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Abstract: Analyzing historical droughts is essential to improve the assessment of future hydrological
risks and to understand the effects of climate variability on streamflow. However, prolonged and
consistent hydrological time series are scarce in the Brazilian savanna region. This study aimed to
analyze the performance of climate reanalysis products in precipitation estimation, hydrological
modeling, and historical drought analysis in a Brazilian savanna basin. For this purpose, precipitation
data from the twentieth-century atmospheric model ensemble (ERA-20CM) and the land component
of the fifth generation of European ReAnalysis (ERA5-Land) with bias correction were used. The
weather variables were obtained from the Climatic Research Unit (CRU) and the hydrological model-
ing was performed using the Soil and Water Assessment Tool (SWAT). The Standardized Streamflow
Index (SSI) was used to calculate hydrological drought in the basin. Overall, ERA5-Land performed
satisfactorily in precipitation estimation, mainly on the monthly time scale, hydrological modeling,
and drought prediction. Since ERA-20CM showed unsatisfactory values for the performance statistics
in all analyses, the hydrologic drought (1950 to 2018) was performed with ERA5-Land. The results
showed both an increase in the number of dry months and a decrease in wet months in recent decades.

Keywords: bias correction; climate reanalysis; ERA-20CM; ERA5-Land; SWAT

1. Introduction

Understanding the hydrological condition and its spatial and temporal behavior is
important in many disciplines, such as water resources and natural hazards [1]. Long and
consistent hydrometeorological data are needed to better comprehend the hydrological
cycle components in watersheds. However, these data are scarce in many Brazilian regions,
presenting gaps and a low network density of observed data, which limit their use in
hydrological studies [2–4].

To overcome the lack of long-term hydrometeorological data, recent studies have
sought to produce climate reanalysis, i.e., a consistent reprocessing of archived weather
observations using modern forecasting systems [5]. Some groups have produced global
climate reanalysis data at a fine spatial and temporal resolution, such as the European
Centre for Medium-Range Weather Forecasts (ECMWF), which has different products that
have reconstructed several climate variables, including many that are not directly observed,
since the early twentieth century.

Climate reanalysis provides continuous estimates of weather variables, including
precipitation, for any terrestrial location worldwide, extending over several decades [6].
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Contrasting with ground measured data, reanalysis is uniform in time and space and
provides spanned weather elements [7]. Given this, climate reanalysis has been considered
a surrogate for local observations since the 1990s [8].

The climate reanalysis has presented satisfactory results [9,10]. However, since these
products use observed data for assimilation, atmospheric forcing, and boundary conditions
(e.g., [11–13]), there is a greater uncertainty for the older years due to the lower availability
of observational sources in relation to recent decades. In addition, the quality of the climate
reanalysis data varies by region because the same product may present different perfor-
mances according to the study area [8], and it is influenced by a non-uniform monitoring
network. Therefore, more studies are needed to evaluate its applicability in different climate
regions and its reliability for older years.

When associated with hydrological models, the climate reanalysis allows the simula-
tion of long and consistent hydrometeorological variables, such as streamflow series. This
process is known as Hydrological Retrospective (HR) [14]. According to Auerbach et al. [6],
HR is required for applications focused on seasonal and interannual variability to assess
water supply risk and ecological studies. Some researchers have adopted this methodology
and achieved satisfactory results [1,14–16]. In Brazil, Correa et al. [14,17] addressed HR in
the Amazon basin; however, there are no studies involving HR in Brazilian savanna basins,
an ecologically relevant [18,19] and important biome for freshwater distribution in South
America [20].

HR can also be important for assessment of historical drought events, which is es-
sential to improve our understanding of the hydrological risks and the effects of climate
variability [14]. Managing the impacts of the deficit on the hydrological system is currently
one of the main concerns of water resources managers across the globe [21,22], since this
deficit can affect the ecological system [23,24], several economic sectors [23], and the urban
population [25]. Although the number of hydrological drought studies in the Brazilian
savanna has increased in recent years (e.g., [26–28]), there is still limited research related to
the occurrence of drought events for longer periods in the past, mainly due to limitations
involving the observed data. Therefore, HR is expected to improve the understanding of
past extreme events, contributing to better management of the impacts caused by droughts.

In this context, this study aimed to (i) validate different precipitation products of
climate reanalysis in a Brazilian savanna basin; (ii) analyze the performance of these
products in hydrological modeling; (iii) test the simulated streamflow based on reanalysis
products in predicting the occurrence of hydrological droughts; and (iv) perform HR and
historical drought analysis in the basin.

