the cloud top temperature and rainfall rate 
impedes its precipitation estimates (Maggioni et al., 2016; Tapiador 
et al., 2017). On the other hand, the PMW-based method uses the direct 
link between microwave scattering and rain/ice particles, and thus 
provides more direct precipitation estimates (Sun et al., 2018). How-
ever, a major drawback is that low orbit PMW satellites present poor 
sampling in time, which yields significant gaps in the precipitation 
estimation (Hong et al., 2019). The complementary properties of the 
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PMW and VIS/IR technologies led to the development of the VIS/IR and 
PMW merged data products. Even though IR estimates are less skillful, 
the sparse PMW estimates cannot adequately cover all times, so IR es-
timates are used to help cover the periods which are not 
well-represented by the PMW (directly or by morphing). Some of these 
merged data products include the Precipitation Estimation from 
Remotely Sensed Information using Artificial Neural Network (PER-
SIANN) (Sorooshian et al., 2000; Hsu et al., 1997), Climate Prediction 
Center Morphing Technique (CMORPH) (Joyce et al., 2004), Tropical 
Rainfall Measuring Mission (TRMM) (Huffman et al., 2007), and Global 
Satellite Mapping of Precipitation (GSMap) (Kubota et al., 2020). 
Among them, the TRMM mission, which was designed to estimate pre-
cipitation over the tropics and subtropics, provided significant infor-
mation on rainfall and its associated properties (Huffman et al., 2007). 
The Multi-Satellite Precipitation Analysis (TMPA), the most important 
data product of TRMM has been one of the widely used precipitation 
data set for a range of applications (Hamada et al., 2014; Li et al., 2009; 
Siddique-E-Akbor et al., 2014; Rozante and Cavalcanti, 2008). 

Following the success of TRMM, on February 27 2014, NASA (Na-
tional Aeronautics and Space Administration) and JAXA (Japan Aero-
space Exploration Agency) jointly launched the Global Precipitation 
Measurement (GPM) core observatory satellite (Hou et al., 2013; Liu, 
2016). The GPM mission is a constellation of satellites from partner 
nations and is one of the most accurate and finest spatiotemporal reso-
lution providers of global precipitation measurements (Huffman et al., 
2015). GPM not only extended TRMM’s coverage from 35◦ N-S to 65◦

N-S, but it also carries advanced sensors such as the Dual-Frequency 
Precipitation Radar (DPR) and GPM Microwave Imager (GMI), which 
quantify precipitation more accurately and particularly light and solid 
precipitation (Hou et al., 2014). On the processing side, the Integrated 
Multi-Satellite Retrievals for GPM (IMERG) algorithm incorporates, 
merges, and inter-calibrates various IR, microwave (MW), and gauge 
observations to provide precipitation estimates at relatively high spatial 
(0.1◦×0.1◦) and temporal resolution (30 min) (Huffman et al., 2015). 
Furthermore, IMERG provides three types of data sets: the IMERG-Early 
run (IMERG-E), IMERG-Late run (IMERG-L), and IMERG-Final run 
(IMERG-F). IMERG-E and IMERG-L, being near-real-time products, are 
available with a latency of 4 hours and 14 hours respectively, and can 
serve as a potential data source for flood forecasting and real-time 
disaster management (Huffman et al., 2020). IMERG-F is available 3.5 
months after observation, and it is mainly aimed for research purposes. 
Unlike IMERG-E and IMERG-L, IMERG-F incorporates the Global Pre-
cipitation Climatology Centre (GPCC) monthly gauge analysis. More 
detailed information about IMERG precipitation products can be found 
in Tan et al. (2019). Since IMERG’s release in early 2015, a substantial 
number of studies have used and recommended it for various applica-
tions, such as streamflow simulation (Tang et al., 2016b), flood fore-
casting (Wang et al., 2017b), and analysis of extreme events (Huang 
et al., 2019). Recently, IMERG version 6 (V06) extended its temporal 
coverage to the TRMM era and now provides 20-year long data sets from 
2000 to present (Huffman, 2020). The high-quality precipitation esti-
mates and long-term coverage of IMERG is expected to provide insights 
on various hydro-meteorological processes and climatological studies in 
the future. 

A considerable number of studies have evaluated the performance of 
IMERG precipitation products at various temporal and spatial scales (e. 
g., Navarro et al., 2019; Shawky et al., 2019; Watters and Battaglia, 
2019; Palomino-, ńgel et al., 2019; Prakash et al., 2018b; Tan et al., 
2016; Manz et al., 2017). Nonetheless, most of them focus on local/re-
gional domains (e.g., bounded by national boundaries) addressing spe-
cific climatic or topographic conditions across the globe. The few studies 
that investigate the global performance of IMERG present contradictory 
results (Wang et al., 2018; Liu, 2016; Derin et al., 2019). In this context, 
the main objective of this study is to review the state-of-the-art of the 
IMERG precipitation products and summarize the results of the recent 
efforts to evaluate the IMERG products in a quantitative manner across 

the globe. We aim to identify the strengths and weaknesses of IMERG 
products, providing information to the user community and product 
developers to further improve IMERG algorithms in future versions. The 
paper is organized as follows: the second section describes the meth-
odology employed herein, briefly discusses data collection, database 
preparation, and its analysis. The third section presents the results in 
terms of validation design and geographical distribution of the publi-
cations. The fourth section discusses the post-2019 developments, 
strengths and weaknesses of IMERG products across the globe, identifies 
limitations, and provides recommendations for future studies. Finally, 
the last section summarizes the findings, and reports the conclusions. 

2. Methodology 

To analyze the global performance of GPM IMERG products, we 
performed an exhaustive literature review using the Google Scholar and 
Scopus databases. We used the keywords “GPM” and “IMERG”, focusing 
on the period between 2016 and 2019. We limited the used articles to 
ones that had the evaluation of the performance of IMERG products 
within their scope. To assure the quality of the scientific articles used in 
this study, we focused only on articles published in Q1 and Q2 journals 
according to Scopus (first and second quantile of journals according to 
their ranking in the hydrology, climate or remote sensing fields). These 
selection criteria resulted in a 101 articles database with information 
regarding the performance of IMERG precipitation products across the 
globe. This information includes a unique identification (id) code, study 
area, country, continent, surface category, precipitation type, IMERG 
product, record length, temporal and spatial resolution, validation 
method, validation data, and statistical metrics (The database is avail-
able as a Supplementary File). 

The id code was generated as the first three letters of the first author 
name followed by a two-digit number representing the year of publi-
cation. The study area varies widely from small river basins to global- 
scale analyses; therefore, the country and continent were also reported 
whenever the study area was not global. The surface category consid-
ered two major groups, namely land and ocean. Precipitation type was 
registered as rainfall or snowfall. IMERG products, as described in the 
previous section, could be IMERG-E, IMERG-L, or IMERG-F, and their 
version ranged between IMERG V03 and IMERG V06. The record length 
or length of the evaluation period was reported in months. The temporal 
resolution ranged from sub-hourly to yearly, and the spatial resolution 
was expressed in degrees. Validation methods considered the charac-
teristics of the IMERG product (gridded) and the validation data (grid-
ded or point) being compared, i.e., grid vs. grid or grid vs. point. 
Validation data reports the source of reference data used (gauge-, radar-, 
satellite-, or model-based). Statistical metrics were classified into volu-
metric and categorical indices. The volumetric indices mainly include 
the correlation coefficient (COR), root mean square error (RMSE), and 
bias. The key metrics in the categorical indices include the probability of 
detection (POD), false alarm ratio (FAR), and critical success index 
(CSI). POD, also known as hit rate, represents the detection capability of 
the satellite; measures the proportion of the events detected by the 
satellite to the total number of precipitation events. FAR denotes the 
fraction of events detected by satellite that is not real or not detected by 
gauge, while CSI, a function of POD and FAR, represents a balanced 
score. Furthermore, where available, the database recorded additional 
metadata like best/worst performances, limitations, year of publication, 
and the journal of publication. 

We followed a two-step evaluation approach: Firstly, the experi-
mental design of the studies was evaluated based on the generated 
database. Information such as latitude, longitude, and the study area 
(both country and continents) were used to analyze the geographical 
distribution of the studies. Then, the publication years and their corre-
sponding counts were employed for the investigation of the chrono-
logical evolution. In addition, the information regarding the 
spatiotemporal resolutions, validation period length, reference data 

R.K. Pradhan et al.                                                                                                                                                                                                                             



Remote Sensing of Environment 268 (2022) 112754

3

types, statistical metrics, etc., were used for the analysis of additional 
aspects of the validation design. Secondly, the performance of IMERG 
was summarised and categorized in terms of the continents, hydrolog-
ical applications (i.e., streamflow simulation), and extreme events. The 
statistical metrics such as bias, COR, RMSE, Nash-Sutcliffe coefficient of 
efficiency (NSE), POD, and FAR were employed to support the results. 

