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Abstract: Geodetic data, especially from the Global Navigation Satellite System (GNSS) and
Gravity Recovery and Climate Experiment (GRACE)/GRACE Follow-On (GFO), are extensively
employed in hydrological drought monitoring across various spatial scales due to their unique spatial
resolution. In recent years, Brazil has experienced some of the most severe drought events in decades.
This study focuses on Brazil and its northeastern Amazon Plain, investigates the spatiotemporal
characteristics of terrestrial water storage (TWS) changes, and calculates the hydrological drought
severity index (DSI) and meteorological drought index for comprehensive analysis of drought
conditions. The results indicate that the time series of TWS changes derived from different data
sources are highly correlated, with correlation coefficients exceeding 0.85, and are consistent with
the trend of precipitation variation, reflecting notable seasonal fluctuations, i.e., an increase in
precipitation during the spring and summer seasons leads to a rise in TWS, while a decrease
in precipitation during the autumn and winter seasons triggers a reduction in TWS. In terms of
spatial distribution, the annual amplitude of TWS variation is most pronounced in the northeastern
Amazon Plain. The highest amplitude, approximately 800 mm, is observed near the Amazon River
Basin, and this amplitude gradually weakens from northeast to southwest. GNSS and GRACE/GFO
data reveal four hydrological drought events in Brazil from 2013 to 2024, with two of these events
detected using GRACE/GFO data. The most severe droughts occurred between 2023 and 2024,
primarily driven by prolonged precipitation deficits and the El Niño phenomenon, lasting up to nine
months. Additionally, three distinct drought events were identified in the Amazon Plain, suggesting
that its hydrological dynamics significantly influenced Brazil’s drought conditions. These results
demonstrate the capability of geodetic data to effectively monitor water deficit and drought duration
on both small spatial scales and short timeframes, thereby providing crucial support for timely
responses to and the management of hydrological drought events.

Keywords: GNSS vertical displacement; GRACE/GFO; terrestrial water storage;
hydrological drought; Brazil
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1. Introduction
In the context of global warming, droughts have become more frequent and severe in

many regions, leading to substantial economic and social losses [1,2]. Consequently, it is
imperative to enhance our understanding of current drought and flood risks by comprehen-
sively analyzing their spatiotemporal characteristics. Researchers typically classify drought
into several essential types: meteorological drought, soil drought, hydrological drought,
vegetation drought, socioeconomic drought, and ecological drought [3]. Among them,
the formation mechanism of hydrological drought is particularly complex. It is not only
affected by atmospheric conditions but also involves the processes of moisture transport
within the atmosphere, which significantly impact both precipitation accumulation and
runoff changes. Hydrological drought, characterized by its gradual onset and complexity,
can persist even after precipitation and other related factors return to normal [4,5].

Numerous studies have shown that terrestrial water storage (TWS) changes are closely
related to hydrological drought events [2,6,7]. TWS encompasses surface water and ground-
water [8], and its fluctuations reflect the supply and demand of water resources, with
long-term declines typically signaling the onset of drought. By monitoring TWS changes,
researchers can effectively predict the occurrence and severity of droughts, as decreases
in TWS are commonly associated with reduced precipitation, increased evaporation, and
declining groundwater levels. Integrating TWS changes with hydrological drought models
can help improve early warning capabilities and subsequently support the development of
scientific drought response strategies.

TWS changes lead to some extent to alterations in the Earth’s gravity field, a phe-
nomenon that the Gravity Recovery and Climate Experiment (GRACE) satellite and its
successor GRACE Follow-On (GFO) effectively monitor. Additionally, Global Naviga-
tion Satellite System (GNSS) stations deployed on the Earth’s surface can detect surface
deformations resulting from dynamic fluctuations in water storage. As space geodesy
technologies continue to advance, they have substantially accelerated the development
of hydrogeodesy. Notably, the quantification of TWS changes using GRACE/GFO data,
alongside the inversion of TWS through GNSS-derived hydrological load displacement,
has emerged as a prominent research focus for the study of surface mass changes and
hydrological drought events [9], providing a critical scientific basis for global hydrological
drought assessment and water resource management.

At large spatial scales, researchers primarily employ GRACE/GFO to quantify
TWS changes [10–12], and it has been widely applied in monitoring hydrological
drought [13,14]. However, since GRACE and GFO occur after nearly a one-year gap
and the spatial resolution of GRACE/GFO remains between 300 and 500 km, these limita-
tions constrain the ability of GRACE/GFO to monitor TWS changes in small-scale regions
over short time scales. In contrast, in regions with relatively dense GNSS station distribu-
tion, hydrological loading displacements derived from GNSS have been demonstrated to
effectively monitor daily TWS changes at small scales with a spatial resolution of 50–100 km,
and it has been widely applied in various regions worldwide, including California [15–17],
Washington and Oregon [18], Australia [19,20], Southwest China [21–23], and the Yellow
River Basin in China [3,24]. Two primary methods exist for the GNSS inversion of regional
TWS changes: one is Green’s function method based on the spatial domain [15,25,26],
and the other is the Slepian basis function method based on the frequency domain [19].
Jiang et al. (2021) [27] calculated the drought severity index (DSI) using GNSS-TWS to
assess drought conditions in Yunnan, China. Since then, GNSS-DSI has been increasingly
used as a hydrological drought index to monitor drought conditions worldwide [28–31].