2. Materials and Methods
2.1. Study Area

The Pandeiros River basin (PRB), delimited from the “Usina do Pandeiros Montante”
streamflow station, has an area of 3220 km2 and is completely inserted in the Brazilian
savanna [29]. Its altitude varies from 496 to 897 m, with an average of 677 m, and an
average slope of 5.9%. Figure 1 presents the PRB location, the streamflow station, and
the Digital Elevation Model (DEM) ALOS (Advanced Land Observing Satellite) PALSAR
(Phased Array L-band Synthetic Aperture Radar), with a spatial resolution of 12.5 m.

PRB is strategically used for the reproduction and development of the ichthyofauna
of the São Francisco River midstream [30]. To protect the growth and reproduction of
native fish species, the Pandeiros River Environmental Protection Area was created in 1995
through State Law no. 11,901, the largest unit for sustainable use in Minas Gerais State [31].

The Köppen climate type for PRB is tropical, with predominant precipitation in
summer and dry winter (Aw). According to the Thornthwaite climate classification, the
climate is defined as dry sub-humid (C1) [32]. The annual temperature varies from 17.9 ◦C
to 31.6 ◦C, with an average of 23.8 ◦C.
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Figure 1. Location of PRB and its DEM, hydrometeorological data, and soil and land use maps. 
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The average annual precipitation in the PRB is 1085 mm, of which 92% occurs during
the rainy period (October to March), and evapotranspiration corresponds to 81.4% of
rainfall [33]. The precipitation in the Brazilian savanna is significantly influenced by
the South Atlantic Convergence Zone (SACZ), which is characterized by the coupling
of the convergent winds and moisture to transient vortices from higher latitudes and
remains quasi-stationary for several days, mainly in the austral summer (December to
February) [34,35]. In addition, other climatic phenomena, such as the El Niño-Southern
Oscillation (ENSO), can influence precipitation in the basin [33].

2.2. SWAT Model

The Soil and Water Assessment Tool (SWAT) [36] is a physically based hydrological
model developed to simulate and predict the impacts of management on water, sediment,
and agricultural chemicals in basins over long periods [37]. In this model, the basin is
divided into multiple sub-basins, subdivided into Hydrological Response Units (HRUs),
which are territorial units with similar hydrological behavior [38]. SWAT is based on the
water balance in each of the HRUs, according to Equation (1) [39].

SWt= SW0 +
t

∑
i=1

(R day − Qsurf − Ea − wseep − Qgw) (1)

where SWt is the final soil water content (mm); SW0 is the initial soil water content on the
day i (mm); t is the time (days); Rday is the amount of precipitation on the day i (mm); Qsurf
is the amount of surface runoff on the day i (mm); Ea is the amount of evapotranspiration
on the day i (mm H2O); wseep is the amount of water entering the vadose zone from the
soil profile on the day i (mm); Qgw is the amount of return flow on the day i (mm).

In this study, the Curve Number (CN) method [39] was used to estimate the surface
runoff from HRUs, and the Penman–Monteith equation [40,41] to estimate the evapotran-
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spiration in the basin. The variable storage routing method [42] was adopted for routing
the water through the channel network.

2.3. SWAT Model Input Data

Daily streamflow was obtained from the Brazilian National Water Agency (ANA) to
calibrate and validate SWAT from August 1973 to December 2018. The weather variables
(mean, minimum, and maximum temperatures, and vapor pressure) were obtained from
the Climatic Research Unit (CRU) Time Series (TS) version 4.04 from 1901 to 2018 at a
spatial resolution of 0.5◦ and monthly time scale [43].

As the wind speed is not available in CRU TS v. 4.04 and has low monthly variability [44],
it was obtained from the monthly climatological normal for the period 1961–1990 from
CRU CL version 2.0 [45], at the same points as CRU TS v. 4.04, and replicated for the
entire period (1901–2018). This product provides wind speed data at 10 m in height, which
was converted to 1.7 m [46]. Solar radiation (derived from Hargreaves methodology)
and relative humidity were estimated according to the methodology of Allen et al. [44].
The location of hydrometeorological variables and maps of soil type and land use are in
Figure 1.

The soil type [47] and land use maps [48] at a scale of 1:650,000 and 1:1,000,000,
respectively, were used to generate the HRUs. The DEM (Figure 1) was used to generate
the slope map, which was divided into four classes: 0–3%, 3–5%, 5–8%, and >8%. The
Red-Yellow Oxisol (LVA) is the predominant soil unit in the PRB (88.3% of the basin’s area),
followed by the Fluvic Entisol (RQ, 4.1%), Quartz Entisol (RY, 4.0%), and Melanic Entisol
(GM, 3.7%). Cerrado is the predominant land use (CERR, 96.3%), followed by agriculture
(AGRL, 2.0%), forest vegetation (FRST, 1.7%), and pasture (PAST, 0.1%).

