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Abstract We compare three global kilometer‐scale models (ICON, IFS and NICAM) to clarify the
advantages and challenges of high‐resolution global weather and climate modeling, using different approaches
to represent convection, from fully parameterized to fully explicit. Our analysis focuses on tropical precipitation
characteristics spanning a wide range of spatio‐temporal scales—including the diurnal cycle, extreme
precipitation, convective organization, and the Madden‐Julian Oscillation (MJO)—along with interactions
between convection and the thermodynamic environment. All three models commonly show weaker convective
organization with smaller precipitation cells than observed, though the strength of the bias varies by model. This
diversity is introduced by differences in the representation of (a) convective initiation affected by the convective
sensitivity to moisture and (b) tropospheric moistening associated with deep convection. Models with stronger
thermodynamic‐convection coupling increase environmental moisture near convection, thereby enhancing
convective organization. This has important upscale effects on the MJO; while IFS and NICAM capture its
eastward propagation well, ICON has difficulty reproducing it. The amplitudes and phases of precipitation
diurnal cycles over land showmuch greater disagreement among the models than over ocean, influenced by how
convection is initiated. Biases in rain evaporation and cold pool formation hinder the propagation of mesoscale
convection, leading to errors such as the misrepresentation of nocturnal convection moving off the coast of
Sumatra in IFS and ICON. These results highlight the importance of thermodynamic‐convection coupling in
realistically simulating tropical convection across scales. To improve this coupling, kilometer‐scale models
require better representation of the interaction between resolved convection and three‐dimensional turbulent
mixing.

Plain Language Summary Thunderstorms play a key role in tropical weather, affecting everything
from local rainfall to large‐scale weather patterns. The size of tropical thunderstorms ranges from a kilometer to
hundreds of kilometers, meaning that models with kilometer‐scale grid sizes can begin to resolve the larger
structures and governing processes of most thunderstorms. We analyze how three global kilometer‐scale
models‐ICON, IFS, and NICAM‐simulate thunderstorms, daily rainfall, and a major tropical weather system
called the Madden‐Julian Oscillation (MJO). While all models can represent individual storms, they struggle
with storm clustering, often producing too many small, disorganized cells. The extent of this issue varies among
models, depending on how well each captures the link between environmental moisture and storm development.
Better representation of this moisture‐convection relationship leads to larger storm clusters and more realistic
MJO signals. Another key factor is the simulation of rain‐cooled air that spreads at the surface. Weak cold pools
hinder storm propagation, especially at night over tropical coasts, degrading storm organization and movement.
These limitations highlight the need for improved representations of storm dynamics in global models.
Improving how models handle small‐scale turbulence and buoyant plumes will enhance their ability to simulate
tropical rainfall variability and large‐scale climate patterns more realistically.

1. Introduction
Atmospheric moist convection drives the vertical transport of momentum, heat and moisture, which in turn affects
large‐scale circulation patterns, cloud formation, and precipitation processes (e.g., Riehl & Malkus, 1958). These
processes are fundamental to the Earth's energy balance and hydrological cycle, influencing everything from daily
weather patterns to long‐term climate variability. Cumulus parameterizations, which constrain the complex three‐
dimensional nature of atmospheric convection to a 1D column framework (e.g., Arakawa & Schubert, 1974), are
of critical importance in current state‐of‐the‐art global numerical weather prediction and climate models, as they
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are typically run at resolutions that are too coarse to resolve convection (10–100 km). Despite extensive efforts to
improve convection schemes, they continue to face several fundamental issues that challenge their accuracy and
reliability, and progress in resolving these issues has been slow (e.g., Randall et al., 2003; Stephens et al., 2010;
Stevens, 2024). One crucial issue in cumulus parameterizations is related to the convective triggering assumption,
which determines when and where convection initiates, often based on atmospheric instability and moisture
content (e.g., Kain & Fritsch, 1990). Such criteria can lead to significant uncertainties as they may not accurately
capture the variability and complexity of convective initiation, especially when synoptic‐scale forcing is weak
and surface heterogeneity becomes an important factor (e.g., J. Chen et al., 2020; Hanesiak et al., 2004). Persistent
issues also arise around the closure assumptions. For example, Convective Available Potential Energy (CAPE)
closures often rely on prescribed time scales for energy removal (e.g., Moorthi & Suarez, 1992; G. J. Zhang &
McFarlane, 1995), which may not dynamically reflect actual atmospheric conditions, resulting in errors in the
intensity, diurnal cycle and spatial organization of convection (e.g., Bechtold et al., 2008; Mapes & Neale, 2011;
Yang & Slingo, 2001). These biases can have cascading effects on weather predictions and climate projections,
underscoring the need for continued research on atmospheric convection.

Due to the uncertain nature of convective parameterizations, many modeling groups have decided to simulate
convection explicitly for many decades, using convection‐permitting resolutions for example in idealized setups
(e.g., radiative‐convective equilibrium in three‐dimensional models with cyclic boundary conditions, Tompkins
& Craig, 1998), or in regional models, nested into a coarser‐resolution global model (e.g., Dickinson et al., 1989).
Their results have been promising, especially with respect to the timing and distribution of intense precipitation
(e.g., Giorgi, 2019). However, while certain characteristics of local convection and precipitation are better rep-
resented, their interactions with large‐scale atmospheric processes are either missing or remain poorly captured. It
is therefore desirable to run global simulations with such a fine resolution, enabling the two‐way interaction of
convection with its environment across all scales, from local to global. In fact, several pioneering studies per-
formed with the Nonhydrostatic Icosahedral Atmospheric Model (NICAM) (Satoh et al., 2008, 2014; Tomita &
Satoh, 2004) showed that the framework with globally explicit convection succeeded in reproducing the multi‐
scale structure, ranging from individual deep clouds to large‐scale circulations (e.g., Miura et al., 2007; Tomita
et al., 2005).

With global convection‐permitting climate models, since there is no artificial scale separation that originates from
the cumulus parameterizations, the multi‐scale relationships are easier to understand (Stevens et al., 2020), and
because of the upscale impact of resolved convection, the mean climatological state and large‐scale climate
variability are expected to improve. However, realizing this improvement is not always straightforward
(e.g., Takasuka, Kodama, et al., 2024). This is because many processes relevant for convection remain unresolved
and/or underresolved at kilometer (km)‐scale resolutions without cumulus parameterizations. For example, the
boundary layer processes that are relevant for the triggering of convection are mostly unresolved at km‐scale
resolutions (e.g., Hirt et al., 2020). The representation of the coupling between boundary layer processes and
precipitation can influence the Intertropical Convergence Zone (ITCZ), for example, cause a double‐peak
structure (Bacmeister et al., 2006), which has been known as a long‐standing climatological bias in conven-
tional climate simulations (e.g., Dai, 2006). Another example is that the mixing of grid‐scale updrafts with their
environment is underresolved (e.g., Lebo & Morrison, 2015), meaning that updraft characteristics and
thermodynamic‐convection relationships can be biased. Takasuka, Kodama, et al. (2024) proposed increasing
updraft mixing with the environment by including the Leonard terms (Moeng et al., 2010), which take mixing on
the grid scale into account, to reduce the bias of too much mean precipitation in the tropics. The motivation for this
model change is that convective precipitation is too intense, too localized and too short‐lived and consequently
not organized enough in km‐scale resolution models with explicit convection (e.g., Becker et al., 2021; Brousseau
et al., 2016; Crook et al., 2019).

Given these unresolved processes and their thermodynamic impacts on convection, their representation in global
kilometer‐scale models is critical for simulating the formation and organization of convective systems across
scales. The onset of convection tends to moisten the surrounding environment through vertical advection and
mixing, and a moist environment caused by earlier convection promotes the development of new convection in its
vicinity, while a dry environment inhibits convection because updrafts that entrain dry air rapidly lose their
buoyancy. Thus, the degree to which convection can moisten its surrounding environment plays an important role
in the formation and life cycle of organized convective systems. Convective organization can modify this rela-
tionship, as environmental humidity is expected to increase around organized convection, thereby decreasing the
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efficiency of entrainment in reducing updraft buoyancy (Bao & Sherwood, 2019; Becker et al., 2018). Hence, a
stronger coupling of convection and environmental humidity facilitates convective organization. This aspect is
crucially important to the realization of large‐scale convective organized systems such as the Madden–Julian
oscillation (MJO, Madden & Julian, 1972), which has far‐reaching impacts on weather and climate patterns
and thus should be represented realistically by global models. Another example that influences the
thermodynamic‐convection relationship is rain evaporation. Realistic rain evaporation is essential for producing
realistic cold pools, which in turn is crucial for convective organization, both on the mesoscale and on larger
scales, for example, with regard to the width of the ITCZ (Windmiller & Stevens, 2024).

A main objective of our study is thus to better understand how misrepresentations in thermodynamic‐convection
coupling are responsible for biases in precipitating convection across a wide range of spatio‐temporal scales in
different global km‐scale models. By doing so, we aim to identify which aspects of the remaining moist physics
parameterizations need improvement to fully leverage the benefits of increased resolution. Issueswith representing
convective organization in km‐scale models and its relation to model physics have already been discussed within
regional modeling frameworks (e.g., Ding et al., 2023; Holloway et al., 2013; Prein et al., 2021), but they cannot
fully represent the interaction between mesoscale convection and its environment across the full range of spatial
scales. They also depart from strict radiative–convective equilibrium because they are constrained by lateral
boundary conditions. In addition, regional models typically focus on limited domains, often over land and outside
the deep tropics. In contrast, global kilometer‐scalemodels allow for a seamless representation of the entire tropical
belt, enabling self‐consistent coupling between convection, radiation, and large‐scale circulation. We will pri-
marily focus on both the governing physical processes related tomoist convection and their impacts across scales—
from the diurnal cycle and extreme precipitation to theMJO andmean precipitation. The present study provides an
overviewof this convective hierarchy,while detailed analyses of each specific phenomenon are left for futurework.

We will compare the models ICON and NICAM, which both explicitly represent both shallow and deep con-
vection, with IFS‐FESOM, in which a deep convection parameterization is still weakly active, while the shallow
convection parameterization is fully active. The ICON and IFS‐FESOM simulations stem from the H2020 Next
Generation Earth Modeling Systems (nextGEMS) project (Rackow et al., 2025; Segura et al., 2025). Publications
related to nextGEMS have already highlighted the advantages of km‐scale models in simulating various aspects
of the climate system, including near‐surface air temperature (Brunner et al., 2025), precipitation characteristics
(Bao et al., 2024; Spät et al., 2024;Wille et al., 2025), tropical cyclone intensification (Baker et al., 2024) and soil‐
moisture coupling (Lee & Hohenegger, 2024). A key objective of our study is to understand the advantages and
challenges of the respective ways in which precipitating convection is represented in the models and to explore
potential strategies that improve model performance. A first glance at snapshots of precipitation in these three
models indicates that the models develop biases in precipitation characteristics similar to the previous studies
mentioned above, relative to the satellite retrieval GPM IMERG (Figure 1).

