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Abstract: The Brazilian Amazon provides important hydrological cycle functions, including precipi-
tation regimes that bring water to the people and environment and are critical to moisture recycling
and transport, and represents an important variable for climate models to simulate accurately. This
paper evaluates the performance of 13 Coupled Model Intercomparison Project Phase 6 (CMIP6)
models. This is done by discussing results from spatial pattern mapping, Taylor diagram analysis and
Taylor skill score, annual climatology comparison, cumulative distribution analysis, and empirical
orthogonal function (EOF) analysis. Precipitation analysis shows: (1) This region displays higher
rainfall in the north-northwest and drier conditions in the south. Models tend to underestimate
northern values or overestimate the central to northwest averages. (2) The southern Amazon has a
more defined dry season (June, July, and August) and wet season (December, January, and February)
and models simulate this well. The northern Amazon dry season tends to occur in August, September,
and October and the wet season occurs in March, April, and May, and models are not able to capture
the climatology as well. Models tend to produce too much rainfall at the start of the wet season and
tend to either over- or under-estimate the dry season, although ensemble means typically display the
overall pattern more precisely. (3) Models struggle to capture extreme values of precipitation except
when precipitation values are close to 0. (4) EOF analysis shows that models capture the dominant
mode of variability, which was the annual cycle or South American Monsoon System. (5) When all
evaluation metrics are considered, the models that perform best are CESM2, MIROC6, MRIESM20,
SAM0UNICON, and the ensemble mean. This paper supports research in determining the most
up-to-date CMIP6 model performance of precipitation regime for 1981–2014 for the Brazilian Amazon.
Results will aid in understanding future projections of precipitation for the selected subset of global
climate models and allow scientists to construct reliable model ensembles, as precipitation plays a
role in many sectors of the economy, including the ecosystem, agriculture, energy, and water security.

Keywords: Brazilian Amazon; South America; precipitation; global climate models (GCMs); Coupled
Model Intercomparison Project Phase 6 (CMIP6); CHIRPS

1. Introduction

The Amazon rainforest provides a wealth of ecosystem goods and services [1], includ-
ing regulation of climate and water feedbacks [2], agricultural and timber goods, a hotspot
for biodiversity [3,4], watershed services [5], regulation of rainfall regimes [6], and climate
change regulation by acting as a carbon sink [7]. Brazil contains almost 60% of the Amazon
rainforest and relies heavily on rainfall which is produced, in part, by local sources of evap-
otranspiration from vegetation [8,9]. However, changes in climate and land use and land
cover change have led to changes in the precipitation regime which impact socio-economic
activities, including natural resources and resource usage [10] and food production [11].
Unfortunately, due to socio-political and economic reasons [12–14], forests have been cut
down and deforested at an unprecedented rate since the 1970s. Land use and land cover
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change has led to an Amazon basin-wide transition to a disturbance-dominated regime,
ultimately leading to changes in energy and water cycles In addition, natural fluctuations
in climate have created changes in the onset, demise, and duration of the monsoon system
for South America [15–20] and drought conditions have intensified [21–23] with dry events
projected to increase in the future [24]. Based on these findings, the Brazilian Amazon is
a region where the precipitation regime is important to study and simulate properly as
moisture and rainfall play a large role in maintaining proper climate regulations.

To understand the precipitation regime for this region, global climate models (GCMs)
employ numerical simulations to understand past, present, and future patterns, changes,
and trends in rainfall. The Coupled Model Intercomparison Project Phase 6 (CMIP6) rep-
resents the most up-to-date climate modeling data for these types of studies. CMIP6 is
organized by the World Climate Research Programme (WCRP) and runs sets of experi-
ments to produce historical, present, and future scenarios for the global climate modeling
community (more information about WCRP CMIP can be found at https://www.wcrp-
climate.org/wgcm-cmip accessed on 20 July 2020). The most recent climate data model is
CMIP6 [25], which contains a historical simulation of the recent past used in model evalua-
tion version CMIP5 [26]. This dataset allows one to study complex processes, including
model response to different forcing, land use change, geo-engineering, an updated set of
shared socioeconomic pathways (SSPs) for future analysis, and advanced physics options
for clouds, circulation, regional phenomena, ocean, land, and ice. Studies have found that
CMIP6 models have improved on CMIP5 simulations for climate extremes and their trend
patterns [27]; monsoon rainfall representation [28]; mean precipitation at annual, summer,
autumn, winter, and spring timescales [29]; and extreme precipitation indices in the wet
season [30]. Although CMIP6 models improve in some aspects, compared to CMIP5, there
still needs to be effort directed towards improving biases and correcting deficiencies in
simulating the precipitation regime and occurrence [30,31].