Brazil’s diverse terrain and climate are exemplified by the Amazon Plain (AMP),
which encompasses the Amazon Basin in the north and accounts for about one-third of
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the country’s total area. In the past decade, Brazil has suffered several drought events due
to extreme changes in precipitation and the recurring occurrence of El Niño [5,28]. There-
fore, this study focuses on Brazil, with particular emphasis on northern Brazil (including
the Amazon Basin), and employs geodetic techniques to investigate the spatiotemporal
characteristics of TWS changes at different spatial scales and quantify their drought condi-
tions. The details are as follows: (a) Inversion of daily and monthly TWS changes using
GRACE/GFO data and GNSS vertical displacement time series and comparison with the
results obtained from meteorological and hydrological data to identify the spatiotemporal
patterns of TWS changes in Brazil; (b) Quantification of drought events in Brazil between
August 2013 and August 2024 by integrating the drought severity index (GRACE-DSI and
GNSS-DSI) calculated from geodetic data with the meteorological drought indices (SPI and
SPEI); (c) Spatiotemporal analysis of TWS changes at small spatial scales in the AMP as
an example and to explore the advantages and disadvantages of geodesy techniques for
inverting TWS changes at different spatial scales. The results demonstrate that geodetic
techniques effectively monitor regional TWS changes and drought events at large and small
spatial scales.

2. Study Area and Datasets
2.1. Study Area

Brazil is in the eastern part of South America and covers an area of about 8.5 million
square kilometers. It has distinct north–south topography features, with the Brazilian
Plateau in the center–south and the AMP (including the Amazon Basin) predominating
in the north. Notably, the AMP accounts for about one-third of Brazil’s total area, mak-
ing it the most extensive plain in the world. Most parts of Brazil belong to the tropics,
with a diverse climate characterized by tropical rainforests in the north, savannahs in the
center, and a subtropical monsoon humid climate in the south, and is susceptible to the
effects of climatic anomalies. In particular, the AMP in northern Brazil has experienced
frequent droughts over the past decade, some due to extreme weather events (e.g., sud-
den declines in precipitation and rising temperatures) and others owing to the El Niño
phenomenon [5,11,32]. In July 2024, the Brazilian government reportedly issued an an-
nouncement stating that the region is facing the most severe drought in recent years, which
has persisted for 12 months. Given these ongoing challenges, it is crucial to quantify and
comprehensively analyze the region’s drought duration.

2.2. GNSS Data

This study adopts vertical displacement time series data from 81 GNSS stations in
Brazil from 1 August 2013 to 31 August 2024 provided by the Nevada Geodetic Laboratory
(NGL) at the University of Nevada, USA (http://geodesy.unr.edu/, accessed on 1 October
2024). These selected station data were processed using GipsyX-1.0 software and the latest
Repro 3.0 product from NASA’s Jet Propulsion Laboratory [33]. Figure 1 illustrates the
distribution of these GNSS stations in Brazil, with an average distance of about 350 km.

To obtain GNSS data related to hydrological loads, this study conducted preprocessing
work on GNSS stations by applying the non-tidal atmospheric load (NTAL) and non-
tidal ocean load (NTOL) models in the geometric center reference framework provided
by the German Research Centre for Geosciences (GFZ) (http://esmdata.gfz-potsdam.de:
8080/repository, accessed on 1 October 2024) to deduct the effects of atmospheric and
oceanic loads [34]. The annual amplitude of crustal deformation induced by NTAL ranges
from 0.77 to 1.67 mm (Figure S1), and that caused by NTOL is between 0.02 and 0.49 mm
(Figure S2). Subsequently, this study utilized the least squares fitting method to obtain
the GNSS vertical displacement time series dominated by seasonal hydrological signals.

http://geodesy.unr.edu/
http://esmdata.gfz-potsdam.de:8080/repository
http://esmdata.gfz-potsdam.de:8080/repository
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Finally, the GNSS vertical displacements were complemented using the Kriging Kalman
filter method to obtain continuous TWS changes for subsequent inversion [35]. Figure S3
displays the time series of four stations before and after preprocessing.
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2.3. GRACE/GFO Data

This study utilized the GRACE/GFO RL0603 version of the Mascon model released by
the Centre for Space Research (CSR) at the University of Texas (https://www2.csr.utexas.
edu/, accessed on 1 October 2024) to infer TWS changes. The CSR Mascon product is
derived from GRACE’s second-order spherical harmonic coefficients and does not rely on
any prior information other than the spherical harmonic coefficients. The processing of
this product includes C20 replacement, first-order term correction, and Glacial Isostatic
Adjustment (GIA) correction. Additionally, for GFO products, the C30 coefficient is also
replaced [36]. Cubic spline interpolation was used to fill the missing data within the
GRACE mission period. This study did not address the nearly one-year data gap between
the GRACE and GFO missions.

