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ARTICLE INFO ABSTRACT

Keywords: This paper presents the first-ever continental-scale convection-permitting simulations over South America for

South Afnerica N three water years of different ENSO phases, corresponding to an ENSO neutral year (2018/19), an EI Nino year

S\;’;;’emgnlpermmmg (2015/16), and a La Nifa year (2010/11), using the Weather Research and Forecasting (WRF) model at 4-km
mode

grid spacing. The model performance has been validated against precipitation derived from satellite, surface
observations, and surface air temperature from reanalysis. The evaluation shows a promising skill at reproducing
the observed multi-scale spatiotemporal characteristics of precipitation and temperature, such as the seasonal
and sub-seasonal variability, the diverse patterns of diurnal cycle, and deep convective clouds. Sensitivity sim-
ulations quantify the impacts of cumulus parameterization, grid spacing, and spectral nudging. Results indicate
that a tested scale-aware convection scheme has little benefit, and the model performance degrades as horizontal
resolution decreases. Spectral nudging can reduce the precipitation bias over some tropical and subtropical re-
gions but exacerbates the wet bias over the Andean Mountains. A noteworthy model deficiency shared in all
simulations is the excess orographic precipitation, a problem in association with the overly active afternoon-
evening convection possibly resultant from under-representation of clouds and missing cloud-aerosol interac-
tion, though the uncertainty of observational data might contribute to the wet bias as well. These results provide
useful guidance for improving the model physics. The overall encouraging agreement between the 4-km model
simulations and observations provides confidence in the usage of the established model configuration for
regional climate downscaling and climate change projections over South America.

Regional climate simulation

1. Introduction Arctic. Bordered by the Atlantic Ocean to the east, the Pacific Ocean to
the west, and the Antarctic Ocean to the south, the continent contains

South America is the world’s fourth largest continent, extending the world’s longest mountain range, the Andes, on the western edge, the
from the northern equatorial area, across the equator, and into the sub- extensive highlands in the east, and a central lowland in-between(10°N-
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25°S), where strong convection activity provides rainfall for the
Amazon. These unique geographical attributes and the large landmass
size mostly dictate the diverse characteristics of the South American
climate system, ranging from the dominant rainy and humid conditions
in the tropics, the cold-dry snow-covered mountains in the Andes and
the world’s driest desert conditions over the Atacama Desert (Garreaud
et al., 2009; Espinoza et al., 2020; Arias et al., 2021).

Owing to its multiple ecosystems, South America plays an important
role in the global climate and water cycle. In particular, it is home to the
largest and most biodiverse tropical rainforest on the planet, the
Amazon rainforest, where about 15 % of global terrestrial photosyn-
thesis takes place, playing a crucial role in modulating the global carbon
cycle and carbon-climate feedback (Field et al., 1998). The vast amount
of carbon stored in the tropical forest is recognized as a potential tipping
point in the global climate system (Malhi et al., 2006; Lenton et al.,
2008; Boulton et al., 2013). The massive water and energy exchange
between tropical forests and the atmosphere through the precipitation
that falls in the forest and evapotranspiration re-distributes the water
throughout the continent, accounting for approximately 30 % of the
precipitation within the Amazon basin and about 16 % of the precipi-
tation in La Plata basin (Yang and Dominguez, 2019). The freshwater
discharge from the Amazon, Orinoco, and Parana rivers accounts for
about 22 % of global continental discharge into the oceans (Dai and
Trenberth, 2002), being an essential component of the global terrestrial
water cycle. The Andes accommodates most tropical glaciers and snow-
fed watersheds, with the seasonal melting providing a significant supply
of freshwater during the dry season for a large population living around
the Andes (Dussaillant et al., 2019; Masiokas et al., 2020; Espinoza et al.,
2020). At higher latitudes, in the western Andes of Chile, the synoptic
activity modulates the precipitation’s occurrence, characterizing a
strong seasonal behavior with large precipitation amounts in the Austral
winter in mid-latitudes, while southern South America is dominated by
the south hemisphere storm track (Garreaud et al., 2009).

The South American climate system encompasses complex in-
teractions between various atmospheric and land-surface processes,
topographic forcing, precipitating convection including organized
mesoscale convective systems (MCSs), diurnal cycle of convection, and
aerosols. The proper representation of the above multi-scale processes
and their interactions presents a great challenge for global climate
models (GCMs) largely due to the coarse resolution and dependency on
conventional convective parameterization. State-of-the-art GCMs
generally have a grid spacing of 50-200 km, which limits their ability to
capture many important mesoscale features that are crucial for local and
regional climate systems, resulting in various deficiencies. For instance,
the Coupled Model Intercomparison Project Phase 3 (CMIP3) models
were shown to have highly variable biases (Vera et al., 2006), unable to
reproduce quantitatively accurate seasonal precipitation over the main
basins of the continent (i.e., the Amazon and La Plata basins), CMIP5
models commonly underestimate total rainfall during the dry and
transition seasons (Yin et al., 2013), and CMIP6 models have shown a
wet bias in arid regions and underestimation of precipitation in mid-
latitudes in the western Andes, with low performance in reproducing
large scale teleconnections (Gateno et al., 2024).

Dynamical downscaling using regional climate models (RCMs), first
pioneered by Dickinson et al. (1989) and Giorgi and Bates (1989), has
been pursued to overcome the GCM’s deficiencies and improve the
regional climate simulations via the usage of higher spatial resolution
and improved treatment of sub-grid scale physics. This approach has
experienced rapid thriving and extensive applications and steadily
evolving toward an increase of simulation length and an expansion of
computational domain along with a refinement of spatial resolution
during the past few decades (Xue et al., 2014; Giorgi, 2019). Particu-
larly, with a steady advancement of computer resources since the 2010s,
regional climate modeling has started to operate in a grid-spacing range
of ~4 km or below with explicit representation of convection (Prein and
Coauthors, 2015; Schar and Co-authors, 2020). Such high-resolution
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RCMs are often termed convection-permitting models (CPMs) that
have long been used for operational numerical weather prediction and
short-term weather forecasting type of simulations (e.g., Done et al.,
2004; Liu et al., 2006; Kain and Coauthors, 2008). CPMs have been
successfully applied to climate downscaling over different geographical
regions, such as North America (e.g., lkeda et al., 2010, 2021; Ras-
mussen et al., 2011, 2014; Liu et al., 2017; Wang et al., 2018), Europe (e.
g., Kendon et al., 2012, 2014; Chan et al., 2014; Coppola and Coauthors,
2020; Ban et al., 2014, 2021), East Asia (e.g., Yun et al., 2020; Guo et al.,
2020), and Africa (e.g., Stratton et al., 2018). Significant improvements
relative to traditional coarse-resolution downscaling with parameter-
ized convection were clearly demonstrated in these previous studies at
simulating orographically enhanced precipitation and snowpack,
diurnal cycle of precipitation, precipitation frequency and intensity, and
extreme precipitation on daily and sub-daily timescales, as well as MCSs
(e.g., Prein et al., 2017; Yun et al., 2021), all of which are primarily
attributed to the better representation of various small-scale and
mesoscale processes and avoidance of convective parameterization.