Past studies on South America have concluded that CMIP models simulate rainfall
variability and trends well [32–34]. Although models are shown to reproduce the observed
climatology for historical periods, there are still systematic errors (dry biases) when models
simulate precipitation variability for the Amazon [32,35]. In addition, analysis of rainfall
variability in CMIP5 simulations has shown that Amazon rainfall responds to sea sur-
face temperature changes, due to the modulation of the Intertropical Convergence Zone
(ITCZ) [36]. Ref. [37] show that nine CMIP5 models were able to capture the dominant
mode calculated from principal component analysis, although models had difficulty sim-
ulating the spatio-temporal patterns of regional precipitation. Research also shows that
subsets of CMIP models perform better than individual models [33–35,38], although single
GCMs perform better in certain evaluation criteria [35]. Although studies have focused on
past CMIP phases for the entire continent of South America or regions within, this paper
expands on past analysis and uses the most current phase of CMIP, phase 6, and additional
evaluation metrics, like empirical orthogonal function (EOF) analysis. Additionally, the
Brazilian Amazon represents an important region to study to maintain water, food, and
energy security, as rainfall plays a role in all these functions.

This study is designed to evaluate the ability of 13 CMIP6 models to simulate the
precipitation regime of the Legal Amazon of Brazil (which will be referred to as the Brazilian
Amazon) for a near-historical period. Performance is determined by multiple metrics,
including spatio-temporal analysis, Taylor skill score, climatology comparison, cumulative
distribution analysis, and EOFs. The best performing models are identified, based on
each criterion, and these can be used for examining historical, past, and future patterns
in precipitation. This study is structured as follows: Section 2 describes the driving
climate mechanisms of the study area, the observational datasets, CMIP6 models, and the
evaluation methodology. Section 3 covers the results and discussion of the performance of
models, as well as their deficiencies. Section 4 outlines main conclusions and takeaways
from the analysis. This paper creates a baseline for future work to be carried out using
a subset of the 13 CMIP6 models to simulate the precipitation regime for a region which
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relies heavily on rainfall for many ecosystem, agricultural, and daily functions. This study
represents, to the best of our knowledge, the first precipitation regime evaluation of these
CMIP6 models for the Brazilian Amazon.

2. Materials and Methods
2.1. Study Area

The Brazilian Amazon (Figure 1) is the portion of Brazil which encompasses the
Amazon Rainforest, two-thirds of which lies in Brazil. The Brazilian Amazon contains
mainly zone A with Af (without dry season), Am (monsoon), Aw (with dry winter), and
the very eastern portion of the Brazilian Amazon contains As (with a dry summer) and
BSh (semi-arid, low latitude and altitude), according to Köppen climate classification. This
region is important for carbon and oxygen cycles, moisture dynamics, natural resources,
species diversity, and many more ecosystem services. However, this region has lost over
107,000 km2 of forest, with some states losing close to 40,000 km2 or 42% of their entire
forest composition since 2008 [39]. Most of the deforestation is due to cropland creation or
other agriculture practices and has significant implications for changes in the precipitation
regime [40–43]. In general, a clearing of forests leads to a drying of the region with less
evapotranspiration and higher temperatures. However, results are still uncertain for many
areas of the Brazilian Amazon. Therefore, it is very important to understand historical
precipitation regime and to evaluate climate model capabilities to simulate the rainfall
patterns for this region. In addition to a domain-wide analysis, this study will analyze a
split domain for the Brazilian Amazon including a northern (NAZ) and southern (SAZ)
Amazon focus (Figure 1). These regions have well-identified seasonal cycles of precipitation
and consist of similar climate structures and have been used in other regional analyses of
South America [32,44].
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2.2. Observational Datasets