The paper is organized as follows. Section 2 introduces the model setups of the three global km‐scale models that
are analyzed, ICON, IFS and NICAM. After Section 3 briefly describes the thermodynamic tropical mean state in
the three models, we analyze the main characteristics of tropical deep convection and its organization in Section 4.
To understand these characteristics, we investigate the evolution of thermodynamic quantities during deep
convection in Section 5, and investigate how thermodynamic‐convection coupling affects specific atmospheric
phenomena on weather and climate time scales in Section 6. A summary and concluding remarks are provided in
Section 7.

2. Models, Simulation Setups, and Observational Data
2.1. Simulation Setups

The ICON and IFS simulations were performed within the nextGEMS project (Rackow et al., 2025; Segura
et al., 2025), which aims at running multi‐decadal coupled simulations at km‐scale resolutions. This ambitious
goal required cycles of development. Here we focus on the simulations from Cycle 3, which were performed at a
resolution of 5 km for ICON and 4.4 km for the IFS. The simulations are 2020 control runs, meaning that the
boundary conditions for 2020, for example, greenhouse gas concentrations and aerosol forcings, are used for each
year. The ocean models (FESOM and ICON‐Ocean) were spun up for a duration of 5 years in standalone mode,
using ERA5 atmospheric forcing (Hersbach et al., 2020), followed by 5 years of fully‐coupled free‐running
simulations, which started on 20 January 2020. Because some of the simulations show a drift in global mean 2 m
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temperature over time (Rackow et al., 2025; Segura et al., 2025), we here only analyze results from the first
simulated year, more specifically February–December 2020, unless otherwise noted.

The NICAM simulation is part of an AMIP‐type 10‐year (2011–2020) simulation at 3.5 km resolution that stems
from the DNA climate project (Miura et al., 2023), which aims at bridging the gap between weather and climate
modeling. The atmosphere is initialized with ERA‐Interim (Dee et al., 2011) on 1 January 2011, and the oceanic
initial condition is obtained from the OSTIA product (Good et al., 2020). The sea surface temperature (SST) is
predicted by a mixed‐layer slab ocean model with a depth of 15 m, and it is nudged to the daily OSTIA data with a
relaxation time of 7 days. The greenhouse gas and ozone concentrations and natural aerosol forcing follow the
HighResMIP protocol (Kodama et al., 2021), and gas concentrations after 2015 are adopted from the SSP8.5
scenario because of the lack of data. Considering these differences compared to the ICON and IFS simulations, we
analyze NICAM results from February to December 2012, unless otherwise noted, since this period is charac-
terized by similar La Niña conditions as 2020.

2.2. Dynamics and Physics Configurations of the Models

The ICON model was originally developed by the Max Planck Institute for Meteorology (MPI‐M) for climate
simulations at coarse resolutions (100 km) and by the German Weather Service (DWD) for numerical weather
forecasts. It is an Earth System Model (ESM) with three components: atmosphere, land and ocean. The high‐
resolution version of ICON (ICON‐sapphire; Hohenegger et al., 2023) has been developed in parallel to better
represent the convective processes and storms. The dynamical core of the atmosphere solves the three‐dimensional
nonhydrostatic version of the Navier‐Stokes equations. The horizontal grid discretization is performed on an
icosahedral triangular C grid. The parameterizations of ICON‐sapphire are limited to radiation (Pincus et al., 2019),
cloud microphysics (Baldauf et al., 2011) and turbulence (Dipankar et al., 2015; Lee et al., 2022). Neither a
convective parameterization (both deep and shallow) nor a gravity‐wave drag scheme is employed. In nextGEMs
Cycle 3, the main improvement compared to previous cycles is a reduction in the atmospheric energy leak, which
was achieved by fixing bugs in the cloud microphysics and turbulence scheme (Segura et al., 2025).

The IFS, developed and maintained by the European Centre for Medium‐Range Weather Forecasts (ECMWF), is
coupled in nextGEMS to the Finite VolumE Sea Ice‐Ocean Model (FESOM2; Danilov et al., 2017; Scholz
et al., 2019), developed and maintained by the Alfred Wegener Institute, Helmholtz Centre for Polar and Marine

Figure 1. Snapshots of hourly precipitation over the Maritime Continent on 1 December 2012 (NICAM) and 2020 (IMERG, ICON, IFS), after the simulations have run
free for months. Snapshots are from 0 to 1 UTC, which locally corresponds to morning hours.
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Research (AWI). The IFS utilizes a full range of physics parameterizations, as briefly described in Table 1, with
more details given in ECMWF (2023) and Rackow et al. (2025). The nextGEMS Cycle 3 simulations are based on
IFS Cycle 48r1 but with some modifications to enable km‐scale multidecadal simulations. Most importantly, the
cloud and microphysics are tuned so that the model provides a realistic top‐of‐atmosphere radiation balance, and
to allow for more explicit convection, the deep convection parameterization (Bechtold et al., 2008, 2014; Becker
et al., 2021; Tiedtke, 1989) is tempered by reducing the cloud base mass flux by a factor of 5 compared to its
default value at 4.4 km resolution. In addition to analyzing the main IFS‐FESOM Cycle 3 simulation at 4.4 km
resolution, we will also compare to some IFS sensitivity experiments at 9 km resolution, which were coupled to an
ocean at 0.25° spatial resolution (NEMO v3.4). These simulations, which were also started on 20 January 2020,
were run for at least one year. They differ in the convection scheme setup. Deep convection is either fully active as
in the operational IFS (Don), the cloud base mass flux is reduced as in the 4.4 km simulation (D‐RCBMFon), the
deep convection scheme is switched off (Doff) or both shallow and deep convection scheme are switched off
((D + S)off). This leads to significant differences in the characteristics of convection, as the precipitation
snapshots in Figure S1 in Supporting Information S1.

NICAM is nowmaintained by somemembers in Japanese research institutes and universities. It adopts a set of fully
compressible nonhydrostatic dynamical equations discretized by an icosahedralA‐grid system (Tomita et al., 2002;
Tomita& Satoh, 2004). As in ICON,NICAMhas not employed any deep‐ and shallow‐cumulus parameterizations
and gravity‐wave drag schemes. Thus, convective processes are explicitly represented by the cloud microphysics
and turbulence schemes coupled to dynamics. Cloudmicrophysics is calculated using the NICAMSingle‐Moment
Water 6 scheme, which was originally developed by Tomita (2008) and then improved by Roh and Satoh (2014)
based on satellite observations. For subgrid‐scale turbulent mixing, we adopt the hybrid usage of the Mellor‐
Yamada‐Nakanishi‐Niino level 2 (MYNN2) eddy‐diffusivity scheme (Nakanishi & Niino, 2006) and the Leo-
nard terms (Moeng et al., 2010), which can partially treat lateral mixing associated with convection. Some pa-
rameters in the microphysics scheme are tuned to achieve realistic simulations of both climatological statistics and
weather disturbances. Its details and other physics configurations are described in Takasuka, Kodama, et al. (2024).

Table 1
Key Differences in Model Configurations Between the Three Models

Model ICON IFS NICAM

Years 2020–2024 (here 2020) 2020–2024 (here 2020) 2011–2020 (here 2012)

Resolution 5 km 4.4 km 3.5 km

Time step (Dyn/Phys/Rad) 8 s/40 s/720 s 180 s/180 s/3,600 s 10 s/10 s/300 s

Ocean Model ICON FESOM Slab ocean with nudging

Ocean Res. 5 km <5–13 km —

Ocean grid Icosahedral–triangular C NG5 —

Atm. grid Icosahedral–triangular C Cubic‐octahedral red. gaussian Icosahedral A

Dynamics Two‐time‐level Spectral transform model + Time splitting + Runge‐Kutta 3

Predictor–corrector scheme Semi‐Lagrangian semi‐implicit Upwind‐biased conservative adv.

Convection — Fully (partly) parameterized
shallow (deep) convection

—

Turbulence Smagorinsky Eddy‐diffusivity mass‐flux (EDMF) Eddy‐diffusivity + Leonard terms

Microphysics Single moment (qv,ql,qi,qr ,qs,qg) Single moment (qv,ql,qi,qr ,qs) Single moment (qv,ql,qi,qr ,qs,qg)

Clouds — Prognostic cloud fraction —

Radiation RTE‐RRTMGP ecRad MSTRNX

Gravity wave drag — Orographic + non‐orographic —

Reference Hohenegger et al. (2023) Rackow et al. (2025) Takasuka, Kodama, et al. (2024)

Note. The time step is given for the dynamics (Dyn), all physics schemes excluding radiation (Phys) and radiation scheme (Rad).
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2.3. Observational Data

To validate the three models, we use the following observational data sets. Note that a conservative remapping
method is used when interpolating the original data to a common grid.

1. The hourly mean rainfall data from the satellite‐based, gauge‐calibrated and globally‐gridded Global Pre-
cipitation Measurement (GPM) Integrated Multi‐satellitE Retrievals for GPM (IMERG) V6B (Tan
et al., 2019) is used to evaluate characteristics of precipitation and convection (Sections 4 and 5). The original
horizontal resolution is 0.1° × 0.1°, and it is interpolated to a 0.25°‐ and 1° grid in some analyses that focus on
the precipitation diurnal cycle (PDC) and mesoscale (i.e., O(102− 103 km)) variations. IMERG precipitation is
retrieved from passive microwave and infrared sensors on low Earth orbit and geosynchronous Earth orbit
satellites, respectively, which enables us to use frequent and high‐resolution precipitation data. However,
IMERG comes with some significant uncertainties as there are some caveats in the data quality such as
the overestimation of the duration and the underestimation of the intensity in strong convective systems
(e.g., Maranan et al., 2020).

2. As a second data set for precipitation, we use the hourly climatology of TRMM‐3G68 from December 1997 to
March 2015, provided by Minobe et al. (2020) to obtain the statistics of PDC (Section 6.1). TRMM‐3G68 is
retrieved from the satellite‐borne precipitation radar, so we can avoid the issue that the infrared‐based pre-
cipitation retrieval (e.g., IMERG) does not capture the phase of PDC accurately (e.g., Kikuchi &Wang, 2008).
This data is interpolated to the 0.25° × 0.25° grid.