In contrast to its wide applications in other parts of the world,
however, convection-permitting downscaling over South America is
rather limited. Up to now, RCM exercises over this continent, such as
those in the CORDEX (Coordinated Regional Climate Downscaling
Experiment), are mostly performed with 20-50 km or even coarser grid
spacings (Solman, 2013; Ambrizzi et al., 2018), which are unsuitable for
properly depicting complex land-water distributions and mountain-
valley contrasts and associated mesoscale circulations in South Amer-
ica, and still need error-prone convective parameterization for dealing
with subgrid-scale convective processes. As a result, these regional
climate simulations suffer various uncertainties similar to global models;
for example, Solman (2013) showed that the ensemble mean of seven
RCM simulations with 50-km grid spacing systematically un-
derestimates the seasonal precipitation over most of the continent but
overestimates the orographic precipitation over the Andes. All existing
convection-permitting modeling attempts, albeit very few, were
restricted to small sub-continental domains and short simulation period
(e.g., Portele et al., 2021; Feijo6 and Solman, 2022; Huang et al., 2023,
2024a, 2024b). One exception is the recent work by Halladay et al.
(2023), where convection-permitting climate simulations with the Met
Office United Model were performed at a near-continental scale of South
America, demonstrating advantages in the representation of precipita-
tion as compared to coarser resolution regional and global climate
models.

In short, because of the very limited efforts thus far, the full benefits
and potential limitations of CPM in the South American continent have
not been thoroughly explored. This has motivated us to conduct multiple
year-long experiments of continental-scale convection-permitting
downscaling in this area. The primary objectives are: 1) to investigate
the capability of convection-permitting Weather Research and Fore-
casting (WRF) model in reproducing the spatiotemporal characteristics
of surface precipitation and temperature, with a focus on a newly
established model configuration specifically for South America; 2) to
examine the potential benefit of scale-sensitive cumulus parameteriza-
tion and spectral nudging; 3) to assess the added value of convection-
permitting resolution relative to coarser resolution; and 4) to provide
guidance for improving the subgrid physics and model setup to improve
the model performance. In view of the notable modulation of the El
Nino-Southern Oscillation (ENSO) to the South American climate (Cai
et al., 2020), multiple individual years representative of different ENSO
phases were selected for experimentation to ensure achievement of
general conclusions about the model performance.

The remainder of the paper is structured as follows. Section 2 pre-
sents the numerical approach and the observational data for model
validation. Section 3 evaluates the simulated spatiotemporal charac-
teristics of precipitation, surface air temperature, and deep convective
clouds. The sensitivity experiments are provided in Section 4. Lastly, a
summary and discussion of potential model improvements are given in
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Section 5.
2. Numerical experiments and verification data
2.1. Numerical model setup

This study used the WRF model version 4.1.5 (Skamarock et al.,
2019), which was configured with a single domain of 1472 x 2028 grid
points at 4-km grid spacing, covering the entire South American conti-
nent and adjacent waters as shown in Fig. 1. There are 61 vertical levels
capped at 10 hPa, stretching from about 50-m spacing near the surface
to roughly 700-m spacing at the model top. The selection of physics
parameterizations was built upon our experience from convection-
permitting simulations over North America (Liu et al., 2017; Rasmus-
sen et al., 2023) and a series of testing simulations for a rainy period of
November-December 2018 using the same domain setup as in Fig. 1,
consisting of the Thompson microphysics (Thompson et al., 2008), the
Yonsei University (YSU) planetary boundary layer scheme (Hong et al.,
2006), the Noah-MP land surface model (Niu et al., 2011), the Rapid
Radiative Transfer Model for GCMs (RRTMG) longwave and shortwave
atmospheric radiation (Iacono et al., 2008), and the MMF groundwater
scheme (Miguez-Macho et al., 2007; Barlage et al., 2021) representing a
shallow aquifer and its interaction with soil.

Numerical experiments were performed for three individual water
years, beginning in the month of June, when the precipitation is
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confined to the northernmost continent and the western Andes (south of
30°S), and most of the continent undergoes a dry episode, and ending in
the following May. The continental hydroclimate is strongly modulated
by ENSO activity (e.g., Grimm and Zilli, 2009; Cai et al., 2020). For
example, during the canonical El Nino (La Nina), precipitation tends to
increase (decrease) in the La Plata Basin and decrease (increase) over
northern South America across all seasons (Tedeschi et al., 2013).
Accordingly, we chose the three years of different ENSO phase, corre-
sponding to an ENSO neutral year (2018/19), a strong positive ENSO
phase (EI Nino; 2015/16), and a strong negative ENSO phase (La Nina;
2010/11), for experimentation. These simulations, called EXP1-3
hereafter respectively (see Table 1), enable us to assess the possible
dependency of model settings on the ENSO phase and make general and
robust conclusions of the model performance as compared to performing
simulations for an individual year only.

As shown in Table 1, four additional experiments (EXP4-7) were
conducted for the 2018-2019 water year, including a simulation with
spectral nudging being activated, a simulation with a scale-dependent
convection scheme being applied, and two coarser resolution simula-
tions using either 12 or 24-km grid spacing, as well as a simulation
(EXP8) of the 2010-2011 water year with a high cloud droplet con-
centration in the microphysics parameterization. These sensitivity sim-
ulations were designed to quantify the possible benefit of spectral
nudging, the value of scale-aware cumulus parameterization, the impact
of horizontal resolution, and the indirect impact of aerosol. The
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Fig. 1. Model domain (blue rectangular area) used in the simulations at 4-km grid spacing. The colour shading shows the elevation above mean sea level in meters.
The dot points represent locations of the surface stations where the observational precipitation data are collected for model verification. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 1

List of the numerical experiments, showing the information of simulation period,
horizontal grid spacing, deep convective parameterization scheme (DCPS),
spectral nudging, and microphysics.

Experiment  Water Grid DCPS
year spacing

Spectral
nudging

Microphysics
modification

June
EXP1 2018 - 4 km no no n/a
May
2019
June
EXP2 2015 - 4 km no no n/a
May
2016
June

EXP3 2010 - 4 km no no n/a
May

2011
June
2018 -
EXP4 May 4 km no yes n/a
2019
June

scale-
EXP5 2018 - 4 km aware no n/a

May .
2019 Tiedtke

June

EXP6 2018 - 12 km
May
2019
June

EXP7 2018-
May
2019
June

EXP8 2010 - 4km o o increased cloud
May droplets

2011

Tiedtke no n/a

Tiedtke no n/a

boundary and initial conditions for all simulations were derived from
the hourly, 0.25-degree fifth generation of the European Centre for
Medium-Range Weather Forecasts (ECMWF) atmospheric reanalysis
ERA5 (Hersbach and Co-authors, 2010), which is archived at the
Research Data Archive (RDA) of the Computational and Information
Systems Laboratory (CISL) of the NSF National Center for Atmospheric
Research (NCAR) (https://rda.ucar.edu/datasets/ds633.0/).

2.2. Verification data

Multiple data sets from in-situ observations, satellite observations,
and reanalysis were collected for simulation verification. Specifically,
version 06B of the Integrated Multi-satellitE Retrievals for GPM
(IMERG) gridded precipitation product (Huffman et al., 2019), which
has a 30-min temporal resolution on a 0.1°x0.1° grid over the globe, was
chosen to validate the multi-scale spatiotemporal characteristics of
precipitation from seasonal to sub-daily scales. Simulation data were
conservatively interpolated to the IMERG grid for point-to-point spatial
comparisons using the ESMF regrid function of the NCL software
package. The hourly ERAS5 data were utilized to evaluate the simulated
2-m temperature. The ERA5 surface air temperature and elevation were
firstly bilinearly interpolated to model grid, and topographic corrections
to the interpolated temperature were then performed based on the
elevation difference between the ERA5 and WRF grids and assuming a
lapse rate of 6.5 °C km™!. In addition, observational data of daily pre-
cipitation at the 1331 station sites for the 2018/19 water year (dots in
Fig. 1) were collected for evaluating the model performance as a com-
plement to the satellite precipitation data. Of note is that the available
surface observations are mainly located in Colombia, Peru, Chile and
Brazil, but are sporadic or nearly completely absent in Argentina and the
central and northeastern Amazon due to either difficulty in obtaining
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the data from these areas or too many missing records over the time
period of study. Model values at station sites were the inverse-distance
weighted average of the four closest grid points from each site location.