A total of three observational datasets will be used to evaluate CMIP6 model re-
sults. The primary dataset will be the Climate Hazards Group Infrared with Station data
(CHIRPS), which contains 35 years of quasi-rainfall data that combine both satellite imagery
and station data to create a rainfall time series [45]. The second will be the University
of Delaware (UDEL) which contains long-term datasets from 1900 using station data of
monthly total rain gauge-measured precipitation [46]. The third is CPC Merged Analysis of
Precipitation (CMAP) which contains five kinds of satellite estimates (GPI, OPI, SSM/I scat-
tering, SSM/I emission, and MSU) and rain gauge data [47]. In addition, Global Land Data
Assimilation System (GLDAS) precipitation and evapotranspiration (ET) and 20th Century
Reanalysis v2C (20cRv2C) surface pressure, specific humidity, meridional, and zonal wind
data are used to analyze moisture flux convergence (MFC) ratio (precipitation/ET) biases.
GLDAS relies on satellite and ground-based observational products and produces land
surface states and flux datasets from land surface modeling and data assimilation, while
20cRv2C relies on a combination of observations rerun with the National Center for Envi-
ronmental Protection Global Forecast System 2008ex model with 28 pressure levels and
updated physical parameterizations [48–54]. All datasets were used for model evaluation
comparison and contain data from 1981 to 2014. When only one observational dataset is
needed for evaluation, CHIRPS is used because it represents one of the best rain-gauge
substitutes for precipitation datasets [55].

2.3. CMIP6 Models

Ref. [25] provide a thorough overview of the Coupled Model Intercomparison Phase 6
(CMIP6) models and address the experimental design and organization of all experiments
and simulations conducted. The models represent the most up-to-date climate model
simulations for the climate science community. Ref. [25] concluded that the results from the
CMIP6 experiments will represent the best global representation of past and future climate
and lead to many significant advances for climate science and the science community
at large.

This study uses a subset of 13 CMIP6 models to evaluate the representation of the
historical Brazilian Amazon precipitation regime for 1981–2014. Model types include
atmosphere-ocean general circulation models (AOGCM) with additional model compo-
nents, such as aerosols (AER), chemistry (CHEM), and biogeochemistry (BGC). Table 1
presents the 13 models, their type, and corresponding institution, and location. The histori-
cal experiment was used for evaluating precipitation, as this experiment is traditionally
used when compared to observational datasets . A total of three members from each model
were selected to create an ensemble mean used in evaluation. SAM0UNICON was the
exception and only contained one member which was used as the mean for this model. To
keep datasets consistent, all models were regridded to 0.25◦ × 0.25◦ using bilinear inter-
polation. This method has been used for model evaluation in South America in multiple
studies [33,56]. It has been found that using other methods, like nearest-neighbor, did not
significantly improve the results [33].

2.4. Evaluation Methodology

To evaluate the ability of CMIP6 models to simulate the historical precipitation regime
for the Brazilian Amazon, results were compared to observations for the period 1981–2014.
We selected this period because it incorporates recent updates in the global telecommuni-
cations system and recent satellite-derived improvements in data collection. To evaluate
annual cycles, we used the statistical metrics: root mean square error (RMSE), bias, and
the spatial and temporal Pearson correlation coefficient. Both the monthly averages and
anomalies of precipitation were evaluated. We also included analysis of precipitation
extremes using the cumulative distribution function. A Taylor diagram was produced for
the entire Brazilian Amazon, to give an overall idea of model performance for the region.
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Table 1. GCMs used in evaluation including type, institution (location), and corresponding reference.

Model Name Type Institution (Location) and Reference

BCCCSM2MR AOGCM Beijing Climate Center (China) [57]
BCCESM1 AOGCM AER CHEM Beijing Climate Center (China) [57]

CanESM5 AOGCM Canadian Center for Climate Modeling and
Analysis (Canada) [58]

CESM2 AOGCM BGC National Center for Atmospheric Research (NCAR)
(United States) [59]

CESM2WACCM AOGCM BGC National Center for Atmospheric Research (NCAR)
(United States) [59]

E3SM10 AOGCM AER Lawrence Livermore National Laboratory (LLNL)
(United States) [60]

ECEarth3 AOGCM EC-Earth Consortium (Europe) [61]
ECEarth3Veg AOGCM EC-Earth Consortium (Europe) [61]

GISSE21G AOGCM Goddard Institute for Space Studies (NASA-GISS)
(United States) [62]

GISSE21H AOGCM Goddard Institute for Space Studies (NASA-GISS)
(United States) [62]

MIROC6 AOGCM AER Japan Agency for Marine-Earth Science and
Technology (JAMSTEC) (Japan) [63]