3. Daily outgoing longwave radiation (OLR) data from the National Oceanic and Atmospheric Administration
(NOAA) satellite (Liebmann & Smith, 1996) is used to locate deep convection. Specifically, this data set is
used in a statistical analysis of the MJO in Section 6.2. The horizontal resolution is 2.5° × 2.5°.

4. 6‐hourly ERA5 reanalysis data (Hersbach et al., 2020) is used to analyze the thermodynamic variability
associated with the life cycle of convection (Section 5) and the MJO propagation (Section 6.2). The original
0.25°‐gridded data are interpolated to 1°‐, 1.5°‐, and 2.5° grids depending on analyses. We use the three‐
dimensional variables of temperature and specific humidity, spanning from 1,000 to 100 hPa, and 850‐hPa
zonal winds. Daily mean values are also derived from the 6‐hourly snapshots.

5. In‐situ surface meteorology observations collected by Tropical Atmosphere Ocean (TAO) buoys are used to
examine variations of surface air temperature in precipitation events. We use the data at three buoys deployed
at (2°N, 165°E) (8°S, 165°E), and (0°N, 180°E). Precipitation and surface air temperature, which are observed
in 10‐min intervals, are averaged in time to create hourly means.

Although most of the analysis periods of the observational data follow those in the simulations; that is, February–
December 2020 and/or 2012, two exceptions are in the analyses of the MJO and TAO buoy observations. To
ensure robust MJO statistics, the OLR and ERA5 data sets span the period from 2011 to 2015, and the analysis
method follows Takasuka, Kohyama, et al. (2025). The buoy data set uses the period of February–December
2010, when all precipitation and surface air temperature observations are available for the three buoys. We
expect that these deviations from the time periods analyzed in the three models do not impact the interpretation of
the results, given the free‐running nature of the models and the specifics of our performed analyses, which to a
large degree should not be significantly different in another year.

3. Mean Profiles of Tropical Thermodynamic Fields
Since tropical convection both influences and is influenced by the large‐scale atmospheric background state, we
now briefly compare tropical mean profiles of temperature, water vapor, and hydrometers across the three models
(Figure 2), before taking a more local perspective on convection in the following sections. All variables are shown
as their differences from ERA5. Note that the amount of hydrometers in ERA5 does not necessarily represent
reality, so it is only used as references that make model‐to‐model differences clearer.

Because ICON and IFS are both coupled to an ocean model, their global mean temperature can slowly drift over
time. Figure 2 shows that ICON drifts toward a colder climate, with an amplified cooling in the upper troposphere
and an associated decrease in static stability. In line with the cooling, specific humidity is reduced, while there is
more liquid water in the lower troposphere than in IFS and ICON, indicating significantly more clouds. In many
regards, NICAM's large‐scale state is opposite to ICON. Even though the surface temperature over ocean is
constrained through the mixed‐layer slab ocean model, the temperature is higher in the upper troposphere,
indicating a more stable free troposphere. In addition, the whole troposphere is moister, with much more abundant
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rain and ice water content (even total of snow and cloud ice), while cloud liquid water content is slightly lower
than in ERA5. IFS lies in between ICON and NICAM for most of the metrics, closest to ERA5. In part, this is
because of a realistic top‐of‐atmosphere radiation balance which ensures that the IFS simulation does not drift
much over time (Rackow et al., 2025). The different versions of the IFS in Figure S2 in Supporting Information S1
show that the simulation with (D + S)off has the most significant biases, most importantly a very dry lower
troposphere, accompanied by too high temperatures, meaning that relative humidity is very low. This illustrates
the important role of the convection scheme in maintaining relatively small mean state biases in the IFS.

4. Characteristics of Precipitating Convection in the Tropics
In this section we analyze a few key characteristics of tropical deep convection that have been shown to be
difficult to represent realistically at km‐scale resolution in previous studies, particularly when the deep convection
parametrization is switched off. In these km‐scale studies, convective precipitation was too intense, too localized
and too short‐lived and consequently not organized enough (e.g., Becker et al., 2021; Brousseau et al., 2016;
Crook et al., 2019). To put our study into the context of this previous work, we first discuss precipitation intensity
which provides an estimate of updraft velocities (Section 4.1), then the size of precipitation cells which informs
about updraft width and spatial coherence (Section 4.2), and finally convective organization, using different
organization metrics (Section 4.3).

4.1. Intensity of Precipitation

The distribution of hourly precipitation intensity in the tropics (20°S–20°N) is represented in Figures 3a and 3c on
a logarithmic scale, thus allowing investigating precipitation intensities across a wide range. Because the bin sizes
increase exponentially and the frequency in each bin is weighted by the corresponding precipitation intensity, the
area under the curve represents the contribution of any range of precipitation intensities to the mean. For IMERG
in both 2012 and 2020, most precipitation is associated with intensities between 1 and 10 mm hr− 1, independent of
whether the precipitation is conservatively interpolated to a 0.1° (Figure 3a) or 1° grid (Figure 3c). When analyzed
on a 0.1° grid (Figure 3a), ICON peaks at an intensity of about 10 mm hr− 1 and NICAM at an even higher value.

Figure 2. Differences in the tropical (20°S–20°N) mean profiles of temperature (T), specific humidity (qv), specific cloud ice
content (qi), specific cloud liquid water content (ql), specific rain water content (qr) and specific snow water content (qs)
between models and ERA5. The differences are computed for the year 2020 for ICON and IFS and for the year 2012 for
NICAM.
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Thus, in both models with explicit convection, intense precipitation (>10 mm hr− 1) is too frequent compared to
IMERG (in both 2012 and 2020), while intense precipitation is close to IMERG in the IFS. This is because of the
reduced cloud base mass flux configuration in the IFS, which removes some vertical instability and helps trig-
gering explicit deep convection (Rackow et al., 2025), thereby reducing updraft velocities. However, the weakly
active deep convection scheme causes too much light precipitation, and is responsible for the peak of precipitation
at intensities below 1 mm hr− 1 in the IFS. The sensitivity experiments performed with the IFS at 9 km resolution
show that when switching the deep convection scheme off (Doff), precipitation intensities look similar to ICON
and NICAM (Figure S3a in Supporting Information S1). Interestingly, when also switching the shallow con-
vection scheme off ((D + S)off), precipitation intensities are somewhat reduced but still overestimated compared
to IMERG.

When analyzed on the coarser 1° grid (Figure 3c), results look substantially different. None of the km‐scale
models overestimate precipitation intensity anymore, similar to the (D + S)off IFS sensitivity experiment,
while Doff still overestimates intense precipitation. To understand why results on precipitation intensity and
possible conclusions so strongly depend on the resolution of the analysis grid, we will analyze the size distribution
of precipitation cells in the next subsection.

4.2. Size of Precipitation Cells

To calculate the size of precipitation cells, a precipitation intensity threshold needs to be defined. When
comparing models and observations that differ substantially in precipitation intensity, using a fixed threshold
(e.g., 3 mm hr− 1) can be misleading. In models with more intense precipitation, a larger fraction of grid points
exceeds the threshold, making the formation of larger precipitation cells more likely artificially. Thus, we decided
to use the 99th percentile of the precipitation distribution as a threshold. This however means that the absolute
threshold used to determine precipitation cell sizes can be substantially different. Table 2 shows the 99th
percentile of precipitation (p99), on both analysis grids. On the 0.1° grid, p99 ranges from 2.6 mm hr− 1 in the IFS to
5.4 mm hr− 1 in ICON, while p99 is 3.5 and 3.8 mm hr− 1 for IMERG in 2020 and 2012, respectively. On the 1°

Figure 3. Characteristics of hourly precipitation in the tropics (20°S–20°N) from February to December in 2020 (ICON, IFS
and IMERG) and in 2012 (NICAM and IMERG), conservatively interpolated either to a 0.1° grid (a, b) or to a 1° grid (c, d).
Panels (a and c) show the frequency times precipitation intensity in each bin. The bin sizes are exponential, meaning that the area
under the curve represents the contribution of that intensity range to the mean. Panel (b and d) show histograms of precipitation
cell size times bin size. The precipitation cell size is defined as the number of connected grid cells (also considering diagonal
neighbors) where precipitation exceeds the 99th percentile. The average number of connected grid cells forming a precipitation
cell is given in the legend.
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grid, p99 is generally smaller, with the most substantial reduction in ICON,
which is an indication of small precipitation cell sizes. In the IFS sensitivity
simulations, p99 is 4.2 mm hr− 1 in both Doff and (D + S)off on the 0.1° grid
(Table S1 in Supporting Information S1), and thus the same value as in
NICAM, while in Don, p99 has a value closer to IMERG.

Using p99 as a threshold, the precipitation cell size is defined as the number of
connected grid cells (also considering diagonal neighbors) exceeding this
threshold. Figures 3b and 3d show the precipitation cell size distribution, using
a similar approach as for the precipitation intensity distribution, meaning that

they show the bin frequency distribution weighted by precipitation cell size. When analyzed on a 0.1° grid
(Figure 3b), ICONhas by far the smallest precipitation cell sizes, followedbyNICAMand the IFS.But even the IFS
has substantially smaller grid sizes than IMERG.While IMERGhas a substantial number of precipitation cells that
exceed a size of 103 grid points, which for example, would correspond to a precipitation object of 5° × 2°, this size
is never reached in ICON and NICAM, and almost never in the IFS. The average precipitation cell size is given in
the legend of Figure 3b. Unlike the curves in the Figure, these values are not weighted by cell size and thus the small
cells have a much bigger impact on the calculated average cell size. The larger number of small cells also explains
why the IMERG average is much smaller in 2012 than in 2020, even though the curves look quite similar. Even for
IMERG in 2012, the average precipitation cell size is substantially larger than in any of the models, though. This
also includes all IFS sensitivity simulations, which show the smallest precipitation cell size distribution in
(D + S)off , similar to the one in NICAM. The largest cell sizes of all simulations occur in Don, with values slightly
higher than with D‐RCBMFon. Despite that, the average cell size is smallest in Don because that simulation has the
largest number of very small precipitation cells, which dominates the calculated average.

When analyzed on the coarser 1° grid (Figure 3d), all simulations peak at the smallest cell sizes, meaning that there
is little large‐scale coherence in hourly precipitation. Even though all models underestimate cell size compared to
IMERG, the difference is substantial in ICON and NICAM, while the IFS is only slightly underestimating cell size
compared to IMERG. Again, the IFS sensitivity simulations show that this is only the case with Don and D‐
RCBMFon, while Doff and (D + S)off have size distributions similar to the ones in ICON and NICAM.