2.4. Reanalysis Data
2.4.1. ERA-20CM

The twentieth-century atmospheric model ensemble (ERA-20CM) is an ensemble of
ten atmospheric model integrations that provide data from 1900 to 2010. Its resolution is
T159 (approximately 125 km in grid-point space) in the spectral horizon, using 91 levels in
the vertical from the surface up to 1 Pa (approximately 80 km altitude), and a time step of
one hour [11,49].

According to Hersbach et al. [11], ERA-20CM is a variation in the atmosphere and
ocean-wave forecast model components of Cy38r1, and daily sea surface temperature
(SST) and sea ice cover are prescribed by an ensemble of ten realizations (HadISST2.1).
These realizations are a biased reflection of the estimates and uncertainties in the observed
sources. The forcing terms in the model radiation scheme follow Coupled Model Inter-
comparison Project Phase 5 recommendations, which incorporate both long-term climate
evolution and the periodic occurrence events, such as the El Niño-Southern Oscillations
and volcanic eruptions.

In this study, we used the ten ERA-20CM ensemble members (Ens0 to Ens9) with
precipitation data every 3 h, accumulated for a daily scale, and a 0.125◦ × 0.125◦ grid
from January 1900 to December 2010 [11,50]. The values of the ten ERA-20CM ensemble
members were averaged (AE) for further analysis.

2.4.2. ERA5-Land

The land component of the fifth generation of European ReAnalysis (ERA5-Land) is a
reanalysis dataset that produces precipitation and 52 other variables describing the water
and energy cycle globally over land, with a temporal resolution of 1 h and spatial resolution
of 9 km. This dataset is available from January 1950 to the present (with up to a 3-month
lag) [12,51,52].

The land surface model used in the ERA5-Land production is the Carbon Hydrology-
Tiled ECMWF Scheme for Surface Exchanges over Land (CHTESSEL) from the model cycle
Cy45r1. The ERA5-Land does not assimilate observations directly; however, atmospheric
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observations (air temperature, specific humidity, wind speed, and surface pressure) are
added as atmospheric forcing and corrected using a daily lapse rate correction derived
from ERA5 [12]. According to Muñoz-Sabater [51], these forcings are essential so that the
model estimates do not deviate from the real pattern.

This study uses the accumulated hourly precipitation data, which was converted to a
daily time scale from January 1950 to December 2018 [51,52].

2.5. Bias Correction

Several methodologies have been developed to remove the bias of the precipitation
outputs from climatic models, among which the linear scaling (LSC) [53] stands out due to
its simplicity and efficiency [17]. This method is based on the difference between observed
precipitation (OP) and estimated precipitation, corrected with a factor based on the long-
term monthly average ratio [54], according to Equation (2).

P∗
rean= Prean ×

[
µm(Pobs)

µm( Prean,obs)

]
(2)

where P∗
rean is the final value of precipitation with bias correction; Prean is the precipitation

without bias correction; Pobs is the observed precipitation; Prean,obs is the precipitation
without bias correction for the period when observed data are available; µm is the average
parameter of the normal distribution for month m.

This study applied the bias correction to the ten ERA-20CM ensemble members, the
AE, and the ERA5-Land.

2.6. Calibration, Validation, and Uncertainty Analysis

The SWAT-CUP software package version 5.2.1 with the SUFI-2 algorithm was used
for calibration, validation, and uncertainty analysis. According to Abbaspour et al. [55],
this algorithm seeks all uncertainties (parameter, conceptual model, input, etc.) on the
parameters and tries to envelop most of the observations within the 95% prediction uncer-
tainty (95PPU) of the model. The 95PPU is calculated at the 2.5% and 97.5% levels of the
cumulative distribution of an output variable using Latin hypercube sampling.

In this study, the calibration (2004–2011) was carried out with OP of four rain gauge
stations from ANA (station codes 1545006, 1445000, 1545005, and 1544032) and CRU
climate data, with the warm-up period from June 2000 to December 2003. The initial
parameters were selected based on previous studies in the basin [56]. It used two iterations
of 600 simulations each and Nash–Sutcliffe efficiency (NSE) as the objective function. The
best set parameters and the final range obtained in the calibration were replicated in the
validation phase with OP and CRU setup from January 2012 to December 2018. Afterward,
the validation of the hydrological simulation with the ten ERA-20CM ensemble members,
AE, and ERA5-Land with bias correction and CRU climate data was conducted with the
best parameters obtained in the calibration phase from August 1973 to December 2010.

The uncertainty during the calibration and validation phases with OP and CRU data
was quantified using two statistics: p-factor, which relates to the percentage of observed
data enveloped by the modeling result, the 95PPU; and r-factor, which is associated with the
thickness of the 95PPU envelop [57]. Abbaspour et al. [55] highlighted that there should be
a balance between these two indices; however, p-factor >0.7 and r-factor <1.5 for discharge
are recommended.