3. Evaluation of the experimental results

In this section, we examine the skill of the 4-km WRF model at
capturing the observed seasonal and sub-seasonal distributions and
diurnal variations of surface precipitation and near-surface temperature
during different phases of ENSO, as well as the daily and sub-daily
precipitation and convective clouds. The ENSO neutral water year
(2018-2019) is presented to exemplify the model performance for most
of the evaluation metrics, with the corresponding results for the other
two water years, 2020/11 and 2015/16, being displayed in the sup-
plement materials. The IPCC climate reference regions (Iturbide et al.,
2020), as illustrated in Fig. S1, are utilized for subregional analysis.

3.1. Spatiotemporal characteristics of precipitation

Fig. 2 compares the monthly total precipitation of the 2018-2019
water year from the WRF simulation (EXP1 in Table 1) to the IMERG
observations. In association with the ITCZ activity and the progression
of monsoonal flow, observed precipitation in South America features
striking seasonality. In the months of June and July (the early-middle
austral winter), precipitation is largely confined within a zonally ori-
ented area north of the equator, roughly collocated with the ITCZ, with
heavy precipitation being in southern Venezuela, and eastern and Pa-
cific coastal regions of Colombia. Other parts of the continent experience
a dry episode during this time of the year. From August (the late austral
winter), the tropical rain band undergoes a weakening, concurrent with
a southward extension toward the Amazon Basin. The meridional
expansion continues with the seasonal progression and reaches about
40°S in October (mid-spring), marking the onset of the rainy season in
southern South America. The seasonal precipitation persists throughout
the austral summer and early fall, subsequently undergoing a sudden
northward retreat to the north of 10°S in late fall. Overall, the observed
precipitation distribution and its seasonal and sub-seasonal variations
for this particular year bear a great resemblance to the counterparts of
2015-2016 and 2010-2011 water years (Figs. S2-S3). For the most part,
the model realistically reproduces the observed annual precipitation
cycle. Specifically, WRF successfully captures the spatial patterns of
monthly precipitation as evidenced by the high pattern correlations
(Table 2), particularly during June and July, and the seasonal meridi-
onal migration, such as the southward development in the spring and
the equatorward withdrawal in the fall. The model is also able to
replicate the all-year-round intense precipitation belt in the tropics and
its seasonal movement associated with the ITCZ, and the elongated rain
band across Southeast Brazil into the Atlantic associated with the South
Atlantic convergence zone (SACZ) in the warm season. The model per-
forms consistently well throughout the year, with a slightly better skill in
the austral winter than in other seasons in terms of the pattern corre-
lation, mean absolute error (MAE), and root mean square error (RMSE)
as demonstrated in Table 2. One notable deficiency is the excessive
precipitation over most of the Amazon and the Andes, which is partic-
ularly conspicuous in the rainy season, leading to an areal mean wet bias
for most months (Table 2). However, some differences between WRF
and IMERG data may not truly represent the model deficiency consid-
ering the large uncertainties in satellite-estimated precipitation (see
later discussion).

The EI Nino and La Nina year (Figs. S2-S3) share many common
features with the ENSO neutral year in the observed spatiotemporal
precipitation variations. Especially, the heavy precipitation distribution
in the tropical area and the timing for subtropical precipitation onset
and retreat are all comparable between the three water years. None-
theless, there are discernible differences. For example, the El Nino year
(Fig. S2) has relatively weaker precipitation in the western Amazon
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Fig. 2. Monthly total precipitation (mm) for the ENSO neutral water year (June 2018 — May 2019). Left and right panels are for IMERG and simulation (EXP1),
respectively.
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Table 2
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Statistical results of monthly precipitation over land points of the model domain for EXP1-3, including
Pearson’s correlation coefficient, root mean square error (RMSE), mean bias, and mean absolute error (MAE)
of the monthly total precipitation with respect to IMERG data. Black, red, and blue are for the June 2018 —

May 2019, June 2015 — May 2016, and June 2010 — May 2011 water year, respectively.

Month Corr. Coef. RMSE (mm) Mean Bias (mm) MAE (mm)
June 0.866 0.837 0.847 79.7 835 86.1 7.7 38 6.2 41.6 45.7 44.0
July 0.857 0.800 0.862 72.9 88.3 83.8 08 -7.1 438 35.8 49.6 445

August 0.787 0.794 0.846 73.8 79.1 75.6 1.1 05 4.2 39.5 41.3 359

September  0.732 0.702 0.727 74.8 65.7 77.4 27 -14 -1.7 46.5 38.7 44.4
October 0.706 0.687 0.666 89.1 85.5 100.6 10.1 20.0 27.6 55.5 52.5 60.5
November 0.661 0.689 0.724  110.2 95.0 102.7 21.5 20.8 25,5 71.3 60.4 64.7
December 0.723 0.714 0.726 98.7 98.6 102.5 5.2 18.3 22.1 64.8 63.6 65.5
January 0.704 0.744 0.682 108.4 115.6 116.8 10.5 39 93 69.5 76.6 75.5
February 0.695 0.507 0.670 106.1 120.4 113.3 6.6 3.7 13.2 68.2 82.3 78.9

March 0.664 0.654 0.628 115.0 124.5 128.4 10.0 18.6 4.0 77.2 83.6 85.1
April 0.675 0.746 0.735 110.8 107.8 110.0 1.1 10.0 2.9 74.1 68.8 68.6
May 0.779 0.785 0.834 102.9 89.8 99.6 -0.6 1.2 6.0 62.8 54.5 55.2

during the austral spring and in the northern Amazon during the austral
summer as compared to the ENSO neutral year (Fig. 2), while the La
Nina year (Fig. S3) exhibits weakest precipitation from October to
January among the three years in the southeast region. The model re-
produces the observed sub-seasonal and seasonal variabilities for these
two years as well (Figs. S$2-S3), like the ENSO neutral year. In general,
the impact of ENSO phases is properly simulated. The statistics of
monthly precipitation (Table 2) suggest little dependency of model
performance on the ENSO phase.

The annual precipitation from the WRF simulation and IMERG
observation for the three water years is displayed in Fig. 3, along with
the Pearson correlation coefficient, areal mean difference, MAE, and
RMSE in Table 3. Despite an overall similarity in spatial patterns,
including the strong equatorial precipitation along the ITCZ and the
precipitation band stretching from the central Amazon into the Atlantic
Ocean along the SACZ, observations show apparent differences between
the three water years (left column), indicative of the impact of ENSO
phases. For instance, the Amazon Basin is comparatively wetter in the La
Nina year than in the EI Nino year, and the opposite occurs for the La
Plata Basin, with the ENSO neutral year being the average situation.
These interannual contrasts are well captured by the model, and the
tropical precipitation hot spots along the Colombian coast and over
southwestern Colombia and nearby areas are reasonably replicated.
Irrespective of the ENSO phase, however, WRF overestimates the annual
orographic precipitation over both the tropical Andean Mountains and
Guyana Highlands and parts of Brazil but underestimates the precipi-
tation in part of tropical Atlantic coastal region and most of southern
South America. The widespread wet biases in the central Amazon and
localized dry biases near the equatorial Atlantic coast are seemingly
more significant in the EI Nino year, in alignment with the slightly lower
pattern correlation and higher absolute bias.