Herein we must note that the analysis is not complete. The search 
criteria were restricted to the “IMERG or GPM” keywords on Google 
Scholar search engine, and studies that do not have those keywords in 
their title or abstract were excluded from the database. Only studies 
whose scope was solely IMERG validation were gathered. In addition, 
data collection is limited to studies published in Q1 and Q2 journals. 
There may be more studies in Q3 and Q4 category’s journals that were 
excluded from this study. Another limitation of the study is that we did 
not consider studies published outside journals, such as conferences, 
book chapters, and reports. Finally, the study focuses on articles pub-
lished between 2016 and 2019 (there may be more evaluation studies 
published in the later 2020). It is worth noting that this study is aimed 
explicitly at GPM’s IMERG products only, so it does not imply to the 
entire GPM mission (IMERG is one of the products of GPM and GPM 
provides other data sets as well). 

3. Results 

3.1. Characteristics of IMERG studies 

From the geographical distribution of the 101 studies (Fig. 1) Asia 
not only has the majority of studies (66) but is also the continent with 

most studies covering different countries. The Americas hold a total of 
21 studies, 12 in North America and 9 in South America, while there 
were 7 studies in Europe and 2 in Africa. Note that until 2019 no 
available studies had assessed IMERG performance over Australia. 
Additionally, 5 studies validated IMERG products at the global level (not 
shown in Fig. 1). On a per-country basis, IMERG performance was 
evaluated over a total of 34 different countries. There is an unequal 
distribution where China, the United States, and India represent around 
55% of the studies. Yet, China alone accounts for 40% of the total. 
Countries like Brazil, Iran, Pakistan, Japan, Myanmar, Malaysia, and the 
Netherlands have at least two validation studies associated with each, 
whereas the rest of the countries are featured with a single study. Given 
the number of studies, IMERG validation is spatially well-distributed 
over the Asian continent. 

The chronology of the studies indicates a growing research interest in 
the topic (Fig. 2). A total of 14 studies were published in 2016, 21 in 
2017, 30 in 2018, and 36 in 2019. Africa has the lowest number of 
studies, it showed no increment with time, and no studies were pub-
lished in 2018 and 2019. All other continents show an increase in the 
number of publications per year. Asia exhibited the highest growth in 
the number of publications per year. Starting with less than 10 studies in 
2016, it has reached 28 in 2019, representing approximately three- 
quarters of all studies published that year. In Europe, the number of 
studies remains similar each year, except for 2018, in which the number 
of studies doubled. North America reported an increasing trend of 
studies from 2016 to 2018, while a decrease in 2019. Finally, in South 
America, there is fluctuation in the number of studies with the years 
without any trend. For the global studies, 2016 and 2018 have the same 

Fig. 1. Geographical distribution of IMERG validation studies across the globe. The points do not represent the extent of the study domain but rather the mean 
latitude and longitude of the domain. 

R.K. Pradhan et al.                                                                                                                                                                                                                             



Remote Sensing of Environment 268 (2022) 112754

4

number of publications, but there is a significant increase in 2019. 
The temporal resolution at which the validation is performed can 

significantly affect the results. Therefore, we identified the different 
temporal resolutions of IMERG products used in the aforementioned 
studies (Fig. 3). Those using products at daily resolution account for 
35%, followed by monthly (22%), sub-daily (21%), annual (13%), and 
seasonal (9%) resolutions. When combined, the daily, monthly, annual 
and seasonal scales account for 80% of the total studies, whereas the rest 
(20%) are sub-daily scales. One possible explanation for this may be the 
availability of observational data sets. For example, this may be that the 
availability of observational data with high temporal resolution (sub- 
daily scale) at a regional scale is scarce. Another possible explanation 
could be that two precipitation data sets typically have a better agree-
ment when they are upscaled to a coarser resolution in space and time. 
Therefore, evaluating IMERG at higher temporal scales (i.e., sub-daily) 
is a bit challenging (Tan et al., 2016). Continent-wise, Asia dominates 
in most temporal resolutions beyond the sub-daily scale. Studies over 
Europe are evenly distributed across the different temporal resolutions. 
In general, the least number of studies were at sub-daily resolutions 
(attributed to the lack of corresponding reference data), indicating that 
IMERG’s raw resolution (30 min) has still not been adequately 
evaluated. 

In terms of spatial scale, validation of IMERG data has been per-
formed at 0.1◦×0.1◦, 0.25◦×0.25◦, 0.5◦×0.5◦, 1◦×1◦, 2.5◦×2.5◦, or 
3◦×3◦ resolutions (Fig. 3). The majority of validation studies were at 
0.1◦×0.1◦ and 0.25◦×0.25◦ resolution. This could be a consequence of 
IMERG products’ nominal resolution of 0.1◦×0.1◦, and the fact that 
most gridded reference data sets used are typically available at 
0.25◦×0.25◦ (e.g., TRMM TMPA). We note that studies that evaluated 
IMERG products using gauges (point vs. pixel-based method) were also 
considered as evaluated at 0.1◦×0.1◦ resolutions; this also contributes to 
the higher number of studies on this resolution. Despite Asia being the 
subject of most of the studies, none of them evaluated IMERG products 
at resolutions coarser than 0.25◦×0.25◦; the same holds for Africa, 
Europe, and South America. In contrast, North America (Tan et al., 

2017) and at the global scale (Khan and Maggioni, 2019); despite a 
smaller number of studies, conducted IMERG evaluation studies at 
different spatial resolutions. Therefore, more validation studies at mul-
tiple spatiotemporal resolutions are needed to better understand and 
achieve a more in-depth analysis of the IMERG data set properties over 
different scales. 

Generally, the validation period length of the studies is increasing 
with recent IMERG versions (Fig. 4a). As expected, IMERG V03 has the 
shortest validation period (median around 12 months), whereas IMERG 
V05 has the most extended (median around 33 months). In terms of 
IMERG runs, IMERG-E and IMERG-L have similar validation lengths 
within the corresponding IMERG versions, unlike the IMERG-F, which 
has a relatively shorter period length. The main reason for this is that 
IMERG-F is available at 3.5 months of latency. Although IMERG V06 is 
available contemporary to the TRMM era (June 2000–present), up to 
2019, no study has evaluated this period. Furthermore, the length of the 
validation period was also reported on a monthly scale and classified 
into five ranges, each a multiple of 12-month duration (Fig. 4b). 
Considering the short record of IMERG up through V05 (i.e., available 
from early 2014 onward), most of the studies’ record length falls under 
the shortest range (0–12 months). Based on the database created, it is 
evident that the number of studies is inversely related to the validation 
period. Around 35% of the studies have a validation period length be-
tween 0 and 12 months, 31% between 13 and 24 months, 22% between 
25 and 36 months, 11% between 37 and 48 months, and 1% between 49 
and 60 months. It is interesting that studies using longer validation 
periods were often associated with coarser temporal resolution (daily 
and longer), whereas studies with shorter validation periods were 
associated with sub-daily temporal resolution. In terms of reference 
data, radar- and model-based data sets are mainly used for short eval-
uation periods, whereas gauge- and satellite-based data sets are used for 
long evaluation periods. 

The types of reference data sets, and thus their accuracy, play a 
significant role in the evaluation results. Generally, ground (gauge- and/ 
or radar-based) data sets are preferred as the source of reference data to 

Fig. 2. Number of IMERG validation studies published between 2016 and 2019.  
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assess the accuracy of GPM precipitation. However, the low density of 
ground stations globally forces the scientific community to rely on 
different sources for evaluation, namely satellite, model, reanalysis, and 
merged products (Fig. 4b). The most common satellite-based products 
for IMERG comparison are TMPA, GSMaP, and CMORPH. As GPM is the 
immediate successor mission of TRMM, most studies compare IMERG 
using TMPA (i.e., IMERG vs. TMPA) and compare their individual per-
formance versus gauge precipitation (i.e., IMERG vs. TMPA vs. gauge). 
Only a couple of reference data sets came from different sources other 
than satellites, namely ERA-Interim (reanalysis) and Weather Research 
and Forecasting (WRF) (model) when ground observations were un-
available. In addition, radar precipitation data as a reference to evaluate 
the IMERG is very limited in number as well. The expensive installation 
and maintenance cost of radars could be the main reason for such fewer 
studies. Radar evaluation of IMERG is mainly dominated by developed 
countries/continents like the United States of America (USA) and 
Europe. The Multi-Radar/Multi-Sensor (MRMS) is the dominant radar 
product in the USA. Furthermore, all the IMERG evaluation studies 
against radar assessed the IMERG products on a sub-daily scale. 

Generally, various statistical metrics were often used to validate 
satellite precipitation with the reference data sets. The statistical mea-
sures used for the IMERG validation can be categorized into two main 
types; i) Volumetric and ii) Categorical metrics. 

The UpSet plot (Fig. 5) shows the number of studies that employed 
different statistical metrics combinations. The UpSet plot is a standard 
format to depict the intersection of sets when the number sets are more 
than three or four, and it was developed by Lex and Gehlenborg (2014). 
Each bar represents a unique combination of the metrics, and under-
neath the table shows their combination types. The empty cells (light 
grey)(For interpretation of the references to color in this figure legend, 

the reader is referred to the web version of this article.) indicate the 
particular metric is not part of the intersection, whereas the filled cells 
(black) indicate it participates in the intersection. From the left to right 
direction, the number of studies is decreasing. POD, COR, FAR, RMSE, 
CSI, and RBias are the most frequently used metrics combination (n =
22), followed by POD, COR, FAR, RMSE, CSI (n = 14), and POD, COR, 
FAR, RMSE (n = 7). Other combinations appear in a very low number of 
studies, mostly fewer than 3. In addition, the small barplot on the left 
side represents the unconditional (without combination) metrics used 
for the studies. From the top, POD is the most reported metrics used in 
82 studies, followed by COR (78), FAR (74), and RMSE (72). On the 
other hand, CSI and RBias fall between 40 and 60. 