MRIESM20 AOGCM AER CHEM Meteorological Research Institute (Japan) [64]
SAM0UNICON AOGCM AER BGC Seoul National University (South Korea) [65]

In addition to the model performance comparison, we performed EOF analysis to
characterize the precipitation intraseasonal variability of the 13 CMIP6 models. To quantify
the EOF eigenvector sampling error, we used the method described in [66]. Finally, the
Taylor skill score [67,68], was used to give an overview of model performance (Equation (1)).
Here S is the skill score, R is the correlation between the simulated and reference datasets,
R0 is the theoretical maximum correlation (assumed to be 1), and σ is the standard deviation
of the simulated dataset.

S = 4(1 + R)/[σ +

(
1
σ

)
]
2

(1 + R0) (1)

3. Results and Discussion
3.1. Domain Analysis

Spatial monthly mean averages for the three observational datasets and all 13 GCMs
from 1981 to 2014 are shown in Figure 2. Observed rainfall shows wetter conditions in the
northeast and northwest along the equatorial latitude and dry conditions in the southern
and eastern sections of the domain. The mean values for the entire Brazilian Amazon range
from 167 mm month−1 to 179 mm month−1 for the observed datasets while models range
from 108 mm month−1 to 198 mm month−1. Most models display a much drier condition
in the north and northeast portion of the study region with monthly averages below
60 mm month−1, except for MRIESM20 and SAM0UNICON. MIROC6 and MRIESM20
appear to overestimate precipitation patterns west of 55◦ W and north of 10◦ S with
averages of 250 or more mm month−1, while observation shows monthly values closer
to 150–200 mm month−1. CanESM5 shows the driest northern bias when compared to
observation, with much of the northeastern portion showing values of around 50 mm
month−1. GISSE21G and GISSE21H show scattered dry biases throughout the entire
domain, especially in the southern region with values closer to 50 mm month−1 compared
to 100–150 mm month−1 in the observed domain. The ensemble mean and SAM0UNICON
show the best spatial representation of precipitation with no large dry biases and a uniform
state of precipitation throughout the study domain, although the ensemble mean has a dry
bias in the north due to most models underestimating precipitation here.
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To test for model performance of precipitation variability, monthly standard deviation
of all monthly values for each dataset is shown in Figure 3 in mm day−1 for 1981–2014.
The mean seasonal cycle was not subtracted from each dataset and therefore these values
include both the seasonal cycle and interannual variability. CHIRPS and UDEL show
very similar spatial characteristics with higher variability in the southern and northeastern
portions of the study domain of up to 8 mm day−1, while CMAP shows less variability
overall of a few mm. Models that show lower variability in the northern Brazilian Amazon
include BCCCSM2MR, BCCESM1, E3SM10, ECEarth3, ECEarth3Veg, GISSE21G, GISSE21H,
and MIROC6. BCCCSM2MR, E3SM10, MIROC6, and MRIESM20 show higher variability by
3–4 mm day−1 in the southern portion of the domain. Models that show higher variability
in the eastern region, along the coastal portions of the domain include BCCESM1, CESM2,
CESM2WACCM, E3SM10, MRIESM20, and the ensemble mean. Again, based on spatial
mean analysis of the entire period, SAM0UNICON and the ensemble mean produced the
best representation of mean monthly precipitation standard deviation.

The Taylor diagram provides information on the normalized standard deviation, cen-
tered root mean square error, and the correlation coefficient of the monthly values for each
model, CMIP6 ensemble mean, CMIP5 ensemble mean, CMAP, and UDEL with a reference
dataset for the entire Brazilian Amazon (Figure 4). This analysis allows for a general
comparison of all datasets for the whole study domain. The reference observation dataset
used in this analysis is CHIRPS. In general, models and the two additional observational
datasets performed adequately when compared to CHIRPS. The CMIP6 ensemble mean has
outperformed the previous suite of CMIP5 models in terms of standard deviation. CMIP6
models have become less variable from observation than previous models. All models had
a correlation coefficient above 0.8 and had a standard deviation between 0.5 and 1.5. The
best performance was the ensemble mean, with SAM0UNICON, GISSE21G, and E3SM10
close to the reference dataset. From this diagram, the models that overestimated rainfall for
this period were MIROC6, CESM2, CES2WACCM, and MRIESM20. Models that underesti-
mated domain average precipitation were the ensemble mean, GISSE21G, SAM0UNICON,
E3SM10, GISSE21H, BCCCSM2MR, CanESM5, ECEarth3Veg, ECEarth3, and BCCESM1.
Models that had a high correlation around 0.92 but high standard deviation of about 1.3
were CESM2, CESM2WACCM, and MRIESM20. The model with the highest correlation
coefficient is the ensemble mean with a value of 0.93 and the model with the lowest value
is BCCESM1 at 0.82. The ensemble mean performed best for the entire Brazilian Amazon.
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3.2. Northern (NAZ) and Southern (SAZ) Amazon Regions