Figs. 4-5 present a comparison of annual total precipitation between

WRF and gauge observation at station sites. The simulated spatial dis-
tribution shows a good agreement with observations (Fig. 4a-b). Espe-
cially, the model captures the heavy precipitation observed in the
western Amazon Basin and southern Andes, as well as relatively light
precipitation in southeastern Brazil. Disparities include the large posi-
tive biases in the tropical Andes and eastern Brazil (> 400 mm) and the
negative bias in southern Brazil (Fig. 4c), consistent with the comparison
against the IMERG data (Fig. 3c). The scatter plot (Fig. 5a) reveals a
good one-to-one correspondence between the simulated and observed
annual precipitation with a Pearson correlation of 0.8 and mean dif-
ference of 164 mm. Additionally, the simulation is skillful at reproduc-
ing the monthly precipitation totals averaged at all sites and the annual
cycle (Fig. 5b), regardless of the wet bias for all months, particularly
during the November-March rainy season.

The simulated and observed frequency of wet days and precipitation
intensity for the ENSO neutral year are illustrated in Fig. 6. Herein, a wet
day is defined as a day with daily precipitation accumulation greater
than 1 mm and its frequency is calculated as the percentage of wet days
with respect to the total number of days, whereas the corresponding
mean intensity represents the daily precipitation amount averaged over
all wet days. It is readily seen that the annual mean precipitation dis-
tributions (Fig. 3c) are mostly determined by precipitation occurrences,
weakly correlated with the intensity. Overall, the spatial pattern of
precipitation frequency is remarkably similar between the model and
IMERG, with maxima in northwestern Amazon and Colombian Pacific
coast and minima in northern Chile (Fig. 6a-b). The observed and
simulated precipitation intensity are similarly characterized by weaker
spatial variabilities in the tropics and subtropics, with a maximum value
in the mid-latitude region, the La Plata Basin (Fig. 6d-e). Despite the
good spatial agreement with observations, the simulation seems to
produce too-few precipitation days (Fig. 6¢) with too-strong intensity
(Fig. 6f) across most of the continent. There is an underestimation of
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Fig. 3. Comparison of annual mean daily precipitation (mm day’l) between IMERG (1st column) and simulation (EXP1-3; 2nd column) for (a) June 2010 — May
2011, (b) June 2015 — May 2016, and (c) June 2018 — May 2019. The 3rd and 4th columns show absolute and percent difference between model and IMERG over

land. The pattern correlation coefficient, mean bias, MAE, and RMSE averaged over land points are presented in Table 3 for each water year.
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Table 3

Statistical results of annual mean daily precipitation (mm day ') over land
points of the model domain, including Pearson correlation coefficient, root mean
square error (RMSE), mean bias, and mean absolute error (MAE) with respect to
IMERG for various experiments (see Table 1).

Experiment Corr. RMSE (mm Mean bias (mm MAE (mm
Coef. day™1) day™1) day 1)
EXP1 0.780 1.98 0.21 1.09
EXP2 0.744 1.97 0.24 1.16
EXP3 0.797 2.11 0.34 1.07
EXP4 0.769 2.08 0.22 1.05
EXP5 0.736 2.22 0.37 1.26
EXP6 0.737 1.87 -0.35 1.17
EXP7 0.710 2.04 -0.92 1.45
EXP8 0.799 1.92 0.03 1.04

intensity over the La Plata basin, with some overestimation of frequency
in northern Argentina. An overestimate of both frequency and intensity
dominates the Andes, accounting for the large wet bias therein (Fig. 3c),
while the wet bias in Amazon, where the frequency is underpredicted,
can be solely attributed to the overpredicted intensity. The same con-
clusions are effective for the two years of different ENSO phases
(Figs. S4-S5).

The probability distribution of daily precipitation in Fig. 7a provides
an evaluation of the model skill at generating the full spectrum of pre-
cipitation intensity over the continent, showing reasonable consistency
between the simulation and observation. Though the simulation tends to
underestimate weak precipitation days (< 20 mm day ) and overly
produce heavy precipitation days (> 20 mm day!). Larger differences
between model and IMERG are witnessed for the probability distribution
of hourly precipitation (Fig. 7g), characteristic of an underprediction of
wet hours below 7 mm h™! and an overprediction of wet hours above 7
mm h™!. Of note is that the less favorable agreement in hourly precip-
itation could partly stem from the relatively high uncertainty of the
satellite precipitation at shorter time scales.

As anticipated, both the probability distribution and the model
performance vary across various climate zones (Fig. 7b-f, h-1). As evi-
denced in Fig. 7b and h for Northern South America (NSA) and in Fig. 7¢
and i for Northwest South America (NWS), the low-latitude regions
feature an overestimate of intense precipitation frequency and an un-
derestimate of weak precipitation frequency for both daily and hourly
precipitation, a pattern that largely aligns with the mean continental-
scale characteristics discussed earlier (Fig. 7a, g). The other two trop-
ical and subtropical regions, South American Monsoon (SAM) and
Northeast South America (NES), are not shown, as they closely resemble
NSA. A notably better agreement between the simulation and observa-
tions is observed in the mid-latitude region, Southeast South America
(SES) (Fig. 7d, j). Additionally, the model performs reasonably well in
the southern mountainous region, Southwest South America (SWS)
(Fig. 7e, k). Unlike all other regions, the simulation tends to over-
estimate precipitation occurrence across nearly the entire intensity
spectrum in the high-latitude region, Southern South America (SSA)
(Fig. 7f, 1), where snowfall predominates.

3.2. Diurnal cycle of summer precipitation

The diurnal cycle is a well-known solar heating forced mode of
variability in the surface and atmospheric fields (Yang and Slingo, 2001;
Dai and Trenberth, 2004). Its accurate depiction in numerical models
requires the realistic representation of various components and their
interactions of the Earth climate system, and thus is an important aspect
of evaluation of the model physics. Fig. 8 compares the diurnal attri-
butes of precipitation over the austral summer season (December —
February) for the ENSO neutral year, including the timing of maximum
hourly accumulated precipitation and the amplitude. [On average, local
solar time (LST) is approximately 4 h behind UTC, namely, LST = UTC —
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4.] In observations (Fig. 8b) the continent exhibits a rich diversity of
regional diurnal variations due to the modulations associated with
topography, land-sea contrast, land surface heterogeneity, convective
storm propagation and many other processes. For the most part, the
afternoon-evening peak dominates the inland region, the high moun-
tains, and the Atlantic coast, resulting from the thermodynamical
response in the planetary boundary layer to daytime solar heating cycle.
Exceptions include 1) the nocturnal peak in the foothills of the Andes
and part of northwestern Brazil; 2) the coherent eastward delayed
timing over Argentina, which is a manifestation of propagating con-
vection starting at the leeside in the evening and reaching the coast in
the following morning; and 3) the inland delayed occurrence of
maximum precipitation near the tropical Atlantic coast, which is likely a
signature of southwestward traveling convection initiated by the sea
breeze circulation along the coast in the morning. The model is capable
of simulating the complex diurnal pattern (Fig. 8a), such as the prevalent
afternoon-evening occurrence of maximum precipitation across the
continent and regional nighttime peak along the local valley, the foot-
hill, and the inland area adjacent to the Atlantic coast. In particular, the
reasonable replication of the coherent phase lag east of the southern
Andes is indicative of the model’s capability in simulating propagating
mesoscale convective systems (Prein, 2024). The primary deficiency is
the overprediction of afternoon occurrence of maximum precipitation
over the western and central Amazon. Phase discrepancies are also
discernible in subtropical Andes and Brazilian Highlands.