3.2. IMERG’s performance by continents 

3.2.1. Asia 
Asia is characterized by diverse climate patterns and a variety of 

regional topography. Based on the studies assessing IMERG in China, 
IMERG captures the overall spatiotemporal behavior of precipitation 
over the country. However, there are substantial differences in local 
climatic conditions, which can affect IMERG-F V05 performance (Chen 
et al., 2018). Geographically, IMERG-F tends to be more accurate in the 
lower latitudes than mid/high latitudes of China (Chen and Li, 2016). 
IMERG-E, -L V05 showed more accurate estimates of high-intensity 
precipitation over wet/humid regions compared to low-intensity pre-
cipitation over dry regions (Wu et al., 2018). This is also supported by 
other studies as well (e.g., Fang et al., 2019; Jiang and Bauer-Gottwein, 
2019; Wei et al., 2018; Asong et al., 2017). With regards to the diurnal 
variation, IMERG-F V06 performs poorly between 06:00 and 10:00 UTC 
(Xu et al., 2019b). Furthermore, on average, IMERG-F products at daily 

Fig. 3. Spatial and temporal scales of IMERG validation studies per continent. The numbers inside the circles do not represent the actual number of studies, because a 
single study can have evaluated in multiple temporal scale, and has the possibility of counted more than once. 
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Fig. 4. (a) Validation length by IMERG versions and runs, (b) Temporal scale versus validation length per reference type of IMERG validation studies. The numbers 
inside the circles do not represent the actual number of studies, because a single study can have evaluated in multiple references, and has the possibility of counted 
more than once. 
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and sub-daily time steps did not perform as well as in the monthly time 
scale (Xu et al., 2019b,a; Chen et al., 2018; Wang et al., 2019b). When 
assessing IMERG-F at the seasonal scale, its performance is worse during 
winter (Chen and Li, 2016). However, it is clear that IMERG-F V03 
performance improved compared to TMPA, still leaving substantial 
room for further improvement over China (Tang et al., 2016a). 

3.2.1.1. Eastern China. In eastern China (humid/semi-humid climate), 
although IMERG-F V04 has good agreement when measuring light 
precipitation (<8 mm/day), it tends to overestimate high precipitation 
rates (>64 mm/day), and underestimate precipitation rates between 8 
and 64 mm/day. Furthermore, IMERG-F V04 showed an overestimation 
of up to 17.9% for the 99th percentile of precipitation on wet days 
(RR99P) and 11.5% relative bias for the R20TOT index (total precipi-
tation sum of daily precipitation that is more than 20 mm) (Ning et al., 
2017). The intensity of precipitation at which IMERG over-/-
underestimates varies in space according to the topography. For 
instance, over the Huang-Huai-Hai Plain (eastern coastal region of 
China), the range of IMERG-F V05 overestimation of precipitation rates 
lies between 2 and 50 mm/day, and there is an underestimation of 
heavier precipitation rates (>50 mm/day) (Xu et al., 2019a). On the 
other hand, over the Huaihe river basin, IMERG-F V05 overestimates 
precipitation between 0.5 and 25 mm/day and underestimates it above 
and below that range (Chen et al., 2018). 

3.2.1.2. Southern China. In southern China, IMERG-F tends to over-
estimate the light rainfall, and underestimate the high rainfall. 
Compared to TMPA, however, the underestimation of light rainfall is 
lower, and IMERG better captures the probability density function (PDF) 
and the inter-annual precipitation variability, especially over the lower 
Mekong river basin (Wang et al., 2017a). In addition, IMERG-F V03, V04 
and V05 consistently overestimate precipitation over mountains and 
underestimates it in coastal regions of Guangdong Province. The posi-
tive hit bias and false detection of moderate to heavy precipitation 
events are attributed to the above-described overestimation (Wang 
et al., 2019b). IMERG’s performance over high elevation (mountains) 
areas during dry seasons need further improvement. Nonetheless, 
IMERG estimates denote an improvement over TMPA estimates in terms 
of light/heavy precipitation detection and hit bias (Wang et al., 2019b). 

3.2.1.3. Northwestern China. In the northwest region (arid climate), 
IMERG-F V05 did not show significant improvement compared to 
TMPA. IMERG underestimated precipitation at low altitudes and over-
estimated it at high elevations. On the seasonal scale, IMERG performs 

better in summer than in winter. Additionally, IMERG seems to suffer 
from poor detection capability of light rainfall, i.e., 0–2 mm/day. 
However, it better performs in moderate (>5–10 mm/day) and heavy 
precipitation events (>25 mm/day) (Wang et al., 2019c). Over the 
Tianshan mountain, IMERG-F V06 did not show significant improve-
ments compared to the IMERG-F V05 (Anjum et al., 2018). IMERG 
products perform better in the eastern region compared to the western 
(e.g., Boertala Valley, Yili Valley, and West Tianshan). Overall, IMERG 
products are reliable enough to be used in precipitation trend analysis 
over the Tianshan mountain, but caution should be taken for the western 
regions (Anjum et al., 2018). Compared to TMPA, IMERG-E, -F V05 
products have significant discrepancies over high latitudes and thus can 
be considered less reliable for the Tianshan mountain (Yang et al., 
2019). Overall, IMERG has almost similar performance as TMPA and is 
significantly affected by the northwestern region’s topography and 
aridity. 

3.2.1.4. Tibetan Plateau. IMERG-F V03 and V06 validation studies over 
the Tibetan Plateau (Ma et al., 2018; Xu et al., 2017; Lu and Yong, 2018) 
show an overestimation of total precipitation in the southwest regions 
and an underestimation in the northeast regions. Moreover, a high 
correlation was observed in the northeast and southeast regions, while a 
low correlation was reported in the southern regions of the Tibetan 
Plateau (COR <0.40). Most likely, the complex topography of the Hi-
malayan mountains can be the reason for the low correlation (Ma et al., 
2018). Additional findings confirm that the accuracy of IMERG-F V05 
decreases as elevation increases, which indicates the direct effect of 
elevation on IMERG products (Wang et al., 2019b). Furthermore, the 
detection of light precipitation is particularly affected at elevations 
above 4500 m (Xu et al., 2017). IMERG-F V05 tends to overestimate 
trace or light precipitation (0–1 mm/day) and underestimates highly 
intense precipitation (>50 mm/day) (Wang et al., 2019b). Over-
estimation could be attributed to the evaporation of light precipitation 
in the atmosphere before reaching the surface (Wang et al., 2019b). In 
terms of IMERG versions, IMERG-F V04 did not show significant im-
provements to its predecessors (i.e., IMERG-F V03). Compared to the 
IMERG-F V03, IMERG-F V04 showed significant underestimation of 
daily precipitation’s annual average with a relative bias of − 60.91% 
over the Tibetan plateau, which becomes more profound in the winter 
(− 72.33%) (Zhao et al., 2018). Although IMERG-F V03 outperformed 
IMERG-F V04 over the Tibetan Plateau, yet both products underestimate 
winter precipitation with relative bias of − 6.47% and − 70.62% 
respectively (Wei et al., 2018). Despite the fact that IMERG-F V06 
captures the average distribution of total precipitation in space, 

Fig. 5. Statistical metrics used for evaluation of IMERG products (POD = Probability of Detection, COR = Coefficient of Correlation, FAR = False Alarm Ratio, RMSE 
= Root Mean Square Error, CSI = Critical Success Index, RBias = Relative Bias). 
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detection of light rainfall, winter snowfall, and detection of precipitation 
at high elevations remain major challenges over the Tibetan Plateau (Lu 
and Yong, 2018). 

3.2.1.5. India and Pakistan. Over India, IMERG-F V03 showed a 
noticeable improvement over GSMaP and TMPA, capturing southwest 
monsoon mean rainfall and its variability (Prakash et al., 2015). 
Nevertheless, there was a higher total negative bias and hit bias in 
IMERG-F V03 and V04 in mountainous regions such as the Himalaya 
foothills and Western Ghats and underestimation of northeastern 
orographic precipitation (Prakash et al., 2018b, 2015, 2018a). A large 
fraction of the FAR and hit bias over the south peninsula can be attrib-
uted to the Western Ghats (leeward side or rain shadow region). In 
contrast, IMERG-E performs better over plains and coastal regions 
(Singh et al., 2019), significantly improving TMPA systematic error 
dependency with topography. In addition, there were improvements in 
rainfall estimates of varying intensities across different topographies 
over most river basins, except northwest semi-arid basins (Beria et al., 
2017). IMERG-F V03 showed reasonable improvement over TMPA 
capturing heavy precipitation events during the summer monsoon sea-
son, especially over Himalaya and northwest India (Prakash et al., 
2015). IMERG-F appears to overestimate precipitation in high elevation 
zones in Pakistan and slightly underestimate it in semi-arid regions. 
Additionally, it tended to overestimate pre-monsoon and monsoon 
precipitation but underestimated post-monsoon and winter precipita-
tion (Rahman et al., 2018). Despite overestimation of light precipitation 
(0–1 mm/day) and underestimation of moderate (1–20 mm/day) to 
heavy rainfall (>20 mm/day) over the north hill highlands of Pakistan, 
IMERG-F V04 represents the spatial variation of precipitation better 
than TMPA (Anjum et al., 2018). Overall, in southeast Asia, the un-
certainties about orographic precipitation remain a considerable 
challenge. 