The climate of the Brazilian Amazon is characterized by monsoonal climate with a
marked dry and wet season cycle. Typically, the dry season runs from June to August (JJA)
and the wet season from December to February (DJF). SAZ modeled results have a defined
dry and wet season (observational dataset values range from 1.5 to 10 mm day−1 and model
values range from 1 to 13 mm day−1) when compared to NAZ (observational dataset values
range from 3.5 to 10 mm day−1 and model values range from 1 to 12 mm day−1) (Figure 5).
SAZ has a dry season in JJA and a wet season in DJF, while NAZ has a dry season in ASO
and a wet season in MAM according to the observed datasets. For NAZ, models tend to
underestimate precipitation during the dry season and the wet season, except for CESM2,
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CESM2WACCM, and MRIESM20 which overestimate precipitation during the peak of the
wet season by up to 2 mm day−1. Some models underestimate wet season precipitation up
to 7.5 mm day−1. Ensemble mean for NAZ performs best for the beginning and the end of
the wet season but underestimates precipitation during peak wet and dry season. For SAZ,
models were able to capture the progression of the wet and dry season with higher accuracy,
although the range of modeled values is 1 to 13 mm day−1 where the observational dataset
range is only 1.5 to 10 mm day−1. Most models underestimate dry season precipitation for
SAZ, by about 0.5 mm day−1. Models capture the timing of the wet season but disagree
during the peak of the wet season and both over- and under-estimate precipitation. During
JFM (peak wet season for SAZ), observational datasets deviate about 1 mm day−1, while
model values range between 5 mm day−1. Ensemble mean for SAZ performs best. Overall,
models were able to capture the dry and wet season cycles, although the performance was
more accurate for the SAZ compared to NAZ climatology. Most models underestimate
dry and wet season precipitation, although wet season modeled results are more variable.
Models can capture the dry season progression especially well for SAZ.
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Cumulative distribution function (CDF) results in Figure 6 are used to identify whether
models can capture extreme precipitation (minimum and maximum feature in the CDF). In
general, models underestimate NAZ precipitation especially BCCCSM2MR and MRIESM20.
Ensemble mean captures NAZ minimum precipitation values well and exhibits clustering
effects around 3 to 4 mm day−1 and 6 to 8 mm day−1 but does not capture maximum
precipitation. The models that capture NAZ maximum precipitation are CanESM5, CESM2,
CESM2WACCM, GISSE21G. GISSE21H overestimates NAZ maximum precipitation. Mod-
els capture SAZ minimum precipitation very well because SAZ is drier and contains many
observations of no rainfall, therefore models capture the minimum value of observations
well. Most models underestimate SAZ precipitation up to a threshold of 5 mm day−1

