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Abstract

This paper reports on two sets of 22-year convection-permitting regional climate simulations
conducted with the Weather Research and Forecasting model over the entirety of South America
at 4-km grid spacing. The first simulation downscales the fifth-generation European Centre for
Medium-Range Weather Forecasts atmospheric reanalysis (ERA5) to reproduce the present-day
climate conditions over the period 2000-2021. The second simulation projects late-century
climate change using the Pseudo-Global Warming (PGW) approach, in which the meteorological
reanalysis fields are perturbed using monthly climate change signals from the Community Earth
System Model Large Ensemble (LENS2), corresponding to ~3°C of global warming under the
CMIP6 SSP3-7.0 scenario during 2060-2080. Results show that the historical simulation
successfully captures multiscale climatological characteristics of precipitation and near-surface
air temperature, including their interannual cycle down to diurnal variabilities, as validated
against multiple satellite and reanalysis datasets, and demonstrates clear added value compared
to the original ERAS data, particularly at daily to sub-daily temporal and mesoscale to local spatial
scales. The PGW simulation projects significant continental-scale warming, especially over the
Andes, broadly consistent with LENS2 projections. Precipitation changes are spatially and
seasonally complex, with most regions undergoing either increases or slight decreases, while the
Amazon Basin exhibits predominant warm season drying. Additionally, extreme precipitation
intensifies across the continent, and snowfall and snowpack decline over the Andes. These
simulations provide a first-of-its-kind long-term high-resolution dataset for the climate science
and policymaking communities, enabling detailed studies of atmospheric, land-surface, and

hydrological processes in South America and their changes under a warming climate.
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1 Introduction

High-resolution climate data is essential for accurately characterizing regional climate variability
and extreme events such as heatwaves, floods, and droughts (Giorgi and Gutowski 2015; Ban et
al. 2014; Kendon et al. 2017). Its spatial granularity enables reliable local impact assessments and
better-informed adaptation and mitigation planning (IPCC 2021). Sectors like agriculture, water
management, hydropower generation, human health, urban planning, and disaster risk reduction
increasingly depend on fine-scale projections for localized decision-making (Hewitson et al. 2014;
Lenderink et al. 2014). While global climate models (GCMs) are indispensable for understanding
long-term large-scale climate dynamics, their coarse spatial resolution limits their ability to
represent mesoscale to small-scale atmospheric and land-surface processes that influence local
climates and extremes (Prein et al. 2020; Feng et al. 2023). To bridge this scale gap, downscaling
has become pivotal for translating coarse-resolution GCM outputs into fine-scale climate
information that facilitates regional climate and impact studies (Benestad et al. 2008; Giorgi et
al. 2009; Maraun et al. 2010).

Among commonly used downscaling techniques, dynamical downscaling, or regional climate
simulation, generates high-resolution climate data by driving a regional climate model (RCM)
with coarse-resolution GCM output or reanalysis boundary conditions (Giorgi and Mearns 1991;
Laprise 2008). Since its introduction in the late 1980s, the approach has progressed from initial
coarse-resolution to today’s km-scale resolution simulations, supported by advances in model
physics (Xue et al. 2014; Giorgi 2019; Prein et al. 2015; Schar et al. 2020; Lucas-Picher et al. 2021).
Early RCMs in the 1990s operated at ~50—100 km resolution to capture regional climate variability

unresolved by GCMs (Giorgi and Mearns 1991; Giorgi 2006). With growing computational power,
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resolutions improved to 10-25 km, enabling better simulation of mesoscale processes, terrain-
driven precipitation, and land—atmosphere interactions (Rummukainen 2010; Gutowski et al.
2010). Over the past decade or so, convection-permitting RCMs (CPRCMs) at ~1-5 km resolution
have marked a major advance (Liu et al. 2017; Senior et al. 2021; Halladay et al. 2023; Rasmussen
et al. 2023). By explicitly resolving deep convection, they eliminate the need for cumulus
parameterization (Prein et al. 2015; Kendon et al. 2017; Liu et al. 2017; Schar et al. 2020) and
provide more realistic simulations of convective storms, precipitation extremes, and short-
timescale variability through enhanced representation of complex terrain, land-surface
heterogeneity, coastlines, and many other mesoscale to small-scale processes (Rasmussen et al.
2011, 2014, 2023; Kendon et al. 2012, 2014; Ban et al. 2014, 2021; Fosser et al. 2015; Prein et al.
2017, 2024; Stratton et al. 2018; Coppola et al. 2020; Yun et al. 2020; Giorgi et al. 2023; da Rocha
et al. 2024).

Beyond improvements in spatial resolution, dynamical downscaling has advanced through more
sophisticated methods for prescribing boundary forcing. Traditionally, RCMs were directly driven
by GCM or reanalysis data via lateral boundary conditions using time-slice or transient
approaches (Jones et al. 1995; Christensen et al. 2007). Subsequent developments introduced
bias-correction techniques that adjust GCM boundary conditions toward observed climatology,
thereby reducing systematic errors transferred to regional simulations (Maraun et al. 2010; Ehret
et al. 2012; Done et al. 2015; Dai et al. 2020). More recently, the pseudo-global warming (PGW)
framework has gained prominence, modifying historical conditions with projected mean GCM
changes to preserve synoptic variability while isolating future thermodynamic forcing (Schér et

al. 1996; Kawase et al. 2009; Rasmussen et al. 2011; Liu et al. 2017; Wang et al. 2025). A further
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refinement incorporates transient GCM weather perturbations in addition to mean changes,
addressing a key limitation of the original PGW approach (Dai et al. 2020).

Together, advances in model resolution and forcing strategies have established dynamical
downscaling as a central tool for regional climate research, enabling more realistic projections to
support impact assessments and adaptation planning (e.g., Mendoza et al. 2015a, 2016).
However, applications of convection-permitting downscaling remain limited in South America,
where complex topography, strong land—atmosphere coupling, and diverse climate regimes pose
persistent modeling challenges.

The South American climate is characterized by substantial spatial heterogeneity arising from its
wide latitudinal extent, complex topography and land-surface atmospheric feedbacks, and
interactions with major atmospheric and oceanic circulation systems (Garreaud et al. 2009;
Reboita et al. 2021). The Amazon rainforest, the world’s largest tropical forest, exerts a dominant
control on regional and remote hydrological processes through intense evapotranspiration and
efficient precipitation recycling (Salati and Vose 1984; Zemp et al. 2014; Dominguez et al. 2022;
Qin et al. 2025). Recycled moisture sustains rainfall within the basin and is transported
downstream, influencing precipitation over southeastern South America and even into the
subtropics (Moraes-Arraut et al. 2012; Poveda et al. 2014; Zemp et al. 2014; Zemp et al. 2017,
Boers et al. 2017; Drumond et al. 2014; Yang and Dominguez 2019; Ruiz-Vasquez et al. 2024;
Claros et al. 2025). The Andes impose strong dynamical controls by acting as a major meridional
barrier, producing sharp east—west precipitation gradients and shaping regional and hemispheric
circulation and extreme rainfall intensities over northwestern South America and Patagonia

(Garreaud et al. 2003, 2009; Herdies et al. 2002; Viale et al. 2019; Espinoza et al. 2020; Poveda et
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al. 2020; Rojas and Minder 2024; Claros & Kuroiwa 2025). The range also modulates the South
American Low-Level Jet (SALLJ; Salio et al. 2002; Marengo et al. 2004; Wang and Fu 2004), which
supplies moisture to subtropical South America (Berbery and Barros 2002) and supports some of
the deepest (Zipser et al. 2006), largest (Velasco and Fritsch 1987), and longest-lived (Durkee and
Mote 2009) mesoscale convective systems (MCSs) globally with extreme lightning (Cecil et al.
2015) and hail (Cecil and Blankenship 2012; Kumjian et al. 2020).

The South American climate is also shaped by large-scale ocean—atmosphere interactions, such
as the Intertropical Convergence Zone (ITCZ; Poveda et al. 2006) at seasonal timescales, and the
El Nifio—Southern Oscillation (ENSO), which drives substantial interannual rainfall variability
across northern and southeastern regions of the continent (Ropelewski and Halpert 1987; Grimm
et al. 2000; Cai et al. 2020; Reboita et al. 2021). The continent forms a core component of the
South American Monsoon System (SAMS), the dominant seasonal circulation over tropical and
subtropical South America. SAMS interacts with global circulation features, including the Hadley
and Walker cells and ENSO (Vera et al. 2006; Marengo et al. 2012; Campos and Rondanelli 2023),
and produces a pronounced austral-summer wet season. It also gives rise to the South America
Convergence Zone (SACZ; Kodama 1992; Carvalho et al. 2002), a northwest—southeast-oriented
band of enhanced precipitation.

In addition, land—atmosphere interactions play an important role in influencing the South
American climate. For instance, enhanced evapotranspiration prior to the wet season supplies
moisture that increases precipitation (Fu et al. 1995; Wright et al. 2017). The resulting latent
heating drives moisture transport into the Amazon and strengthens the upper-tropospheric

anticyclonic circulation over the SAMS region (Li and Fu 2004), affecting wet-season onset over
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the southern Amazon (Fu and Li 2004). Betts and Viterbo (2005) further demonstrated that these
interactions involve coupling among soil moisture, sub-cloud relative humidity, boundary-layer
clouds, and deep convection.

The intricate interactions among the aforementioned atmospheric, land and oceanic systems
give rise to substantial spatial and temporal climate variability over South America, complicating
climate prediction and impact assessment. While GCMs, including those participating in the
Coupled Model Intercomparison Projects (CMIP3, CMIP5, and CMIP6), have shown progress in
representation of large-scale processes (e.g., Leung et al. 2022), significant biases persist (de
Medeiros et al. 2022). Many of these limitations stem from coarse spatial resolution and
simplified physical parameterizations (Solman et al. 2008; Marengo et al. 2012). For instance,
GCMs commonly underestimate precipitation in the Amazon and subtropical South America and
suffer a persistent double-ITCZ bias, misrepresenting key circulation systems such as the SACZ
and SALL that affect hydrological cycles and monsoon timing (Li et al. 2006; Yin et al. 2013; Zhang
et al. 2015; Sakaguchi et al. 2018; Adam et al. 2020). Additionally, the Andes, a dominant control
on regional circulation and precipitation gradients, are poorly resolved, leading to substantial
errors across western South America (Reichler and Kim 2008; Duffy et al. 2003). While CMIP6
models exhibit improvements in regional climate variability and extremes relative to earlier
generations, large inter-model spread and persistent biases remain, particularly in depicting
convection, precipitation, and land—atmosphere coupling (Haarsma et al. 2016; IPCC 2021;
Gatefio et al. 2024; Vasquez et al. 2024 2025). These limitations highlight the need for high-
resolution regional downscaling to enhance the reliability of climate projections and impact

assessments in South America (Arias et al. 2025).
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Although regional climate downscaling has progressed relatively slowly in South America largely
due to limited computational resources, it has nonetheless become essential for advancing
understanding of the continent’s complex climate system and for generating climate projections
at decision-relevant scales (Dominguez et al. 2024; Martinez et al. 2024). Foundational efforts,
including the CLARIS (Solman et al. 2013) and CREAS (Marengo et al. 2012) projects and later
CORDEX South America initiatives (Giorgi et al., 2022; Bettolli et al. 2021), have supported
assessments of future changes in the SAMS, Amazon rainfall, extratropical cyclones, and
hydrological extremes, informing sectors such as water management, agriculture, and disaster
risk reduction (Chou et al. 2014; Crespo et al. 2023; Lagos-Zuiiiga et al. 2024). More recently,
CPRCMs with ~4-km grid spacing have been increasingly applied across the region, yielding
substantial improvements in representing climate processes over a range of spatial and temporal
scales (Portele et al. 2021; Feijod and Solman 2022; Halladay et al. 2023; Huang et al. 2023, 2024,
2024b; Lagos-Zuiiga 2024; Liu et al. 2025; Hernandez et al. 2025). To further advance
hydroclimate research based on CPRCMs, the South America Affinity Group (SAAG) now
coordinates a network of more than 100 researchers worldwide (Dominguez et al. 2024).