2.4. Hydrometeorological Data

This study employs ERA5-Land data [37] provided by the European Centre for
Medium-Range Weather Forecasts (ECMWF) to analyze meteorological drought events
based on the water balance equation using precipitation (P), evapotranspiration (ET), runoff
(R), and 2 m temperature data. The spatial resolution of these data was 0.1◦ × 0.1◦, and
the temporal resolution was in monthly intervals (https://cds.climate.copernicus.eu/,
accessed on 1 November 2024). Figure 2a displays the annual amplitude of precipitation
data, divided into two parts by the boundary of the AMP, with a significantly higher
precipitation variation in the northeastern AMP than in the southwestern Brazilian Plateau.
Figure 2b–e presents the time series of meteorological and hydrological data. The results
exhibit clear seasonality, with peaks occurring each year’s summer months. Notably, P, ET,

https://www2.csr.utexas.edu/
https://www2.csr.utexas.edu/
https://cds.climate.copernicus.eu/


Remote Sens. 2025, 17, 1670 5 of 21

and R sharply declined in the second half of 2022. Additionally, Brazil has experienced a
gradual increase in overall temperature due to global warming.
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For a specific regional scale, TWS changes can be expressed by the water balance
equation [38], and the calculation formula is as follows:

dTWS/dt = P − ET − R (1)

The TWS derivatives calculated from meteorological and hydrological data reflect
changes in the middle of each month. In contrast, the TWS derivatives derived from
geodetic data represent changes at the beginning or end of a month. To standardize the
temporal resolution, the study filters the P-ET-R data [39] for consistency across the datasets.

F̂(t) =
1
4

F(t − 1) +
1
2

F(t) +
1
4

F(t + 1) (2)

where F denotes P, ET, and R, and F̂ denotes the corresponding filtered data.

3. Methodology
3.1. Green’s Function Method

Since changes in mass load within the Earth lead to crustal deformation, which can be
monitored by GNSS stations placed on the surface, we can establish a mathematical linear
relationship between mass load changes and surface deformation using Green’s function
method within the framework of mass load theory, as outlined by Farrell (1972) [25]:

u = Gx + e (3)

where x represents the mass load vector in the form of equivalent water height (EWH);
u represents the GNSS vertical displacement deformation vector; G denotes the Green’s
function in the study area; and e represents the error terms.

This study estimates the EWH value of the grid at an interval of 1◦ and adopts the least
squares model proposed by Argus et al. (2014) to invert the TWS change in the regional
grid as follows [15]:

((Gx − u)/σ)2 + β2(L(x))2 → min (4)
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E = σ2 (5)

where σ denotes the standard deviation, and L represents the Laplace operator. Due to
the fact that the number of GNSS stations is less than the number of regional grids, it is
necessary to add the Laplace operator as a spatial smoothing constraint in the inversion
model. β denotes the regularization factor, determined by the generalized cross-validation
(GCV) method, with a value of 0.042 (Figure S4). Therefore, the formula for calculating the
EWH value of each grid is as follows.

x̂1 =
(

GT
1E−1G1 + βLT L

)−1
GT

1E−1d1 (6)

In order to compare the results with those obtained from GRACE/GFO and mete-
orological and hydrological data at the same scale, this study resampled the daily TWS
changes into monthly changes and differentiated the results over time to obtain the TWS
changes, as in the following equation:

dTWS/dt = TWS(t + 1)− TWS(t) (7)

3.2. Slepian Basis Function Method

Green’s function method inverts TWS changes from a spatial domain perspective. In
contrast, the Slepian basis function method proposed by Han and Razeghi (2017) applies
the load Love number to estimate the mass load in the study area from a frequency domain
perspective [19], and then the EWH corresponding to the mass load in the study area can
be expressed as follows:

σL(θ, λ, t) = a
J

∑
β=1

γβsEWH
β (t)gβ(θ, λ) (8)

where a is the radius of the earth; J is the truncation order; γβ denotes the eigenvalue; sEWH
β

is the coefficient of Slepian basis function; gβ is the Slepian basis function.
This study sets the Slepian basis function parameters with a maximum order of 40, a

buffer extension of 2◦, a Gaussian filter of 400 km and adopts the first 42 basis functions
with concentration ratios greater than 0.4 (Figures S5 and S6), and then computes the basis
function coefficients by inverting 81 GNSS stations.

3.3. Drought Index

SPI and SPEI are commonly used to study meteorological drought characteristics,
so this study uses these two as meteorological drought indices. They both originate
from the same standardization process based on probability, with differences in the input
variables and fitting functions [28,30]. For SPEI, this study exploits a three-parameter log-
logistic probability density function (PDF) to fit the input data and estimates the potential
evapotranspiration (PET) using the Thornthwaite method:

Di
s = Pi

m − PETi
m

G
(
yi

s
)
=

∫ y
−∞ g

(
Di

s
)
dt

SPEIi
s = Φ−1(G

(
yi

s
)) (9)

where P is the precipitation, and D is the difference between P and PET. g is the log-logistic
function, and G denotes the cumulative distribution function (CDF).