but then diverge after this value and exhibit over- and under-estimation of higher precip-
itation observations. The ensemble mean performs relatively well, although clustering
effects occur more often for SAZ than NAZ. Models both over- and under-estimate maxi-
mum precipitation with BCCESM1, BCCCSM2MR, ECEarth3Veg, and E3SM10 capturing
the right tail best. CESM2, CESM2WACCM, MRIESM20, and MIROC6 all overestimate
SAZ maximum precipitation. Overall, MRIESM20 follows the distribution of NAZ best,
despite its overestimation of extreme precipitation while ECEarth3Veg follows the distri-
bution of SAZ best, although it overestimates precipitation values from 5 to 8 mm day−1.
Ensemble mean follows the distribution of SAZ better than NAZ, although it exhibits
clustering effects.
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RMSE-bias and RMSE-correlation coefficient diagrams further illustrate the relation-
ship between these performance metrics for the models (Figure 7). For NAZ domain,
MRIESM20, CESM2, CESM2WACCM, MIROC6, and SAM0UNICON performed the best
with an approximate RMSE of 2.25 mm day−1, a bias ranging from −1.5–0.2, and an ap-
proximate correlation coefficient of 0.75. For SAZ, the best performing models were the
ensemble mean, BCCCSM2MR, E3SM10, ECEarth3, ECEarth3Veg, BCCESM1, CESM2,
CESM2WACCM, MIROC6, and SAM0UNICON. CESM2, CESM2WACCM, MIROC6, and
SAM0UNICON were also some of the best performing models for NAZ. The top five
performing models for SAZ had an approximate RMSE of 1.27 mm day−1, a bias ranging
from −0.36 to +0.34, and a correlation coefficient of 0.95. Models had a larger RMSE for
NAZ with the largest RMSE error +1.4 mm day−1 greater than the largest RMSE for SAZ. In
addition, biases for both NAZ and SAZ showed a similar range with biases ranging 3.5 mm
day−1. Errors were larger for NAZ, as models tended to underestimate precipitation here.
Biases are less systematic in SAZ. Overall, the top models include CESM2, CESM2WACCM,
MIROC6, SAM0UNICON, BCCCSM2MR, E3SM10, BCCESM1, ECEarth3, ECEarth3veg,
and the ensemble mean. However, BCCCSM2MR, E3SM10, BCCESM1, ECEarth3, and
ECEarth3Veg did not perform as well for NAZ.
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3.3. EOF Analysis

Only the two first modes of EOF analysis are described in this section as together they
explain over 67% of the precipitation variability (Figures 8 and 9).
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The first EOF (Figure 8) explains approximately 53% within observational datasets,
and around 68% of the variability in CMIP6 models and follows a temporal pattern like the
annual cycle of precipitation, with a dry season around JJA and a wet season mainly in the
months of DJF. The eigenvector has a dipole structure with the zero line around the equator,
reflecting the different temporal evolution of the SAMS between the northern and southern
region. The SAMS is largely responsible for the annual cycle of precipitation and the SAMS’
temporal structure is confirmed from the PC time series (Figure 9). Overall, models capture
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this mode of variability well, although some models overestimate the precipitation over the
Andes mountains on the western coast of South America. In addition, a too high fraction of
the variability is explained by this eigenvector in the models, with a bias of up to +19.8%
for MIROC6 and +26% for the ensemble mean.

The second EOF explains approximately 14% (according to Figure 9) within the obser-
vational datasets while the CMIP6 models explain 2% less. This EOF explains the transition
between the SAMS and the North American Monsoon System (NAMS) [69]. There is a
tripole nature to this eigenvector with an out-of-phase band around −8◦ to 8◦ of latitude
for the positive values, which represents how these two regions of South America differ
in terms of the temporal evolution of the SAMS. The SAMS originates in the southeast
portion of South America over the mountainous region of the Brazilian Highlands and
moves northward over South America, bringing precipitation as it travels to North America.
During austral winter (JJA) the ITCZ is dominant, with most of the precipitation in the
northern region of South America and Brazil. This is the spatial pattern we are seeing
in this second EOF. The PC time series (Figure 10) shows a delay in the onset of the wet
season for this eigenvector with observation showing its onset around April and May and
models showing a similar pattern, except for BCCESM1 and GISSE11H. This delay signals
the time evolution of SAMS across the vast land area of Brazil. Models seem to capture the
tripole nature of the transitional SAMS, excluding BCCSM2MR, BCCESM1, and GISSE21H.
Models are more accurate in placing the correct fraction of explained variance (%) for this
mode. CESM2, CESM2WAACCM, GISSE21G, MIROC6, MRIESM20, SAM0UNICON, and
the ensemble mean appear to have captured the second eigenvector most accurately.
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Figure 10. Principal component (PC) time series of first two modes for each dataset. First mode
(top panel for each observational dataset, model, and ensemble mean ranging from −0.5 to 0.5) and
second mode (bottom panel ranging from −0.4 to 0.8) show seasonal anomalies for each month of
the year.