In summary, in agreement with previous studies, precipitation intensities are overestimated at km‐scale resolution
in our three models, while precipitation cell sizes are underestimated. Km‐scale studies should be careful with the
choice of analysis grid, as the biases tend to compensate each other on a coarse analysis grid. Note that the IFS
simulations indicate that the precipitation intensity and cell size biases can be partly mitigated by keeping the deep
convection scheme still slightly active at km‐scale resolutions, however at the expense of getting too much light
precipitation.

4.3. Mesoscale Organization of Convection

A key feature of tropical convection is its tendency to cluster and organize, particularly at the mesoscale. On the
one hand, organized convective systems often develop within larger‐scale regimes such as the ITCZ and MJO,
where they are influenced by large‐scale dynamics while simultaneously feeding back into them. On the other
hand, mesoscale convective systems alone account for more than half of tropical rainfall (Nesbitt et al., 2006;
Roca et al., 2014). Therefore, accurately representing convective organization in models is essential for capturing
both upscale and downscale interactions in the tropical climate system.

In this study, we apply four metrics to measure the degree of convective organization: the number (N) and size (S)
of convective clusters, a spatial clustering metric (Iorg), and Convective Organization Potential (COP). To
compute these four metrics, we first need to define convective clusters. Similarly to Bao et al. (2024), we consider
a grid cell as “convective” if its daily precipitation exceeds the 95th percentile of daily precipitation within the
tropics (20°N–20°S). If two convective grid cells share a boundary, they belong to one convective cluster (unlike
in Figures 3b and 3d, diagonal neighbors are not included). Based on this definition of convective clusters, we
compute the four metrics. N is the total number of convective clusters and S is the effective radius of the
convective clusters assuming that all convective clusters are spherical. Iorg is a clustering metric which measures
the spatial randomness of convective clusters (Tompkins & Semie, 2017). It first computes the nearest‐neighbor
distance between centroids of the convective clusters and then compares the cumulative density function of these

Table 2
99th Percentile of Hourly Precipitation in the Tropics (20°S–20°N) for
February to December (2020 or 2012), Conservatively Interpolated Either to
a 0.1° Grid or to a 1° Grid

IMERG

ICON IFS NICAM2012 2020

p99 (mm hr− 1) 0.1° × 0.1° 3.8 3.5 5.4 2.6 4.2

1° × 1° 3.4 3.0 2.8 2.5 3.6
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nearest‐neighbor distances against the distribution assuming that the clusters (with the same number) are
randomly distributed. While Iorg focuses on the spatial distribution of convective clusters and is sensitive to the
number, it does not directly depend on the size of the objects. Therefore, we further quantify convective orga-
nization with Convective Organization Potential (COP;White et al., 2018). COPmeasures organization following
the concept of ’interaction potential’, assuming that two clusters are more likely to interact with each other if they
are larger and closer together. Thus, COP takes the size of the objects into account, complementing Iorg. In a more
organized state, convective systems are more spatially clustered, resulting in fewer but larger clusters (N de-
creases, S increases). Additionally, both Iorg and COP are expected to increase with organization.

In general, the results indicate that all three models tend to underestimate the degree of convective organization
compared to IMERG (Figure 4). The simulated convective clusters are too frequent yet too small. This under-
estimation is further supported by lower values of both Iorg and COP. Among the three models, ICON shows the
largest discrepancy, substantially underestimating convective organization by producing a large number of very
small convective storms. While IFS and NICAM have substantially larger storm sizes than ICON, they still have
smaller storms than IMERG, in agreement with Figure 3b. With regards to the other three metrics, N, Iorg and
COP, IFS and NICAM agree relatively well with IMERG, indicating that convective organization is only slightly
underestimated. Overall, the characteristics of convective organization are best represented by the IFS. This is
mainly due to the partial activation of the deep convective parameterization, because when both shallow and deep
convection scheme are turned off in (D + S)off , the degree of convective organization becomes substantially
weaker and the values of the four metrics are close to those simulated by ICON (Figure S4 in Supporting In-
formation S1). Nevertheless, the convective organization can be enhanced even without cumulus parameteri-
zations, as indicated by the results in NICAM. Interestingly, when deep convection is fully active (Don), Iorg is
larger than in IMERG but COP is very small. This might be related to an unrealistic feature that frequently
develops in this setup, where an interaction between the convection scheme and gravity waves causes some
unrealistic wave patterns in the precipitation fields. Among the four IFS setups, the D‐RCBMFon simulation is
overall closest to IMERG, confirming that this setup agrees best with observations in terms of precipitation
characteristics and convective organization.

Figure 4. (a) Total number (N), (b) mean size (S, units: km) of convective clusters and (c and d) two convective organization
indices (Iorg and COP) for IMERG, ICON, IFS and NICAMmeasured over the tropics (20°S–20°N). Convective clusters are
identified based on daily precipitation amount (exceeding 95th percentile) on a 0.1° grid. Red, blue and black colors indicate the
results for the year 2020, 2012 and the whole time period (5‐year simulations for the models, 2011–2020 for IMERG)
respectively. Error bars show the standard deviations of daily data for each metric.
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5. Evolution of Thermodynamic Quantities During Convection
To reveal possible reasons that explain the characteristics of precipitation and convective organization in Sec-
tion 4, we compare how the evolution of mesoscale convection is linked to its thermodynamic environment in the
three models. We examine the evolution of precipitation, humidity, and temperature during precipitation events
(PEs), using the same methodology as Takasuka, Kodama, et al. (2024). Also, we analyze the simulated
convective life cycle in buoyancy space, following Wolding et al. (2022).

5.1. Detection of Precipitation Events

We detect PEs in the tropics, using hourly precipitation on a 1° and 0.25° grid over ocean for ICON, IFS, and
NICAM. The focus on 1°‐grid scales stems from our interest in mesoscale (∼100 km) variability, which links to
synoptic and larger‐scale processes that shape climate, rather than individual convective cells. To detect PEs, we
simply scan the tropics (20°S–20°N) for local maxima of precipitation with more than 2 mm hrr− 1, instead of
using 700‐hPa vertical velocity as in Takasuka, Kodama, et al. (2024). Note that, on a 1°‐grid, the threshold of
2 mm hr− 1 is close to the maximum of the precipitation distribution in all the models (Figure 3c). Based on this
methodology, we detect 407,894, 812,684, 475,673, and 844,266 PEs on 1°‐grids from 1‐hourly data in IMERG,
ICON, IFS (February–December in 2020), and NICAM (February–December in 2012), respectively.

To understand the basic characteristics of the detected PEs, we first compare the amplitudes and duration of PEs.
Figure 5a shows the lagged‐composite time series of hourly precipitation in the models and IMERG before and
after the detection of 1°‐grid scale PEs (t = 0 hr). In all the models, the amplitudes of precipitation are under-
estimated compared to IMERG. For ICON and NICAM, this is partially due to less convective organization, as
shown in Figure 4; the simulated precipitation is too intense at smaller spatial scales (Figure 3a), but this
overestimation is moderated by including non‐precipitating areas when analyzing precipitation on a 1°‐grid. On
the other hand, the underestimated precipitation in IFS can be attributed to the overestimation of weak precipi-
tation cells at 1° resolution (cf., Figure 3c), which includes both intense but small‐sized precipitation cells and
wide‐spread weak precipitation.

The e‐folding timescale of precipitation from t = 0 hr, as indicated by the dots in Figure 5a, provides an estimate
of precipitation duration. It is excessively long in IFS, even compared to IMERG. This bias probably comes from
effects of the cumulus parameterization, which may correspond to the overestimation of weak precipitation on the
1° grid. In fact, the duration of 0.25°‐grid scale PEs, which are expected to have less contributions from wide‐
spread weak precipitation than on the 1° grid, becomes much shorter and thus close to IMERG (Figure 5c).
Meanwhile, even though the duration of 1°‐grid scale precipitation appears realistic in ICON and NICAM
compared to IMERG, this can result from the error compensation between the larger number of finer‐scale
precipitation systems (see Figure 4b) and their shorter duration. Consistent with this expectation, the e‐folding
time scale of 0.25°‐grid scale precipitation in ICON becomes shorter than IMERG (Figure 5c).

Among the processes associated with deep convection, cold pools play a crucial role by redistributing momentum
and moisture, thereby shaping the spatial organization of convective systems.We thus examine the time evolution
of lagged‐composite 2m temperature during 1°‐ and 0.25°‐grid scale PEs (Figures 5b and 5d). As observations we
use the moored buoy data from three TAO stations over the western Pacific (see Section 2.2). Note that the buoy
observations are local, meaning that the time evolution is expected to be even sharper than on the 0.25°‐grid. To
have a comparison that is asmeaningful as possible, PEs are defined as localmaxima of the precipitation time series
that exceed 2mm hr− 1 but stay below 20mm hr− 1 so that the amplitude of the precipitation composite is consistent
with IMERG in Figures 5a and 5c. Although the temperature drop during the PE is simulated in all three models,
their amplitude is underestimated compared to the buoy observations even at the finer spatial scales, and differs
between the models. This suggests that km‐scale models still have uncertainties in representing the cold pool
dynamics, such as cloud microphysics, rain evaporation and downdrafts, biasing the physics‐dynamics coupling.
For example, the excessively weak cold pools in IFS can be related to the single‐moment microphysics and
underestimated rain evaporation, which causes too weak downdrafts. This bias is much less evident when the
convection scheme is fully active (Figures S5b and S5d in Supporting Information S1) because of the downdraft
parameterization embedded into the convection scheme, which prescribes downdraft mass flux as 30% of updraft
mass flux. In NICAM, relatively strong cold pools probably result from enhanced evaporation introduced by the
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tuning of terminal velocities of raindrops for a realistic seamless representation of weather and climate (Takasuka,
Kodama, et al., 2024).

5.2. Tropospheric Moisture and Temperature Tendencies During Precipitation Events

The thermodynamic tendencies associated with deep convection determine how convection evolves and how its
thermodynamic environment is modulated by convection (e.g., Masunaga, 2013; Raymond, 2000; Takemi
et al., 2004). In the context of global convection‐permitting models, Takasuka, Kodama, et al. (2024) demon-
strated that moisture tendencies before and after the onset of deep convection are strongly influenced by the cloud
microphysics and turbulence scheme. Different assumptions in these parameterizations lead to differences in the
preferred spatio‐temporal scales of moist convective systems. This motivates us to investigate tropospheric
moisture and temperature tendencies during PEs in the three models relative to ERA5 reanalysis data, and how
this relates to convective organization.