2.7. Performance of Precipitation and Hydrological Modeling

To analyze the quality of estimated precipitation data and identify the reanalysis
product that most adequately represents the past climatic conditions, the ten ERA-20CM
ensemble members, AE, and ERA5-Land were compared with the OP on daily and monthly
time scales through the point-to-pixel approach, using the most extended as possible same
period between the reanalysis and OP products. This methodology compares the rain gauge
values with the corresponding pixel value of reanalysis products [58]. For this purpose,
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the Pearson correlation coefficient (r), Root Mean Square Error (RMSE), and Kling–Gupta
efficiency (KGE) were used (Table 1).

Table 1. Statistical metrics used to evaluate the performance of precipitation and hydrological
modeling with reanalysis products for the PRB.

Statistical Metrics Equation Ideal Value Unit

Pearson correlation coefficient r = ∑N
i=1(Oi−Om)×(E i−Em)√

∑N
i=1(Oi−Om)2×∑N

i=1 (E i−Em)2 1 -

Root Mean Square Error RMSE =

√
∑N

i=1(Ei−Oi)
2

N 0 mm

Kling–Gupta efficiency
KGE = 1 −

√
(r − 1)2 + (β− 1)2 + (γ− 1)2

β = Em
Om

γ = σE/Em
σO/Om

1 -

Percent bias PBIAS =

[
∑N

i=1(O i−Ei)
∑N

i=1 Oi

]
×100 0 %

Nash–Sutcliffe efficiency NSE = 1 −
[

∑N
i=1 (O i−Ei)

2

∑N
i=1 (O i−Om)2

]
1 -

Logarithmic Nash–Sutcliffe efficiency LNSE = 1 −
{

∑N
i=1[log(Oi)−log(Ei)]

2

∑N
i=1[log(Oi)−log(Om)]2

}
1 -

Note(s): E and O are the estimated and observed variables, respectively; Em and Om are the averages of the
estimated and observed variables, respectively; σE and σO are the standard deviations of the estimated and
observed variables, respectively; i is the time sequence of observed and simulated pairs; N is the number of
observed and simulated pairs; β is a bias term; and γ measures the streamflow variability error.

KGE, percent bias (PBIAS), NSE, and its logarithmic version (LNSE) (Table 1) were
used in this study to analyze the performance of best fit in the hydrological modeling.
Moriasi et al. [59] developed an overall performance rating for NSE and PBIAS to evaluate
the model during the calibration and validation in a monthly time step: “very good”
(NSE > 0.75; PBIAS < ±10); “good” (0.65 < NSE ≤ 0.75; ±10 ≤ PBIAS < ±15); “satisfactory”
(0.50 < NSE ≤ 0.65; ±15 ≤ PBIAS < ±25); and “unsatisfactory” (NSE ≤ 0.50; PBIAS ≥ ±25).
Because of the similarities, the same classification of NSE was used for the LNSE. KGE
values above 0.6 are generally considered good [10].

2.8. Hydrological Drought Analysis

The Standardized Streamflow Index (SSI) is a hydrological drought index, helpful
in making comparisons over a wide variety of river regimes and flow characteristics [60].
In this study, the SSI was calculated to validate the hydrological drought with simulated
streamflow (from 1973 to 2010) and then calculate the historical drought with the simulation
that provided the best streamflow estimates.

To calculate the SSI, the hydrological year mean annual observed and simulated stream-
flow was considered (October to September). In this historical series, the Gamma probability
density function (PDF) was fitted. Then, the inverse normal distribution was used to obtain
the respective “z” value for each non-exceeded probability prior estimated by Gamma PFD.
The adherence of the Gamma PDF was tested with the Kolmogorov–Smirnov test.

The coefficient of correlation (r) between observed and simulated SSI was calculated
(α = 0.05). This analysis assists in understanding which product has better performance in
simulating SSI, either drought or wet events, in the PRB.

Finally, the SSI was classified according to Svoboda et al. [61], the same classification
adopted by the National Oceanic and Atmospheric Administration of the United States
(NOAA), which divides drought into four levels: “moderate drought” - D1 (−0.8 ≥ SSI > −1.3);
“severe drought” - D2 (−1.3 ≥ SSI > −1.6); “extreme drought” - D3 (−1.6 ≥ SSI > −2.0);
and “exceptional drought” - D4 (SSI ≤ −2.0). Additionally, this classification includes a
fifth category, D0 (−0.5 ≥ SSI > −0.8), which designates those areas experiencing either
“abnormally dry” conditions that may precede a drought or that portend persistent impacts
following a drought event.
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The reanalysis product that presents the best performance in the validation of hydro-
logical modeling and best hydrological drought estimation was used to develop the HR
and historical drought analysis on the monthly time scale.