An appropriate fitting function is crucial for the calculation of SPI. Since the precipita-
tion distribution is non-normal, several PDFs (especially Gamma PDF and Pearson III PDF)
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have been applied to fit the input variables in previous studies. This study chose SPI based
on Pearson Type III because it is more consistent with SPEI:{

F
(
xi

s
)
=

∫ x
−∞ f

(
ti
s
)
dt

SPIi
s = Φ−1(F

(
xi

s
)) (10)

where ti
s represents precipitation data at the s-th epoch with the i-month time scale. f is

Pearson III PDF, and F is the corresponding CDF.
For the hydrological drought index, this study calculated GRACE-DSI and GNSS-DSI

based on daily and monthly TWS changes. Jiang et al. (2021) [27] developed DSI based on
GRACE-DSI [14], and the mathematical formula is as follows:

DSIi,j =
TWSi,j − TWSj

σj
(11)

where TWSi,j represents the TWS in the j-th month of the i-th year; TWSj denotes the
average of the j-th month of each year; x represents the standard deviation.

Figure 3 shows the research flowchart of this study.
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4. Results
4.1. Spatiotemporal Characteristics of GNSS-Derived Hydrological Mass Loading

This study employs the PCA method to decompose the GNSS vertical displacement
time series to investigate better the GNSS vertical displacements induced by hydrological
load. Figure 4 illustrates the spatial variations and temporal functions of the five principal
components (PCs) derived from the PCA, with the first five PCs explaining 84.7% of
the variance in the filtered data. PC1 and PC2 together explain 83.5% of the variance,
with PC1 accounting for 70%, revealing the spatiotemporal characteristics of hydrological
load in Brazil. From the spatial function, the hydrological load at the GNSS stations in
the AMP exhibits substantial variations, with almost all GNSS stations showing positive
contributions, and the seasonal variation is most pronounced in northern Brazil, gradually
decreasing toward the southwest. In terms of time function, surface subsidence due to
increased hydrological load predominantly occurs in spring and summer, whereas surface
uplift primarily takes place in autumn and winter as precipitation gradually decreases
(Figure 2b). PC2 captures the primary variation pattern of hydrological load, highlighting
local and secondary variation features beyond the long-term trend represented by PC1.
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The variance explained by PC3, PC4, and PC5 accounts for only 16.5%, and these three
principal components reflect changes in data detail and complex local signals, including
short-term crustal movements, specific seasonal variations, or noise patterns [32].
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This study also investigates the annual variation of GNSS vertical displacements (see
Figure 5a). The results indicate that the annual amplitude of GNSS vertical displacements
in Brazil gradually decreases from north to south, which is consistent with the PC1’s spatial
pattern. This further demonstrates that PC1’s spatial and temporal function predominantly
reveals the spatiotemporal characteristics of hydrological loads in Brazil. The NAUS station
near the Amazon River exhibits the most significant annual amplitude, up to 28 mm,
the same as the results of previous studies [28]. Other GNSS stations in the AMP show
annual amplitudes of more than 6 mm, mostly between 10 and 20 mm, and overall larger
than in southern Brazil (1 to 13 mm). The results suggest that the displacement load at
stations near major rivers, such as the Amazon Basin, undergoes substantial changes, while
stations far away from the main rivers, e.g., in southeastern Brazil, experience weaker
displacement loads.
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This study also estimates the annual phase, defined as the point when GNSS vertical
displacement reaches its lowest level, to determine the time that maximizes the seasonality
of TWS changes. As shown in Figure 5b, the annual phase of GNSS vertical displacement
mostly occurs between 260 and 290 days.

4.2. Spatiotemporal Characteristics of TWS Inversion Using Geodetic Data

To verify the accuracy of the inversion results from different geodetic techniques, this
study calculates TWS changes inverted by Green’s function method, the Slepian basis
function method, results from GRACE/GFO data, and hydrological data through the water
balance equation. Figure 6 reveals that the seasonal fluctuation in TWS in the AMP is
significantly more pronounced than in southern Brazil, and the peak of seasonal fluctuation
occurs in the middle reaches of the Amazon Basin, which is consistent with the annual
amplitude trend of GNSS vertical displacement shown in Figure 5a. This further indicates
that the vertical motion amplitude observed at GNSS stations on the Earth’s surface partly
reflects the intensity of mass changes within the Earth [25].