Figure 6a shows the lagged‐composite time‐height evolution of specific humidity and temperature anomalies for
ERA5, based on 1°‐grid scale PEs detected from IMERG precipitation in 2020. The anomalies are relative to the
time‐average from t = − 48 to t = 48 hr, and thus describe the variability associated with the development and
decay of deep convection. The gradual shallow‐to‐deep moistening is observed after t = − 36 hr, and upward
transported moisture remains in the mid‐troposphere until t = 30 hr. In addition, tropospheric temperature
changes especially during the mature stage of deep convection; strong cooling occurs in the planetary boundary
layer (PBL) and at the freezing level, while a warm anomaly emerges in the upper troposphere with a cold
anomaly directly above, likely in association with the development of anvil clouds. Despite the caveat that ERA5
reanalysis data is affected by the IFS physics parameterizations and thus not exactly consistent with observations,
the thermodynamic tendencies in ERA5 are in qualitative agreement with those derived from satellite mea-
surements (Masunaga, 2013).

Figure 5. (a) Time series of lagged‐composite hourly precipitation during the 24‐hr evolution associated with the
development of PEs on a 1° grid over tropical ocean (20°S–20°N) for ICON, IFS and NICAM, as well as IMERG in 2020 and
2012. The reference time for composite (t = 0 hr) is when deep convective cores are detected. Filled markers denote when
precipitation decays at the e‐folding time scale. (b) Same as (a), but for 2 m‐temperature anomalies (solid). Solid black and
dashed gray lines denote 2 m‐temperature anomalies and precipitation at the three buoy stations over the western Pacific during
February–December in 2010, respectively. The anomalies are defined as deviations from values at t = − 12 hr. (c, d) Same as
(a, b), but on a 0.25° grid, again over tropical ocean.
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Although the shallow‐to‐deep moistening and upper‐tropospheric warming are qualitatively captured by all three
models (Figures 6b–6d), their timescales and amplitudes do not agree quantitatively with ERA5, and also differ
strongly between the models. In ICON (Figure 6b), the shallow‐to‐deep transition is more rapid than in ERA5, as
inferred from the steeper zero‐contour line before t = 0 hr. In addition, after the onset of deep convection, vertical
moisture transport and mid‐tropospheric moistening are weaker. This can also impact the large‐scale tropical
mean state. For example, this could be one of the reasons why the lower free troposphere is too dry in Figure 2, at
least to the extend that this cannot be attributed to the too cold mean state. The IFS (D + S)off simulation has both
a significant dry bias and a warm bias at 800 hPa, meaning that relative humidity is very low (Figure S2 in
Supporting Information S1). A dry bias in the large‐scale environment is consistent with the excessive number of
small convective clusters that these models simulate (Section 4.3), as the moisture adjustment timescale is too
short, which leads to weak mid‐tropospheric moistening, and further inhibits large‐scale convective organization
(e.g., Ahmed & Neelin, 2019; Derbyshire et al., 2004; Takemi et al., 2004). Another potential reason for less
organized convection in ICON may be a weaker cloud‐radiation interaction due to a shorter lifetime of upper‐
tropospheric clouds, indicated by the shorter duration of upper‐tropospheric warming around t = 0 hr
(Figure 6b), although this radiative impact on organized convection can be dominated by the other processes
described above (e.g., Ahmed & Neelin, 2019).

In IFS and NICAM, the moisture‐convection relationship aligns more closely with IMERG/ERA5 than ICON
does. For clarity, Figures 6e and 6f illustrate the moisture anomaly differences relative to ICON for IFS and
NICAM, respectively. It is notable that both IFS and NICAM simulate more mid‐tropospheric moistening after
t = 0 hr than ICON, although processes that cause this moistening seem to differ between IFS and NICAM. In the
IFS, which exhibits the strongest mid‐tropospheric convective moistening overall, this moistening is linked to

Figure 6. (a–d) Time‐height sections of lagged‐composite specific humidity (shading; g kg− 1) and virtual temperature
anomalies (blue contours; K) during the 96‐hr evolution associated with the development of 1°‐grid scale PEs over tropical
ocean (20°S–20°N) for (a) ERA5 (using IMERG to detect the PEs), (b) ICON, (c) IFS, and (d) NICAM. The anomalies are
defined as the deviations from the ±48‐hr mean. Thick black lines are zero contour lines of specific humidity anomalies, and
blue contour lines denote±0.12 K, 0.36 K, 0.60 K, …, with dashed lines indicating negative values. (e, f) Same as (c, d), but for
the difference of specific humidity anomalies from those for ICON (shading).
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abundant moisture transport during the shallow‐to‐deep transition, facilitated by the activation of parameterized
shallow convection. This is demonstrated by the moisture‐convection relationship in the IFS sensitivity simu-
lations, where convective moistening still peaks in the mid‐troposphere with Doff but shifts to the lower tropo-
sphere with (D + S)off (Figure S6 in Supporting Information S1). In NICAM, the mid‐tropospheric moistening
results from turbulent mixing supplemented by the Leonard terms and moisture accumulation in the PBL before
t = 0 hr, as well as more stable stratification around the melting level (cf., Takasuka, Kodama, et al., 2024). The
improved representation of moisture detrainment in the mid‐troposphere is certainly favorable for organized
convection at a larger scale in these models (Figures 3b and 4). Also, deep convection in NICAM is less prone to
be initiated, as indicated by moister anomalies in the PBL and drier anomalies in the free troposphere relative to
ICON during the shallow‐to‐deep transition before t = 0 hr (Figure 6f), which further helps expand the spatial
scale of organized convection.

Nevertheless, IFS and NICAM still struggle to represent the convective development and dissipation realistically,
as evidenced by smaller convective cluster sizes than in reality (Figure 3b). In the IFS, the shallow‐to‐deep
transition is faster than in NICAM and IMERG/ERA5 (at t = − 18 hr, the zero contour line is at 500 hPa in
the IFS, but at 700 hPa in NICAM and IMERG/ERA5, Figure 6), which can be linked to the partially active
cumulus parameterization (Figure S6 in Supporting Information S1). In addition, the PBL remains moister and
warmer than the environment even after the mature stage of deep convection (Figure 6c), indicating the severe
underestimation of cold pools, in line with Figure 5b. Meanwhile, compared to IFS and ERA5, NICAM has less
vertical moisture transport when convection develops into the deep mode (Figure 6d), which implies the poor
representation of cloud eddies in km‐scale explicit convection. As for upper‐tropospheric temperature tendencies,
both IFS and NICAM underestimate the duration of warm anomalies. These results suggest that at km‐scale
resolution, fundamental difficulties persist in realistically simulating the initiation of convection, mesoscale
moistening rate, and longevity of clouds, but the degree of these biases depends on model configurations.

5.3. Life Cycle of Convection in Buoyancy Space

In addition to the direct evaluation of moisture and temperature variations associated with PEs, Wolding
et al. (2022) have proposed a more process‐oriented diagnosis that focuses on buoyancy variations to describe the
life cycle of convection. This diagnosis follows the idea that when tropical convective plumes develop, they
consume the instability accumulated in the PBL and experience dilution through the entrainment of environ-
mental air in the lower free troposphere (LFT). By comparing how these processes develop during the phases of
convective growth and decay, we aim to reveal differences in thermodynamic‐convection coupling across the
three models and to deepen our understanding of the moisture‐temperature‐convection relationships discussed in
Section 5.2.

Following Wolding et al. (2022), we calculate the lower‐tropospheric buoyancy (BL) as:

BL = g(wB
π̃eB − e∗

L
e∗
L

− wL
Lv (q∗

L − qL)
e∗
L

) (1)

where g is the gravitational acceleration, Lv is the latent heat of vapourization, q is the specific humidity,
e = CpT + Lvq is the moist enthalpy (T and Cp are the temperature and specific heat capacity at constant

pressure), q∗ and e∗ represent the saturation values of q and e, respectively, and π̃ = (pL/pB)
Rd/Cp . Subscripts B

and L denote mass‐weighted average over the deep planetary boundary layer (DBL; surface–850 hPa) and LFT
(850–600 hPa), respectively, with pB = 925 hPa and pL = 725 hPa. wB and wL measure how DBL and LFT
influence plume buoyancy, summing up to 1. We here use wB = 0.59 and wL = 0.41 as in Wolding et al. (2022).
BL can be further decomposed into undiluted and diluted buoyancy as follows:

BL = g

⎛

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎝

π̃eB − e∗
L

e∗
L⏟⏞⏞⏟

Undiluted BL

− wL
π̃eB − e∗

L
e∗
L

− wL
e∗
L − eL
e∗
L⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟

Dilution of BL

⎞

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎠

(2)
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The undiluted BL represents “pure” buoyancy obtained in DBL under the assumption that a rising air parcel does
not mix with its LFT environment, and dilution of BL measures the loss of plume buoyancy due to LFT
entrainment. Less negative dilution of BL means a smaller impact of LFT entrainment, which corresponds to a
more humid environment.

Figure 7 shows the variability of 6‐hourly undiluted BL, dilution of BL, and precipitation in the phase space
constructed by the decomposed buoyancy for IMERG/ERA5 and the three models. In this phase space, all data is
averaged in each bin with a width of 0.01 m s− 2, and vectors indicate the time tendency of 6‐hourly undiluted BL
and dilution of BL, calculated from their temporal centered differences. For IMERG/ERA5 (Figure 7a), the
cyclical coevolution of undiluted BL and dilution of BL is clearly captured around the “quasi‐equilibrium (QE)
point” (black circle), defined as the bin with most samples, in accordance with the development and decay of
precipitation. First, undiluted BL increases during the suppressed phase of precipitation with more negative
dilution of BL (e.g., dry LFT, see lower left corner of Figure 7a). Once convective instability is sufficient to initiate
convection, precipitation intensifies (upper left corner), along with an increase in the dilution of BL, marking the
onset of environmental moistening and gradual convective development. Following this, precipitation reaches its
peak (upper right corner), leading to a rapid decrease in undiluted BL as convective instability is released (lower
right corner). Consequently, the dilution of BL becomes more negative due to LFT drying, completing the
convective life cycle and returning to the initial state.