The Run Theory [62] characterizes the droughts’ severity and duration. In this method-
ology, drought events are grouped independently, and the duration is obtained by the
number of years that the event persisted below a threshold. In contrast, the severity is a
result of the sum of the drought index of all the months, in absolute values (S =− ∑D

i=1 SSI,
where S is the severity and D is the duration).

3. Results and Discussion
3.1. Precipitation Product Evaluation

Table 2 presents the average statistical results on daily and monthly time scales related
to the accuracy of the ten ERA-20CM ensemble members, AE, and ERA5-Land with
bias correction regarding observed precipitation (OP) in PRB. The reanalysis products
presented a better performance on a monthly scale, mainly due to higher r and KGE values,
which agrees with the results obtained by Gehne et al. [63] with reanalysis products on a
global scale.

Table 2. Statistical results for the ten ERA-20CM ensemble members, AE, and ERA5-Land in daily (*)
and monthly (**) time scales in the PRB, with N-value equal to 352 for monthly time scale and 10,725
for daily time scale and p-value = 0.05.

Statistic
ERA-20CM Ensemble Members

AE ERA5-Land
Ens0 Ens1 Ens2 Ens3 Ens4 Ens5 Ens6 Ens7 Ens8 Ens9

r * 0.14 0.17 0.17 0.15 0.15 0.16 0.17 0.19 0.18 0.17 0.30 0.43
RMSE (mm.day−1) * 10.9 10.6 10.5 10.9 10.7 10.8 10.6 10.4 10.5 10.6 9.1 9.1

KGE * 0.09 0.12 0.11 0.09 0.08 0.11 0.10 0.14 0.11 0.12 0.06 0.36

r ** 0.64 0.70 0.64 0.67 0.65 0.62 0.66 0.67 0.68 0.68 0.78 0.89
RMSE (mm.month−1) ** 99.7 90.7 98.8 96.0 95.3 101.4 96.0 94.7 92.2 92.2 75.3 56.1

KGE ** 0.64 0.70 0.63 0.66 0.63 0.61 0.65 0.66 0.67 0.67 0.70 0.86

The ERA5-Land presented the best performance, which can be associated with the
climate variables used, such as air temperature, air humidity, pressure, and radiative
forcing, which are not used in ERA-20CM [12]. In addition, ERA5-Land uses a more recent
model cycle than ERA-20CM (Cy45r1 from 2018 vs. Cy38r1 from 2012). Cy45r1 showed
relevant updates in the dynamic coupling between the ocean, sea ice, and atmosphere
compared to previous versions, as well as other appropriate changes [64].

AE performed better than the ten ERA-20CM ensemble members, especially on a
monthly scale. On the other hand, Kim and Han [8] found a better performance of other
ensemble members in relation to AE in South Korea. There was a slight variation in
performance among the ten ERA-20CM ensemble members, with the Ens7 and Ens1
performing better on a daily and monthly scale, respectively. However, Gao et al. [9]
reported that Ens7 and Ens1 did not perform well in China, and each performed worst in
two of the eight regions analyzed. Therefore, these members should be cautiously used in
hydrological studies in the Brazilian savanna.

3.2. Calibration, Validation, and Uncertainty Analysis

Ten parameters were used in the SWAT calibration and validation with OP and CRU
climatological data, selected based on previous studies in the PRB [56]. The final range
and the best parameters obtained in the calibration (Table 3) agree with the result obtained
by Junqueira et al. [65] in the same basin using OP and observed climatological data
from 2004 to 2018. However, there are divergences such as RECHG_DP (deep aquifer
percolation fraction) and CH_K1 (effective hydraulic conductivity in tributary channel
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alluvium), which showed best values equal to 0.050 and 11.44 mm.h−1, respectively, in the
previous study.

Table 3. Parameters used to calibrate the SWAT model with OP and CRU climatological data and
their initial and final ranges, and best parameters (BP).

Parameters Description Initial Range Final Range BP

r_CN2.mgt SCS runoff Curve Number for moisture condition II −0.100 0.100 −0.100 0.002 −0.090
v_ALPHA_BF.gw Baseflow alpha factor 0.0050 0.0100 0.0050 0.0078 0.0051
a_GW_DELAY.gw Groundwater delay 0.00 60.00 22.72 60.00 50.09

a_GWQMN.gw Threshold depth of water in the shallow aquifer required
for return flow to occur 0 2000 0 1208 925

v_CH_K2.rte Effective hydraulic conductivity in main channel alluvium 0.00 20.00 5.92 17.78 14.27
v_GW_REVAP.gw Groundwater “revap” coefficient 0.020 0.200 0.109 0.200 0.190
r_SLSUBBSN.hru Average slope length 0.00 1.00 0.39 1.00 0.78
v_RCHRG_DP.gw Deep aquifer percolation fraction 0.000 0.200 0.093 0.200 0.198

v_CH_K1.sub Effective hydraulic conductivity in tributary
channel alluvium 0.00 20.00 0.00 12.48 2.86

v_CH_N2.rte Manning’s “n” value for the main channel 0.000 0.300 0.149 0.300 0.259