Figure 6a,b show the TWS changes individually inferred from GNSS data using
different inversion methods. The peak value of Slepian-TWS (~800 mm) is notably higher
than that of Green-TWS (~600 mm), likely due to the differences between the inversion
methods. Green’s function method inverts TWS by considering all hydrological loads
within 50 km around the GNSS station. In contrast, the Slepian basis function method
theoretically concentrates the influence of all relevant hydrological loads within this range
on the station for calculation. The difference between the two methods becomes more
pronounced in areas with significant vertical displacement variations, such as near the
Amazon Basin, resulting in a higher peak value of Slepian-TWS than Green-TWS. Figure 6c
presents the annual amplitude of TWS changes derived from GRACE/GFO, with a peak
value of about 800 mm at the middle reaches of the Amazon Basin. This distribution
closely resembles that of Green-TWS. The difference in peak values between GNSS and
GRACE/GFO is primarily due to the sparse distribution of GNSS stations in Brazil, with
an average distance of about 350 km, resulting in lower GNSS-TWS values, especially near
the Amazon Basin, where GNSS stations are minimal. However, the denser distribution
of GNSS stations in the southern Brazilian Plateau does not lead to a significant response
to hydrological loads; the climate, landscape, and anthropogenic interventions in eastern
and southern Brazil are unfavourable for hydrological load storage [10]. The inversion
results from both geodetic techniques show a similar spatial distribution and numerical
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values for the Brazilian Plateau. Moreover, this study also calculates the derivative of
terrestrial water storage (dTWS/dt) based on the water balance equation (i.e., P-ET-R)
and presents the annual amplitude of dTWS/dt for hydrological interpretation, as shown
in Figure 6d. Notably, Figure 6a–c shows the annual amplitude of TWS derived from
geodetic methods (GNSS and GRACE), whereas Figure 6d reflects the annual amplitude
of the rate of TWS changes (dTWS/dt) rather than the TWS itself. Due to this conceptual
and mathematical difference, direct numerical comparison is not appropriate. However,
the spatial distribution patterns between the geodetic TWS amplitudes and the dTWS/dt
amplitudes exhibit overall consistency, suggesting that both approaches capture similar
hydrological signals. This complementary agreement supports the reliability of the results
presented in this study.
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To further evaluate the effectiveness of geodetic techniques in inverting TWS over
large-scale regions, this study calculates the time series of regional TWS and dTWS/dt.
As shown in Figure 7a, the TWS changes in Brazil exhibit significant seasonality, and
the TWS time series derived from different geodetic techniques present high consistency.
Regarding precipitation data, the peak of annual precipitation in Brazil occurs between
October and December, corresponding to the spring and summer months, whereas the
peak of TWS changes often occurs between November and January, caused by a lag in
surface deformation [30]. Furthermore, TWS changes reached their lowest value between
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2015 and 2016, coinciding with the impact of the El Niño phenomenon [5,28,32], which
caused severe drought events in most parts of Brazil. This suggests that TWS changes can
provide valuable insights into regional drought situations.
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We found that the regional averaged time series (Figure 7a) may obscure some local
features of TWS changes. To further investigate local-scale consistency between different
observations, we selected the NAUS station as a representative example and calculated
the TWS changes derived from various methods at this station. In addition, we drew the
corresponding scatter plots and calculated the correlation coefficients (CC) and standard
deviations (STD) between each method, as shown in Figure 8. The results show that the
TWS time series derived from the Slepian basis method better agrees with the GRACE/GFO
results than Green’s function method. The CC and STD between Slepian and GRACE/GFO
are 0.97 and 177.32 mm, compared to 0.96 and 579.06 mm for the Green’s function result.
This suggests that the Slepian-TWS estimates are more consistent with GRACE/GFO
in large-scale regions with sparse GNSS station coverage. Furthermore, all three time
series exhibit mutual correlations exceeding 0.90, indicating strong consistency among the
different geodetic techniques.

In addition, this study calculates the time derivative of TWS using both Formula (1)
and Formula (7), as shown in Figure 7b. The results indicate that the TWS changes observed
using geodetic data closely align with those derived from meteorological and hydrological
data, with correlation coefficients around 90%, as presented in Table 1. However, the
monitoring range of the meteorological and hydrological data is slightly narrower. This
limitation arises because TWS changes result from not only precipitation, evapotranspira-
tion, and runoff, but also other factors such as soil moisture dynamics, land use change,
and human activities like groundwater extraction and irrigation. These processes interact
at different scales and cannot be fully captured by conventional meteorological and hydro-
logical data. During the period 2022–2024, Brazil experienced unique precipitation drought
events, and the impacts on TWS were not timely, so a more comprehensive analysis of the
drought factors is necessary to investigate the changes in regional drought events in depth.



Remote Sens. 2025, 17, 1670 12 of 21Remote Sens. 2025, 17, x FOR PEER REVIEW 12 of 22 
 

 

 

Figure 8. (a–d) Time series and scatter plot comparison of TWS changes at NAUS station (August 
2013–August 2024) derived from Green’s function method, the Slepian basis function method, and 
GRACE/GFO. The red dotted line in (b–d) represents the linear regression fitting line. 

In addition, this study calculates the time derivative of TWS using both Formula (1) 
and Formula (7), as shown in Figure 7b. The results indicate that the TWS changes ob-
served using geodetic data closely align with those derived from meteorological and hy-
drological data, with correlation coefficients around 90%, as presented in Table 1. How-
ever, the monitoring range of the meteorological and hydrological data is slightly nar-
rower. This limitation arises because TWS changes result from not only precipitation, 
evapotranspiration, and runoff, but also other factors such as soil moisture dynamics, land 
use change, and human activities like groundwater extraction and irrigation. These pro-
cesses interact at different scales and cannot be fully captured by conventional meteoro-
logical and hydrological data. During the period 2022–2024, Brazil experienced unique 
precipitation drought events, and the impacts on TWS were not timely, so a more com-
prehensive analysis of the drought factors is necessary to investigate the changes in re-
gional drought events in depth. 

Table 1. Correlation coefficients between dTWS/dt obtained from different datasets. 