This study presents and analyzes the SAAG dynamical downscaling efforts over South America
across a 22-year historical period, which include a PGW experiment designed to project late-
century changes under the CMIP6 SSP3-7.0 scenario. It builds upon and extends the findings from
year-long experiments reported in Liu et al. (2025). The primary objectives are: (1) to develop a
long-term high-resolution community dataset to support research on hydroclimate processes,
climate change impacts, and policymaking, and (2) to investigate the performance of the

employed CPRCM in reproducing the multiscale spatiotemporal characteristics of the present-
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day climate and its potential responses to future global warming. Section 2 describes the model
configuration, methodology, and evaluation datasets. The evaluation of the downscaled present-
day climate and a preliminary analysis of projected future changes are presented in Sections 3

and 4, respectively. Finally, a discussion and conclusions are provided in Section 5.

2 Numerical model, simulation design, and evaluation data

Two sets of multi-decadal regional climate downscaling simulations were conducted using the
widely-used state-of-the-art Weather Research and Forecasting (WRF) model with convection-
permitting spatial resolution: a historical climate simulation for the period 2000-2021 and a
perturbed climate simulation covering the same period under the CMIP6 SSP3-7.0 scenario as
detailed below. The historical simulation serves as a baseline, aimed at reproducing recent
climatological characteristics, thereby reinforcing confidence in the model configuration for
climate projections. The climate sensitivity simulation offers a physically consistent
representation of one scenario of late-century climate conditions under enhanced greenhouse
gases (GHGs) forcing.

2.1 Model configuration

The model configuration closely followed the framework established by Liu et al. (2025) through
year-long experiments, and is summarized below for completeness. The WRF model version 4.1.5
(Skamarock et al. 2019) was utilized, with a single computational domain consisting of 1472 x
2028 grid points at a 4-km horizontal grid spacing, which fully covers the entire South American
continent and part of adjacent oceans (Fig. 1a). The configuration includes 61 stretched vertical
levels extending from surface up to 10 hPa, with a 10-km deep sponge layer to mitigate the

impact of vertically propagating gravity waves over the towering Andes Mountains. The primary

12
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physics parameterizations include: the Thompson microphysics scheme (Thompson et al. 2008),
the Yonsei University planetary boundary layer scheme (Hong et al. 2006) coupled with the
Revised Monin-Obukhov surface layer scheme (Jimenez et al. 2012), the Rapid Radiative Transfer
Model for GCMs (RRTMG) longwave and shortwave radiation (lacono et al. 2008), and the Noah
land surface model with multiple parameterization options (Noah-MP; Niu et al. 2011; He et al.
2023), coupled with the MMF groundwater scheme (Miguez-Macho et al. 2007). This model
setup has been tested across different ENSO phases in Liu et al. (2025), showcasing high skill in
reproducing the observed multi-scale spatiotemporal characteristics of precipitation and
temperature over South America. The main difference between the WRF model configurations
used in North America (Liu et al. 2017; Rasmussen et al. 2023) and the present study is the
omission of spectral nudging, which was found to offer minimal benefits for simulating the South
American climate (Liu et al. 2025). Additionally, the current configuration also excludes an
available scale-aware deep precipitating convection parameterization, as these schemes have
been shown to provide limited added value at convection-permitting resolutions (Liu et al. 2021,

2025).

2.2 Historical climate simulation

The historical climate simulation spans approximately 22 years, from 31 December 1999 to 31
December 2021, excluding the first day spinup from the analysis. The initial and lateral boundary
conditions are provided by the hourly ERAS reanalysis product at a horizontal grid spacing of 0.25°
(Hersbach et al. 2020). For the lower boundary condition, the sea surface temperature (SST) is

taken from ERA5 over open waters and large inland water bodies. For small water bodies, the
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skin temperatures are obtained from the diurnal averages of 2-m surface air temperature, as

ERAS cannot resolve these smaller features.

2.3 Future climate simulation

The future climate simulation is designed to downscale the late-century South American climate
projected by the Coupled Model Intercomparison Project Phase 6 (CMIP6) under the Shared
Socioeconomic Pathway (SSP) 3-7.0 emission scenario using the PGW method. This approach,
first pioneered by Schar et al. (1996) and further developed and widely adopted in the climate
downscaling community (e.g., Sato et al. 2007; Hara et al. 2008; Kawase et al. 2009; Rasmussen
et al. 2011; Kay et al. 2015; Liu et al. 2017; Rodgers et al. 2021; Heim et al. 2023; Wang et al.
2025), applies climate perturbations derived from GCM projections to adjust the reanalysis-
based initial and boundary forcing used in baseline historical regional climate simulations,
allowing for the simulation of global climate change effects on a regional scale without requiring
full future boundary conditions. As such, it is expected that the lateral boundary forcing in the
PGW simulation reflects the mean late-21st-century climatological conditions projected by

GCMs, while preserving daily weather system variability similar to historical conditions.

As shown in Egs. (1)-(2), the climate perturbations for this study were derived from the
Community Earth System Model version 2 (CESM2) Large Ensemble (LENS2) simulations, which
consist of 100 members at a 1-degree horizontal resolution covering the period 1850-2100 under

CMIP6 historical and SSP370 future radiative forcing scenarios (Rodgers et al. 2021):

WRFinput = ERA5 + ALENS2ssp370 (1)

ALENS2ssp370 = LENS22060-2080 - LENS22000-2020 (2)
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where ALENS2ssp370 is the ensemble-mean monthly change signal under the CMIP6-SSP370
scenario, representing the difference between the historical monthly climate for the 21-year
period 2000-2020 (LENS2200-2020) and the late-century monthly climate for the 21-year period
2060-2080 (LENS22060-2080). The period 2060-2080 was selected based on the projected changes
in global mean temperature to be about ~3°C above pre-industrial values (Rodgers et al. 2021).
While it does not represent the full range of uncertainty, this provides one plausible high-impact

pathway (Kawase et al. 2021; Giorgi 2019).

The monthly perturbed physical fields include geopotential height, horizontal wind, air
temperature, relative humidity, sea level pressure, SST, soil temperature, and sea ice fraction.
These fields are assumed to be valid at the middle of each month and are linearly interpolated to
the hourly ERAS data. It is important to note that introducing a climate perturbation can roughly
preserve the hydrostatic, geostrophic, and thermal wind balances in large-scale dynamics
because the difference between two balanced mean climatological fields approximately
maintains the linear relationships among the temperature, geopotential height, and horizontal
wind perturbation fields (Rasmussen et al. 2011). To maintain consistency with the imposed
climate warming signal, the concentrations of all GHG species used in the radiative transfer
model are adjusted to levels representative of 2070s, following the CMIP6 SSP3-7.0 scenario.

These concentrations approximate the multi-year average over the 2060—2080 period.

The large-member ensemble mean difference effectively reduces the substantial internal
variability present in individual GCM realizations, making it a more realistic representation of
anthropogenically induced climate signals. The monthly perturbation fields in Fig. 2, ALENS2ssp370,

at 850 and 250 hPa, as well as the SST perturbations, offer a visual representation of the imposed
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climate change signals in the PGW simulation. Overall, the lower-tropospheric circulation
perturbations (Figs. 2a-d) are quite weak across all months, especially over land, with wind speed
changes generally staying below 2 m s almost everywhere. A consistent pattern of easterly
perturbations is observed year-round in Southern South America (SSA) and its surrounding
waters. Another notable feature is the wintertime systematic anticyclonic circulation in the
tropics and subtropics, accompanied by northerly wind perturbations east of the Andes (Fig. 2c),
which could suggest an intensification or change of altitude of the SALL) in the future climate. In
general, the upper-level wind perturbations (Figs. 2e-h) are more pronounced, with relatively
strong midlatitude westerly perturbations observed during austral summer, fall, and spring
seasons, attaining peak wind speeds over 4 m s*. In summer (Fig. 2e), the wind perturbations

become more prominent in the tropics and subtropics, converging toward the Amazon Basin.

The low-level relative humidity (RH) over land (Figs. 2a-d) exhibits dominant negative changes in
lower latitudes, including the Amazon, and prevailing positive changes in higher latitudes, such
as the La Plata Basin and SSA. In contrast, the low-level RH over most oceans undergoes larger
reductions compared to that over the continent. Comparatively large absolute changes occur in
the upper troposphere (Figs. 2e-h). During summer and fall, there are RH decreases in the tropical
and subtropical regions, with increments observed roughly south of 25°S. On the other hand,
winter and spring are characterized by widespread RH decreases across almost the entire domain.
Notably, a reduction in RH does not necessarily indicate a decrease in specific humidity, due to
the warming temperature that shows a robust signal throughout the troposphere. In the lower
troposphere (Figs. 2a-d), a relatively uniform spatial warming pattern is witnessed during

summer and spring, mostly ranging from 2-3°C. During winter and fall, a strong warming signal

16



360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

of 3-3.5°C is seen in the subtropics, tapering to 1.5-2°C south of 30°S. In the upper troposphere
(Figs. 2e-h), strong warming exceeding 4°C occurs in the tropics, decreasing to about 1.5°Cin high
latitudes. The seasonal pattern reveals the largest warming in summer (Fig. 2e) and the weakest
warming in spring (Fig. 2h). It is worth pointing out that the altitude-dependent warming
magnitude is suggestive of an enhancement of static stability, which would decrease deep

convective mass flux.

The imposed SST perturbation is the primary component of the lower boundary forcing, given
the minimal extent of sea ice within the model domain. As shown in Figs. 2i-l, ocean warming
varies spatially between 1 - 3.5°C with slightly greater signals in summer and fall. The highest
warming occurs in the upwelling coastal waters of Peru and northern Chile, while the lowest

warming is observed over the Southern Ocean and Atlantic waters north of South America.

2.4 Model evaluation data

Eight datasets were used for evaluating the historical simulation or for comparisons against the
PGW simulation. These datasets include six satellite- or gauge-based precipitation products, one
reanalysis-based precipitation and surface air temperature product, and LENS2-projected
precipitation and surface air temperature data for the late century. The multiple observation-
based gridded precipitation products are employed to assess uncertainties in precipitation

observations. Each of these datasets is described as follows.