The amplitude of hourly precipitation is computed to measure the
strength of diurnal signals, another attribute of diurnal cycle as well as
the peak timing. Herein, the diurnal amplitude is defined as the differ-
ence between daily maximum (Ppay) and minimum (Pp,;,) hourly pre-
cipitation normalized by the daily mean precipitation amount (Pmean), i-
e., (Pmax-Pmin)/(2Pmean)x100%. As shown in Fig. 8d, the strongest
diurnal signals are observed in northern Colombia and Venezuela, Chile,
and central Argentina, with the weakest signals in the Amazon. These
regional contrasts are well captured in the simulation (Fig. 8c), even
though the model overly estimates the diurnal amplitude over most of
the continent. In closing, the 4-km WRF model with explicit convection
performs reasonably well at representing the observed diurnal variation
of precipitation, which is further confirmed by the equally impressive
performance in the other two summers (Figs. S6-S7).

3.3. Deep convective clouds (DCC)

South America is a hotspot for the occurrence of MCSs, where they
contribute more than 50 % to annual total precipitation over most of
Amazon and Colombian Pacific and up to 80 % in Argentina (Nesbitt
et al., 2006; Feng et al., 2021; Prein et al., 2023; Jaramillo et al., 2017).
As such, deep convective clouds (DCCs) in South America provide a key
test bed for evaluating the convection-permitting climate simulations
such as the present continental-scale simulations. In this study, we were
not able to track MCS adequately due to the three hourly outputs of the
12 km simulation. Therefore, we decided to identify DCC characteristics
at every model output time step without connecting clouds in time. We
used the Multi-Object Analysis of Atmospheric Phenomenon (MOAAP;
Prein et al., 2023) algorithm to identify DCCs with cloud top tempera-
tures that are colder than 241 K and feature an overshoot being colder
than 221 K. MOAAP uses a watershed method to separate large cloud
shields into smaller clusters as seen in the example in Fig. S8. We use the
IMERG precipitation data (Huffman et al., 2019) and the NASA Global
Merged IR V1 infrared brightness temperature data (Janowiak et al.,
2017) as observational reference and conservatively remap all datasets
to the common grid of the 12 km WRF simulation before the analysis. We
perform the analysis on the 6th IPCC Assessment Report regions that
intersect with our modeling domain (see Fig. S1).

The size distribution of DCCs is similar between the observation, 4
km simulation (EXP1), and 12 km simulation (EXP6) for clouds smaller
than 200,000 km? in the Northern South America (NSA) region (Fig. 9a).
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Fig. 4. Annual total precipitation (mm) of the 2018-2019 water year at the gauge sites for (a) observation and (b) simulation (EXP1). (c) Precipitation difference

(mm) between simulation (EXP1) and observation.

Frequency of larger clouds is overestimated in the 4 km simulation while
the 12 km simulation continues to agree well with observations. In the
Southeast South America (SES) region (Fig. 9b) both simulations slightly
underestimate the frequency of DCCs except for small clouds. Larger
clouds are more realistically simulated in the 4 km simulation.

The largest fraction of precipitation is contributed by DCCs of about

50,000 km? size in NSA (Fig. 9¢) and 50,000—150,000 km? in SES
(Fig. 9d) according to observation. The 4 km simulation captures the
observed distribution in the NSA region well except for a higher
contribution of small DCCs. The 12 km simulation underestimates the
contribution frequencies across the entire spectra of cloud sizes. In the
SES region, both simulations are underestimating the amount of
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precipitation from DCC across all cloud sizes, although the 12 km run is
closer to the observations for smaller clouds (Fig. 9d). It is unclear if the
higher fraction of precipitation from small DCCs (particularly in the NSA
region) in the 4 km model is a model bias or a deficiency in the obser-
vational capabilities of IMERG (e.g., Pradhan et al., 2022).

DCC mean precipitation is similar between observations and both
simulations for large cloud systems in the NSA and SES region (Fig. 9e, f)
while the 4 km simulation features much larger mean precipitation for
small clouds than the observation and the 12 km simulation. It is un-
certain whether this is a model or observational deficiency due to the
difficulty in observing small, high-intensity precipitation areas in
IMERG (Pradhan et al., 2022; Dominguez et al., 2023). In the SES region,
the 4 km model mean precipitation statistics agree better with obser-
vations for smaller clouds except for the smallest cloud features.

The peak timing of DCC occurrence depends on the cloud size in the
NSA region with larger clouds occurring during late night and early
morning in the observation and 4 km simulation while small DCCs are
most frequent during noon (Fig. 9g). This is due to the upscale growth of
smaller systems toward larger-scale convective systems through the day
and the nocturnal peak in MCS frequency in this region. The 12 km
simulation is not able to capture these characteristics and features peak
noon DCC frequencies independent of the cloud area. No clear de-
pendency of timing on DCC size is visible in the SES region and all three
datasets show similar characteristics (Fig. 9h).
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Fig. S9 shows the DCC characteristics for all other IPCC regions that
intersect with our modeling domain. We found the largest differences
between the 4 km and 12 km simulation in the North Atlantic Ocean
(NAO) and Equatorial Atlantic Ocean (EAO) region where the 4 km
simulation clearly outperforms the 12 km simulation (except for mean
precipitation and timing), although differences between the observation
and the 4 km simulation persist. Both simulations struggle and largely
underpredict the DCC frequency and precipitation contribution in the
South Atlantic Ocean region. This is in line with the underestimate of
MCS frequencies in 4 km model over this region as shown in Prein, 2024.

3.4. Surface air temperature

In this section, the simulated 2-m temperature is evaluated against
ERAS reanalysis data. Like the above precipitation analysis, the simu-
lated temperature field is conservatively regridded to the ERAS5 grid. The
impact of elevation difference between the model and ERAS is approx-
imated by using the standard temperature lapse rate of 6.5 °C km .

Fig. 10 shows the spatial distribution of seasonal mean daily 2-m
maximum and minimum temperature (hereafter, Tpax and Tp, for
brevity) differences with respect to ERA5 for the 2018/19 water year to
validate WRF’s capability in simulating near-surface temperatures. In
general, ERA5 and WRF are in a good agreement, with an areal mean
bias below 1 °C and a pattern correlation above 0.98 for both Ty, and
Tmin for most seasons. The temperature difference across the continent is
typically confined within +2 °C, exhibiting a moderate seasonal de-
pendency, especially for Tpax. In JJA (Fig. 10a), Tnax is characterized by
a widespread cold bias except for north of the equator and the high
Andes where a warm bias prevails. As the season progresses, the area of
cold bias rapidly shrinks, while the warm bias constantly expands
southward, occupying the whole Amazon basin in the spring (Fig. 10b)
and further penetrating into the La Plata basin in the summer (Fig. 10c).
With the seasonal progression into the fall (Fig. 10d), the warm bias
shrinks, and the cold bias expands, with a spatial distribution compa-
rable to the spring season. A year-around cold bias persists in the high
latitudes south of 40°S, possibly attributed to the deficient snow physics
in the land surface model as reported in He et al. (2019). It is interesting
that the warm bias (Fig. 10) and precipitation (Fig. 2) experience a
similar seasonal southward expansion and northward retreat, but there
is no clear correlation between the temperature and precipitation biases.
Contrastingly, a cold T, bias dominates the continent throughout the
year, with the bias being somewhat higher in the winter and spring than
in the summer and fall. The EI Nino and La Nina years show quite similar
spatial patterns and seasonal changes in the near-surface temperature
bias (Figs. S10-S11).