3.2.1.6. Eastern Asia. In Eastern Asian countries, the performance of 
IMERG varies with space. For instance, in Japan and Korea, IMERG-F’s 
V03 average POD (0.69) for convective rainfall over mountains and 
coastal regions during pre-monsoon and monsoon season is 8% better 
than TMPA (POD = 0.61) (Kim et al., 2017). In addition, it outperforms 
TMPA in both pre- and post-monsoon precipitation, as well as in terms of 
spatial precipitation patterns. However, contrary to the expectations, 
TMPA outperformed IMERG-F V04 precipitation estimates at daily and 
monthly scales both for total and heavy precipitation over Myanmar 
(Yuan et al., 2017). A poor detection and estimation skill of IMERG-F 
V04 is found both in light and heavy precipitation with a significant 
underestimation of total precipitation in the Chindwin river basin of 
Myanmar (Yuan et al., 2017). Similarly, over the same region, 3B42RT 
shown the best estimates followed by IMERG-F V05, whereas the 
near-real-time products (IMERG-E V05 and IMERG-L V05) have the 
lowest quality (Yuan et al., 2019). Furthermore, despite IMERG-F’s V04 
better detection of daily precipitation, overall, it did not show signifi-
cant improvement compared to TMPA over Singapore (Tan and Duan, 
2017). In Taiwan, IMERG-F V05 can reproduce different precipitation 
characteristics like the seasonal variation and temporal bimodal peak of 
annual precipitation. By validating IMERG with gauge data, it appears 
again that spatial discrepancies and underestimation bias are higher 
over mountain regions than plains. Furthermore, in terms of seasonality, 
IMERG shows poor performance in winter (Huang et al., 2018). Despite 
underestimating heavy precipitation, IMERG-F V05 agrees with the 
APHRODITE data product in Japan, the Philippines, and Nepal (Sunil-
kumar et al., 2019). 

3.2.1.7. Western Asia. In western Asia, IMERG-F V03 had acceptable 
performance compared to TMPA and European Centre for Medium 
Range Weather Forecasts (ECMWF). Accordingly, it was shown that it 
could be used as a substitute for ground observations in regions lacking 

observational precipitation over Iran (Sharifi et al., 2016; Khodadoust 
Siuki et al., 2017; Maghsood et al., 2020). In the study by Mahmoud 
et al. (2019), IMERG-F V03 showed good agreement with ground data in 
the southern, middle, and northern parts of the UAE. However, in the 
eastern and northeastern parts of the UAE, characterized by moun-
tainous topography and coastal areas, there were errors in detection and 
estimation. IMERG-F outperformed IMERG-E and IMERG-L in terms of 
POD, bias, Mean Absolute Error (MAE), and RMSE. However, against 
expectations, IMERG-E outperformed IMERG-F in terms of correlation. 
In Oman, it was observed that as precipitation intensity increases, so 
does IMERG-E, -L, -F V04 underestimation. The Mean Difference (MD) 
was − 3.11 for 2.5–10 mm/day, − 12.30 for 10–50 mm/day, and − 50.74 
for > 50 mm/day intensity classes (Shawky et al., 2019). In Saudi Ara-
bia, IMERG-F V05 also outperformed IMERG-E and IMERG-L, and its 
uncertainty was higher in the southern and northern parts of the country 
(Mahmoud et al., 2018). 

3.2.2. North America 
North America has the second-highest number of IMERG validation 

studies. It was shown that compared to the Multi-Radar/Multi-Sensor 
(MRMS) precipitation data set, IMERG-F V03 overestimates drizzle 
(light rainfall) and underestimates heavy rainfall over CONUS (Contig-
uous United States) (Tan et al., 2016). Furthermore, compared to TMPA, 
IMERG-L V03 improved the missed rain bias, and false hits over the 
same region (Gebregiorgis et al., 2018). Tan et al. (2017) evaluated the 
IMERG-F V03 product against the MRMS as a function of 
spatial-temporal scale over the southern United States. They found an 
enhancement of performance with the increase in the spatial-temporal 
scale, both capturing the rain occurrence and its estimation. Over the 
central United States, IMERG-E and -L V05 hourly products show close 
agreement and higher correlation with NCEP products when the tem-
perature (i.e., hourly) exceeds 280 K (Zhang et al., 2018). IMERG-F V05 
performs noticeably well in representing the spatial variability of 
storms, despite some errors in high-intensity precipitation regions 
(storm core) (Omranian et al., 2018). In terms of the diurnal and 
semi-diurnal cycle, IMERG-F V04 agrees with the reference precipita-
tion. However, it overestimates the normalized amplitude over the 
central US and underestimates it in the western and eastern US moun-
tainous regions (Kirstetter et al., 2018). It also shows substantial dif-
ferences in the peak of diurnal precipitation for convective and 
stratiform precipitation of mesoscale convective systems over the Great 
Plains (Kirstetter et al., 2018). Despite the overestimation of heavy rain 
events and low performance in mountainous regions, IMERG-F V03 is 
satisfactory reproducing the spatial distribution and precipitation 
amount over Canada. In addition, its performance is relatively better in 
the continental semiarid region than in the humid regions (Asong et al., 
2017). In Mexico, IMERG-F V03 underestimates heavy precipitation at 
daily and hourly scales, but it reduces the error over high-elevation 
terrains (Mayor et al., 2017). In terms of snowfall, IMERG-F V04 un-
derestimates precipitation compared to SNOTEL with a relative bias 
between − 71% and − 82% over the western mountain regions. 
Furthermore, the discrepancy between IMERG-F V04 and SNOTEL ob-
servations increases as daily temperature increases from − 14◦C and 
approaches 0◦C. Concerning precipitation intensity, the IMERG products 
have better performance between 0 and 5 mm/day but show significant 
underestimation at >10 mm/day (Wen et al., 2016). Similarly, Sadeghi 
et al. (2019) reported the IMERG-F’s V04 underestimation of snow 
accumulation, although it detects the snowfall events comparatively 
better than the MRMS. It may be concluded that IMERG’s current 
snowfall estimation performance is unreliable for hydrological and 
climatological applications. 

3.2.3. Europe 
Europe is the second to last continent with the least published IMERG 

validation studies (6%). The first study validated IMERG-F V03 over the 
Netherlands using one year of the data set developed by Gaona et al. 
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(2016). It concluded that IMERG could reproduce the spatiotemporal 
distribution of precipitation over the nation despite a very small (2%) 
underestimation across all resolutions (i.e., 0.5h, daily, monthly, and 
annually). Furthermore, IMERG-F V03 has a small relative bias on the 
30 min (− 1.51%) and daily (− 1.49%) scale, highlighting IMERG’s po-
tential in hydrological applications (Gaona et al., 2017). When 
comparing IMERG-F V05 to radar-based precipitation data, IMERG 
showed a significant overestimation of precipitation, especially during 
winter over Germany with low correlation (<0.4), POD (0.38), CSI 
(0.28), and high FAR (0.48). Furthermore, it showed difficulties in 
reproducing spatial variability across Germany’s diverse topography 
(Ramsauer et al., 2018). The performance of IMERG-E V04, IMERG-F 
V05, and IMERG-F V06 was influenced by complex terrain and had 
problems capturing precipitation over mountainous regions 

(Chiaravalloti et al., 2018; Ramsauer et al., 2018; Navarro et al., 2019). 
Additionally, IMERG-F V06 performed better during summer than in the 
winter (Navarro et al., 2019) and on the monthly scale than in the daily 
and sub-daily ones (Gaona et al., 2016; Ramsauer et al., 2018). 

3.2.4. South America 
In South America, IMERG-F V06 effectively represents the spatial 

pattern of precipitation and shows reasonably better performance than 
TMPA throughout Brazil (Rozante et al., 2018). In the northeast coast of 
Brazil, which is characterized by warm rain events, IMERG-F V05 
showed significant errors and underestimated daily precipitation. The 
above could be attributed to the inability of GPM sensors to detect 
orographically forced warm-rain processes (Gadelha et al., 2019). Large 
biases appear in the North and Central-west regions, associated with the 

Fig. 6. Spatial distribution of POD, FAR, and correlation values of IMERG evaluation studies across the countries at daily scale. The matrices were calculated based 
on the daily scale, and median values were considered in case of more than one study available for the same country (e.g., China, Iran, India, USA etc.). 
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sparse density of gauges. In the Central Plateau of Brazil, IMERG-F V05 
reproduced annual and monthly precipitation better than daily precip-
itation. Furthermore, IMERG-F V05 exhibited strong seasonal variability 
as numerous errors, and estimation difficulties occur with low and 
sparse dry season precipitation (Salles et al., 2019). For diurnal pre-
cipitation, IMERG-F V03 overestimated the frequency of heavy precip-
itation over the Negro, Solimões, and Amazon rivers and underestimated 
dry season precipitation compared to S-band weather radar measure-
ments. The above was attributed to IMERG’s difficulties in detecting 
isolated convective cells and the poor calibration over water surfaces 
(Oliveira et al., 2016). In the high Andes, IMERG-F V03 efficiently 
captured rainfall intensity but showed substantial discrepancies with 
gauge-based observations along the dry Peruvian coastline (Manz et al., 
2017). 