1) IMERG precipitation. The Integrated Multi-Satellite Retrievals for Global precipitation
measurement (IMERG; Huffman et al. 2019) dataset is created by fusing passive microwave

precipitation retrievals from multiple satellites with infrared observations to fill the temporal
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gaps, thereby providing continuous global precipitation data for more than two decades, starting
in June 2000. In this study, we used IMERG Version 06, the most recent version available at the
time of data processing. This version is gauge-adjusted and provided on a 0.1° spatial grid with a
half-hour temporal grid. This relatively high-resolution precipitation product is employed to
evaluate various precipitation characteristics across hourly to annual time scales in the historical

climate simulation.

2) CPC precipitation. The National Weather Service's Climate Prediction Center (CPC) produces a
gauge-based analysis of daily precipitation on a 0.5° latitude/longitude grid over global land areas
from 1979 to the present. This precipitation product combines all available sources, including
rain gauge measurements, satellite observations, and numerical weather prediction models
(Chen et al. 2008). In this study, the daily precipitation data is mapped to the IMERG spatial grid

using bilinear interpolation.

3) GPCP precipitation. The Global Precipitation Climatology Project (GPCP) provides global
monthly precipitation estimates by integrating various satellite datasets over land and ocean,
along with a gauge analysis over land, on a 2.5-degree global grid from 1979 to the present (Adler
et al. 2003). The coarse-resolution monthly precipitation data is bilinearly interpolated to the

IMERG spatial grid.

4) CHIRPS precipitation V2.0. The Climate Hazards Group InfraRed Precipitation with Station data
(CHIRPS) provides relatively high-resolution, long-term land-only precipitation estimates,
covering a spatial range from 50°S to 50°N and a temporal range from 1981 to the near present,
with various temporal and spatial resolutions (Funk et al. 2015). It incorporates an in-house

climatology, 0.05° resolution satellite imagery, and in-situ station data to create gridded
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precipitation time series for trend analysis and seasonal drought monitoring. This study uses the
monthly, 0.05° resolution data, which is conservatively remapped to the IMERG spatial grid using

the ESMF_regrid function of the NCL software package.

5) CMORPH precipitation. The Climate Prediction Center (CPC) Morphing Technique (CMORPH)
dataset is estimated from multiple passive microwave sensors and is bias corrected against CPC
daily gauge analysis over land and is adjusted against GPCP merged analysis of pentad
precipitation over ocean (Xie et al. 2017). This dataset has a spatial grid of 8 km (~0.08°) and a
temporal grid of 30 minutes, covering 60°S to 60°N and January 1998 to present. The data is

interpolated to the IMERG spatial grid using the nearest neighbor method.

6) MSWEP precipitation. The Multi-Source Weighted-Ensemble Precipitation (MSWEP) provides
near real-time precipitation estimates with a 3-hourly, 0.1° horizontal grid and full global
coverage, spanning a long record that begins in 1979 (Beck et al. 2019). One unique feature of
MSWEP is its integration of daily gauge, satellite, and reanalysis data, while also accounting for
gauge reporting times, to obtain the highest quality precipitation estimates. The sub-daily

precipitation data is remapped to the IMERG spatial grid using the nearest neighbor method.

7) ERAS precipitation and temperature. ERAS is the latest generation of global reanalysis, offering
a 0.25° horizontal resolution at hourly time steps (Hersbach et al. 2020). In addition to serving as
forcing for the simulations, ERA5 precipitation forecasts are compared with the historical
simulation to assess the potential added value of the downscaling, while ERA5 2-meter
temperature analysis is used to evaluate the historical simulation. ERA5 precipitation is linearly
interpolated to the IMERG spatial grid, and the model temperature is remapped to the ERA5

spatial grid using the ESMF_regrid function of the NCL software package.
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8) LENS2 precipitation and temperature. In addition to providing forcing for the PGW simulation,
LENS2 projected mean precipitation and temperature changes are used to compare the

projected changes in the higher resolution downscaled PGW simulation.

3 Validation of historical simulation

This section presents a comprehensive evaluation of the historical climate simulation (hereafter
referred to as HIST), focusing on two critical climate variables: precipitation and surface air
temperature. As IMERG data are available since June 2000, the analysis of temporal precipitation
averages focuses on the 21 water years from June 2000 to May 2021, excluding the first 5 months
and last 7 months of the historical simulation. Note that the water year definition varies across
the continent. For this study, the water year starts in June of one year and ends in May of the
following year. Furthermore, the austral winter, spring, summer, and fall seasons in the Southern
Hemisphere are hereafter defined as June-July-August (JJA), September-October-November

(SON), December-January-February (DJF), and March-April-May (MAM), respectively.

3.1 Precipitation

We assess the model’s ability to reproduce observed precipitation patterns, variability, and
intensity across a range of spatial and temporal scales, while using the historical simulation as
the baseline for future projections. Figure 3 shows a comparison of annual precipitation,
averaged over the 21 water years, between IMERG, HIST, and ERAS. According to IMERG (Fig. 3a),
there is considerable variability in the annual precipitation averages across the continent, with
the largest amounts in the tropical regions, which generally decreases towards higher latitudes

but is strongly influenced by topography and proximity to oceans. The overall patterns align with
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those seen in other precipitation datasets (Fig. S1), particularly with the other relatively high-
resolution CHIRPS, CMORPH, and MSWEP datasets. The WRF model reproduces the observed
distributions of annual precipitation reasonably well (Fig. 3b), capturing the meridional gradient,
the heavy tropical rainfall exceeding 5,000 mm along the Colombian coast and northwestern
Amazon largely due to the influence of the ChocO low-level jet (Poveda and Mesa 1999, 2000;
Yepes et al. 2019; Poveda 2023), intense orographic precipitation in central and southern Chile,
and the low precipitation (< 100 mm) extending over the Atacama Desert in northern Chile and
the adjacent Peruvian coast. However, some discrepancies are evident, such as overestimation
of precipitation in the Andes and central Amazon, and underestimation over the tropical Atlantic
coastal interior and the La Plata Basin (Fig. 3d). Quantitatively, HIST vs IMERG vyield a spatial
pattern correlation coefficient of 0.81 and a wet bias of ~6%; large mountain-region differences
dominate the mean absolute error (MAE) and root mean square error (RMSE), with values of 341

and 685 mm, respectively.

It is important to note, however, that satellite estimates have substantial uncertainties,
particularly in regions influenced by topographic effects and deep convection (Tan et al. 2019;
Huffman et al. 2020; Vallejo-Bernal et al. 2020). IMERG retrievals over snow-covered areas are
also problematic, and the scarcity of in-situ observations for calibration further contributes to
the uncertainty. Additionally, the alternating negative-positive bias pattern over the northern
tropical Andean Mountains likely arises from the limitations of IMERG’s resolution, which
struggles to properly resolve the narrow ridges and valleys (e.g., Rojas et al. 2021), rather than
being a flaw of the model. Likewise, the precipitation underestimation in IMERG documented by

Rojas and Minder (2024) could contribute to the wet bias in the southern Andes. The IMERG data
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is compared with five additional precipitation products to assess observational uncertainties. As
shown in Fig. 3d, the stippled areas indicate where the absolute difference between IMERG and
HIST is smaller than the absolute difference between IMERG and at least one of the five other
estimates. The significant wet biases over major mountain ranges (e.g., the Andes, Guiana
Highlands, and the Serra do Mar mountain in southeastern Brazil) and dry biases near the tropical
Atlantic coasts and in the southern La Plata Basin fall outside the range of observational
uncertainties, though it is possible that all the gridded observational datasets struggle to quantify
precipitation in mountainous terrain. A similar systematic dry bias over the La Plata Basin has
been reported in coarse-resolution WRF modeling (Miiller et al. 2014; Bracalenti et al. 2024; Liu
et al. 2025), suggesting that enhanced resolution alone is not sufficient to reproduce the

observed precipitation.

Like HIST, ERAS5 effectively captures the large-scale climatological patterns as well (Fig. 3c),
though it produces a more widespread strong wet bias over the Andes in comparison with HIST,
along with a dry bias over most other regions of the continent (Fig. 3e). ERAS5 has smaller dry
biases than HIST over much of the La Plata Basin and the tropical Atlantic coastal areas. Overall,
HIST exhibits a slight performance advantage over ERA5, as demonstrated by the evaluation
metrics conducted here (i.e., pattern correlation, mean bias, absolute bias, and RMSE),

emphasizing the benefits of convection-permitting downscaling.

The simulation closely matches the observations in the spatial distribution of seasonal
precipitation (Fig. 4). Due to the influence of ITCZ activity, winter precipitation is primarily
concentrated just north of the equatorial region (Figs. 4a and e), with the heaviest precipitation

forming a southwest-northeast oriented band extending through Venezuela and Colombia. On
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the other hand, with the onset of the monsoon, seasonal precipitation in spring (Figs. 4b and f)
expands southeastward, forming an extensive northwest-southeast oriented rainband. Heavy
rainfall begins in the northwest, stretches into the Amazon Basin, and tapers off toward the
southeast coast, coinciding with the SACZ. With the progression of the summer monsoon and the
seasonal migration of the ITCZ, rainfall in northern South America weakens significantly.
Meanwhile, the major rainband intensifies and shifts into the Southern Hemisphere, extending
southeastward from the equator to the coastal region along the SACZ (Figs. 4c and g). In this
season, the La Plata Basin receives moderate precipitation, which gradually decreases from the
subtropical to the temperate regions. As the monsoon weakens and retreats equatorward in the
fall, seasonal precipitation decreases in the subtropics considerably and becomes concentrated

in the Amazonian region (Figs. 4d and h).

Even though the simulation accurately replicates the large-scale seasonal pattern and most of
deviations from IMERG are within the observational uncertainties (Figs. 4i-1), several model errors
remain apparent. Similar to the annual precipitation (Fig. 3d), significant wet biases are present
over large topographic features, including the high Andes Mountains, their slopes and foothills,
and the Guiana Highlands, contributing to the domain-wide positive precipitation difference from
IMERG in spring, summer, and fall. Also, significant dry biases are found in tropical Atlantic coastal
areas across all seasons, to a lesser extent, in southern Brazil during winter and spring and central
Argentina-Uruguay strongly in summer. The simulation seems to perform best in the relatively
dry winter season, exhibiting the highest pattern correlation (0.9) and the lowest bias (-1.9%) and

RMSE (166 mm).
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In addition to annual and seasonal patterns, monthly precipitation climatologies are reasonably
well reproduced (see comparison between HIST and IMERG in Fig. S2). In particular, the
simulation aligns well with the observations in terms of heavy precipitation locations and spatial
extents, as well as the southward progression from late winter to early summer and the
subsequent northward withdrawal from early fall to early winter. These features result in spatial
pattern correlations greater than 0.8 and areal mean biases below 10% for most months. The
simulation performs somewhat better during April-September than during October—March, as

indicated by higher correlations and smaller percentage biases.