Life cycles of convection in buoyancy phase space differ for the three models. In ICON (Figure 7b), the cyclical
coevolution of undiluted BL and dilution of BL is qualitatively captured, but the variability of dilution of BL is
weaker than in IMERG/ERA5. Specifically, the peak of precipitation and release of undiluted BL are realized for
more negative dilution of BL. Consistent with this result, the probability distribution of dilution of BL shifts toward
more negative values relative to IMERG/ERA5, which also applies to the change in the quasi‐equilibrium (QE)
point. These results suggest that the convective development in ICON is less sensitive to moisture variations in the
LFT, which agrees with the faster timescale of shallow‐to‐deep transition found in Figure 6b. Meanwhile, IFS has
a significantly different evolution compared to IMERG/ERA5 and the other two models (Figure 7c); the cyclical
coevolution of the two‐part buoyancy is less clear. The buoyancy phase evolves clockwise in the weak precip-
itation regime (less than 10 mm day− 1), whereas its evolution is reversed and/or very weak in the strong pre-
cipitation regime. This unrealistic feature is related to the weakly active deep convective parameterization, as it is
not present in the IFS sensitivity experiments with Doff and (D + S)off in Figure S7 in Supporting Information S1.
Compared to IMERG/ERA5, the probability distribution of dilution of BL is too narrow at 4 km and in the D‐
RCBMFon sensitivity experiment, indicating that moisture variations in the LFT are too weak. The distribution of
dilution of BL is more realistic with deep convection scheme fully active (Don). However, Don lacks positive
values of undiluted BL almost completely, indicating that the convection scheme with its CAPE closure releases
instability too quickly. The distribution of undiluted BL looks more similar to ERA5 in the 4 km and D‐RCBMFon
simulation, in line with the more realistic characteristics of intense precipitation in this configuration (Figure S3 in
Supporting Information S1). Meanwhile, the maximum of the probability distribution for undiluted BL (at the QE
point) is slightly more pronounced in IFS than in ICON and NICAM, mostly because the frequency of occurrence
of stable conditions (negative undiluted BL) is slightly underestimated.

NICAM simulates the most realistic buoyancy variations associated with the life cycle of convection (Figure 7d).
The distinct cyclic amplification and decay of precipitation are linked to a realistic variability in the dilution of BL,
even though precipitation peaks in an LFT environment with less dilution effects (i.e., less negative dilution of
BL). Compared to ICON and IFS, the convective evolution in NICAM is more sensitive to saturation deficit in the
LFT, consistent with the slower shallow‐to‐deep convective transition (Figure 6d). Note that the rapid decrease of
undiluted BL during the most active precipitation phase can be related to too intense and too short‐lived mesoscale
precipitation systems (see Figures 3a and 5a).

To sum up, storm‐resolving modeling still exhibits diversity in representing the variability of LFT plume
buoyancy, depending on model physics that govern temperature and moisture stratification. While simulations
with explicit convection (e.g., ICON and NICAM) can capture the connection between cyclical variations of BL
and amplification/decay of precipitation, this coevolution is distorted by the coexistence of parameterized and
explicit convection (e.g., IFS), possibly because these two forms of convection are artificially separated and
respond to different environmental conditions. There is also significant uncertainty regarding how sensitive
convection is to the saturation deficit in the LFT, which affects the timescale at which deep convection is initiated.
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6. Atmospheric Phenomena Connected to Thermodynamic‐Convection Coupling
In this section, we evaluate how the three models reproduce key weather and climate phenomena that are closely
tied to thermodynamic–convection coupling. First, we consider the precipitation diurnal cycle (PDC)—a
fundamental aspect of tropical convection—and its relationship to mean precipitation and the propagation of
convection at coastlines. Next, we examine the MJO, the leading mode of intraseasonal variability in the tropics,
marked by the slow eastward propagation of convective envelopes on the order of O(103) ‐km across the Indo‐
Pacific warm pool. Finally, we explore how convective organization influences the characteristics of precipitation
extremes across the whole tropics.

6.1. Precipitation Diurnal Cycle

Figures 8a and 8b show the composite hourly time series of PDC on a 0.25° grid over ocean and land, averaged
over 20°S–20°N. Here, the models are compared to the two satellite‐based products: TRMM‐3G68 climatology
(black solid) and IMERG in 2020 (black dashed). However, the observed phase of the PDC should be assessed
using TRMM‐3G68, which relies solely on active radar sensors. This is important because IMERG precipitation
estimates, which incorporate passive microwave and infrared sensor data, are known to exhibit a systematic phase

Figure 7. Two‐dimensional diagrams constructed with undiluted BL (y‐axis) and dilution of BL (x‐axis) over the warm pool
(60°E− 180°, 15°S–15°N) for (a) IMERG/ERA5, (b) ICON, (c) IFS, and (d) NICAM, following Wolding et al. (2022). Data
is plotted for each bin of width 0.01 m s− 2 along the x and y axes. Shading represents bin‐mean 6‐hourly precipitation rate (log
scale), and vectors indicate the time evolution of undiluted BL and dilution of BL. The time evolution is calculated as the bin‐
mean temporal centered differences of those two variables using 6‐hourly data, and for visibility, arrow length is multiplied by
2. Circles denote the bin with the most samples. Green lines indicate total BL, and their interval is 0.05 m s− 2, with negative
contours dashed and zero contour thickened. Probability distributions of undiluted BL and dilution of BL are also plotted along
each of the axes, and gray dashed lines in these subplots in (b–d) indicate the results from ERA5.
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delay in the PDC (e.g., Kikuchi &Wang, 2008; Sato et al., 2009). In fact, the peak time of PDC is later by 1–2 hr
for IMERG than TRMM‐3G68 (Figure 8).

Over ocean, the PDC simulated by the three models agrees well with each other, and its phase is consistent with
the observation (TRMM‐3G68), although PDC in ICON peaks 1 hr earlier than in the IFS and NICAM, and all the
models overestimate the PDC amplitude. The main driver of the PDC over ocean is nocturnal radiative cooling at
cloud tops, which enhances convective instability (e.g., Randall et al., 1991). This process is generally well
captured by models, which explains why inter‐model PDC differences are small over ocean.

The representation of the PDC over land exhibits significant uncertainties, both in terms of amplitude and timing
(Figure 8b). The amplitude is strongest and most overestimated in ICON. A potential explanation for the dif-
ferences in amplitude is the discrepancy in how mixing effects are represented. ICON uses the Smagorinsky
scheme for turbulent diffusion, which, at the km‐scale, tends to underestimate mixing. This leads to exaggerated
convection due to a reduced likelihood of buoyancy loss. In case of NICAM, the lateral mixing associated with
deep convection is partly supplemented by the Leonard terms (see Section 2.1), which contribute to moderating
excessively intense convection (Takasuka, Kodama, et al., 2024). As for the timing of PDC, the TRMM‐3G68
climatology has an afternoon peak at 16:00 LT, and the peak is simulated 1 hr earlier in ICON/IFS and 1 hr
later in NICAM. Also, the timing at which precipitation begins to increase in the morning is about 2 hr earlier in
the IFS (08:00 LT) and 1 hr later in NICAM (11:00 LT) than in TRMM‐3G68 (10:00 LT). These large differences
in the simulated PDC phase over land are consistent with those in the timescale of the shallow‐to‐deep convective
transition in Figure 6; convection is more prone to be initiated quickly in ICON and IFS than in NICAM. Hence, it
remains a challenge at km‐scale resolution to represent convective initiation in response to destabilization, which
critically controls precipitation over land.

The connection between mean precipitation and the precipitation diurnal cycle is particularly strong in the
Maritime Continent, where rainfall processes are driven more by the complex interplay of terrain and land‐sea
contrasts than by large‐scale forcing (Yoneyama & Zhang, 2020). In fact, in coastal regions with climatologi-
cally high precipitation (IMERG in 2020; Figure 9a), the first harmonic of the PDC normalized by mean precip-
itation is larger than over ocean (Figure 9b).This suggests an upscale effect of the PDC on the mean precipitation
field. This relationship holds true for other years (e.g., IMERG in 2012) and the TRMM‐3G68 climatology (not
shown). Figures 9c–9h compare the differences in mean precipitation (left column) and PDC amplitudes (right
column) from IMERG for ICON, IFS, and NICAM. Themost notable feature is that, with the exception of the Java
Sea in ICONwhere the precipitation band in the Southern Hemisphere is exaggerated by the double ITCZ bias, all
models underestimate the mean precipitation in coastal regions, for example, near Sumatra, Borneo, and New
Guinea. In agreement with this, PDC amplitudes are weaker than in IMERG in these regions. The extent of these
biases depends on the model. Biases are most significant in the IFS (see the affected regions marked by pink and
green boxes in Figures 9e and 9f, respectively), followed by ICON and NICAM. Interestingly, this model ranking
based on biasmagnitude aligns with that observed for cold‐pool intensity (see Section 5.1; Figures 5b and 5d). This
relationship reinforces the idea of Yokoi and Kajikawa (2024) that the poor representation of cold pools is a source
of biases in PDCs in coastal regions. Nevertheless, this is just speculation; other factors such as orography and low‐
level vertical wind shear associated with land‐sea breezes also truly regulate PDCs in coastal regions, as

Figure 8. Composite diurnal cycle of hourly mean precipitation anomaly averaged over 20°S–20°N over (a) ocean and
(b) land for ICON, IFS, NICAM, the TRMM‐3G68 climatology, and IMERG in 2020.
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exemplified by the dependence of bias magnitude on local areas (e.g., large bias in NICAM especially in coastal
regions of Sumatra). These results support the notion thatmesoscale convective processes play an important role in
rectifying large‐scale precipitation patterns over the Maritime Continent.

PDCs in coastal regions are characterized by the offshore migration of organized convective systems. To further
examine how this evolution is simulated by the three models, we look at the details of PDCs that are prominent
around Sumatra (e.g., Mori et al., 2004). Figure 10a shows the composite time series of PDCs captured by
TRMM‐3G68 climatology, along the orthogonal direction of the western coastlines of Sumatra. For orientation,
see the dotted pink box in Figure 9a which depicts the analyzed area. Convection develops over land close to the
coast in the afternoon (around 16 LT), and then organized precipitation systems propagate away from the
coastline during nighttime, both inland and offshore. The offshore‐propagating systems are more significant and

Figure 9. (a, b) Horizontal maps over the Maritime Continent of (a) annual‐mean precipitation and (b) the ratio of
precipitation diurnal cycle (PDC) amplitude calculated as the first harmonic component of composite PDCs to the mean
precipitation for IMERG in 2020. The dashed magenta box indicates the region plotted in Figure 10. (c, e, g) Horizontal maps
over the Maritime Continent of the difference in annual‐mean precipitation for ICON/IFS from IMERG in 2020 and for
NICAM from IMERG in 2012. (d, f, h) Same as in (c, e, g), but for the difference in the PDC amplitude. The magenta/green
boxes in (e, f) highlight regions where dry biases of mean precipitation and too low PDC are prominent.
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survive until early morning, as in several in situ observations (Yokoi et al., 2017, 2019). This feature is also
captured by the IMERG products in 2020 and 2012 (Figures 10b and 10c). In IMERG 2020, the speed and
amplitude of offshore propagation of precipitation systems are faster and stronger than those in the TRMM‐3G68
climatology, while in IMERG 2012, they closely match the climatological values.