3.2.5. Africa 
Africa has the least IMERG validation studies, with only two works so 

far (2019). The lack of access to reliable observational data sets could be 
the reason for such a small number of validation studies. These analyses 
agree that the performance of IMERG-F V03 and V04 varies with the 
season, climate, and topography (Dezfuli et al., 2017; Sahlu et al., 2016). 
For instance, IMERG performs better over Eastern and humid regions of 
Africa than Southern Sahel, and the discrepancies between IMERG-F 
V04 and TMPA were higher over mountainous regions (Dezfuli et al., 
2017). In addition, despite a slightly superior performance of IMERG-F 
V03 over the Blue Nile basin, its overall performance was similar to 
CMORPH (Sahlu et al., 2016). Another finding suggests that IMERG-F 
V03 detection capability decreases with increasing precipitation, 
emphasizing the need to improve IMERG’s detection capability of heavy 
precipitation (Sahlu et al., 2016). 

3.2.6. Spatial distribution of POD, FAR and COR 
The spatial distribution of POD, FAR, and correlation values reported 

among the reviewed studies are shown in Fig. 6. These values are based 
on a comparison of IMERG daily precipitation with the corresponding 
gauge observation on a daily scale. Only the correlation, FAR, and POD 
values of the most recent version and IMERG final run (IMERG-F) were 
considered when a single study evaluated successive versions (IMERG 
V03, IMERG V04, etc.) and various IMERG runs (IMERG-E, -L, and -F) in 
the same study. More or less, the majority of the studies reported good 
detection skills (POD > 0.6), fewer false alarms (FAR < 0.5), and 
reasonable agreement with reference data sets (COR > 0.5). Myanmar is 
the only country that reported very poor values for both detection (POD 
= 0.17, FAR = 0.45) and estimation (COR = 0.29) of precipitation. The 
above is attributed to IMERG’s poor performance in n detecting and 
estimating light and heavy precipitation along the Chindwin river basin 
of Myanmar (Yuan et al., 2017). However, the study region is charac-
terized by very sparse observation stations, and the evaluation results 
are based on only four gauge stations. 

In terms of continents, IMERG has good detection skills over Africa 
with POD ranging from 0.73 to 0.84, and FAR up to 0.35, but moderate 
correlation ranging from 0.42 to 0.54. Similarly, North America (POD =
0.73–0.8, FAR = 0.17) and South America (POD = 0.51–0.89, FAR =
0.12–0.37) revealed a good detection skill, except Bolivia which reports 
the highest FAR of 0.56. In addition, both the continents reported a 
reasonable correlation (0.54–0.65) of IMERG with the reference data 
sets. High spatial variation in both POD and correlation is observed in 
Asia, varying from the poor results over Myanmar to high values over 
India. In addition, the East Asian countries such as Thailand, the 
Philippines, Nepal, and Malaysia have correlation values ranging from 
0.5 to 0.69, whereas Japan, India, and China have COR > 0.7. In western 
Asian countries, Iran and Pakistan present a medium correlation (0.47 
and 0.67, respectively). On the other hand, Pakistan and Malaysia report 
slightly better detection skills (> 0.8) than India (0.78) and China 
(0.74). Detection skills over Japan, Iran, and Nepal vary from 0.59 to 
0.69. In terms of false detection, Iran reported a FAR of 0.51, which 

could be attributed to the prevailing arid condition, and evaporation of 
light precipitation before reaching the ground’s surface. Moreover, 
based on the POD, FAR, and COR values among the studies, it can be 
concluded that IMERG shows its good detection skills throughout 
various climatic and topographic conditions and has better agreement 
with the reference observations in overall precipitation estimation. 

3.3. IMERG performance by run (IMERG-E, -L, and -F) types 

Generally, it is believed that the IMERG-F, which has gauge correc-
tion at the monthly scale, has superior performance compared to both -E 
and -L run products as shown in China (Guo et al., 2016; Tang et al., 
2016a), East Asia (Kim et al., 2017), Austria (temperate climate) 
(Sungmin et al., 2017), Saudi Arabia (Mahmoud et al., 2018), Pakistan 
(Anjum et al., 2018), and Italy (Chiaravalloti et al., 2018). However, few 
studies contradicted this and reported either no significant improvement 
of IMERG-F run or even outperformance by IMERG early run at least in 
some aspect (i.e., POD, correlation, extreme events). For instance, 
Maghsood et al. (2020) reported no significant IMERG-F improvement 
in POD and FAR over Iran at the daily scale, but it does at the monthly 
scale. In the same study, they report that IMERG-E and -L products are 
more suitable for extreme precipitation. Moreover, Shawky et al. (2019) 
found no significant improvements of IMERG-F over IMERG-E in the arid 
environment of Oman. Mahmoud et al. (2019) reported that IMERG-E 
outperformed the IMERG-F products in terms of correlation over the 
UAE. However, in terms of error and bias, IMERG-F outperformed both 
the early and late products (on average MAE and RMSE decreased by 
10% and 11%, and bias from 1.1% to 0.4%). Tan and Santo (2018) 
observed similar results over Malaysia. This counter-intuitive behavior 
could be attributed to the sparse gauge availability and consequently the 
GPCC calibration of IMERG-F over those regions. Moreover, it should be 
noted that the IMERG-E and IMERG-L runs serve for near-real-time ap-
plications (e.g., flood, drought, and crop forecasting), whereas the 
IMERG-F is best intended for research purposes. 

3.4. IMERG performance by versions (IMERG V03, IMERG V04, IMERG 
V05, and IMERG V06) 

The IMERG algorithm and its version are episodically updated, yet 
only a few studies compared successive IMERG versions (Fig. 7). Xu 
et al. (2019c) compared the IMERG V04 and IMERG V05 over mainland 
China and found that IMERG V05 estimates precipitation better except 
for false precipitation. Wang et al. (2019a) found that IMERG V05 
possesses significant enhancements in precipitation estimation 
compared to the IMERG V03 and V04 over the Guangdong Province, 
China. Similarly, Satg é et al. (2018) reported IMERG V05’s expected 
improvement compared to its predecessors (i.e., IMERG V03 and V04) 
throughout Pakistan except for the extreme arid region where the 
IMERG V04 had the best performance. In addition, Wang et al. (2018) 
compared the IMERG V03, V04, and V05 at the global level. They found 
that IMERG V05 significantly improved over the previous IMERG V03 
and V04, and the improvements are mainly observed in the estimation of 
mean oceanic precipitation. 

On the other hand, Anjum et al. (2019) revealed no significant 
improvement of IMERG V06 over IMERG V05 in the Tianshan Moun-
tains, China. Likewise, Derin et al. (2019) reported that when capturing 
light or heavy precipitation IMERG V06 failed to outperform IMERG 
V05 over the mountain regions. In addition, IMERG V04 did not shown 
paramount enhancement compared to its predecessor IMERG V03 (Satg 
é et al., 2018). The above claim is supported by studies in China (Zhao 
et al., 2018), and the Tibetean Plateau and Weihe River Basin (Wei et al., 
2018). Despite successive IMERG versions aiming towards more accu-
rate estimation of precipitation, its performance varies with the pre-
cipitation type and topographical features. 
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3.5. IMERG’s performance over ocean 

Out of the 101 peer review articles in our database, only three studies 
evaluated the performance of IMERG over the ocean, making it difficult 
to draw any definitive conclusions. The lack of standard observational 
data sets could be the possible reason for such a low number of studies 
over the ocean. Khan and Maggioni (2019) assessed the performance of 
IMERG-E, -L, -F V05 daily products over the ocean using Ocean-Rain and 
satellite-based radar products as validation targets. IMERG was found to 
underestimate Ocean-Rain measurements significantly. However, 80% 
of the time, IMERG products detect rain. Prakash et al. (2018a) assessed 
the performance of IMERG-F V04 over the north Indian ocean using 
hourly moored buoy observations. The authors reported that IMERG 
performed better over the Arabian sea than over the Bay of Bengal. 

Despite low errors and good detection capability, IMERG suffered from a 
high FAR and overestimated rainfall (especially for light and extreme 
precipitation). Considering IMERG’s resolution (0.1◦ x 0.1◦), it is more 
probable that small-scale showers can occur at any part of the IMERG 
grid, but not over the exact buoys locations, which are sparser than the 
gauges over land. Thus, leading to the apparent overestimation of pre-
cipitation. Besides, the evaporation of light precipitation in the atmo-
sphere could be another possible reason. Wang et al. (2018) reported 
that mean oceanic precipitation of IMERG-F V04 and IMERG-F V05 
shows significant improvement over IMERG-F V03, and their estimates 
are close to the ones by Multi-Source Weighted-Ensemble Precipitation 
(MSWEP) (Beck et al., 2017) and Global Precipitation Climatology 
Project (GPCP) (Adler et al., 1979-). Even though observational data sets 
are scarce over the ocean, other global products such as GPCP and 

Fig. 7. Performance of IMERG successive versions (IMERG V03, V04, V05 and V06) in term of COR, RMSE, POD, and FAR values across the countries at daily scale.  