An analysis of the probability density function (PDF) of daily and hourly precipitation is presented
in Fig. 5, evaluating how well the simulation reproduces observed frequency distributions from
light through heavy events and illustrating the added value over the ERA5 forcing. The results
demonstrate a high degree of alignment between HIST and IMERG for the domain-wide daily
precipitation spectrum (Fig. 5a), with only a minimal underprediction of weak precipitation
events less than =20 mm day™ and an overproduction of stronger precipitation events at higher
intensities. A fairly good comparison is also seen for the continent-wide hourly precipitation (Fig.
5g), exhibiting similar discrepancy patterns but with larger magnitudes, i.e., underpredicted
precipitation events weaker than =7 mm h™" and overpredicted those above this threshold. These
multi-year statistics and model-observation differences are consistent with year-long
experiments across different ENSO phases in Liu et al. (2025). Spectral discrepancies between
model and IMERG point to a systematic underestimation of event frequency and an
overestimation of mean intensity at daily and hourly timescales, averaged across the entire

domain, though past studies have noted that IMERG tends to overestimate the frequency of light
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precipitation and underestimate heavy precipitation over continental regions (e.g., Cui et al. 2020;
Ayat et al. 2021; Zhang et al. 2021; Feng et al. 2025), partly due to its effective resolution
(Guilloteau and Foufoula-Georgiou, 2020). Thus, it is reasonable to assume that the HIST
predictions may be more accurate than suggested by comparisons with gridded, satellite-based

precipitation products.

ERAS performs poorly in representing the observed precipitation spectra at both daily and hourly
scales, with the hourly scale showing a greater discrepancy (Fig. 5). Although it reasonably
reproduces the annual precipitation total (Fig. 3), ERA5 substantially simulates more daily events
less than =24 mm day™ and hourly events below =4 mm h™', while producing less intense daily
and hourly events and seemingly missing extreme events altogether. The deficient precipitation
intensity spectra in ERAS5 are linked to the well-known "drizzle problem", referring to an
overabundance of light precipitation events and a scarcity of heavy precipitation storms, a
common issue observed in coarse-resolution models with parameterized convection (e.g., Dai
2006). The inferior performance of ERAS in this regard provides further evidence of the added

value of the downscaling simulation, compared to IMERG estimates.

Given the significant variability in precipitation climatology across the continent, a sub-regional
analysis is essential to assess the model's performance across different climate zones and to
account for potential geographical dependencies. Figs. 5b-f compare the probability distributions
of daily precipitation across five of the seven IPCC climate reference regions (Fig. 1b): Northern
South America (NSA), South American Monsoon (SAM), Southeast South America (SES),
Southwest South America (SWS) and Southern South America (SSA). The two regions not shown,

Northwest South America (NWS) and Northeast South America (NES), exhibit strong similarities
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to NSA and SAM, respectively. As exemplified by the two regions in Figs. 5b-c, all tropical and
subtropical areas (i.e., NWS, NSA, SAM, and NES), dominated by convective precipitation, exhibit
significant similarities in the observed PDF of daily precipitation. These regions also display similar
discrepancies in both WRF and ERA5, which appear to largely govern the integrated behaviors
across the continent (Fig. 5a). The best agreement between IMERG and HIST is observed in SES
(Fig. 5d), despite a dry bias in precipitation amounts (Fig. 3d). Unlike the low-latitude regions, in
the midlatitude Andes and the southernmost parts of the continent (i.e., SWS and SSA, Figs. 5e-
f), where snow predominates, both HIST and ERA5 tend to overestimate precipitation occurrence
across a broad spectrum of intensities. The regional hourly precipitation PDF patterns display
geographical contrasts as well, as shown in Figs 5h-I. In low-latitude regions (Figs. 5h-i), the model
predicts less weak precipitation events but predicts more occurrence of intense precipitation.
The PDF distributions in NES and SAM closely resemble those in NWS and NSA, respectively, and
are therefore not presented. In the mid-latitude SES region (Fig. 5j), there is good agreement
between the simulation and observation, except for an overestimation of light drizzle
precipitation less than =0.2 mm/h. The high-latitude SSA region (Fig. 51) and the southern Andes
SWS (Fig. 5k) both show overestimates across nearly the entire spectrum of precipitation
intensities. ERAS reanalysis consistently produces spurious weak precipitation and lacks sufficient
representation of strong precipitation across all regions, as compared to either IMERG or HIST.
These results indicate that the WRF simulation effectively replicates the PDF characteristics and
regional variations of both daily and hourly precipitation, performing better than the ERA5
reanalysis, with potentially excessive heavy and insufficient light precipitation, though it is

possible that observational product deficiencies contribute to such differences and that HIST
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provides some high-resolution value over such products as well. NSA and SSE encompass the
regions where precipitation biases are larger than the discrepancies among observational
datasets. In both regions, hourly PDFs show underestimation of precipitation in the central part
of the spectrum. This would indicate that HIST is able to provide the correct frequency of events,

but of less intensity (except for NSA with larger extremes).

The diurnal cycle of warm season precipitation over land is a key aspect of weather and climate
systems, primarily driven by the daily cycle of solar heating, but also influenced by various
physical processes that interact in complex ways. As shown in Figs. 6a and d, South America
displays a complex spatial pattern of diurnal precipitation, with notable heterogeneities in the
diurnal timing of maximum hourly precipitation. It is evident that most inland areas, as well as
the surrounding coastal and mountainous regions, experience peak precipitation in the
afternoon and evening in both the simulation and observations (Figs. 6a-b), presumably due to
moist convection and thunderstorms triggered by accumulated solar heating and the attendant
buildup of atmospheric instability. In mountainous regions, elevated surface heating induces
anabatic (upslope) flow, further contributing to afternoon convection initiation. Near the coast,
the daytime sea breeze plays a significant role in enhancing convective development. The
simulation accurately reflects the observed nocturnal and early morning timing of peak
precipitation in several regions, including the Andean valleys and foothills (Poveda et al. 2005;
Bedoya-Soto et al. 2019), as well as the elongated coastal hinterland that runs roughly parallel to
the coastline. These patterns are likely associated with nighttime katabatic (downslope) winds in

the highlands and propagating convection near the coast, respectively.
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Both the simulation and observations reveal a highly coherent pattern of diurnal variation in two
regions: northern Argentina and the Atlantic coastal land. In these areas, a distinct delayed
diurnal phase is apparent, occurring eastward from the mountains in northern Argentina and
southwestward from the coastline in the coastal region, as evidenced in the diurnal Hovmoller
diagrams in Fig. 7, in association with propagating convective systems fed by nocturnal low-level
jets (e.g., Salio et al. 2007; Anselmo et al. 2020). The time-longitude diagram of hourly
precipitation averaged between 29-34°S (Fig. 7a) illustrates two distinct precipitation patterns: a
propagating mode and a quasi-stationary mode. The propagating mode appears to initiate over
the eastern Andes in the afternoon, intensifies rapidly as it moves downstream during the
evening and night, and ultimately reaches around 55°W by early morning, traveling
approximately 15° of longitude. The quasi-static precipitation, extending from 50°W to 60°W,
develops in the afternoon due to intense solar heating and weakens by late evening. The localized
heavy precipitation near the coast is likely driven by the sea breeze. Both the propagating and
stationary precipitation modes, along with the resulting consistent diurnal patterns, are
reasonably well replicated (Figs. 6b and 7c), although the propagating signal is somewhat weaker
and slower than its observed counterpart. Similarly, the simulation demonstrates strong skill in
capturing the observed phase shift of diurnal precipitation along the Atlantic coastline, which is
related to sea-breeze initiated squall lines moving westward in the easterly trade winds and low-
level jet (Alcantara et al. 2011). This process begins around noon with the sea breeze near the
coastline, then moves inland and persists into the following morning (Figs. 7b and d). Of note is
the substantial overestimate of the afternoon—evening orographic precipitation surrounding

69°W and 65°W by both ERA5 and HIST.
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Despite the strong similarity in the spatial patterns of diurnal phases, precipitation shows a more
prevailing afternoon-evening peak in frequency (Fig. 6d) compared to its amount (Fig. 6a). This is
primarily due to the frequent occurrence of daytime isolated convection development driven by
solar insolation, but the organization of less frequent mesoscale convective systems into
overnight hours. The observed timing of maximum frequency is successfully simulated across the
continent (Fig. 6e), yet there is an overprediction of the nocturnal peak along the Atlantic coastal
inland. One common discrepancy exists in precipitation frequency and amount: the simulated
peak happens about 1-2 hours earlier than observed over many areas. This model deficiency may
be attributed to the rapid growth of thermal instability driven by excessively strong surface solar
radiation resulting from underpredicted cloud cover (Liu et al. 2025). Other factors may also
contribute, such as overly efficient warm-cloud precipitation processes in the employed
microphysics scheme and IMERG’s limited ability to detect small, isolated precipitating

convection.

Once again, HIST outperforms ERAS5, which tends to exhibit more widespread late morning to
afternoon peaks in precipitation amount and frequency, dominating much of the continent (Fig.
6c and f). In contrast, the nighttime maximum precipitation observed in mountainous and coastal
inland regions in both IMERG and HIST is nearly absent in the reanalysis. ERA5's limited
performance highlights that accurately representing the diurnal precipitation cycle remains a
significant challenge for coarse-resolution numerical weather and climate models, where
convective parameterizations often prematurely trigger convective development during the
daytime and struggle to represent the mesoscale organization of deep convection. Consistent

with the incorrect diurnal phase, the propagating precipitation signature east of the southern
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Andes along the 48-50°W section is weak and moves too quickly, lacking the robustness seen in
both observation and HIST (Fig. 7e). Additionally, the inland penetration of coastal convection,
driven by the sea breeze circulation, is too fast and short-lived (Fig. 7f). These results suggest

ERA5S's limited ability to generate long-lived, propagating organized convection.

3.2 Near-surface air temperature

Surface air temperature is another fundamental climate variable that influences a wide range of
atmospheric and surface processes, as well as daily life. In the following, ERA5 reanalysis data are
used to evaluate the simulated temperature field. HIST output is first bilinearly mapped to the
ERAS grid and then calibrated to account for the elevation difference between the WRF model
and ERAS5 by applying a standard atmospheric lapse rate of 6.5°C km™. The results highlight
consistent performance as evidenced by the time series of monthly 2-m temperatures averaged
across the land (Fig. S3), which is characterized by comparable annual cycles and inter-annual

variations between HIST and ERA5, without any noticeable trend.