Overall, models were able to capture the seasonal cycle and dipole nature of SAMS,
although the variance explained by the first mode was much higher for the models than
for the observations: up to +26% for the ensemble mean (Figure 11). Average observation
eigenvector 1 explained 3%, while the eigenvector 2 explained 9% of the variability. Models
had a combined eigenvector 1 explanation of 67% (14% higher than observation) and 12%
explanation for eigenvector 2 (3% higher than observation). Models had a difficult time
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simulating the temporal progression of the second mode of variability. However, some
models, like CESM2, CESM2WAACCM, GISSE21G, MIROC6, MRIESM20, SAM0UNICON,
and the ensemble mean, were able to simulate the mapped eigenvector well.
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3.4. Taylor Skill Score and Ranking

To evaluate overall model effectiveness, the Taylor skill score was calculated for all
GCMs and the ensemble mean for both subdomains (Figure 12). Overall, models performed
better in SAZ than in NAZ. All models for SAZ scored a 0.87 or better and the highest
score was the ensemble mean with a score of 0.98. The top models for SAZ, according to
Taylor skill score, are ECEarthVeg (0.97), BCCCSM2MR (0.97), CanESM5 (0.96), E3SM10
(0.96), E3SM10 (0.96), and SAM0UNICON (0.96). Performance was lower for NAZ with
the scores ranging from 0.47 to 0.88. The models with the highest skill score for NAZ
include SAM0UNICON (0.88), CESM2 (0.87), CESM2WACCM (0.86), MRIESM20 (0.86),
and MIROC6 (0.85). The ensemble mean score for NAZ is 0.79, being the 7th highest.
When both domains are considered, the top models are CESM2, CESM2WACCM, MIROC6,
MRIESM20, and SAM0UNICON. When modelers take this into consideration, model
ensembles can be constructed based on the highest performing GCMs for this region.
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3.5. ET/PR & MFC/PR Ratio Analysis

To explore GCM performances, we use ET/PR and MFC/PR ratio analysis to in-
vestigate how CMIP6 models partition the source of rainfall moisture between surface
source (evapotranspiration) and atmospheric source (moisture flux convergence) for both
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northern and southern subdomains (Figure 13). Observations show that NAZ ET/PR ratio
is lower than SAZ by an average of 0.11 and therefore there were greater amounts of MFC
compared to ET values, when compared to SAZ. SAZ showed greater values of ET when
compared to NAZ MFC ratio analysis for observations. Models show a higher average
ET/PR mean by 0.21 for NAZ and 0.01 for SAZ. Models were better at capturing SAZ
partition of precipitation sources between ET and MFC for 1981–2014 as the ET/PR ratio
means were much closer to observed means.
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For NAZ, the top performing models (based on the difference in ratio from the av-
erage of GLDAS and 20cRv2C ratio values) are CESM2 (0.05), CESM2WACCM (0.05),
MIROC6 (0.14), MRIESM20 (0.14), ECEarth3 (0.17), and ECEarth3Veg (0.16). For SAZ,
the top performing models (based on the difference in ratio from the average of GLDAS
and 20cRv2C ratio values) are CESM2 (−0.02), CESM2WACCM (−0.02), E3SM10 (−0.02),
ECEarth3 (−0.02), and ECEarth3Veg (−0.02), MRIESM20 (0.00), the ensemble mean (0.01)
and MIROC6 (0.03).

Models tend to underestimate PR for both NAZ and SAZ (Figure 7). This analysis
reveals that the precipitation in models is too strongly dominated by the ET source, resulting
in ET/PR ratios larger than GLDAS and 20cRv2C with an average of 0.12. Despite generally
higher values of simulated ET, the models might not be producing enough moisture
from convergence flux to simulate PR accurately, resulting in low PR when compared to
CHIRPS, CMAP, and UDEL. This is not the only research that has found that models tend
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to underestimate PR, as other studies have shown that CMIP models tend to underestimate
precipitation in this region [35]. More work needs to be completed to analyze the physical
mechanisms and schemes within each model which produce the biases in precipitation, ET,
and MFC, which is beyond the scope of this paper. Understanding the underlying physics
of each GCM is an important component of model evaluation, which individual modeling
teams can contribute towards.