The simulation and ERA5 agree reasonably well on the probability
distribution of daily mean and instantaneous hourly 2-m temperatures
(Fig. 11a-b), both being left-skewed and peaking around similar tem-
perature values. Regardless, the simulation gives rise to a less elevated
peak and wider tails, corresponding to an overprediction of both
extreme cold and warm temperatures. Like the daily mean temperature,
the daily maximum (Fig. 11c) and minimum temperature (Fig. 11d) are
all left-tailed, with comparable peaks in the simulation and ERA5. But
the overall agreement between the simulation and ERA5 is less favorable
as compared to the daily mean, with Tp,,¢ peaking at higher temperature
and Tp, peaking at lower temperature in the simulation than in ERAS5,
consistent with the prevailing Tpa.x warm bias and Tpi, cold bias
(Fig. 10). Another discrepancy is the broader tail in simulated Tp,ax and

Thin-
4. Sensitivity experiments

In addition to the three year-long simulations for different ENSO
phases using 4-km WRF model, four sensitivity simulations, EXP4-7 (see
Table 1), were conducted for the 2018/19 ENSO neutral year to examine
the potential benefits of spectral nudging and convective
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Fig. 6. The occurrence frequency of wet days (%; top) and precipitation intensity (mm day~!; bottom) for the IMERG observation (left), the simulation (EXP1;
middle), and the difference (model-IMERG; right) in the 2018/19 water year. The number is the land-point average value.

parameterization as well as the added value of the 4-km grid spacing
relative to typical grid spacings used in traditional dynamical
downscaling.

4.1. Spectral nudging

Spectral nudging has been widely applied to large-domain rean-
alysis-driven regional climate downscaling to enhance the consistency
between simulated and observed large-scale fields, as well as to better
capture the spatial and temporal characteristics of historical weather
events and climate in the simulations. It can effectively eliminate
climate drifting, mitigate various model biases, and reproduce synoptic
weather systems (e.g., Miguez-Macho et al., 2004; Otte et al., 2012;
Separovic et al., 2012; Pohl and Crétat, 2014; Omrani et al., 2015; Tang
et al., 2016; Liu et al., 2017; Rasmussen et al., 2023). To examine how
much benefit could be achieved from spectral nudging for the
continental-scale simulation over South America, an experiment (EXP4
in Table 1) was performed with the same model configuration as in EXP1
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but with the inclusion of spectral nudging. The specific setup was built
upon the one used in the North American continental-scale downscaling
(Liuetal., 2017; Rasmussen et al., 2023) and a series of test runs over the
rainy period of November-December 2018, involving 1) nudging wind,
geopotential and temperature variables at model level 12 (~1 km from
the surface) and above; 2) a cutoff wavelength of ~1000 km; and 3) a
nudging coefficient of 0.00005 for all variables.

Generally, the difference between the non-nudged and nudged sim-
ulations is insignificant, albeit non-negligible, in both the magnitude
and spatial distribution of annual precipitation. As indicated in Fig. 12a-
b, spectral nudging slightly reduces the high precipitation bias over the
northwestern edge of the Amazon basin and south of the Amazon River
and also the low precipitation bias along the Amazon valley and its
northern flank, but it surprisingly worsens the wet bias over the ridges
and slopes of the tropical and subtropical Andes. The domain mean
precipitation and pattern correlation are little affected by the usage of
spectral nudging (Table 3). This is also true for other precipitation at-
tributes, such as frequency, intensity, and diurnal cycle and near-surface
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temperature (not shown).

The limited value of spectral nudging for the current continental-
scale downscaling is in stark contrast to the significant benefit docu-
mented in previous studies over other parts of the world. For instance,
applying spectral nudging to convection-permitting North America
climate downscaling notably mitigates the warm-season temperature
bias and improves the model skill in simulating climatological precipi-
tation pattern (Liu et al., 2017). It was also reported that spectral
nudging plays a critical role in reproducing the observed tropical multi-
scale convective activities by the kilometer-scale WRF model (Liu and
Moncrieff, 2015; Moncrieff et al., 2017; Chen et al., 2021). The smaller
impacts of spectral nudging in the current simulation could be attrib-
utable to multiple factors. First, the skillful non-nudged simulation
makes it difficult to further improve the model performance. Second, the
uncertainties in the verification data complicate the assessment of
nudging impact. For example, the deficient satellite precipitation
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product makes us less confident about the effect of the nudging induced
precipitation enhancement over the Andes is suggestive of a degradation
or an improvement. Third, the nudging performance relies on forcing
data quality. Considering few sounding observations available for data
assimilation, the reanalysis data over the South American continent may
be not as reliable as over North America. Lastly, the trivial value from
nudging in present experimentation could be associated with the pres-
ence of complex towering mountains. Recall that in spectral nudging,
variables are transformed in the model coordinate by a fast-Fourier
transform and then nudging is applied on selected large spatial scales
only. In the presence of high mountains, however, the model coordinate
is very different from the physical (i.e., height or pressure) coordinate,
and accordingly the spectral decomposition and thus nudging would be
physically less meaningful, and this caveat could hinder the nudging
performance. In addition, it is possible that the current nudging
configuration might not be the best-performing one to this geographical
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Fig. 9. Characteristics of deep convective clouds in observation (black), 12 km model simulation (EXP6, blue), and the 4 km simulation (EXP1, red) for the 2018/19
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Fig. 10. Spatial distributions of seasonal mean daily 2-m maximum (left) and minimum (right) temperature differences between simulation (EXP1) and ERA5 (WRF-
ERADS) for the 2018/19 water year. (a)-(d) correspond to the austral winter (JJA), spring (SON), summer (DJF), and autumn (MAM), respectively. Also shown are the

Pearson correlation coefficient and mean difference (°C).
region, and therefore further testing may be needed.

4.2. Scale-dependent deep convection parameterization

The 4 km grid spacing used in the foregoing simulations falls into the
convective grey zone resolution range (~1-10 km) where the grid
length is close to the dimension of individual convective elements and
convective processes are partially resolved, even though organized
convective systems are represented explicitly. On the other hand, within
the grey zone, small-scale convection would be poorly handled by
traditional cumulus parameterization used in coarse resolution models
since most of conventional closure assumptions break down. As such,
numerous efforts have been made to enable traditional parameteriza-
tions to possess a scale-aware capability such that their validity is
maintained across a range of grid spacing, along with a smooth transi-
tion from fully parameterized to explicit convection (Arakawa and Wu,
2013; Grell and Freitas, 2014; Zheng et al., 2016; Yun et al., 2017; Kwon
and Hong, 2017; Wang, 2022). Previous testing in weather forecasting
models demonstrated the values of such grid-scale-dependent parame-
terizations in improving various aspects of precipitation forecasts and
modeling (e.g., Zheng et al., 2016; Kwon and Hong, 2017; Zhang et al.,
2021). Notwithstanding, there is no consensus on whether subgrid
convective processes should be parameterized in convection-permitting
models, especially with grid-box lengths approaching the lower bound
of the grey zone, as that used in the present study. Motivated by this
curiosity, we carried out an experiment (EXP5 in Table 1) with a scale-
aware convective parameterization. As detailed in Wang (2022), this
scheme introduces a grid-size-dependent convective adjustment time
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scale into the Tiedtke convection parameterization (Tiedtke, 1989),
which brings down the parameterized convective amount as grid length
decreases.