Figure 8 presents the monthly mean daily 2-m temperature differences between the HIST
simulation and ERAS reanalysis, calculated by averaging the instantaneous hourly fields over the
22-year period from 2000 to 2021. Also displayed are the areal mean bias, the mean absolute
error (MAE), and the Pearson correlation coefficient to provide a quantitative assessment of
model performance. Overall, the differences are modest year-round, typically within a range of
12°C across most of the continent. The strong agreement between HIST and ERAS is further
attested by the high spatial pattern correlation (above 0.98), low bias (ranging from -0.8 to -0.1°C),

and low MAE (below 1.1°C). These results clearly indicate the model's skill in reproducing
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observed near-surface temperatures across different climate zones, including the sharp
transitions near the steep Andes Mountains, thanks to a more realistic depiction of complex
terrain using 4-km grid spacing. Notably, the error spatial pattern features a moderate
seasonality. The winter months (Figs. 8a-c) exhibit a widespread mild cold bias, with regional
warm biases observed in NSA, northern Chile, and parts of southeastern Brazil. The relatively
large cold bias (<-2°C) in SSA is due to underpredicted daytime temperatures, while the significant
warm bias (>2°C) in the southern Andes (~20-30°S) results from overpredicted nighttime
temperatures. Similar wintertime deficiencies have been documented in North America (Liu et
al., 2017; Rasmussen et al., 2023) and in North of Chile in previous RCM simulations (Bozkurt et
al, 2019). The cold bias has been partially attributed to the inaccurate treatment of snow cover
fraction (He et al.,, 2019; Abolafia-Rosenzweig et al., 2025), while the warm bias has been
speculated to partially result from the improper handling of soil thermal conductivity in sparsely
vegetated areas, likely due to the omission of soil organic matter in the land surface model (Lin
et al., 2025). As the season transitions into spring (Figs. 8d-f), the warm bias of more than 1°C
expands across most of the interior of South America, while a weak cold bias of up to -2°C is
observed around the surrounding coastal areas. SSA continues to experience a cold bias, though
it is weaker than that in winter. As the season progresses into summer (Figs. 8g-i), the warm bias
expands further southward. The pronounced warm bias in Argentina is driven by daytime
temperature overpredictions and is coupled with an apparent dry bias (Fig. 4k), suggesting a
potential link to insufficient cloud coverage, rainfall, and soil moisture. This issue is prominent in

coarser regional and global climate models as well (e.g., Falco et al. 2018). The fall months witness
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a northward spread of the cold bias, concurrent with a reduction in warm bias coverage (Figs. 8j-

[). This season has the smallest MAE.

The comparison of the probability distribution (relative frequency) of 2-m temperatures in Fig. 9
provides insight into the model's ability to represent temperature distributions, variability, and
extreme events, which are crucial for climate predictions. The distributions of both daily mean
and hourly instantaneous temperatures span a wide range, reflecting the diverse and complex
climates across the continent. The simulation closely matches the reanalysis in terms of overall
shape, rightward skewness, and comparable peak magnitudes and locations. Among the
variables, the daily mean temperature (Fig. 9a) is the best captured, showing strong agreement
across nearly all statistical attributes. In contrast, the hourly temperature (Fig. 9b) reveals an
overestimation of high-temperature events, particularly along the right tail of the distribution.
Model performance shows somewhat reduced skill for diurnal maximum and minimum
temperatures (Figs. 9c—d), with an overprediction of extreme daily high temperatures and an

underestimation of daily cold extremes.

As exemplified by the hourly temperatures in Fig. S4, clear geographical variations exist in both
the probability distribution and model performance. Note that SAM is not shown, as it closely
resembles NSA except for a longer, thinner left tail. Several distinct distribution patterns are
discernible in ERAS5, including right-skewed (Fig. S4a), left-skewed (Fig. S4b), approximately
symmetric with respect to the peak frequency (Fig. S4c), and near bell-shaped with weak
skewness (Figs. S4d—f). These regional contrasts are generally well captured by the simulation.
Notwithstanding, notable discrepancies remain, primarily the more frequent occurrence of high

temperatures across most climate zones (Figs. S4a—e), consistent with the prevailing warm bias

32



706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

in maximum temperatures, and colder low temperatures in SSA (Fig. S4f), aligning with the year-

round cold bias in that region (Fig. 8).

4 PGW projection

The following subsections review some key features of regional changes in near-surface air
temperature and precipitation, as well as snowpack over the Andes, as projected by the PGW
downscaling simulation, along with comparisons to corresponding projections from LENS2, which

serves as the input to the PGW simulation.

4.1 Surface air temperature changes

The time series of monthly averaged 2-m temperature differences between the PGW and HIST
simulations (Fig. 10a), averaged over all land points, show similar magnitudes without an
apparent 22-year trend for daily mean temperature (Tavg), minimum temperature (Tmin), and
maximum temperature (Tmax). The observed subseasonal, seasonal, and interannual variations
reflect the influence of the imposed monthly varying climate signals and enhanced GHGs forcing,
as well as the internal variability. The 22-year average warming amounts are 2.5°C, 2.6°C, and
2.4°C for Tavg, Tmin, and Tmax, respectively. The multi-year composite indicates a weak seasonal
cycle of temperature warming (Fig. 10b), particularly for Tay and Tmin. The greater warming in
Tmin compared to Tmax suggests a reduced diurnal temperature range during fall and winter. The
PGW-projected temperature changes are slightly weaker than those from LENS2 across most
seasons, with a maximum difference of =0.2—0.3°C in winter, due in part to the LENS2-projected

hot spots along the western edge of the Amazon Basin (see later).
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The PGW simulation generates widespread warming across the continent in the annual mean
temperature (Fig. 11a). The weakest warming, below 2°C, is observed over the southernmost La
Plata Basin, whereas the strongest warming occurs over the Andes. In the tropical and subtropical
Andes, temperature increases exceed 3°C, likely linked to reduced snow precipitation (see
Section 4.3 and Fig. 16) and the associated snow—albedo feedback. Similar elevation-dependent
warming has been documented in both observational analyses and numerical modeling studies
over the Andes and other mountain regions (Tovar et al. 2022; Chimborazo et al. 2022; Byrn et
al. 2024). Additionally, a regional strong warming above 2.5°C is witnessed between the southern
Amazon and northern La Plata Basins. Despite many similarities in the spatial warming patterns
between the PGW simulation (Fig. 11a) and LENS2 (Fig. 11b), notable differences are present.
These include hot spots exceeding 4°C along the western edge of the Amazon Basin and more
pronounced warming over the Amazon in LENS2. Both are associated with significant drying (Fig.

11d), though their underlying causes remain unclear.

As shown in Fig. 12, the warming patterns display noticeable seasonal variations, although the
areal averages differ only slightly. In general, winter and spring (Figs. 12a—b) closely resemble the
annual warming pattern discussed above (Fig. 11a), featuring weaker midlatitude warming (1-
2.5°C) over Argentina and more intense warming (>3°C) over parts of the western mountains and
the subtropical regions to their east. Summer and fall (Figs. 12c—d) reveal different spatial
patterns with relatively uniform warming (1.5-2.5°C) across most of the continent, except for
comparatively stronger warming (>2.5°C) north of the equator, along the Andes, and in some
adjacent eastern areas. Most of these features and seasonal contrasts are consistent with LENS2

(Figs. 12e—h). Perhaps the most striking discrepancy from the PGW simulation is the presence of
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localized warming maxima exceeding 4°C over the Peruvian Andes and broader areas of
enhanced warming above 2.5°C east of the tropical and subtropical Andes, both of which
contribute to the slightly greater continental-scale average warming signals in LENS2. Another
distinction is that the seasonality over central Brazil differs, with peak warming occurring in spring

in PGW but in winter in LENS2.

4.2 Precipitation changes

The monthly precipitation in the PGW simulation (Fig. 10c), averaged over land points,
demonstrates alternating episodes of positive (wetting) and negative (drying) changes relative to
the HIST simulation, resulting in a marginal overall increase when averaged over the full
simulation period. Given an approximate 2.5°C warming (Fig. 10a), the domain-mean
precipitation change falls well below the rate predicted by Clausius-Clapeyron scaling, indicating
the importance of processes beyond thermodynamics, such as atmospheric dynamics, regional
moisture availability, moisture convergence, and precipitation efficiency, in determining mean
precipitation responses to climate warming in South America. The 22-year composite annual
cycle (Fig. 10d) highlights drying during late winter and spring (August—November), with wetting
prevailing during the remaining seasons. The PGW simulation aligns reasonably well with the
LENS2 projection in terms of the seasonal pattern, but it consistently shows a wetter or less
drying response compared to LENS2 during most of the year (Fig. 10d), possibly due to the warm

and humid conditions imposed by the PGW forcing.

The PGW simulation projects a complex pattern of annual precipitation changes (Fig. 11c),
characterized by increases over Southeast South America (SES), Northeast South America (NES),

parts of Colombia, and the equatorial Pacific coast, and decreases across most regions north of
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the equator, southern Chile, and the western Amazon. Most of these wetting and drying features
are also reflected in the LENS2 projection (Fig. 11d). These results are qualitatively consistent
with the runoff differences projected by various GCMs (Miiller et al. 2024). The most prominent
discrepancy arises over the Amazon Basin, where LENS2 projects a substantial precipitation
decline exceeding 300 mm, while the PGW simulation yields only a minimal overall reduction and
even some localized increases. The origin of this difference is not yet understood, but it may
partly reflect the exclusion of land use and land cover (LULC) changes in the PGW framework (see,
for example, Sierra et al. 2023, where it was shown that the onset of monsoon is changed due to
deforestation), as well as the omission of tropical low-frequency variability under global warming.
Another notable contrast is evident over the central Andes at low latitudes, where the PGW
simulation produces a mountain ridgeline-scale alternating wetting—drying pattern, in contrast
to the broad-scale wetting projected by LENS2, reflecting the inability of LENS2 to resolve
subranges of the Andes. When averaged across the continent, LENS2 yields a 2.7% reduction in

annual precipitation, compared to a small increase of 0.2% in PGW.

Precipitation responses to climatic warming present strong seasonality, as shown in Figs. 13a—d.
During the climatologically driest season, winter (Fig. 13a), widespread precipitation increases
are projected, with drying primarily limited to southern Chile and the far northern continent.
During spring (Fig. 13b), a marked shift toward drying emerges across much of central Brazil and
Bolivia, while far southern Brazil and Uruguay undergo pronounced wetting. On the other hand,
summer precipitation changes (Fig. 13c) display a dipole-like pattern, characterized by enhanced
rainfall in Northeast South America (NES) and reduced rainfall in Northern South America (NSA).

In fall (Fig. 13d), the wetting—drying dipole weakens considerably, while areas experiencing
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increased precipitation expand, particularly across the lower La Plata Basin. LENS2 exhibits
seasonal precipitation patterns and transitions that mostly resemble those in the PGW simulation.
In particular, the winter wetting—drying distribution (Fig. 13e) mostly mirrors that of PGW (Fig.
13a). In spring, however, LENS2 projects widespread drying over NSA (Fig. 13f), in contrast to the
prevailing wetting simulated by PGW (Fig. 13b), resulting in a greater areal mean precipitation
decrease in LENS2. During summer, LENS2 shows more extensive and intensified precipitation
reductions across the Amazon Basin (Fig. 13g) compared to PGW (Fig. 13c). These differences
reflect the annual precipitation contrasts shown in Figs. 11c-d and largely explain the divergent
spatially averaged precipitation responses between the two projections. A similar divergence is
evident in the fall season (Fig. 13h). Of particular note, both LENS2 and PGW consistently project
year-round drying over southern Chile, likely associated with a weakening of the westerly winds
in a warmer climate (Fig. 2), which would reduce orographic lifting and thus suppress local
precipitation. These regional differences illustrate how thermodynamic intensification, changes
in large-scale circulation, and moisture-transport pathways collectively shape South America’s

hydroclimate response to climate warming.