Figure 2 presents the simulated streamflow in the calibration and validation using
the best parameters and the 95PPU with OP and CRU climatological data (from 2004 to
2018) and the scatter plots of observed and simulated streamflow. In addition, Table 4
presents the uncertainty analysis and performance results for the calibration and validation,
expressed by the p-factor, r-factor, NSE, LNSE, PBIAS, and KGE.
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Table 4. Results of uncertainty and performance analysis of SWAT for the calibration and validation
with OP and CRU climate data.

p-Factor r-Factor NSE LNSE PBIAS (%) KGE

Calibration 0.98 1.29 0.89 0.88 −1.8 0.94
Validation 0.95 1.24 0.78 0.72 −12.7 0.85

The hydrological modeling showed low uncertainty during the calibration, with a
p-factor close to 1 and r-factor less than 1.5, as recommended by Abbaspour et al. [55]. This
result can be confirmed by Figure 2a, where it is observed that the 95PPU presented a small
band covering most of the observed data. Regarding the performance of the hydrological
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modeling, NSE, LNSE, and PBIAS gave a result classified as “very good” according to
the classification of Moriasi et al. [59]. In addition, the KGE close to 1 indicates a high fit
between the simulated and observed data.

In the validation phase, there was a reduction in the r-factor, which caused a reduction
in the p-factor. Abbaspour et al. [55] suggest that there should be a balance between
the two factors. Therefore, there is no difference between the calibration and validation
phases’ uncertainty. However, the performance of the hydrological simulation in the
validation was worsened with a decrease in NSE, LNE, and KGE and an increase in PBIAS
(in absolute values).

According to Junqueira et al. [33], an intense hydrological drought from 2013 to
2018 affected the basin, reducing the average streamflow rate by more than 50%. This
drought can be related to the most significant overestimation of the simulated streamflow
in the validation, since the hydrological conditions were distinct during the calibration
period. This behavior was also observed in the scatter plot (Figure 2b), where there was an
overestimation of the lowest observed streamflow, which occurred during the drought years’
recession period. Despite that, there was a satisfactory performance of the hydrological
modeling. The year 2008 was also considered a drought year; however, the reduction in
minimum streamflow was not as large as in 2013 to 2018 due to its shorter duration. Thus,
the model did not present difficulty in representing the streamflow in 2008.

3.3. Hydrological Validation Based on Reanalysis Products

The hydrological modeling validation using precipitation products of climate reanalysis
and CRU climate data was performed from August 1973 to December 2010 (Figure 3). Addi-
tionally, Table 5 presents the statistical results of the validation with the different products.
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Table 5. Statistical results of hydrological validation with the ten ERA-20CM ensemble members, the
AE, and the ERA5-Land from August 1973 to December 2010 in monthly time scale to PRB.

Statistic
ERA-20CM Ensemble Members

AE ERA5-Land
Ens0 Ens1 Ens2 Ens3 Ens4 Ens5 Ens6 Ens7 Ens8 Ens9

NSE −0.41 −0.25 −0.47 −0.09 −0.31 −0.24 −1.08 −0.34 −0.16 −0.50 −0.42 0.62
LNSE −0.86 −0.61 −1.04 −0.24 −0.63 −0.34 −0.66 −0.74 −0.48 −1.12 −0.92 0.47

PBIAS (%) 29.6 24.6 34.4 18.5 31.3 18.6 14.3 30.6 27.5 31.1 38.6 20.0
KGE 0.20 0.32 0.21 0.37 0.28 0.29 0.07 0.26 0.38 0.19 0.25 0.75

All reanalysis products were able to simulate the seasonal behavior of the streamflow
(Figure 3); however, some divergences are observed. The ERA5-Land was the only reanaly-
sis product to show satisfactory results, i.e., NSE > 0.5 and a PBIAS ranging from ± 25% [59].
Despite this, the LNSE was found to be unsatisfactory (<0.5) [59], a result influenced by the
greater underestimation of streamflow in the early 1970s. In addition, the KGE was greater
than 0.6, considered good according to Tarek et al. [10]. These results corroborate with the
precipitation validation, where the ERA5-Land presented accumulated precipitation values
closer to OP and better statistics on a daily and monthly scale.