R.K. Pradhan et al.                                                                                                                                                                                                                             



Remote Sensing of Environment 268 (2022) 112754

12

MSWEP could be used as a reference for validation, as shown above. 

3.6. IMERG’s performance in representing extremes 

The high spatiotemporal resolution, homogeneous global coverage, 
and near-real-time availability of satellite-based precipitation data are 
essential to understand extreme events better. Various recent studies are 
evaluating IMERG’s performance for multiple extreme event applica-
tions (Table 1). Omranian et al. (2018) evaluated the capability of 
IMERG-F V05 to reproduce the precipitation of hurricane Harvey in 
Texas. They found that IMERG captured the storm with POD >0.82 and 
FAR <0.2, and precipitation spatial variability with 62% accuracy. 
Nevertheless, several aspects appear to need improvements, such as 
underestimation over the coastal region, overestimation in the 
high-intensity region, and discrepancies between observational data and 
IMERG precipitation, especially near the storm’s center. Huang et al. 
(2019) analyzed the performance of IMERG-E and -F V05 products to 
capture six major typhoons over southern China during 2016 and 2017. 
They found that IMERG captured precipitation spatial variability and 
areal hourly precipitation. Furl et al. (2018) also revealed a significant 
underestimation in capturing extreme storms. Interestingly, they 
observed that the IMERG-E and -L V03 products have lesser underesti-
mation than the IMERG-F V03 products, which can be attributed to the 
-F run’s gauge correction. Wen et al. (2018) evaluated the performance 
of IMERG-L V04 in terms of Atmospheric Rivers over the western USA. 
Despite good detection of heavy precipitation events, IMERG signifi-
cantly underestimates (− 40%) the total precipitation volume. Addi-
tionally, Fang et al. (2019) found good agreement between IMERG-F 
V05 and gauge observations regarding extreme precipitation spatial 
patterns throughout China. IMERG’s performance was more consistent 
over the southeast (humid) than over the northwest (arid) regions. In the 
same study, an underestimation of extreme precipitation events was 
reported, implying that although IMERG reproduces the spatial precip-
itation pattern and volume better than TMPA, limitations in detecting 
extreme events remain. Zhang et al. (2019) evaluated the performance 
of IMERG-F V05 products in capturing a 60-year return period extreme 
precipitation storm over southern China. The authors reported that 
IMERG products significantly underestimated the event. However, 
IMERG’s performance was reported to vary at different intensities; i.e., 
IMERG performs poorly when rainfall intensity is above 17 mm/hr and 
best when the intensity is below 5 mm/hr. 

3.7. IMERG’s performance in hydrological applications 

A large number of studies have evaluated the performance of IMERG 
products in terms of simulating streamflow (Table 2). However, as the 
studies used different hydrological models, calibration and validation 
methods, basin locations, and climatic conditions, the direct comparison 
of the results cannot be conclusive. Nevertheless, we compiled the Nash- 
Sutcliffe coefficient of efficiency (NSE) and statistical bias indices from 
these studies (Fig. 8) to summarise their results. Our main objective here 
is to highlight the IMERG performance and its different runs (IMERG-E, 
-L, and -F) in each study separately, rather than inter-comparing 
different studies results with each other. 

Li et al. (2017) found more promising results when the hydrological 

model parameters were calibrated by gauge and RQPE (Radar-corrected 
Quantitative Precipitation Estimation) compared to the IMERG-F V04 
data set. Furthermore, when the model was calibrated using raw IMERG 
data, the results were quite problematic over the Ganjiang river basin. In 
another study, Wang et al. (2017b) evaluated both near real-time and 
post real-time V03 products using the VIC (Variable Infiltration Capac-
ity) model over the Beijiang River Basin. They found promising results 
for IMERG-F, while near real-time products showed poor performance 
(NSE < 0.35). Nonetheless, both products showed reliable flood fore-
casting results and thus could be considered useful for such applications. 
The promising performance of IMERG-F V03 products was reported over 
the Mekong River Basin, suggesting its use for similar mountainous 
basins (He et al., 2017). Yuan et al. (2017) observed the propagation of 
IMERG-F V04 error through the Xinanjiang model, which led to signif-
icant underestimation of streamflow over the Chindwin river basin in 
Myanmar; in this context, TMPA showed better results. The evaluation 
of IMERG-E V05 and IMERG-F V05 products over the Nanliu River Basin 
in Tropical Humid Southern China showed that IMERG had poor per-
formance estimating streamflow at a daily scale with NSE of <0.4 (Liang 
et al., 2019). In the Upper Huaihe River Basin, IMERG-F V06 had better 
performance in flood simulations than IMERG-E V06 and IMERG-L V06 
(Su et al., 2019). Nevertheless, due to the significant underestimation of 
runoff (− 16.51%), the authors noted that IMERG-F V05 products should 
be used cautiously. Yuan et al. (2019) reported significant improve-
ments of IMERG-F V05 performance after model specific input calibra-
tion with NSE increasing from 0.66 to 0.84, and the relative bias 
decreasing from − 32.3 to − 18.5, enabling the replacement of TMPA in 
hydrological applications. Tan et al. (2018) found that IMERG-F V05 
(NSE = 0.71 and relative bias of − 5.3%) outperformed IMERG-E V05 
(NSE = 0.70 and relative bias of − 27.6%) and IMERG-L (NSE = 0.66 and 
relative bias of − 36.3%) over the Kelantan river basin in Malaysia. Lu 
and Yong (2018) also reported IMERG-F V06’s potential to estimate 
streamflow on a daily scale over the Yellow river basin of the Tibetan 
Plateau. 

The number of studies validating only IMERG-F products was 
significantly higher than those including IMERG-E and IMERG-L. In 
general, IMERG-F outperformed both IMERG-E and IMERG-L products 
across different basins and hydrological models in terms of NSE, with 
values ranging between 0.60 and 0.78. This is considered highly 
acceptable for hydrological simulation (Moriasi et al., 2007). On the 
other hand, the IMERG-E and IMERG-L products show significant un-
certainties between different basins and hydrological models. For 
example, most studies report NSE values below 0.35 in China, with only 
a few exceeding 0.65. Relative bias metrics follow a similar behavior to 
NSE, where IMERG-F outperforms the other products. IMERG-E’s 
streamflow relative bias ranges between − 59.4% and 28.4%, while 
IMERG-L is between − 43.9% and 28%, and IMERG-F is between 
− 23.5% and 41.4% (Fig. 8). Succeeding IMERG versions should address 
these issues since the near-real-time application needs such as flood, 
landslide, and crop forecasting is only possible for -E and -L runs, 
whereas the -F runs are mainly for research purposes. 

Table 1 
List of the studies evaluated the IMERG products in extreme events.  

Location Events Data Period COR Bias RMSE Reference  

USA Hurricane IMERG-F Aug-2017 0.61 – – – – (Omranian et al., 2018)  
China Typhoon IMERG-E 2016-2017 0.61 8.38 44.97 (Huang et al., 2019)    

IMERG-F  0.57 13.50 47.50   
China >90th percentile IMERG-F 2014-2017 0.63 − 22.82 23.52 (Fang et al., 2019)  
China Storm IMERG-F May-2017 0.70 − 58.77 9.70 (Zhang et al., 2019)  
Global >90th percentile IMERG-E 2014-2017 – – − 3.18 – – (Mazzoglio et al., 2019)    

IMERG-L  – – − 3.1 – –    
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4. Discussion 

4.1. Recent developments 

Many studies continue to assess the IMERG products and push the 
boundaries (e.g., spatial coverage and validation length) observed up to 
2019. For instance, Islam et al. (2020) assessed the IMERG-F V06 
products over Australia (no study had evaluated IMERG over Australia 
before 2019) on daily, monthly, and annual scales. They found IMERG 
performed well, despite some discrepancies over regions with high 
precipitation. It was also revealed that IMERG’s best performance takes 

place during winter in terms of seasonal scale. Similarly, Tang et al. 
(2020) evaluated the IMERG-F V06 products between 2000 and 2018 
(the first study assessing the IMERG for the TRMM period) over China 
and revealed that IMERG had improved its quality over time, attributed 
to the increase in the number of passive microwave samples. They also 
reported that the performance of IMERG deteriorates when it comes to 
snowfall, and thus further improvement in cold climates is needed. 

Most of the studies showed that IMERG robustly represents the 
spatio-temporal patterns of precipitation (Sharma et al., 2020; Yu et al., 
2020, 2020; Zhang et al., 2020b; Peng et al., 2020; Hamza et al., 2020). 
In addition, studies have given insights into the influence of rainfall type 

Table 2 
List of the studies evaluated the hydrological applications of IMERG products. (CREST = Coupled Routing and Excess Storage, VIC = Variable Infiltration Capacity, XAJ 
= Xinanjiang, MGB-IPH = Large Basins Model and Institute of Hydraulic Research, SWAT = Soil and Water Assessment Tool, GXAJ = Grid-based Xinanjiang hy-
drological model.)  