4. Conclusions

The Brazilian Amazon is an important region to study, as it provides a significant
amount of resources, not just locally, but globally. The precipitation regime and the signifi-
cance it represents for the people, environment, and ecosystem is one of the Amazon’s most
significant ecosystem goods [70], and therefore should be studied and modeled properly.
This study evaluates the ability of 13 CMIP6 GCMs to simulate precipitation for a historical
period (1981–2014) for the Brazilian Amazon. The GCMs were selected from the historical
experiment from the CMIP6 simulations and ensemble means were taken to suppress the
effect of internal variability in the individual models. Simulations from GCMs are evalu-
ated using spatial pattern mapping, Taylor diagram analysis and Taylor skill score, annual
climatology comparison, and EOF analysis. Using multiple analysis metrics allows for a
holistic approach to model evaluation, and no one model performed best for all analyses.

Precipitation analysis for the Brazilian Amazon (1981–2014) shows: (1) This region
displays higher rainfall in the north-northwest and drier conditions in the south. Models
tend to underestimate northern values or overestimate the central to northwest averages.
(2) SAZ has a much more defined dry season (JJA) and wet season (DJF) and models are able
to simulate this well. NAZ dry season tends to occur in ASO and the wet season occurs in
MAM, and models are not able to capture the climatology as well. Models tend to produce
too much rainfall at the start of the wet season and tend to either over- or under-estimate
the dry season (although the ensemble mean captures the anomalies for SAZ very well).
The ensemble mean for NAZ can simulate the wet season decline. (3) In addition, models
struggle to capture extreme values of precipitation except when precipitation values are
close to 0. (4) EOF analysis of GCMs was able to capture the dominant mode of variability,
which is largely the annual cycle or SAMS. Some models tend to overestimate precipitation
over the Andes and place too high a fraction of explained variance on the first eigenvector
by up to 26% for the ensemble mean. The second mode showed a tripole difference and
displays a transition from the SAMS to the NAMS, as there is a delay in the onset of the
principal component time series, when compared to the first. (5) When all evaluation
metrics are considered the models that perform best are CESM2, MIROC6, MRIESM20,
SAM0UNICON, and the ensemble mean.

This paper supports research in determining the most up-to-date CMIP6 model per-
formance of precipitation regime for 1981–2014 for the Brazilian Amazon, a place rich in
ecosystem goods and services. These results will hopefully aid in understanding future
projections of precipitation for the selected subset of models and allow modelers and scien-
tists to create an ensemble of high-performing GCMs for further analysis, as precipitation
plays a role in many sectors of the economy, including the ecosystem, agriculture, energy,
and water security.

Author Contributions: Conceptualization, C.M. and F.D.S.; data curation, C.M.; formal analysis,
C.M.; funding acquisition, F.D.S.; methodology, C.M., F.D.S. and C.J.; project administration, C.M.;
supervision, F.D.S. and C.J.; validation, C.M. and F.D.S.; visualization, C.M.; writing—original draft,
C.M.; writing—review and editing, C.M., F.D.S. and C.J. All authors have read and agreed to the
published version of the manuscript.

Funding: This study is based upon work supported by the National Science Foundation under
Grant BCS-1825046. C. Jones would like to thank the financial support from the National Science
Foundation under grant AGS-1937899.



Climate 2022, 10, 122 15 of 18

Data Availability Statement: Data for all Global Climate Models from the Coupled Model In-
tercomparison Project Phase 6 (CMIP6) can be downloaded from the World Climate Research
Programme (WCRP) site: https://esgf-node.llnl.gov/search/cmip6/ (accessed on 20 July 2020).
The main precipitation dataset, Climate Hazards Group InfraRed Precipitation with Station data
(CHIRPS), can be accessed from the University of California Santa Barbara Climate Hazards Cen-
ter site: https://www.chc.ucsb.edu/data (accessed on 15 September 2020). CPC Merged Analysis
of Precipitation (CMAP) can be accessed here: https://psl.noaa.gov/data/gridded/data.cmap.
html (accessed on 15 September 2020). and the University of Delaware (UDEL) Precipitation can
be accessed here: https://psl.noaa.gov/data/gridded/data.UDel_AirT_Precip.html (accessed on
15 September 2020). Precipitation and evapotranspiration data from Global Land Data Assimilation
System (GLDAS) can be found here: https://disc.gsfc.nasa.gov/datasets?keywords=GLDAS (ac-
cessed on 10 August 2021). Twentieth Century Reanalysis data for moisture flux convergence analysis
can be found on the National Oceanic and Atmospheric Association’s Physical Sciences Laboratory
site here: https://psl.noaa.gov/data/gridded/data.20thC_ReanV2c.pressure.mm.html (accessed on
10 August 2021).
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