Beyond total precipitation amounts, evaluating the response of event frequency and intensity to
climate warming is fundamental to understanding associated hydrological and socio-economic
effects. Fig. 14 presents a comparison of the frequency of wet hours — hours in which the
accumulated precipitation exceeds 0.1 mm — and the wet-hour precipitation intensity between
the HIST and PGW simulations. The wet-hour frequency is calculated as the percentage of wet
hours relative to the total number of hours, while the corresponding mean intensity is the

average precipitation amount per wet hour. The two simulations show nearly identical spatial
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distributions of precipitation frequency (Figs. 14a—b), which is not surprising given their similar
large-scale boundary forcing due to the relatively weak perturbations applied in the PGW
framework. High-frequency regions are concentrated in the tropical and subtropical Andes,
southern Chile, the northwestern Amazon, and southernmost Brazil. These patterns closely
resemble the spatial distribution of annual precipitation (Fig. 3b), suggesting that total
precipitation amounts are primarily governed by event frequency. Mean precipitation intensity
(Figs. 14d—e) peaks in the tropics and decreases toward higher latitudes and elevations, reaching
minimum values in the coldest regions of SSA and along much of the Andes. Despite the overall
similarity between the two climatologies, the PGW simulation projects a widespread decline in
precipitation frequency (Fig. 14c), except for modest increases over much of Argentina and
northern Chile, alongside a continent-wide enhancement in intensity (Fig. 14f). As found in
previous studies, the intensity of the SALLJ is projected to increase, resulting in stronger
advection of warm, moist air from the Amazon Basin toward the south. This enhanced transport
is reflected in reduced precipitation over northern Paraguay. On average, the projected changes
indicate a decrease of 9.2% in frequency and an increase of 11.3% in intensity across the
continent. These results suggest that, under climate warming, precipitation events are likely to
become less frequent but more intense, consistent with findings from many other regions
globally (Trenberth et al. 2003; Allan and Soden 2008; O'Gorman and Schneider 2009; Martinez-
Villalobos and Neelin 2023) and with projections for parts of South America based on RCMs

(Reboita et al. 2022; Lagos-Zufiga et al. 2024).

Extreme precipitation events are among the most hazardous and consequential impacts of

climate variability and change, and quantifying their response to a warming climate is therefore

38



836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

crucial for robust risk assessment and effective adaptation planning. Here, the 99.9th percentile
of daily and hourly precipitation, as shown in Figure 15, is employed as a diagnostic metric to
evaluate projected changes in extreme short-duration precipitation under the PGW framework.
Like the precipitation climatology (Fig. 3b), both daily and hourly extreme precipitation (Figs. 15a
and d) exhibit substantial spatial variability. The largest extremes are typically located in regions
of highest annual total precipitation, such as the coastal inland of Colombia, the foothills of the
tropical and subtropical Andes, and various parts of the Amazon. Conversely, the smallest
extremes correspond to the driest areas, including northern Chile and southern Argentina. There
is little change in the spatial pattern of extreme precipitation in the PGW simulation (Figs. 15b
and e) compared to the corresponding historical counterpart (Figs. 15a and d). Although the
geographical distribution remains broadly similar between the two climates, climate warming
primarily leads to more intense extreme precipitation events (Figs. 15c and f). The most
pronounced intensification occurs along the tropical and subtropical Pacific coasts, across most
of Argentina, and to a lesser extent in southeastern Brazil. On the other hand, slight reductions
are found in some scattered regions, including parts of the northern coastal areas and southern
Chile. On average across the continent, extreme daily and hourly precipitation amounts increase
by 13.1% and 12.5%, respectively, both of which are slightly lower than the Clausius-Clapeyron
(CC) scaling rate of =7% per degree Celsius, given the mean warming of 2.4°C. Of particular
interest is that the largest increases in extreme precipitation, often surpassing the CC scaling,
tend to coincide with regions experiencing the greatest increases in total precipitation (Fig. 11c),

as well as with the areas of weakest warming in Argentina (Fig. 11a). Additionally, extreme
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precipitation increases dominate across the continent, exhibiting a much broader spatial extent

than overall precipitation increases.

4.3 Snowpack changes

In South America, snowpack functions as a vital natural reservoir whose spring snowmelt runoff
supports agriculture and hydropower in the countries bordering the Andes Mountains (e.g.,
Masiokas et al. 2006; Mendoza et al. 2014; Cornwell et al. 2016; Hernandez et al. 2022; Araya et
al. 2023). As shown by the 22-year mean snow water equivalent (SWE) in Fig. 16d, snowpack in
South America is primarily concentrated in the high mountainous regions of the Andes, which
stretch along the western margin of the continent from Venezuela in the north to southern Chile
and Argentina. SWE generally increases southward, reaching its maximum in the southern Andes
and Patagonia, closely mirroring the spatial distribution of snowfall shown in Fig. 16c. Under
warmer conditions, total precipitation (Fig. 16e) features a clear reduction across much of the
central Andean ridge, where snowpack commonly resides. An exception is found in northern
Chile, where the windward slopes experience modest increases in precipitation. Similar spatial
patterns appear in the differential rainfall field (Fig. 16f), though the reduction covers a slightly
smaller area. On the other hand, snowfall decreases almost everywhere, with the largest
absolute declines occurring in the southernmost Andes and the Patagonian region, areas that
coincide with the deepest historical snowpack and extensive glaciers (Fig. 16d), as well as in the
high-altitude regions of Peru and Bolivia (Fig. 16g). This widespread reduction in snowfall,
combined with increased melting driven by rising temperatures, contributes significantly to the
observed snowpack shrinkage across South America (Fig. 16h). The areal average SWE is

projected to decrease by =10% across the entire continent, with the largest relative reductions
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occurring in the tropical Andes, where climatological SWE values are already low. These results
are consistent with observed snowpack and glacier declines in the region (Masiokas et al. 2006;
Saavedra et al. 2018; Aranda et al. 2023) and with the snowpack contraction projected for the
coming decades (e.g., Caro et al. 2025; Vasquez et al. 2025; Al-Yaari et al. 2024), which could have

substantial societal and economic consequences.

5 Discussion and conclusions

5.1 Summary of the downscaling simulations

In this study, a pair of multi-year, high-resolution regional climate downscaling simulations was
conducted using the WRF model at 4-km horizontal grid spacing over a domain encompassing
the entire South American continent and adjacent oceans. The simulation suite includes a 22-
year historical climate run, which downscales ERA5 reanalysis data for the 2000-2021 period,
and a 22-year PGW-based climate run, representing late-century conditions centered on a
projected global warming of ~3°C relative to the preindustrial baseline. In the PGW simulation,
ERAS data are perturbed using a climate change signal derived from a large ensemble of CESM2
projections (LENS2) for the period 2060-2080 under the CMIP6 SSP3-7.0 scenario, corresponding
to a ~2.5°C regional warming above the 2000-2020 baseline in South America. This modeling
effort represents a first-of-its-kind effort for the region, integrating a continental-scale domain,
convection-permitting resolution, and a multi-decadal simulation period. The primary purpose is
to generate a long-term high-resolution (hourly, kilometer-scale) dataset to support regional
climate and hydrometeorological research across South America. To facilitate a broad range of
scientific applications within the SAAG community as detailed in Dominguez et al. (2024), the

simulations archive all conventional three-dimensional and 100+ two-dimensional atmospheric,
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near-surface, and land physical variables at hourly resolution, along with 15-minute outputs for

a subset of selected variables. This comprehensive dataset serves as a valuable resource for

diverse research communities and as a complementary tool for policymaking.

The accuracy and performance of the historical simulation in reproducing precipitation and near-

surface air temperature were evaluated against multiple gridded precipitation datasets and ERAS

2-m temperature data. The analysis supports the following key conclusions:

1)

2)

High skill in multiscale precipitation representation: The 4-km WRF model demonstrates
strong capability in capturing precipitation variability across temporal scales ranging from
interannual to hourly. It accurately reproduces observed spatial patterns of annual and
seasonal precipitation, the monthly progression of rainfall linked to monsoon dynamics,
and a variety of diurnal precipitation regimes. Importantly, the model captures the
propagation of precipitation through the overnight hours in the lee of the midlatitude
Andes and inland from the Atlantic coast, as well as the full distribution spectrum of daily
and hourly precipitation intensities. The majority of model deviations relative to satellite-
derived precipitation estimates fall within the bounds of observational uncertainty.
Nonetheless, significant differences remain, particularly across the Andes Mountains,
necessitating further investigation into the respective roles of observational product
uncertainties and WRF model deficiencies.

Effective performance in temperature representation: The model realistically simulates
seasonal and sub-seasonal near-surface air temperatures and reproduces the probability

distributions of both daily and hourly temperature values with reasonable accuracy.
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3) WRF added value over ERA5: While ERA5 and WRF exhibit similar skill in capturing large-
scale variability in precipitation (interannual to sub-seasonal), WRF substantially
outperforms ERAS in representing the diurnal cycle, simulating propagating precipitation,
and capturing daily to hourly precipitation features, compared to IMERG estimates.
Further, WRF provides a more accurate representation of precipitation extremes, offering

enhanced value for studying high-impact weather events and climate applications.

Additional evaluation studies have provided evidence for the capability of this high-resolution
historical simulation to reproduce the climatological characteristics of various weather systems
over South America. For example, Potter (2023) demonstrated that the simulation captures the
climatological pattern of orographic precipitation over the Chilean and Argentinian Andes but
exhibits a wet bias in the northern domain and in some areas immediately leeward of the crest,
while accurately reproducing the observed contribution of atmospheric rivers to Andean rainfall.
Zilli et al. (2024) examined the simulation of tropical—-extratropical cloud bands, the primary
source of precipitation during the South American rainy season (November—March), and found
that the simulated annual cycle of cloud band days deviates by only about 10% from observations.
Similarly, Rehbein et al. (2025) evaluated the representation of MCSs and reported that key
characteristics such as size, duration, and maximum precipitation are generally well captured by
the model, despite a slight positive bias in maximum precipitation. Moreover, the WRF simulation
was shown to successfully replicate many key characteristics of the interactions between SALLJs
and MCSs, including the observed spatial patterns of MCS initiation and precipitation associated
with different types of SALLJs, particularly the enhanced activity over SES (Mu et al., 2025). In

summary, the dynamical downscaling using the convection-permitting WRF model substantially
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improves the representation of a wide range of physical processes, offering significant added

value over the driving reanalysis. The model’s strong overall performance builds confidence in its

use for both process-level investigations and applied studies and supports the continued use of

this configuration for future climate downscaling efforts.