 Green-TWS Slepian-TWS GRACE-TWS P-ET-R 
Green-TWS - - - - 

Slepian-TWS 0.99 - - - 
GRACE-TWS 0.90 0.90 - - 

P-ET-R 0.87 0.87 0.93 - 

4.3. Hydrological Drought Characteristics Monitoring Using Geodetic Techniques 

This study evaluates the spatiotemporal variations of DSI, SPI, and SPEI in Brazil at 
the same time scale. Figure 9 presents the time series of hydrological and meteorological 
drought indices on a monthly time scale. According to the drought severity classification 
proposed by Zhao et al. (2017) [40] (Table S1), this study defines a severe drought event 
as when the drought index falls below −1.3. The results reveal that Brazil experienced se-
vere drought in four main stages between August 2013 and August 2024 (occurring in 
October 2015, March 2020, September 2020, and October 2023, respectively). The 

Figure 8. (a–d) Time series and scatter plot comparison of TWS changes at NAUS station (August
2013–August 2024) derived from Green’s function method, the Slepian basis function method, and
GRACE/GFO. The red dotted line in (b–d) represents the linear regression fitting line.

Table 1. Correlation coefficients between dTWS/dt obtained from different datasets.

Green-TWS Slepian-TWS GRACE-TWS P-ET-R

Green-TWS - - - -

Slepian-TWS 0.99 - - -

GRACE-TWS 0.90 0.90 - -

P-ET-R 0.87 0.87 0.93 -

4.3. Hydrological Drought Characteristics Monitoring Using Geodetic Techniques

This study evaluates the spatiotemporal variations of DSI, SPI, and SPEI in Brazil at
the same time scale. Figure 9 presents the time series of hydrological and meteorological
drought indices on a monthly time scale. According to the drought severity classification
proposed by Zhao et al. (2017) [40] (Table S1), this study defines a severe drought event as
when the drought index falls below −1.3. The results reveal that Brazil experienced severe
drought in four main stages between August 2013 and August 2024 (occurring in October
2015, March 2020, September 2020, and October 2023, respectively). The hydrological and
meteorological drought indices exhibited a relatively strong correlation coefficient of about
0.5 during these four severe drought events. To facilitate a more intuitive comparison,
Figures 9b and 9c display the drought index time series for 2015–2016 and 2022–2024, respec-
tively. The results indicate that the absolute values of the two GNSS-DSI are significantly
higher than other drought indices, likely because GNSS is more sensitive to short-term
changes in hydrological signals. Additionally, the meteorological drought index tends
to detect drought events earlier, as shown in Figure 9c. The hydrological drought index
failed to capture the signal at the onset of the 2023 drought event until May 2023, at which
time the GNSS-DSI and GRACE-DSI began to show a decreasing trend. However, SPI and
SPEI had already decreased as early as August 2022 when the rainfall deficit began. This
suggests that the occurrence of hydrological drought lagged behind the meteorological flux
deficit, and these lags are likely associated with the complex dynamic processes involved in
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water storage and transport [28]. This phenomenon is mainly attributed to the phased and
delayed response of hydrological systems to meteorological forcing. Specifically, meteoro-
logical drought reflects short-term deficits in precipitation, which can be promptly detected
by indices such as SPI and SPEI. In contrast, hydrological drought involves cumulative
changes in variables such as soil moisture, groundwater recharge, and terrestrial water
storage. These processes are influenced by soil properties, land cover, antecedent wetness,
and vegetation water use, leading to a delayed response in hydrological drought indices.
Figure S7 also shows the spatial distribution of SPI, SPEI and DSI from January to December
2020. Additionally, GNSS-DSI tends to respond more rapidly to near-surface hydrological
changes than GRACE-DSI due to its higher temporal resolution, making it more sensitive
in capturing early signals of hydrological drought. This further confirms that hydrological
drought signals vary across spatial and temporal scales, depending on the observation
system used.
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Figure 9. (a) Time series of various drought indices in Brazil during 2013–2024. (b) Time series of
various drought indices in Brazil during 2015–2016. (c) Time series of various drought indices in
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El Niño events occurred.

An analysis of the precipitation deficit suggests that the drought events in Brazil
from 2013 to 2022 are only weakly related to changes in precipitation and may be due to
climate factors, such as the 2015 El Niño event. In contrast, a sharp decline in precipitation
primarily drives the drought events that began in 2023. Figure 9d presents the time series of
the Niño3.4 index. Periods during which the Niño3.4 index remains greater than or equal
to 0.5 or less than or equal to −0.5 for more than five consecutive months are identified as
El Niño events. These periods are highlighted with red shading in Figure 9d.

This study defines a drought event as one that occurs when the DSI is less than −0.5
and persists for more than three months. Table 2 presents the number and severity of
drought events in Brazil based on different drought indices from August 2013 to August
2024. A comparison of the meteorological drought index with the hydrological drought
index reveals that the drought events identified by the two indices are roughly the same,
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especially the extreme drought events in 2015, 2019, and 2023. However, the hydrological
drought index typically lags behind the meteorological drought index, indicating a delayed
response to drought conditions.

Table 2. Drought events monitoring in Brazil by different drought indices.