Despite similar patterns and a mere ~3 % areal mean increase of
precipitation amount as compared to the microphysics-only simulation
(EXP1), the parameterization used in EXP5 causes a visible precipitation
enhancement in most of the continent, especially over the Andes and
southeastern Brazil, which further deteriorates the wet bias in these
regions (Fig. 12c¢). An exception occurs along the equatorial Atlantic
coast, where the rainfall is notably suppressed by the parameterization
and thus the dry bias worsens. The overall small difference between the
two simulations with different moisture physics treatment is not sur-
prising in view of the parameterized convection accounting for 13.5 % of
total amount only in the sensitivity simulation. In general, the inclusion
of parameterization has little positive, or even negative value as
demonstrated by somewhat higher mean bias and lower pattern corre-
lation compared to EXP1 (Table 3). We also examined the precipitation
frequency, intensity, and diurnal behavior in the sensitivity simulation
(not shown) and found an overall resemblance to the microphysics-only
simulation. Noticeable disparities are the domain wide increase in wet-
day occurrence and decrease in precipitation intensity, attributable to
the additional parameterized weak convective precipitation events.

As demonstrated in a recent grey-zone resolution modeling study of
tropical convection (Liu et al., 2021), however, the model performance
at 4-km grid spacing shows a weak but non-negligible dependence on
the selection of convective parameterization. As such, the present
comparison between simulations with and without parameterized con-
vection would change if a different convection scheme were utilized as
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evidenced in Liu et al. (2021).

4.3. Coarse resolution experiments

Previous studies in different geographical regions have shown
consistent improvement in many aspects of model performance with the
increasing resolution. Particularly, as compared against the coarse res-
olution models, convection-permitting models significantly improve the
depiction of complex terrain and associated orographic precipitation,
better the representation of diurnal cycle by bypassing conventional
cumulus parameterization, and explicitly resolve organized convective
systems and associated extreme weather among many others. To
confirm if these advantages of convection-permitting model are valid to
the South America region, we have conducted two coarser resolution
experiments at a grid spacing of 12 and 24 km (EXP6-7 in Table 1),
comparable to and even finer than the resolutions used in most of pre-
vious dynamical downscaling over South America (see the review by
Ambrizzi et al., 2018). Distinct to the fully explicit convection in sim-
ulations at 4-km grid spacing, the subgrid deep convection is parame-
terized using the new Tiedtke scheme implemented in the WRF model by
Zhang and Wang (2017).

The annual precipitation bias is contrasted between the three simu-
lations with different grid spacing (i.e., EXP1, EXP6, and EXP7) in
Fig. 12. Visually, the convection-permitting simulation is apparently
closest to IMERG (Fig. 12a), outperforming the two coarser resolution
simulations with parameterized convection (Fig. 12d-e), with the latter
substantially underpredicting the tropical rainfall. Almost everywhere
across the continent, larger grid spacing results in smaller precipitation
amount. Consequently, the prevailing positive bias over many areas in
the 4-km simulation is either much reduced or gives way to a prevalence
of negative bias in the 12-km and 24-km simulations, and this resolution
dependency is confirmed by the opposite signs of domain mean bias
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(Table 3). The superiority of the 4-km grid spacing is further attested by
the statistical results, that is, higher spatial correlation, and lower mean
bias and absolute bias of annual precipitation amount (Table 3), as well
as the more accurate representation of precipitation frequency, intensity
and diurnal variation (see Figs. 6, 8, and S12-S13). The 12-km simula-
tion significantly overestimates the wet-day frequency and un-
derestimates the precipitation intensity (Fig. S12), as well as the
excessive afternoon timing of peak precipitation amount and frequency
(Fig. S13) compared to IMERG (Fig. 8b), all of which reveal a worse
performance relative to the 4-km simulation.

It is important to note that it is not only the resolution but also the
representation of convective processes that affects the modeling results;
that is, microphysics only at 4 km vs. microphysics plus convective
parameterization at 12 and 24-km. Moreover, modeling results are very
sensitive to deep convective parameterization. Accordingly, it should
not be surprising that the performance of the 12-km and 24-km simu-
lations and their difference relative to the 4-km simulation would
change when a different convection scheme is used. But which param-
eterization performs best is beyond the scope of the present study.

5. Discussion and conclusions

In this study, the WRF model was configured with a continental-scale
domain encompassing the South American continent at 4-km horizontal
grid spacing for regional climate downscaling experimentation. The
purpose is to assess the capability of convection-permitting WRF model
in simulating regional precipitation and near-surface temperature,
focusing on a best-suited setup established from our North America
experience and a series of seasonal testing. Considering the significant
influence of ENSO on the interannual variability, we have experimented
three individual years, corresponding to different phases of ENSO, for
general and robust conclusions. The main findings are as follows:
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Fig. 12. (a)-(e) Annual mean precipitation difference from IMERG (mm day ') for the 2018/19 water year, corresponding to the simulation EXP1, the nudged
simulation EXP4, the simulation EXP5 with convective parameterization applied, the simulation EXP6 at 12-km grid spacing, and the simulation EXP7 at 24-km grid
spacing. Also shown are the Pearson correlation coefficient and areal mean bias relative to IMERG. (f) Annual mean precipitation difference (mm day ) for the
2010/11 water year between EXP8 and EXP3 (EXP8 - EXP3).

The convection permitting WRF model realistically replicates the
spatial distribution of annual, seasonal and sub-seasonal precipita-
tion for all ENSO phases.

The model closely captures the regional dry-wet transition, the sea-
sonal migration of precipitation bands, and precipitation frequency
and intensity, as well as the diverse diurnal patterns in association
with the daily solar heating cycle, the sea-land contrast induced local
circulation, the mountain-valley -circulation, and propagating
convection.

The model displays good skill in representing the various attributes
of observed deep convective clouds, except for the too-frequent
occurrence of small clouds.

WREF reasonably reproduces the seasonal near-surface temperature
distribution, especially the large gradient across the narrow and
steep mountains, as well as the probability distribution of daily mean
and hourly temperatures.

Overall, the model performance does not show apparent dependency
on the ENSO phase.

In conclusion, regardless of the exclusion of spectral nudging, the

overall promising performance is quite comparable to that over North
America (e.g., Liu et al., 2017; Rasmussen et al., 2023), suggestive of the

potential application of the tested model setup for long-term regional
climate downscaling over the South American continent. Additional
sensitivity experiments were conducted to quantify the potential value
of spectral nudging and scale-sensitive convective parameterization, and
the horizontal resolution impact. The results suggest the following:

Limited benefit of spectral nudging, including the mitigation of the
low rainfall bias in the vicinity of the equatorial Atlantic coast and
the wet bias over most of the Amazon, is seen but is offset by the
deteriorating orographic precipitation overprediction, leading to
overall little improvement.

Minimal benefit or even negative value is gained with the inclusion
of a scale-aware convective parameterization, indicative of much
needed improvement in the tested parameterization for grey-zone
resolution.

Coarser resolution simulations underperform the convection-
permitting resolution simulation in terms of all evaluation metrics.