Figures 10d–10f compare the aforementioned aspects between ICON, IFS, and NICAM. Note that thick dashed
red lines indicate the propagation on the offshore side based on IMERG, and that the phase delay is modified by
assuming that precipitation begins to develop at 16 LT as in the TRMM‐3G68 climatology. In ICON (Figure 10d),
organized precipitation systems do not propagate as far offshore as in the observations during nighttime, and their
amplitude is underestimated. In the IFS, most of the organized convection stays too close to the coastline, leading
to too strong PDC amplitudes and too much mean precipitation at the coastline, but too weak precipitation 200 km
off the coast and beyond (Figure 10e). In NICAM (Figure 10f), the phase of the offshore propagation of con-
vection during nighttime is relatively well‐captured, but precipitation intensities are underestimated in compar-
ison with IMERG in 2012.

In summary, all models cannot fully represent the continuous regeneration of mesoscale convective systems
migrating from land to open ocean, with consequences both locally and upscale. Notably, the magnitudes of the
biases associated with offshore propagation that are evident in PDC amplitudes in coastal regions (right in
Figure 9) are consistent with those for simulated cold pool intensity (Figures 5b and 5d), which is one of possible
factors affecting mesoscale convective organization. This aligns with the idea that the interaction between cold
pools and low‐level vertical wind shear plays a crucial role in triggering new convective cells within mesoscale
convective systems (e.g., Houze, 1981; Rotunno et al., 1988), which should be represented at km‐scale resolutions
to some extent depending on model physics (Okugawa et al., 2024).

6.2. MJO

We here compare the observed and simulated eastward propagation of large‐scale convective envelopes asso-
ciated with the MJO. We detect MJO events initiated in the Indian Ocean based on the evolution of the Real‐time
Multivariate MJO (RMM) index (Wheeler & Hendon, 2004), which is constructed from two principal

Figure 10. Time series of composite hourly precipitation along the direction perpendicular to the western coastline of
Sumatra Island for the (a) TRMM‐3G68 climatology, (b) IMERG in 2020, (c) IMERG in 2012, (d) ICON, (e) IFS, and
(f) NICAM. Negative values of distance mean the offshore direction. Black and red dashed lines indicate the direction of the
offshore propagation of precipitation systems in TRMM‐3G68 climatology and IMERG 2020/2012, respectively.
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components (PC1 and PC2) of equatorial intraseasonal OLR and zonal wind anomalies at 850 and 200 hPa. The
MJO detection methodology follows Takasuka, Kohyama, et al. (2025), a modified version of Suematsu and
Miura (2018). It takes the following two steps: (S1) detecting basin‐scale convective events (BCEs) over the
Indian Ocean; and (S2) classifying the detected BCEs into MJO and non‐MJO events by tracking RMM am-
plitudes (A =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
PC12 + PC22

√
) and phase angles (α = tan − 1(PC2/PC1)). Step S1 identifies periods of BCEs

over the Indian Ocean (60°–90°E) based on areal‐mean OLR anomalies relative to their 61‐day running mean.
Step S2 then assesses whether the RMM index exhibits sufficiently large amplitudes during these BCE periods
and whether it shows a coherent phase progression. The criteria for detecting BCEs and evaluating the RMM
index follow those outlined in Takasuka, Kohyama, et al. (2025), where the detection procedure is described in
detail. Note that this detection has been performed to evaluate the 9‐km Don and 4.4 km IFS simulations (Rackow
et al., 2025), although the present study adopts larger criteria imposed on A when tracking RMM amplitudes to
detect more robust MJO events.

Figure 11 shows the lagged‐composite time evolution of equatorial (15°S–10°N) OLR and lower‐tropospheric
westerly anomalies associated with the detected MJO events. Note that Day 0 corresponds to the date when
MJO convection is initiated over the Indian Ocean, and that the anomalies are defined as the deviations from a 61‐
day running mean. In the observational reference (Figure 11a), large‐scale convective envelopes are co‐located
with westerly wind anomalies. They move across the Maritime Continent (MC) with slightly reduced amplitude,
and subsequently propagate into the western Pacific (WP). Even in global km‐scale models, these MJO features
are not necessarily captured; in fact, there is a large discrepancy in MJO reproducibility between ICON and the
other two models. In ICON (Figure 11b), the OLR anomaly associated with MJO initiation is not as strong as in
the observations, and it dissipates over the MC. This behavior reflects the overestimation of the barrier effects of
the MC on MJO propagation (C. Zhang & Ling, 2017) or “standing” MJOs (Wang et al., 2019), which has also
been a long‐standing issue in conventional GCMs such as CMIP6 models (e.g., Back et al., 2024; G. Chen
et al., 2022). In contrast, this issue is largely resolved in IFS and NICAM irrespective of the presence or absence
of ocean coupling; MJO convection migrates to the WP successfully (Figures 11c and 11d), although several
biases remain (e.g., weaker convection in the WP and less prominent westerly wind anomalies in IFS; and
overestimated weakening of OLR and wind anomalies over the MC in NICAM).

Large‐scale convective disturbances, such as the MJO, are marked by pronounced contrasts between moist and
dry regions in the tropics. These disturbances are partially sustained by moisture–convection feedback mecha-
nisms, in which radiative cooling within the dry regions plays a key role (e.g., Grabowski & Moncrieff, 2004).
Therefore, the way convection manifests may depend on how large‐scale subsidence associated with radiative
cooling is balanced by ascending motions. In this context, we can apply the insights gained from the mesoscale
convection characteristics presented in Section 5. In ICON, deep convection is developed more rapidly and
abruptly, and moisture overturns relatively quickly in response to deep convection, as indicated by the under-
estimated moisture detrainment in the mid‐troposphere (Figure 6b). With these features, intense but short‐lived
updrafts can easily be balanced through compensating subsidence and downdrafts locally, implying no need for
well‐organized and slowly varying convective systems. Meanwhile, mesoscale convection in NICAM is less
readily initiated and moistens the mid‐troposphere (Figure 6f), as indicated by its higher sensitivity to lower free‐
tropospheric (LFT) moisture variations (Figure 7d) and a more stable mid‐tropospheric layer (Figure 2; Takasuka,
Kodama, et al., 2024). Hence, it is difficult to remove the convective instability locally and thus the moisture‐
convection feedback becomes more efficient at larger spatial scales, which is expected to be favorable for the
MJO realization. Similarly, the good representation of MJO in IFS is related to more significant moistening by
vertical moisture transport (assisted by the shallow convection scheme) and by more mid‐tropospheric moisture
detrainment than in ICON (Figure 6e). These insights are consistent with previous results that a strong coupling
between precipitation and moisture enhances the MJO variability (e.g., Hannah & Maloney, 2011; Holloway
et al., 2013; Kim et al., 2014).

While the characteristics of convective organization and associated moisture transport explain the model diversity
ofMJO reproducibility to some extent, we should note a caveat that background SSTs against theMJO, which also
modulate the MJO activity (e.g., Suematsu & Miura, 2018; Wang et al., 2019), are different between the models.
This is an issue when evaluating coupled simulations in ICON and IFS. Specifically, ICON has a strong bias in the
La Niña‐like SST pattern (Segura et al., 2025), exaggerating the Walker circulation and thus suppressing
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background convective activities over the WP. This is unfavorable for the realization and propagation of MJO
convection (Takasuka, Kohyama, et al., 2025), which contributes additionally to the lack of MJOs in ICON.

6.3. Extreme Precipitation

The strength of moisture–convection coupling potentially also affects the relationship between convective or-
ganization and extreme precipitation. Enhanced coupling fosters stronger convective organization, which sub-
sequently amplifies extreme precipitation. To investigate this relationship, we measure the degree of organization
over the whole tropics and compare its relationship with extreme precipitation. We focus on events with a
relatively high degree of convective organization (90th percentile) and analyze the time evolution of deseason-
alized convective organization (δIorg) and the deseasonalized 99th percentile of daily precipitation amount (δP99)
during composite strong‐organization events, spanning 14 days before to 14 days after the peak organization day
(Figure 12). Each variable is deseasonalized by subtracting the corresponding 30‐day running‐averaging values.

In IMERG, daily variations in extreme precipitation closely follow changes in convective organization, peaking at
day 0. To further understand this relationship, we decompose P99 into precipitation intensity (I99) and duration
(D99). D99 is the total rainy hours of the day which are the time when the hourly precipitation intensity >3 mm
hour− 1. Then, I99 is diagnosed by dividing P99 by D99 which is the mean precipitation rate averaged only over the
rainy period. The results indicate that while I99 also peaks at day 0, the dominant factor driving changes in

Figure 11. Time‐longitude diagrams of lagged composite OLR (shading) and westerly wind anomalies (contours) in the
lower‐troposphere (850 hPa for IFS and NICAM and about z = 1500 m for ICON) associated with the detected Madden‐
Julian Oscillation (MJO) events for (a) NOAA‐OLR and ERA5 (2011–2015), (b) ICON, (c) IFS, and (d) NICAM. All fields are
averaged over 15°S–10°N. The number of the detected MJO events is denoted at the top‐left corner. Contour interval is
0.8 m s− 1, with zero contours omitted. Stippling denotes regions where OLR anomalies are statistically significant at the 90%
confidence level.
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extreme precipitation is D99. This suggests that the increase in total precipitation during periods of strong
convective organization is primarily due to prolonged event duration rather than enhanced intensity. The models
generally capture this relationship; however, ICON exhibits a timing mismatch, with extreme precipitation
peaking a few days earlier than peak organization. This suggests that in ICON, extreme precipitation is not very
sensitive to the degree of convective organization. This discrepancy is likely driven by weaker lateral mixing
between convection and the environment. As a result, the onset of convection is less sensitive to ambient
moisture, while convection itself contributes less to moistening the atmosphere. The reduced moisture‐convection
coupling further weakens mesoscale organization, which may in turn hinder larger‐scale organization—
potentially contributing to the underrepresentation of the MJO, as discussed in Section 6.2. These findings are
consistent with earlier results and further highlight the critical role of moisture–convection coupling. Despite this
difference, all models consistently show that the increase in extreme precipitation with organization is primarily
driven by longer event duration, while intensity exhibits a weak (IFS) or even negative (ICON and NICAM)
correlation with organization.