Occurrence Time Duration (Month) DSI Peak Average DSI Main Drought Types

Slepian-DSI

November 2015–December 2016 14 −1.95 (June 2016) −1.38 D2

January 2020–June 2020 6 −1.73 (April 2020) −1.06 D1

August 2020–February 2021 7 −1.40 (September 2020) −1.06 D1

December 2023–August 2024 9 −2.23 (August 2024) −1.00 D1

Green-DSI

November 2015–December 2016 14 −2.06 (July 2016) −1.48 D2

March 2018–July 2018 5 −0.83 (May 2018) −0.67 D0

January 2020–May 2020 5 −1.44 (April 2020) −1.00 D1

August 2020–January 2021 6 −1.26 (September 2020) −0.85 D1

December 2023–August 2024 9 −2.09 (August 2024) −0.82 D1

GRACE/GFO-DSI
November 2015–September 2016 11 −1.79 (June 2016) −1.42 D2

September 2023–July 2024 11 −1.97 (March 2024) −1.59 D2

SPI
May 2021–August 2021 4 −0.74 (all time) −0.74 D0

September 2022–August 2024 24 −1.64 (February 2024) −1.33 D2

SPEI

June 2015–September 2015 4 −1.09 (August 2015) −0.87 D1

June 2016–September 2016 4 −1.03 (August 2016) −0.86 D1

June 2017–September 2017 4 −1.18 (June 2017) −0.97 D1

June 2018–September 2018 4 −1.03 (August 2018) −0.89 D1

June 2019–September 2019 4 −1.27 (August 2019) −0.98 D1

July 2020–October 2020 4 −1.25 (August 2020) −1.07 D1

May 2021–September 2021 4 −1.24 (August 2021) −1.00 D1

June 2022–February 2024 21 −1.67 (August 2023) −1.07 D1

The meteorological drought index (e.g., SPEI) exhibits noticeable seasonal fluctuations,
especially during the winter season (June to September), with the most severe drought
period usually occurring in August. However, the meteorological drought index tends
to underestimate drought severity, particularly compared to the hydrological drought
index. During the same period, the drought intensity values indicated by SPI and SPEI
are generally lower than those derived from GNSS-DSI and GRACE-DSI, which are more
sensitive to groundwater losses and provide a more comprehensive assessment of drought
impacts. Even if precipitation returns to normal, drought impacts and recovery processes
may persist for an extended period, so the meteorological and hydrological drought indices
remain valuable for ongoing drought monitoring even after precipitation has normalized.
In the subsequent discussion, this study will provide a detailed analysis of the drought
events caused by the prolonged precipitation deficit during 2023–2024.

5. Discussion
5.1. TWS Variation Characteristics on a Small-Scale Range

As mentioned earlier, the hydrological loads monitored by the GNSS stations in AMP
exhibit significant variations (Figure 5a). Therefore, this paper selects AMP in northern
Brazil as the study area to conduct a more detailed analysis of the small-scale spatial units
represented by this region.

GNSS has been extensively demonstrated to capture details of TWS changes at small
spatial scales [15,21,22,24,27]. As shown in Figure 10a, the correlation between GRACE-
TWS and GNSS-TWS is extremely high (exceeding 0.9), and the regional average TWS
change in AMP is more pronounced than that in the entire Brazil (Figure 7a). This suggests
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that the TWS change in AMP constitutes a significant portion of the total TWS variation in
Brazil. Notably, AMP is a small-scale region, and Brazil is a large-scale one, but the time
series variation in Figure 10a is more substantial than that in Figure 7a. This is because this
study calculates the TWS change as the regional average across the entire grid. Although
Brazil is a large-scale region, the TWS change in its northern part is much more pronounced
than in the southern part, where the change is minimal. In contrast, the TWS change across
the entire AMP is relatively substantial, leading to a more significant variation, as shown in
Figure 10a. Figure 10b illustrates the time series variations of different drought indices in
the AMP. The results indicate a strong consistency among the hydrological drought indices
(including GRACE-DSI, Green-DSI, and Slepian-DSI), with their amplitude being more
pronounced than that of the meteorological drought index. This may be because TWS
changes in AMP mainly originate from surface water variations [10], which meteorological
drought indices often fail to capture.
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Figure 10. Hydrological characteristics in AMP: (a) time series of regional TWS changes obtained
from different datasets; (b) time series of drought indices derived from different datasets.

Table 3 presents the drought events monitored by different indices, broadly consistent
with those in Table 2 for Brazil. For the same drought event, the AMP region exhibits a
longer drought duration, higher DSI peaks, and more severe average drought conditions
than Brazil. This suggests that the AMP may experience more significant water resource
pressures and greater ecological impacts during drought events. As the world’s largest
tropical rainforest region, the AMP is highly sensitive to variations in precipitation, and
drought periods may substantially affect local vegetation growth, forest fires, and soil
moisture. However, the rest of Brazil may demonstrate relatively smaller responses and
impacts during drought events due to its geographical location and climatic conditions.
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Table 3. Monitoring of drought events in Amazon by different drought indices.