Approximately 68.6% of the observed streamflow is covered by the range of simulated
streamflow with the ten ERA-20CM ensemble members, with no difference between the
rainy and dry periods (68.9% and 68.3%, respectively). However, the performance of
these products was unsatisfactory, according to the classifications of Moriasi et al. [59]
and Tarek et al. [10]. Correa et al. [14] also found unsatisfactory performance with ERA-
20CM applied to hydrological modeling in the Amazon basin (average of ~20% against
27 gauge observations).

Overall, the performance in the validation with all products improved from the
beginning of the 1990s. This probably occurred due to the bias correction of precipitation,
which was performed with four rain gauges from the beginning of their data, being the first
in 1981, the second in 1993, and the last two in 2000. Bias correction, according to a study
of Correa et al. [17], improved the performance of hydrological modeling in the Amazon
basin using ERA-20CM. In addition, the uncertainty of the model estimates is higher for the
older period due to a smaller number of observations available to create an atmospheric
forcing of adequate quality [12]. A similar situation occurs with the CRU data estimate,
where the availability of observed data is low at the beginning of the 20th century in Brazil
and increases over the years [43].

Another possible cause for the underestimation of the simulated streamflow at the
beginning of the validation was a shift in the climatic regime around the 1970s, which
generated a general increase in extreme precipitation events worldwide [66]. In South
America, Jacques-Coper and Garreaud [67] found positive anomalies in precipitation
in subtropical regions in the mid-1970s. These changes may not have been completely
captured by climate reanalysis models and impacted hydrological modeling in the 1970s.

3.4. Drought Analysis

The Kolmogorov–Smirnov test (α = 0.05) indicated the suitability of the Gamma
PDF for all products. Therefore, the SSI was calculated for the observed and simulated
streamflow, as shown in Figure 4.
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Figure 4. SSI classification for the observed (Qobs) and simulated streamflow with the ten ERA-20CM
ensemble members, the AE, and the ERA5-Land from 1973/74 to 2009/10 for the PRB, where D0 is
“abnormally dry”, D1 is “moderate drought”, D2 is “severe drought”, D3 is “extreme drought”, and
D4 is “exceptional drought”.

The main observed hydrological drought events occurred in 1997/98, 2000/01 to
2002/03, 2004/05, 2007/08, and 2009/10, all in the second half of the time series. In
addition, abnormally dry years were observed in 1975/76, 1986/87, 1988/89, 1995/96,
1998/99, 1999/00, 2003/04, 2005/06, and 2008/09, and most of them occurred after drought
years. From 1997/98 to 2009/10 only the year 2006/07 was not considered as drought or
abnormally dry, with SSI equal to −0.19.

ERA5-Land was the reanalysis product that presented the best capacity to represent
the hydrological drought occurrence in the basin, reflecting the best performance of this
product in precipitation estimation and hydrological modeling. The ERA5-Land setup
could predict five of the seven observed hydrological drought years from 1973 to 2010,
representing 71.4% of the total events.

The longest hydrological drought that affected the basin occurred from 2000/01 to
2002/03, with severity equal to 3.72. The SSI based on the ERA5-Land setup was able to
correctly estimate the duration (three years) and severity (3.11) of the drought in this period.
On the other hand, the SSI based on ERA-20CM products did not provide an appropriate
estimate of the drought in this period.

Among the ten ERA-20CM ensemble members, Ens6 and Ens8 showed a better ability
to represent drought compared to the other members, with 42.9% of coincidence (1997/98,
2002/03, and 2009/10). However, Ens6 overestimated the drought intensity in two of the
three events. Ens0 and Ens4 setups could not capture any drought events in the basin.
On the other hand, Correa et al. [17], using data assimilation techniques and different
approaches for bias correction, report that ERA-20CM was able to capture extreme events
in the Amazon basin. Although AE performed better in estimating precipitation than the
ERA20CM members individually, it was not able to perform an acceptable hydrological
simulation and, consequently, a satisfactory simulation of drought years.

Pearson’s correlation coefficient indicates an adequate fit of the estimated SSI based on
ERA5-Land to the observed SSI (r = 0.82), while the SSI calculated based on the ERA-20CM
products showed a low correlation to the observed SSI (r < 0.2). This result indicates the
better ability of ERA5-Land to simulate drought, wet, and average periods.