7. Summary and Concluding Remarks
The recent advancement of global kilometer‐scale models enabling multi‐year simulations has provided a
powerful new tool for improving our understanding of the climate system. Amajor strength of these models lies in
their high spatial resolution, which allows for a more realistic representation of convective processes and directly
influences precipitation and a range of larger‐scale climate phenomena. In the present study, we analyzed three
global km‐scale models, ICON, IFS and NICAM, which have been run for multiple years, and investigated the
representation of convection and precipitation characteristics in these models. Unlike ICON and IFS, which are
both fully coupled to ocean models, the SST in NICAM is predicted by a mixed‐layer slab ocean model with a
depth of 15 m. The three models also differ in the treatment of convection: while ICON and NICAM do not use
convective parameterizations (both shallow and deep), IFS uses its default shallow convective parameterization
and a modified deep convective parameterization, in which the cloud base mass flux is significantly reduced. To
understand the impact of the convective parameterization on the discussed results, we also analyzed four IFS

Figure 12. Time evolution of deseasonalized convective organization (Iorg), 99th percentile of daily precipitation amount
(P99), intensity (I99) and duration (D99) during composite strong organization events from 14 days before to 14 days after the
peak organization day. Both extreme precipitation statistics and convective organization are calculated over the whole tropics
(20°S–20°N). The peak organization days are identified as δIorg larger than the 90th percentile of δIorg for each data set. Each
variable is deseasonalized by subtracting the corresponding 30‐day running‐averaging values.
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sensitivity simulations at a slightly coarser resolution (9 km), which modify the activity of the shallow and deep
convective schemes, from both on to both off.

By comparing model results with observational and reanalysis data sets, we have identified common biases in the
precipitation intensity and convective cluster size across the three models. Compared to hourly mean rainfall data
from the Integrated Multi‐satellite Retrievals for GPM (IMERG), km‐scale models with explicit convection tend
to produce deep convective systems with excessively intense precipitation (Figure 3a), and weaker organization
(Figure 4). The weak organization is associated with a larger number of smaller convective clusters (Figure 4).
However, the extent of this bias varies significantly across models: IFS captures the organization metrics most
closely aligned with observations, while ICON deviates most from the observed characteristics. It should also be
noted that NICAM achieves stronger convective organization than ICON, even comparable to IFS, despite not
using any cumulus parameterizations.

To understand the common biases in precipitation characteristics and convective organization—as well as their
inter‐model differences—we examine how thermodynamic–convection coupling is represented in the simula-
tions. This coupling is crucial for the initiation of convection and subsequent tropospheric moistening, affecting
the transition from shallow to deep convection and the overall moisture‐convection feedback. Reanalysis data
from ERA5 indicates that this transition unfolds gradually, as shallow convection moistens the lower troposphere
and sets the stage for deep convection (Figure 6a). Although models capture this process qualitatively, they
exhibit quantitative differences mainly in the initiation of convection (i.e., shallow‐to‐deep transition timescale)
and moistening rate (Figures 6b–6f). These differences and their impacts on several atmospheric phenomena are
summarized as follows:

1. ICON, and to a lesser extent IFS, initiate deep convection more rapidly than ERA5 and NICAM (see the slope
of zero lines in Figure 6). This probably contributes to weak convective organization because convective
instability is eliminated by fast local circulations and thus is hard to accumulate on wider spatial scales. The
more rapid shallow‐to‐deep transition in ICON and IFS can be attributed to less convective sensitivity to
moisture variations in the lower‐free troposphere that control the dilution of buoyancy (Figure 7). In direct
agreement with the convective initiation bias, the phase of the precipitation diurnal cycle (PDC) over land is
leading in ICON/IFS and lagged in NICAM, relative to the TRMM‐3G68 climatology (Figure 8b).

2. Compared to ERA5, all models underestimate tropospheric convective moistening (Figures 6b–6d), even
though this bias is mitigated in IFS and NICAM. Compared to ICON, IFS exhibits greater column moistening
prior to the peak of deep convection and increased moisture detrainment in the mid‐troposphere afterward
(Figure 6e). The stronger mid‐tropospheric moistening is also simulated in NICAM (Figure 6f). The enhanced
moistening of the environment surrounding deep convection—reducing the impact of entrainment on updraft
buoyancy—provides a plausible explanation for the stronger convective organization in IFS and NICAM
compared to ICON. Together with the first point, this effect can also influence planetary‐scale phenomena
such as the MJO. While both IFS and NICAM successfully simulate this propagation, ICON struggles, with
convection stagnating around the Maritime Continent and exhibiting a weak propagation signal (Figure 11).

In addition to tropospheric processes involved in thermodynamic‐convection coupling, we have also examined
near‐surface processes that influence precipitation characteristics. The intensity of cold pools is generally
underestimated by all three km‐scale models, although the degree of underestimation varies (Figures 5b and 5d);
NICAMproduces the strongest cold pools, followed by ICON and IFS. These biases subsequently affect howwell
the models capture the initiation and propagation of organized convective systems. Observations show that mean
precipitation in coastal regions over the Maritime Continent is primarily characterized by strong PDCs associated
with offshore‐propagating convective systems (Figures 9a, 9b, and 10a–10c). Among the models, IFS exhibits the
largest underestimation of PDC amplitudes in coastal oceanic regions, leading to deficient mean precipitation
there, while NICAM shows the smallest biases (Figures 9c–9h). This underestimation arises from both the limited
offshore propagation distance and the weaker intensity of offshore convection (Figures 10d–10f), both of which
can be linked to the poor representation of interactions between cold pools and preexisting convective cells.

Our model intercomparison highlights two important implications for the development of km‐scale models. First,
it underscores the substantial uncertainties that persist even within explicit convection frameworks, so between
ICON and NICAM. This mainly originates from differences in microphysics and turbulent mixing. In NICAM,
rain and snow processes have been tuned to make convective initiation less likely and to promote moisture
detrainment near the melting level (Takasuka, Kodama, et al., 2024), as shown in Section 5.1. This implies that
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refining microphysics alters the heating rate and static stability, thereby significantly influencing the sensitivity of
convection to its surrounding environment. Additionally, incorporating partial lateral mixing associated with deep
convection (i.e., the Leonard terms) can improve the representation of entrainment and detrainment processes. In
fact, NICAM simulates convective development and organization more realistically than ICON, likely due to
stronger turbulent diffusion, whereas ICON relies solely on the Smagorinsky scheme. Nevertheless, km‐scale
resolutions with explicit convection are obviously too coarse to represent horizontal and vertical mixing
caused by convective motions, as exemplified by too intense precipitation (Figure 3a) and less moistening during
shallow‐to‐deep transition (Figure 6). Incorporating convective mixing into km‐scale equation systems in a
physically consistent manner remains a significant challenge (e.g., Schneider et al., 2024), in addition to selecting
appropriate turbulent diffusion coefficients (Watanabe & Ito, 2024). Furthermore, the different convection
characteristics could also be related to differences in the physics‐dynamics coupling. As shown in Table 1, in
NICAM, dynamics and non‐radiative physics are tightly coupled in time, whereas in ICON they are updated on
different time scales. This implies that the timescale of the resolved convective response to changes in heating and
moistening differs between the models, which could affect mesoscale convection. Examining this aspect quan-
titatively would be the subject of future work.

For km‐scale model development, another implication is related to the strengths and limitations of using cumulus
parameterizations. Results from IFS suggest that a cumulus parameterization mitigates several biases of weak
convective organization, intense precipitation, and weak column moistening associated with convective devel-
opment. These good aspects probably result from cumulus eddies supplemented by parameterizations. Mean-
while, there are also negative impacts on convection characteristics, such as too frequent weak precipitation
(Figure 3a), artificial separation between weak and strong precipitation regimes, and small deviations from quasi‐
equilibrium states (Figure 7c). These biases seem to be a legacy of well‐known issues of cumulus parameteri-
zations. It is plausible that parameterized cumulus eddies can supplement turbulent motions deficient at km‐scale
resolutions, but it is important to take care of the coupling between explicit dynamics and parameterized physics
so as to avoid artificial scale breaks.

Typical model issues that originate from insufficient turbulent mixing and cloud microphysics uncertainties have
long been recognized in regional km‐scale simulations. Our results demonstrate that these local deficiencies do
not remain confined to small scales. Instead, they propagate upscale, modulating the mesoscale convective or-
ganization (Figure 4) and altering the large‐scale thermodynamic environment (Figure 2). The impacts accu-
mulate and ultimately influence planetary‐scale phenomena such as the MJO (Figure 11). Moreover, a robust
correlation between PDC amplitudes and mean precipitation over the Maritime Continent reproduced by global
km‐scale models (Figure 8) provides strong evidence of the rectification of diurnal variability onto the mean state,
as the large‐scale precipitation patterns in these models emerge self‐consistently from the internal energy
redistribution without constraints by lateral boundaries. These aspects highlight advantages that are uniquely
accessible within the global modeling framework, as opposed to regional frameworks.

The mesoscale thermodynamic‐convection coupling and its cross‐scale dependencies warrant further investi-
gation through intercomparisons of a broader suite of global km‐scale models with a wide range of physical
configurations, including microphysics, turbulent mixing, and cumulus parameterizations. Beyond the topics
addressed in the present study, representative phenomena involving multi‐scale interactions that serve as natural
testbeds for examining these aspects include the newly identified tropics‐wide intraseasonal oscillation (Bao
et al., 2025), the geographical variability of convectively coupled equatorial waves (Takayabu, 1994; Wheeler &
Kiladis, 1999), and the mean state of tropical precipitation. All of these can be meaningfully examined using
global kilometer‐scale models. For example, even among the models examined here, there is substantial diversity
in the structure, position, and amplitude of the ITCZ (Figure S8 in Supporting Information S1). Notably, ICON
and IFS with (D + S)off exhibit a pronounced double ITCZ bias, and both models display similar
thermodynamic–convection coupling, with reduced convective sensitivity in the LFT (Figure 7b and Figure S7d
in Supporting Information S1) and weaker mid‐tropospheric moistening associated with deep convection
(Figure 6b and Figure S6d in Supporting Information S1). The robustness of this relationship should be further
evaluated to clarify the impacts of convection on the climatological states (e.g., Bacmeister et al., 2006; Hirota
et al., 2011). In this context, the third phase of the DYnamics of the Atmospheric general circulation Modeled On
Non‐hydrostatic Domains (DYAMOND) model intercomparison project—with extended simulation periods of
1 year or more (Takasuka, Satoh, et al., 2024)—offers a great opportunity to investigate the diversity of
thermodynamic–convection coupling and its upscale impacts.
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