Basin Location Model Data Period NSE Bias Reference 

Ganjiang China CREST IMERG-F May2014-Sep2014 0.77 − 14.09 (Tang et al., 2016b) 
Beijiang China VIC IMERG-E Apr2015-Dec2015 0.34 28.48 (Wang et al., 2017b)    

IMERG-L  0.28 28.5     
IMERG-F  0.74 10  

Chindwin Myanmar XAJ IMERG-F Apr2014-Dec2014 0.65 to − 23.5 to (Yuan et al., 2017)      
0.72 − 28.7  

Mahanadi India VIC IMERG-F Apr2014-Dec2014 0.64 41.4 (Beria et al., 2017) 
Amazon Peru-Ecurdor MGB-IPH IMERG-F Mar2014-June2015 − 24.21 to – – (Zubieta et al., 2017)      

− 0.9   
Mekong China XAJ IMERG-F May-Oct2015-May-Oct2016 0.53 – – (He et al., 2017) 
Ganjiang China CREST IMERG-F June2014-Sep2014 0.7 − 12.6 (Li et al., 2017) 
Yellow China VIC IMERG-F Jan2015-Dec2015 0.62 − 7.2 (Lu and Yong, 2018) 
Mishui China XAJ IMERG-E Apr2014-Dec2015 0.73 − 19.52 (Jiang et al., 2018)    

IMERG-L  0.71 − 25.23     
IMERG-F  0.81 − 6.53  

Kelantan Malaysia SWAT IMERG-E Mar2014-Dec2016 0.7 − 27.6 (Tan et al., 2018)    
IMERG-L  0.66 − 36.3     
IMERG-F  0.71 − 5.3  

Chindwin Myanmar GXAJ IMERG-F Mar2014-Dec2016 0.84 − 18.5 (Yuan et al., 2019) 
Huaihe China VIC IMERG-E Apr2014-Dec2015 0.18 − 39.91 (Su et al., 2019)    

IMERG-L  0.16 − 43.95     
IMERG-F  0.64 − 16.51  

Nanliu China XAJ IMERG-F Mar2014-Dec2016 0.28 − 7.83 (Liang et al., 2019)    
IMERG-E  0.29 − 59.49  

Mun-chi Thailand VIC IMERG-F Apr2014-Mar2017 − 0.98 – – (Li et al., 2019)  

Fig. 8. IMERG performance in hydrological performances (NSE and relative bias). CREST = Coupled Routing and Excess Storage, VIC = Variable Infiltration Ca-
pacity, XAJ = Xinanjiang, SWAT = Soil and Water Assessment Tool, GXAJ = Grid-based Xinanjiang hydrological model. 
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and topography on IMERG’s performance (Yang et al., 2020a; Navarro 
et al., 2020). For instance, Zhang et al. (2020b) revealed that IMERG-F 
V06 has a high correlation with gauge observations at low elevations 
and low at high elevations over the Tianshan Mountains, China. Yu et al. 
(2020) reported a decrease in correlation and increase in RMSE with the 
elevation over China. In contrast, Zhang et al. (2020a) reported 
IMERG-E V06 performance decrease from the high-altitude regions to 
the low-altitude regions in terms of correlation and CSI at the daily scale 
over the Huang plain. Liu et al. (2020) evaluated the IMERG-F V05 
product over the Bali island and concluded that IMERG best detects 
precipitation events at different altitudes, despite some overestimation 
in the high altitude. Zhou et al. (2020) evaluated the IMERG-E, -L, and -F 
V05 products over mainland China and found more consistent perfor-
mance over southern China than northern China, and more accurate at 
lower latitude and elevation compared to higher latitudes and elevation. 
The sparse number of rain gauges and light precipitation observed at the 
higher latitude could be the possible reason and is in line with Navarro 
et al. (2020), Retalis et al. (2020), Cui et al. (2020). Besides, the process 
and mechanism of precipitation formation over the high elevation re-
gion could be another possible reason. Moreover, the monthly gauge 
adjustment to final data sets reduces the elevation and other surface 
sensitivity uncertainties (Sui et al., 2020). 

The difficulties of IMERG-F V06 estimating light rainfall were 
observed over UAE (Alsumaiti et al., 2020), western Pakistan (Hamza 
et al., 2020), and Huang plain, China (Peng et al., 2020). In addition, 
Abebe et al. (2020) observed a significant decline in the detection skill of 
IMERG-F V06 as the intensity of precipitation increases. Furthermore, 
Shi et al. (2020) reported that IMERG-E and -L V06 products underes-
timate light rain events, whereas they overestimate the moderate to 
heavy precipitation events concerning precipitation detection. Freitas 
et al. (2020) evaluated the IMERG-F V06 product for sub-daily scale and 
concluded that IMERG-F has to improve its rainfall intensity and dura-
tion estimates over Brazil. Yang et al. (2020b) and Li et al. (2020a) 
further stress that IMERG-F V06 and V05 have to improve their sub-daily 
scale performances. Moreover, Afonso et al. (2020) reported IMERG-F 
V06 better represent the diurnal cycle over the region characterized 
by deep convective cloud (warm rain process over land) compared to the 
shallow convection or low-level circulation and recommended further 
investigation in these perspectives. 

In terms of hydrological evaluation, IMERG performance varies with 
the regions. For instance, Song et al. (2020) evaluated the IMERG-F V06 
product over the Quing river basin China and concluded that IMERG has 
a satisfactory performance simulating the daily streamflow over the 
humid tropical climate. Similar results were reported for IMERG-F V06 
over the Chenab River, Pakistan (Ahmed et al., 2020). Saouabe et al. 
(2020) evaluated the IMERG-E V06 product in terms of flood modeling 
in a semi-arid region of Morocco and concluded that IMERG-E has 
satisfactory performance in the simulation of flood events and can be 
applied for flood modeling in this climate in the absence of ground ob-
servations. In contrast, Mo et al. (2020) reported the unsatisfactory 
performance of IMERG-E V06 in both estimating precipitation and 
simulating the runoff over the Xiajia River basin, China, unless the 
Geographic Difference Analysis (GDA) method is used to correct IMERG 
data sets. Le et al. (2020) revealed that IMERG-E and -F V06 products 
outperformed other satellite products, and comparatively, IMERG-F 
showed better performance than the early product (IMERG-E). 

For extreme events, IMERG-F V06 has the potential to capture the 
storm track and its spatial variation. However, IMERG has difficulties 
capturing the storm core and underestimates both high precipitation 
(>90 mm/hr) and accumulated precipitation (Li et al., 2020b). Getirana 
et al. (2020) evaluated IMERG-E and -F V06 products in terms of 
monitoring natural disaster/extreme precipitation events over Brazil 
and revealed the superior performance of IMERG-F compared to 
IMERG-E. Furthermore, they reported that both products have consid-
erable skills in detecting extreme events (despite a slight underestima-
tion of rain rate) and have the potential application in disaster detection. 

Li et al. (2020a) and Chen et al. (2020) also recommended the IMERG 
V05 and V06 near-real-time products for flood forecasting and early 
warning system. 

4.2. Weaknesses and strengths 

The latest versions of IMERG products show significant improvement 
over the TRMM data set. However, some discrepancies remain when 
compared to ground measurements. Most studies revealed that estima-
tion of light precipitation should be improved (Lu and Yong, 2018; 
Anjum et al., 2018; Huang et al., 2019). Another common issue is the 
substantial overestimation or underestimation of precipitation over 
mountainous regions and its poor performance over complex topogra-
phies (Sharifi et al., 2016; Dezfuli et al., 2017; Asong et al., 2017; Kim 
et al., 2017; Sungmin and Kirstetter, 2018; Huang et al., 2018; Anjum 
et al., 2018). In addition, IMERG products show substantial bias in dry 
climates (Tang et al., 2016a; Su et al., 2018; Fang et al., 2019) and over 
ocean (Liu, 2016; Prakash et al., 2018a). Finally, when it comes to the 
seasonality, there are discrepancies in winter precipitation (Chen and Li, 
2016; Chen et al., 2019; Lee et al., 2019). There is a general agreement 
that the IMERG algorithm needs further improvements in the afore-
mentioned areas (Tang et al., 2016a; Su et al., 2018; Wang et al., 2018; 
Prakash et al., 2018a). 

On the other hand, IMERG products perform robustly in various 
cases. For instance, their performance is equally good with the ground 
observations in the estimation and detection of regional precipitation 
patterns and their spatial averages (Gaona et al., 2016; Rozante et al., 
2018; Palomino-, ńgel et al., 2019). In addition, IMERG has a higher 
detection capability of snowfall (Sadeghi et al., 2019) and light pre-
cipitation (Wang et al., 2017a, 2019a; Yang et al., 2019), compared to 
other satellite products (e.g., TMPA, CMORPH). Furthermore, IMERG 
has the potential to detect and estimate hurricane precipitation, in-
dicates its significant applicability for estimation of precipitation during 
the extremes, and thus can be used for impact modeling studies 
(Omranian et al., 2018). All these factors reveal promising potential and 
a wide range of future applications. 