Although ERA5-Land has a shorter historical series than ERA-20CM, the performance
was superior in all analyses conducted. Thus, ERA5-Land should be considered in hydro-
logical studies that require long precipitation time series in the Brazilian savanna.
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3.5. Hydrological Retrospective (HR) and Historical Droughts

Based on results obtained in the precipitation validation, hydrological modeling,
and drought analysis, the HR was developed using ERA5-Land precipitation data and
CRU climate data from January 1950 to December 2018 (Figure 5a). The inter- and intra-
annual behavior of the simulated streamflow was similar to the behavior of the basin-scale
precipitation, which shows the model’s capacity to simulate the streamflow in different
meteorological conditions, such as wet and dry periods.
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The most severe and most extended droughts that hit the PRB from 1950 to 2018
occurred in 1958/62, 1970/72, 1974/77, 2001/03, and 2012/18 (Figure 5b), although there
were some non-drought months within these events. Other Brazilian regions also expe-
rienced drought events in some of these years, such as the state of Ceará in 1958 and
2012/18 [68]; Northeastern Brazil in 1958, 1970, 1976, 2001/02, and 2012/16 [69]; São Paulo
city in 1962/63 and the metropolitan region of Belo Horizonte in 1970/71 [70], both in
Southeastern Brazil; in the Doce River basin in 2000/01 and 2013/17 [71], Southeastern
Brazil; and the Tocantins River basin from 2015 to 2017 [28], located in the Brazilian savanna;
this confirms the adopted procedure’s ability to represent the most relevant droughts.

In 2001, a severe drought hit a large part of the Southeastern Brazilian region, result-
ing in a national energy crisis due to the reduction in the reservoir level of hydropower
plants [72]. The drought of the last decade was one of the most severe in recent years in
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several basins in Brazil, causing impacts on agricultural production, hydropower genera-
tion, and over the environment [28,65,68,73]. From 2012 to 2016, 33.4 million people were
affected by the droughts in Brazil, with estimated damage of BRL 104 billion (approximately
USD 20 billion) [69]. Cuartas et al. [73] and Junqueira et al. [28] report that, in addition
to reduced precipitation, temperature increases have intensified the drought conditions
in basins located in the Brazilian savanna. Junqueira et al. [33] highlight that there was a
1.3 ◦C increase in temperature from 2013 to 2018 in the PRB, resulting in an increase in the
evapotranspiration rate from 81.4% to 88.4%.

Overall, 294 months presented SSI values classified as drought or abnormally dry, of
which 51.7% occurred in the last third of the period (1996–2018), behavior also observed in
other studies of hydrological drought in Brazil [65,71,73]. Consequently, this period from
1996 to 2018 displayed the lowest number of months with SSI ≥ 0.5, only 7.9% of the total.
Oliveira et al. [20] found a significant increase in evapotranspiration across the Brazilian
savanna in recent years, which may have contributed to the higher frequency and intensity
of droughts. According to Junqueira et al. [28], recent droughts have generated a reduction
in the aquifer recharge and in the reservoir level in the Tocantins River basin, Brazilian
savanna, negatively affecting the hydropower production. In addition, Ribeiro et al. [74]
report a reduction in soil moisture and primary productivity in the Brazilian savanna in
recent years. On the other hand, the second third of the period (1973–1995) showed a
high incidence of wet months (47.9% of the total) and a low incidence of drought months
(20.1%). Therefore, there has been an increase in droughts and a reduction in wet periods
(precipitation above average) in recent decades.

Considering only the periods when the SSI was less than −0.5, the longest and most
severe drought occurred from January 2014 to December 2015, totaling 24 months of
duration and severity equal to 32.57, followed by the drought from April 1960 to December
1961, with a duration of 21 months and severity of 21.77, and by the drought from March
2017 to January 2018 (11 months), with a severity of 12.53. Therefore, there is a strong
correlation between drought duration and severity, as observed by [75], i.e., the longer
the duration of the drought, the greater its severity. This result is confirmed by Pearson’s
correlation coefficient between drought severity and duration (r = 0.96). A similar analysis
was conducted by Shiau [76] at a rain gauge station in Southern Taiwan, who found a
correlation of 0.756.

4. Conclusions

ERA5-Land performed better in the precipitation validation for daily and monthly
time scales when compared to ERA-20CM, with superior results in all statistics (r, RMSE,
and KGE). Among the ERA-20CM products, AE performed better than the ten ERA-20CM
ensemble members, especially on a monthly scale.

In hydrological modeling, ERA5-Land was the only product to show satisfactory
performance in most statistics, following the criteria of Moriasi et al. [61] and Tarek et al. [10]
(NSE = 0.62, LNSE = 0.47, PBIAS = 20.0%, and KGE = 0.75). On the other hand, the ERA-
20CM ensemble members and the AE showed unsatisfactory performance in most statistics.
A similar result was obtained in the drought analysis, where ERA5-Land simulated five
out of seven drought events from 1973 to 2010. Therefore, ERA5-Land was able to simulate
past streamflow and hydrological droughts.

The main historical drought events occurred in 1958/62, 1970/72, 1974/77, 2001/03,
and 2012/18, with most of the months classified as drought or abnormally dry (51.7% of
the total) occurring in the last third of the historical series (1996–2018). In addition, there
was a reduction in the months with excess precipitation in the final third of the historical
series (only 7.9% of the total).
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