An analysis of the PGW simulation was conducted to examine projected changes in surface air

temperature, key precipitation characteristics, and snowpack, alongside a comparison with the

driving CESM-LENS2 projection for the late 21st century (2060—-2080). The main findings are

summarized as follows:

1)

2)

3)

Substantial surface warming: The PGW simulation projects an average surface
temperature increase of approximately 2.4°C, with the strongest warming occurring in
the Andes and subtropical regions. While the spatially averaged warming magnitude and
many regional and seasonal features are broadly consistent with the CESM-LENS2
projection, regional differences are evident, likely stemming in part from differences in
representations of land-surface processes and land-atmosphere interactions.

Regional shifts in precipitation patterns: Projected precipitation changes vary by region
and season. Drying is anticipated in southern Chile and the western Amazon, while wetter
conditions are expected in southeastern South America and along portions of the Pacific
coast. Seasonal signals include wetter winters and drier springs. A significant divergence
between the PGW simulation and CESM-LENS2 occurs over the Amazon, where the latter
projects significantly greater drying.

Changes in precipitation frequency and intensity: The PGW simulation indicates a 9.2%

reduction in the frequency of rainy days, coupled with an 11.3% increase in rainfall
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intensity. Extreme precipitation events (99.9th percentile) are projected to intensify on
both daily and hourly timescales. These results are consistent with the broader
expectation that global warming will lead to fewer but more intense storms.

4) Declining snowpack in the Andes: The domain-average snowpack is projected to decline
by roughly 10%, driven by both reduced snowfall and increased melting under warmer
temperatures. This decline has potential implications for water availability, agriculture,

and hydropower in high-altitude regions reliant on seasonal snowmelt.

Among many others, one application is particularly compelling for hydroclimate research. The
Noah-MP land surface model with groundwater coupling (Miguez-Macho and Fan 2007; Niu et
al. 2011) enables the SAAG simulations to resolve soil moisture and subsurface storage, providing
an internally consistent representation of terrestrial water storage (TWS). As an integrative
component, TWS links atmospheric inputs such as precipitation and snowmelt with losses
through evapotranspiration, thereby shaping the persistence and propagation of hydrological
anomalies across the landscape. This capability is particularly important because recent analyses
using GRACE and GRACE-FO have established TWS anomalies as fundamental for understanding
droughts and floods in South America, especially in the Amazon and La Plata basins (Chen et al.
2009, 2010; Humphrey et al. 2016; Getirana et al. 2020; Camacho et al. 2023). The inclusion of
these subsurface processes therefore extends the scope of the SAAG dataset far beyond surface
fluxes and offers a powerful tool for investigating how soil moisture and groundwater memory
modulate the intensity, duration, and recovery of hydroclimatic extremes under both present

and future climates.

5.2 Limitations and future work
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The merits and limitations of the PGW technique have been thoroughly discussed in the literature
(Liu et al. 2017, 2024; Brogli et al. 2023; Hall et al. 2024). In brief, PGW simulations are valuable
for quantifying the more deterministic thermodynamic component of increasing greenhouse
forcing, while avoiding the complications of unpredictable internal variations from individual
GCM projections. This offers a distinct advantage over traditional dynamical downscaling, where
a single GCM realization is typically used to provide boundary conditions for RCMs. Additionally,
the climate forcing (i.e., Egs. 1-2) represents the difference between two ensemble mean
climates, which helps mitigate the systematic biases inherent in GCMs. Finally, the PGW
technique enables direct comparisons between a historical year and the corresponding "future"
(PGW) year in the context of current day interannual variability, due to the comparable daily
weather perturbations between the PGW and baseline boundary forcings. The major criticism to
the approach is its inability to address the future variability of synoptic-scale storms entering the
study domain (Hall et al. 2024; Xu et al. 2019), as well as not being able to provide any information
related to changes (e.g., frequency, intensity, extent) in climate systems (e.g., ITCZ, ENSO, SAMS,

MJO) that have a strong influence on South America.

Despite its overall positive performance, the current WRF modeling system still suffers from
weaknesses that must be addressed to improve historical hydroclimate simulations and
potentially reduce uncertainties in future projections, although limitations in coarse-resolution
gridded satellite observations (Miller et al. 2021; Liu et al. 2025) complicate their interpretation.
Among these are several persistent model deficiencies, most notably, the excessive precipitation
biases over major mountain ranges such as the Andes and the Guiana Highlands (Figs. 3—4). As

identified by Liu et al. (2025), a root cause of this orographic wet bias lies in the
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underrepresentation of clouds in WRF simulations. This deficiency leads to excessive surface
solar radiation, which can drive unrealistically strong thermal instability and anabatic (upslope)
flows. The enhanced instability and upslope winds, combine to trigger orographic convection that
is too early and too intense during the daytime, ultimately contributing to the overestimation of
mountain precipitation. To effectively address this issue, future efforts should prioritize
improving cloud representation, particularly non-precipitating clouds, which are critical to the
radiation budget but frequently underrepresented in high-resolution WRF simulations (Kim et al.
2025). Specifically, incorporating a shallow cumulus cloud parameterization appears necessary
for representing subgrid-scale cloud processes that remain unresolved at convection-permitting
resolutions. Although such a scheme is currently unavailable in the present WRF model
configuration, its inclusion might result in a meaningful improvement in the simulation of
orographic precipitation. Additionally, even with accurate orographic cloud formation, cumulus
congestus clouds were nonetheless found to precipitate too efficiently in WRF simulations
employing the same microphysics scheme as in the present study, leading to excessive
orographic convective precipitation (Zhang et al. 2024). Furthermore, a 4-km horizontal grid
spacing is insufficient to resolve deep convective updrafts (e.g., Bryan et al. 2003), producing
overly broad updrafts with biased velocities and vertical transport (e.g., Varble et al., 2020; Wang
et al., 2020). These biases subsequently influence the convective-stratiform precipitation
partitioning (e.g., Han et al. 2019). Consequently, smaller-scale regional comparisons that
integrate large-eddy simulations and detailed limited-domain observations with large-domain,

long-duration simulations will be essential for advancing km-scale model performance.
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Another issue involves the use of present-day land use and land cover (LULC) in the PGW
simulation, which does not account for potential future changes and thus introduces additional
uncertainty into the projection. LULC changes, particularly deforestation and agricultural
expansion, exert significant influence on South America's regional climate by modifying surface
water and energy fluxes, evapotranspiration, and moisture recycling (Feddema et al. 2005; Bonan,
2008; Wongchuig et al. 2023). For instance, the Amazon rainforest, a critical component of the
continent's hydrological system, plays a major role in maintaining atmospheric humidity and
precipitation through strong evapotranspiration (Salati and Vose 1984; Spracklen et al. 2012;
Wright et al. 2017). Large-scale deforestation reduces canopy cover and soil moisture retention,
resulting in elevated surface temperatures and suppressed local rainfall (Lawrence and Vandecar
2015; Alkama and Cescatti 2016; Lima et al. 2023). Similar processes are found in the Dry Chaco
(Bracalenti et al. 2024). These changes can disrupt the South American monsoon system (Sierra
et al. 2023) and weaken precipitation recycling, with far-reaching consequences for water
availability across the region (Nobre et al. 2009; Poveda et al. 2014; Marengo et al. 2018).
Moreover, alterations in land surface properties affect boundary-layer dynamics, atmospheric
circulation, and cloud formation, underscoring the importance of LULC changes in accurately
simulating and projecting regional climate variability (Pielke et al. 2007; Pitman et al. 2009; Eiras-
Barca et al. 2020). Consequently, the integration of dynamic land use processes into high-
resolution climate models is essential for improving the assessment of future climate changes in
South America (Devaraju et al. 2015; Boisier et al. 2015), a topic currently being explored in a

separate SAAG community effort.
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Another limitation of these simulations is the use of fixed (default) parameter values in the Noah-
MP land surface model. Parameter uncertainties can strongly influence land—atmosphere water
and energy exchanges simulated by land models (e.g., Rosero et al. 2010; Sepulveda et al. 2022;
Elkouk et al. 2024), thereby affecting other terrestrial water and energy storages. This is also true
for Noah-MP, whose sensitivity to both “free” parameters (e.g., coefficients used in conceptual
baseflow and surface runoff parameterizations) and “observable” parameters (e.g., saturated
hydraulic conductivity, soil porosity, vegetation height) has been well documented (e.g., Cai et al.
2014; Mendoza et al. 2015b; Cuntz et al. 2016; Arsenault et al. 2018). In particular, Mendoza et
al. (2015b) demonstrated the substantial influence of hidden (i.e., hard-coded) parameters,
including those in the snowpack module, on model behavior, while Arsenault et al. (2018)
identified the most influential parameters governing surface heat fluxes, soil moisture, and net
carbon flux when using Noah-MP with dynamic vegetation. Importantly, parameter uncertainties
can significantly alter both the sign and magnitude of projected changes in water-cycle variables,
as shown by Mendoza et al. (2015a). Hence, future investigations should aim to develop
improved and spatially coherent parameter estimates across the South American continent to
enable more robust representations of snow, soil moisture, runoff, evapotranspiration,
groundwater, and other hydrological variables under both historical and future climate

conditions.

Lastly, aerosols exert a significant yet complex influence on South American weather and climate
systems through both direct and indirect pathways. Directly, they affect the regional radiation
budget by scattering and absorbing incoming solar radiation (Haywood and Boucher 2000).

Indirectly, aerosols modify cloud microphysical properties, such as droplet numbers and sizes,
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thereby influencing cloud albedo, lifetime, coverage, and precipitation efficiency (Twomey 1977;
Rosenfeld et al. 2008). In the Amazon Basin, aerosol emissions from biomass burning, originating
from both natural processes and anthropogenic activities, can suppress or enhance convective
precipitation by altering cloud formation and atmospheric stability (Andreae et al. 2004; Martins
et al. 2009; Wu et al. 2021; Curtius et al. 2024). These interactions are particularly critical during
the dry-to-wet season transition, when aerosol—cloud interactions have the potential to delay
the onset of the South American Monsoon (Zhang et al. 2009; Spracklen et al. 2012). Furthermore,
elevated aerosol concentrations can reduce surface-reaching solar radiation, weakening the
surface energy budget and modifying local and regional circulation patterns (Koren et al. 2004;
Butt et al. 2022). Despite their demonstrated importance, aerosols remain a major source of
uncertainty in regional climate modeling due to their high spatial and temporal variability, as well
as the complex, nonlinear interactions with clouds and land—atmosphere feedbacks (IPCC 2021;
Bonini et al. 2023; He et al. 2024). In the current experimental configuration, aerosol-radiation
interactions are represented using a prescribed 5°x4° 1990s aerosol climatology within the
RRTMG radiation scheme, and aerosol—cloud interactions are entirely absent, as the employed
microphysics scheme assumes a fixed cloud droplet number concentration. As a result, the
suppression of warm rain by aerosols and the associated modifications to mixed-phase processes
in convective clouds are not captured. Even microphysics schemes that include aerosol—cloud
interactions often struggle to reproduce observed cloud and precipitation characteristics,
highlighting the need for further research to advance cloud microphysical modeling and improve
precipitation prediction (e.g., Morrison et al. 2020). The omission of dynamically evolved aerosol

fields thus introduces an additional source of uncertainty in both historical and future climate
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simulations, particularly in regions such as the Amazon, where these feedbacks are known to be

substantial.