In summary, the sensitivity tests provide further support that the

model configuration designed for the simulations of three individual
years represents an optimal setup for regional climate downscaling ap-
plications over South America. This setup has been used for long-term
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simulations over the continent, as described in Dominguez et al. (2023)
and Liu et al. (2022).

Of notice is that the minimal benefit from spectral nudging in the
present simulation contradicts the effectiveness of a similar spectral
nudging configuration in alleviating some model deficiencies over North
America (e.g., Liu et al., 2017). As discussed earlier, this geographic
contrast may be partially attributed to the existence of high steep
mountains, which physically invalidates the spectral decomposition on
the model levels and thus the nudging efficacy, even though other
aforementioned factors may play a role as well (see Section 4.1). In
addition, the result from the convection-permitting resolution simula-
tion with parameterized subgrid-scale convection should be viewed with
caution, since the model performance is sensitive to the choice of con-
vection scheme. Regardless, there is no consensus on the use of
convective parameterization at the convection-permitting resolution (i.
e.,, 1-4 km grid spacing), which has been excluded in most existing
convection-permitting regional climate modeling, even though some
weather forecasting type modeling studies indeed call for the inclusion

(a) IMERG (10 - 22 LST)
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of scale-aware convective parameterizations in grey-zone resolution
simulations (e.g., Jeworrek et al., 2019; Zhang et al., 2021; Wang,
2022). The great sensitivity of model performance to grid spacing is
perhaps less surprising. The remarkable superiority of 4-km grid spacing
with respect to the 12-km and 24-km grid spacing is consistent with
previous studies in other geographical regions (e.g., Ikeda et al., 2010;
Kendon et al., 2012, 2014; Chan et al., 2014; Ban et al., 2014, 2021;
Prein and Coauthors, 2015; Coppola and Coauthors, 2020). Arguably,
kilometer-scale convection-permitting models are particularly advan-
tageous over coarser resolution models over South America, considering
the extremely complex terrain and the very dominant role of deep
convection and abundant organized convective systems, all of which can
be only adequately represented at sufficient fine resolution. Neverthe-
less, coarse resolution simulations with parameterized convection are
greatly affected by the chosen convective parameterization scheme. It is
likely that the performance would be improved if other parameteriza-
tions were used in our 12 and 24-km simulations.

Notwithstanding the promising performance, all simulations suffer

01 05 09 13

(c) IMERG (22 - 10 LST)

0.1
(d) WRF (22 - 10 LST)

05 09 138 17
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(e) Terrain
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Fig. 13. Mean precipitation distribution (mm h™Hina region of subtropical Andes over daytime (10-22 LST) for (a) IMERG and (b) simulation (EXP1), and over
nighttime (22-10 LST) for (c) IMERG and (d) simulation (EXP1). (e) Terrain (m) in the sub-domain.
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some common deficiencies. The most striking one is the overprediction
of precipitation over both the ridge and slopes of the Andes as compared
to the IMERG observations. A wet bias, albeit comparatively much
weaker, is also present over most of the Amazonian Basin. This year-
round problem could result from the uncertainty in the verification
data and/or the deficient model physics. Because of the shortage of
reliable in situ observations over the high mountains, presently the
model evaluation heavily relies on a newly created satellite precipitation
product IMERG. A well-known advantage of this dataset is its complete
global coverage with relatively high spatial and temporal resolutions.
However, satellite estimates generally have large uncertainties in both
the magnitude and variability (Sun et al., 2018; Vallejo-Bernal and co-
authors, 2021) and difficulty representing precipitation in moun-
tainous areas, where IR retrievals generally fail to capture light pre-
cipitation events and underestimate orographic rain, whereas passive
microwave retrievals face challenges detecting orographic precipitation,
especially in the cold season (Derin and Yilmaz, 2014). In short, because
of large uncertainties in satellite-based precipitation products, the
model discrepancies with respect to the IMERG data should be inter-
preted with caution.

In addition to the imperfect satellite retrieved precipitation, flawed
treatment of subgrid physics in the WRF model may be blamed for the
overprediction of orographic precipitation as well. Careful analysis over
a subregion of subtropical Andes, where significant wet biases are
observed, indicates that the spurious simulated precipitation mainly
comes from excessive afternoon-evening convective precipitation
(Fig. 13), likely a consequence of unrealistically strong surface solar
radiative heating reported in a recent convection-permitting down-
scaling over North America using the same suit of physics parameteri-
zations (Rasmussen et al., 2023). As well as insufficient cloudiness in the
model, particularly in the mid-troposphere (Cintineo et al., 2014;
Thompson et al., 2016; Kim et al., 2023), we speculate that the poor
depiction of small-scale shallow boundary-layer convection and conse-
quently its direct impact on insolation could play a role in the generation
of excessive orographic precipitation. In the present model setup, the
cloud fraction is determined by the grid-scale condensate generated

a) Evaluated stations
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from the microphysics scheme (Xu and Randall, 1996), implying that
scattered shallow cumulus clouds in the daytime boundary layer would
be likely underestimated because of the inability of the 4-km grid
spacing to resolve these subgrid clouds. The under-representation of
shallow convection, plus possible fewer clouds in the mid-troposphere,
could lead to too much downward solar radiation reaching the ground
and consequently development of overly strong thermal instability and
orographic circulation during the daytime, in favor of convective gen-
esis. As shown in Fig. 14, this hypothesis is supported by a comparison of
surface downward solar radiation between the simulation and in situ
observations at three sites in Chile, which reveals a clear overestimation
of the observed shortwave flux by the WRF model. It should be
mentioned that the excessive surface shortwave radiation and its po-
tential linkage to the abundant afternoon precipitation were also sug-
gested in other geographical regions (Yun et al., 2020, 2021; Liu et al.,
2023). A thorough investigation into this model deficiency is important
to model physics improvement but beyond the scope of the present
study.

In addition to the aforementioned erroneous satellite estimates and
the missing treatment of clouds, we speculate the lack of aerosol-cloud-
radiation interactions may be partially responsible as well, as demon-
strated in a surrogate CCN sensitivity experiment (EXP8 in Table 1),
where the number of cloud droplets is modified from the default value of
100 per cc to 250 per cc to mimic an increase of CCN or aerosol con-
centration. It is shown that this microphysical change leads to an
average ~ 7 % reduction of annual total precipitation relative to the
baseline simulation EXP1, with the most significant decrease in the
tropical and subtropical mountains (Fig. 12f). Improvements are
measurable in all aspects of precipitation statistics (Table 3). A study
over East Asia (Yun et al., 2020) also found that the inclusion of aerosol
impact on cloud microphysics alleviated the excessive warm-season
precipitation in WRF simulations. Taken together, the simulated high
precipitation deficiency relative to satellite observations could arise
from multiple factors, and its attribution study will be further pursued in
our future endeavors.
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Fig. 14. Comparison of downward shortwave flux (DSWF, W m~?) at the ground surface between WRF simulation (EXP1) and in situ observations at three stations.
(a) Locations of the observational sites and terrain elevation; (b-d) Diurnal cycle of DSWF, averaged over December 2018 — February 2019, at each site. The root
mean square error (RMSE), percent bias (Pbias), and coefficient of determination (r?) at each site are shown in (b-d). The Pica and Palermo stations are operated by
the Chilean Instituto de Investigaciones Agropecuarias (Agricultural Research Institute), while the Paihuano station is managed by the Chilean Water Agency
(Direcci6én General de Aguas). The simulated DSWF is interpolated to each observation site using the nearest neighbor method.
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