4.3. Limitations and future perspectives 

It is important to stress that all considered studies suffer from a 
common limitation: the very short validation period due to the lack of 
long-term IMERG records when the analyses were performed. Even 
though the evaluation methods used in most studies are reliable, there 
are often issues with their underlying assumptions. For instance, there 
are different approaches to comparing gauge measurements regarding 
their number, distribution, and density over the validation sites. Addi-
tionally, there is significant uncertainty associated with the point-to- 
area representation for gauge measurements (Dezfuli et al., 2017). The 
type of interpolation techniques applied to the point measurements 
might severely affect the evaluation outcome. It is worth mentioning 
that all the studies reviewed herein have employed a pixel-based 
approach which may result in problems like “double-penalty error” 
when comparing two data sets with high spatiotemporal resolution. This 
is one of the reasons limited studies are evaluating IMERG on sub-daily 
scales. Therefore, an object-based approach could be a solution to 
mitigate this effect. In addition, this approach could provide us with 
more information from the storm’s characteristics like size, shape, 
translation speed, and direction, which cannot be accessed using a 
pixel-based approach. Some efforts have been made recently like Ayat 
et al. (2021b), and Cui et al. (2020), but more studies are needed on this 
topic. 

Another limitation associated with the studies examined appears 
when they use radar observations, reanalysis results, or other satellite 
products in the absence of rain gauges. In such cases, the reference used 
may not represent the actual precipitation of the region (assumption of 
ground truth), and is often associated with significant uncertainties. 
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Even if the studies use gauge-based data as a reference for IMERG 
validation, gauges also present systematic and random errors. Therefore, 
we should keep in mind that it is hard to assess the “ground truth” in 
nature, and thus, we always make some assumptions. In addition, most 
often, the gauge-based data are not completely independent. For 
instance, IMERG-F products are adjusted with the GPCC monthly 
product, which itself uses gauge observations. Thus, the validation re-
sults would be biased if there are overlapping stations when compared 
with IMERG products. Furthermore, most studies seem to be restricted 
to local/regional climate; thus, the applicability of the results is limited 
to those particular climate conditions. Finally, most studies did not 
assess the performance at sub-daily resolutions but instead focused on 
daily, monthly, and/or annual resolutions. 

Considering the identified limitations, gaps, and suggestions in the 
studies reviewed in this paper, we can provide some recommendations 
that could potentially improve the performance of IMERG products 
across the globe:  

• Since IMERG recently extended its temporal coverage back to the 
TRMM era, providing precipitation observations from early 
2000–present, it now offers possibilities for longer evaluation of 
precipitation characteristics across the globe. For instance, the long- 
term data will help better understand the capacity of IMERG to 
represent changes in the annual, inter-annual, and seasonal precip-
itation at the regional scale.  

• To fully exploit the advantages of IMERG products’ spatiotemporal 
resolution (30 min and 0.1◦ x 0.1◦) compared to TMPA (3 hourly and 
0.25◦ x 0.25◦), future studies should consider sub-daily scales and 
assess the diurnal and semi-diurnal precipitation in different regions.  

• More studies over oceans and mountainous regions could help better 
understand the effectiveness of IMERG in such conditions. Addi-
tionally, as very few studies have evaluated solid precipitation, 
future studies should focus on the detailed evaluation of snowfall. 
Since many studies revealed the poor performance of IMERG during 
the winter, these biases could be related.  

• A more detailed evaluation of the hydrological performance of 
IMERG will be another area of future research. For instance, un-
derstanding how the error propagation occurs from precipitation to 
runoff (Mei et al., 2017; Ehsan Bhuiyan et al., 2019) and their 
quantitative analysis will help the hydrological community better 
understand the performance of IMERG products in hydrological 
applications.  

• Evaluating IMERG products at multiple scales simultaneously rather 
than constraining the analysis to a single spatial and temporal res-
olution could help us understand how the accuracy and errors vary 
with spatiotemporal aggregation. Additionally, it will help identify 
the effective resolution to be used for various hydro-meteorological 
purposes.  

• Even though few studies have evaluated IMERG versions V03, V04, 
and V05, the results varied with the type of study. Thus, future 
studies could comprehensively evaluate and answer questions on the 
effectiveness of the current versions compared to previous ones.  

• Along with orographic precipitation and coastal areas evaluation, 
future studies could also consider evaluating the effect of rainfall 
intensity and gauge density (Maggioni et al., 2017) on the perfor-
mance of IMERG products across the climatic regimes and 
geographical conditions across the globe.  

• Even though the gauge-calibrated IMERG final run has advantages 
over the uncalibrated one, there is still room for improvement. For 
example, the scarce distribution of gauges over some regions could 
be solved by exploring the adjustment with other denser observa-
tional networks such as E-OBS (Ensembles-OBServation) over Europe 
in the future (Navarro et al., 2019). It will be beneficial to have more 
studies over Europe since many dense, well-maintained, observation 
networks exist.  

• As the observational data sets are not free from uncertainty, many 
authors recommended considering more than one reference type to 
evaluate IMERG products. For example, the newly available blended 
data sets such as MSWEP (overland), OceanRain (over Ocean), other 
radar data sets, and reanalysis model data sets will help for better 
evaluation. 

• Uncertainties from different interpolation methods used when eval-
uating IMERG (grid) with gauge (point) date are not well repre-
sented. Thus, comparing different interpolation techniques and their 
effect on the IMERG evaluation could provide a more detailed error 
estimation.  

• An additional consideration for future research is the evaluation of 
IMERG for different types of storms/environmental conditions (e.g., 
temperature profiles) and microphysical structures (derived from 
polarimetric radar and NWP) (Bartsotas et al., 2018).  

• Another important topic for future research is the effect of different 
sensors in the final merged products. Although a couple of studies 
like Tan et al. (2016), and Ayat et al. (2021a) have evaluated this 
effect in the IMERG final precipitation product, the need for further 
investigation remains. 

5. Conclusions 

This study compiled the reported performance of IMERG products 
across different climatic conditions and geographic locations throughout 
the globe. Along with IMERG performance representing precipitation, 
we also investigated the performance of IMERG regarding extreme 
precipitation events and hydrological application. 

In terms of the spatial and temporal distribution of IMERG evalua-
tion, Asia, and China in specific, are dominant in number of studies 
followed by North and South America, while Africa and Europe recorded 
the least number. Regarding the spatial and temporal resolutions, 
0.1◦×0.1◦, 0.25◦×0.25◦ with daily, monthly and annual scales are the 
most evaluated resolutions of IMERG products. In addition, 12–24 
months is the validation period length used in most studies. Studies with 
longer validation periods were often associated with coarser temporal 
resolution (daily and longer), whereas studies with shorter validation 
periods were associated with sub-daily temporal resolution. As ex-
pected, the studies at coarser time scales surpass the finer ones, high-
lighting the need for more research in sub-daily resolutions. 
Surprisingly, also very few studies exist that investigate how IMERG 
products perform as they move from daily to monthly scale. Under-
standing how biases propagate across the time scale-continuum is 
crucial for the proper validation and application of any data set (Mar-
konis et al., 2021). 

IMERG showed better performance compared to the TMPA estimates 
in the representation of spatio-temporal variability of precipitation 
across the climatic and geographic conditions. However, IMERG showed 
significant over/underestimation in different precipitation intensities 
that varies with region and climatic conditions. When it comes to 
climate regimes, IMERG tends to more consistent precipitation estimates 
over humid regions (wet and high intensity precipitation) compared to 
semi-arid and arid regions (dry and low intensity precipitation), which is 
especially true for China. Also, IMERG still has difficulties in estimating 
precipitation over complex terrains and mountainous regions. 
Orographic precipitation associated with high mountains is the major 
cause of the poor performance over such conditions. Most of the studies 
found that the accuracy of IMERG increased significantly with temporal 
aggregation, i.e., monthly results were reasonably better than daily 
ones, and annual results were better than monthly ones. IMERG per-
formance is also affected by seasonal variation. Usually, IMERG per-
forms poorly in winter compared to the summer season, which is 
attributed to the inability to detect light rainfall (more common in 
winter). Another reason could be that during winter the solid phase of 
precipitation (snowfall) is more common. 

IMERG captures well the spatiotemporal patterns and variability of 
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extreme precipitation. Nonetheless, IMERG has issues when measuring 
over the center of the typhoon or hurricanes. In addition, it has some 
limitations estimating high-intensity precipitation and shows significant 
underestimation across various geographical locations and climatic 
conditions. From the perspective of the hydrological application, 
although most of the studies conclude that there is potential for the 
application of IMERG products in simulating the streamflow their per-
formances differ depending on the hydrological model used, calibration 
methods, and basin types. Despite IMERG showing better detection ca-
pacity, its performance over the ocean shows substantial over/under-
estimation of total precipitation. However, the reliability of 
observational data over the ocean is questionable, and it is too early to 
draw any conclusions. 

Overall, the performance of IMERG varies with climatic conditions, 
geographical locations, seasons, precipitation types, and intensities. 
More studies throughout the globe, especially in the regions that are 
under-represented, are needed for a better evaluation of IMERG’s per-
formance. It remains to be seen how the extension of the dataset back to 
2000 has influenced the regional and overall performance of IMERG. 
This will allow also for an investigation of the climatic properties of 
precipitation, which will be valuable for a better quantification of the 
global water cycle (Vargas Godoy et al., 2021). What is most promising, 
though, is that each new version improves the previous one, in almost 
every validation metric examined in this study. Thus, despite its limi-
tations, IMERG remains one of the most robust alternatives to ground 
observational records. 
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