In conclusion, this study provides a much-needed high-resolution long-term dataset that not only
advances scientific understanding of South American climate dynamics under present and future
forcing scenarios but also serves as a foundation for applied research. The dataset enables
investigations of extreme weather events, assessments of climate impacts on water resources,
and integrated evaluations of regional vulnerability and adaptation strategies. These capabilities
are essential for supporting climate resilience, informing policy development, and guiding
national and regional planning in the context of a changing climate. Additionally, the dataset
presents new opportunities to force hydrological and land surface models (e.g., Segovia et al.,
2025), thereby enhancing impact modeling and decision-support systems. A further strength of
the dataset is that, through Noah-MP with groundwater coupling, it explicitly accounts for soil
moisture, groundwater, and thus TWS. While this study focused on precipitation and snowpack,
the availability of multi-decadal, convection-permitting TWS fields significantly enhances the
dataset’s value for the community. It enables investigations of drought persistence, hydrological
resilience, and long-term water-cycle variability across South America. Nonetheless, further
efforts are required to reduce remaining uncertainties by improving model physics and Noah-MP
parameter estimates, and incorporating currently missing processes, particularly those related
to subgrid cloud dynamics and microphysics, LULC changes, and aerosol-cloud-radiation
interactions. Future extensions of the SAAG effort will emphasize the integration of additional

variables (e.g., soil moisture, evapotranspiration, and energy fluxes) and the development of
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user-friendly tools for applied sectors, including agriculture, water management, and disaster risk

reduction.
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Fig. 1. (a) Model domain (cyan rectangular area) with color shading representing surface elevation (m).
The domain is centered at 58°W, 22°S, with the Lambert Conformal projection, covering an area of =<5884
km x 8108 km. The red-contoured areas denote the Amazon Basin (AB) and the La Plata Basin (LPB),
respectively. (b) IPCC climate reference regions over South America, including Northwest South America
(NWS), Northern South America (NSA), South American Monsoon (SAM), Northeast South America (NES),
Southwest South America (SWS), Southeast South America (SES), and Southern South America (SSA).
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Fig. 2. Climate perturbations representing the differences between the future period 2060-2080 and the
historical period 2000-2020 in LENS2. (a)-(d) are temperature (°C; color shading), relative RH (contour),
and wind vectors at 850 hPa. (e)-(h) are temperature (°C; color shading), RH (contour), and wind vectors
at 250 hPa. (i)-(l) are SST perturbations (°C). From left to right are January, April, July, and October,
representative of the austral summer, fall, winter, and spring seasons, respectively.
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Fig. 3. Annual precipitation (mm) for IMERG (a), HIST (b), and ERAS5 (c) averaged over the 21 water years
from June 2000 to May 2021. Annual precipitation differences (mm) with respect to IMERG for HIST (d)
and ERAS (e). The numbers in (d)-(e) are pattern correlation coefficient (CC), percentage bias, mean
absolute error (MAE), and root mean square error (RMSE). Stippled areas in (d) indicate that model biases
are within the observational uncertainties estimated from observational datasets: IMERG, CHIRPS,
CMORPH, CPC, GPCP, and MSWEP.
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Fig. 4. Seasonal precipitation (mm), averaged over the 21 water years from June 2000 to May 2021, for
IMERG (top) and HIST (middle), and difference (HIST-IMERG; bottom). From left to right are austral winter
(a, e, i), spring (b, f, j), summer (c, g, k), and fall (d, h, I). The numbers in (i)-I) are pattern correlation
coefficient (CC), areal mean percent bias, mean absolute error (MAE), and root mean square error (RMSE).
Stippled areas in (i)-(l) indicate that model biases are within the observational uncertainties estimated
from observational datasets: IMERG, CHIRPS, CMORPH, CPC, GPCP, and MSWEP.

79



1864

10'

10°

PDF (%)

10"

10°

10°

PDF (%)

10*

10'

-
o
>

PDF (%)

10°

PDF (%)

——— ERAS ~——— ERAS ~——— ERAS
—— WAF e WRF —— WAF
—— IMERG —— IMERG —— IMERG
410 H10°f
110" 110"
(a) whole domain (b) NSA (c) SAM
1 I 2 L L 2 1 L
10° 10" 10° " 10° 10' o 10° 10' 10°
T T T T T T
110" q10'
~——— ERAS5 ~——— ERAS
—— WRF —— WRF
—— IMERG —— IMERG
q10°F q10°F
410"+ 10"
(d) SES (e) SWS () SSA
1 1 2 1 L -2 L 1
10° 10' 10° 0 10" 10’ 10° " 10° 10' 10°
Daily precipitation (mm) Daily precipitation (mm) Daily precipitation (mm)
T T T T T T T T T
—ERas ]
—— WRF
—— IMERG

(g) whole domain

1 1
10" 10° 10’

10" 10° 10' 10" 10° 10'
T T T T T T T T T
F 110 10
——— ERAS ~ ERAS ~ ERAS
—— WRF ~——— WRF —— WRF
—— IMERG —— IMERG —— IMERG
= - 100 - = 100 -
= —10'+ 10"}
10* L 107

1 N
10° 10'
Hourly precipitation (mm)

1
10° 10'
Hourly precipitation (mm)

10"

1
10° 10'
Hourly precipitation (mm)

80




1865

1866
1867
1868
1869
1870
1871

1872

1873

Fig. 5. Probability density function (PDF) distributions of (a-f) daily precipitation and (g-) hourly
precipitation over land points, with the black, red, and green lines representing IMERG, HIST and ERAS,
respectively. The bin widths of daily and hourly precipitation are 1 mm day! and 0.1 mm h%, respectively.
(a, g) whole domain, (b, h) Northern South America (NSA), (c) South American Monsoon (SAM), (i)
Northwest South America (NWS), (d, j) Southeast South America (SES), (e, k) Southwest South America
(SWS), and (f, 1) Southern South America (SSA).
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Fig. 6. UTC hour of austral summer (DJF) maximum hourly precipitation amount (top: a-c) and maximum
hourly precipitation frequency (bottom: d-f) for IMERG (left), HIST (middle), and ERA5 (right). The
difference between UTC and Local Solar Time (LST) mostly ranges from 3 to 5 hours, with an average of
=4 hours; that is, LST = UTC - 4 hours for most of the continent.
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50°W. The diurnal cycle is repeated twice for clarity.
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Fig. 8. Monthly mean 2-m temperature difference (°C) between HIST and ERA5 (HIST-ERAS5), averaged
over the 22 years from 2000 to 2021, for (a) June, (b) July, (c) August, (d) September, (e) October, (f)
November, (g) December, (h) January, (i) February, (j) March, (k) April, and (I) May. The numbers are
pattern correlation coefficient (CC), mean bias, and mean absolute error (MAE).
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Fig. 10. Time series of (a) monthly surface air temperature and (c) precipitation changes (PGW minus HIST).
The 22-year averaged annual cycle of (b) surface air temperature and (d) precipitation changes (PGW

minus HIST), and LENS2 projected changes between the period 2060-2080 and the period 2000-2020.
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Fig. 11. (a)-(b) annual mean surface air temperature changes (°C), and (c)-(d) annual total precipitation
changes (mm), corresponding to the differences between PGW and HIST (left) and the differences
between the period 2060-2080 and the period 2000-2020 in LENS2 (right). The numbers are the averages
over all land points.
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Fig. 12. Seasonal surface air temperature changes (°C) for austral winter (a, e), spring (b, f), summer (c, g),
and fall (d, h). (a)-(d) stand for the differences between PGW and HIST, and (e)-(h) correspond to the
differences between the two periods 2060-2080 and 2000-2020 in LENS2. The numbers are the average
temperature changes over all land points.

88



1927

1928
1929 JJA (winter) SON (spring) DJF (summer) MAM (fall)
o ) 1"{_ { F '
’a;, 1.8mm % =20.8mm &, “12.3mm %, *-10.8mm
B | ] [ O N | [ [ (O e | | O e ([ ]
-160-120 -80 40 0 40 80 120 160 -160-120 -80 40 0 40 80 120 160 -160-120 -80 40 0O 40 80 120 160 -160-120 -80 40 0O 40 80 120 160
1930
1931

1932  Fig. 13. Seasonal precipitation changes (mm) for austral winter (a, e), spring (b, f), summer (c, g), and fall
1933 (d, h). (a)-(d) are the differences between PGW and HIST, and (e)-(h) correspond to the differences
1934  between the two periods 2060-2080 and 2000-2020 in LENS2. The numbers are the average precipitation
1935  changes over all land points.
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Fig. 14. Precipitation frequency (%; a-c) and intensity (mm h%; d-h) for wet hours (hourly precipitation >
0.1 mm). From left to right are HIST, PGW, and their absolute differences (PGW-HIST). Frequency and
intensity represent the percentage of wet hours relative to total hours and the mean precipitation amount
over wet hours at each grid point. Values printed on the left and middle columns are land area averages,
and values printed on the right column are percent differences [(PGW-HIST)/HISTx100%].
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Fig. 15. The 99.9% percentile of daily precipitation (top: a-c) and hourly precipitation (bottom: d-e). From
left to right are HIST, PGW, and their percent difference [(PGW-HIST)/ HISTx100%)]. The numbers are the

averages over all land points.
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Fig. 16. Top panels are (a) annual total precipitation, (b) annual total rainfall, (c) annual total liquid
equivalent snowfall, and (d) annual mean snow water equivalent (SWE), averaged over the 22 years of
HIST simulation. Bottom panels are the 22-yrear average changes of (e) annual total precipitation, (f)
annual total rainfall, (g) annual total liquid equivalent snowfall, and (h) annual mean SWE, corresponding
to the differences between PGW and HIST (PGW-HIST). The unit for all fields is mm.
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1978  Fig. S1. Annual precipitation (mm), averaged over the 21 water years from June 2000 to May 2021, for (a)
1979  IMERG, (b) CHIRPS, (c) CMORPH, (d) CPC, (e) GPCP, and (f) MSWEP.
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1986  Fig. S2. Comparison of monthly precipitation (mm), averaged over the 21 water years from June 2000 to
1987 May 2021, between IMERG (left) and HIST simulation (right) for (a) June, (b) July, (c) August, (d) September,
1988  (e) October, (f) November, (g) December, (h) January, (i) February, (j) March, (k) April, and (I) May. The
1989  numbers are pattern correlation coefficient (CC) and percentage bias (%) over land points.
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Fig. S3. Times series of (a) monthly mean daily precipitation for HIST (red), IMERG (black), and ERA5
(green), and (b) monthly mean daily average temperature (black), daily maximum temperature (red), and
daily minimum temperature (green) for HIST (solid) and ERAS5 (dashed). Variables are spatially averaged
over all land points.
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Fig. S4. Probability distribution of instantaneous hourly 2-m temperature over different climate regions
for HIST (red) and ERA5 (black). (a) NWS, (b) NSA, (c) NES, (d) SES, (e) SWS, and (f) SSA. All results are
computed over land points of each climate region only. The bin width is 2 K.
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