Occurrence Time Duration (Month) DSI Peak Average DSI Main Drought Types

Slepian-DSI

November 2015–December 2016 14 −2.03 (January 2016) −1.31 D2

August 2020–January 2021 6 −1.23 (September 2020) −0.87 D1

August 2023–August 2024 13 −2.31 (August 2024) −1.39 D2

Green-DSI

November 2015–December 2016 14 −2.19 (February 2016) −1.51 D2

December 2017–May 2018 6 −0.84 (March 2018) −0.69 D0

August 2023–August 2024 13 −2.26 (August 2024) −1.32 D2

GRACE/GFO-DSI
November 2015–June 2016 8 −1.79 (June 2016) −1.41 D2

September 2023–July 2024 11 −1.97 (March 2024) −1.60 D3

SPI
October 2015–February 2016 5 −0.74 (February 2016) −0.74 D0

September 2022–August 2024 24 −1.64 (August 2023) −1.36 D2

SPEI

July 2015–October 2015 4 −1.41 (September 2015) −1.04 D1

July 2020–October 2020 4 −1.26 (August 2020) −1.07 D1

June 2021–October 2021 5 −1.12 (August 2021) −0.75 D0

July 2022–February 2024 20 −1.71 (September 2023) −1.18 D1

5.2. Quantification of Regional Hydrological Drought Characteristics for 2023–2024

The above results demonstrate a strong correlation between GNSS and GRACE/GFO
in terms of time series trends and spatial distribution characteristics. Considering the nearly
one-year data gaps between GRACE and GFO, their ability to monitor the frequency of
hydrological drought events is limited compared to GNSS. Therefore, this section adopts the
results from GNSS for analysis and discussion to provide a more comprehensive analysis
of hydrological drought characteristics.

According to Table S1, DSI was divided into five categories representing different levels
of drought and humidity [40]. This study then calculated the percentage of the total area in
which droughts and floods occurred in Brazil and the AMP from 2013 to 2024, as shown in
Figure 11. Besides, this study defined drought frequency as the proportion of months with
DSI less than −0.5 over the entire period [30], while flood frequency was defined as the
proportion of months with DSI greater than 0.5. Finally, this study investigated the spatial
distribution patterns of drought and flood frequencies, as depicted in Figure 12. For Brazil
as a whole, severe drought (D2) has been the predominant condition, with about 50% of
the country experiencing drought from August 2013 to August 2024. Exceptional drought
(D4) was most pronounced during 2016–2017, 2022–2023, and 2024, with about 10%, 15%,
and 15% of the country in abnormal drought during these three drought periods. The
extreme drought event in 2016 has been proven to be triggered by the process as the heat
flow surged into South America during El Niño, leading to air drying and precipitation
decreases in AMP, along with atmospheric circulation due to ocean temperatures increasing,
thus preventing the typical water transport mechanisms [38].

Droughts in the northeastern AMP are dominated by D2, and a comparison with
Figure 12a shows that the timing of droughts in the AMP closely aligns with that of the
entire Brazilian region. AMP experienced drought conditions from about half of 2013
to 2023, with periods of concentrated exceptional drought in 2016–2017, 2022–2023, and
2024, when 7%, 15%, and 25% of this region were in exceptional drought. During the
period 2023–2024, Figure 12b displays that drought events primarily occurred near the
Amazon Basin, mainly due to a sharp decrease in precipitation starting from the second
half of 2022. The precipitation deficit lasted 23 months, with an average of −92.13 km3

per month. Despite the recovery of the precipitation deficit by 2024 (Figures 10b and 11b),
the prolonged water shortage still led to a gradual increase in drought conditions, and
precipitation during the recovery period may not be sufficient to quickly compensate for
the long-term water deficit, especially in terms of groundwater recharge and soil moisture
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recovery. Until August 2024, the drought peaked, with about 75% of AMP in drought and
around 25% in D4.
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Figure 11. (a,b) Proportion of droughts and floods in Brazil; (c,d) proportion of droughts and floods
in AMP.
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Figure 12. Frequency of droughts and floods in Brazil during the periods 2013–2024 and 2023–2024.
(a) represents the drought frequency in Brazil from 2013 to 2024, (b) represents the drought frequency
in Brazil from 2023 to 2024, (c) represents the flood frequency in Brazil from 2013 to 2024, and
(d) represents the flood frequency in Brazil from 2023 to 2024.

In addition to the impacts of drought, it is priority to consider the adverse effects of
flooding in Brazil. During the 2023–2024 period, the intensification of El Niño exacerbated
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the drought in northeastern Brazil, while precipitation became concentrated in the southeast,
leading to persistent flooding in this area (Figure 12d). As shown in Figure 11d, the
flood disasters lasted for an extended period, with their severity primarily categorized
as moderately wet (W1). This highlights the complexity and interrelatedness of climate
extremes in Brazil, where both droughts and floods occur simultaneously, significantly
affecting the region’s water resources, agriculture, and overall environmental stability.

6. Conclusions
This study employs different geodetic techniques (including GNSS and GRACE/GFO)

to invert the TWS changes across both large-scale regions (e.g., Brazil) and small-scale
regions (e.g., AMP), and then investigates the drought conditions during the period
2013–2024 from the perspectives of hydrological and meteorological droughts. The re-
sults indicate the following:

(1) The surface deformation observed through GNSS vertical displacement provides
insights into regional mass load variations, primarily reflecting fluctuations in hydrological
load. In Brazil, the variations in GNSS vertical displacement present a clear trend of gradual
attenuation from north to south, with the most significant changes occurring on both sides
of the Amazon Basin. This phenomenon may be closely related to alterations in the regional
hydrological load, as seasonal precipitation and fluctuations in water volume within the
Amazon Basin lead to substantial surface deformation.

(2) The spatiotemporal characteristics of TWS changes obtained by different methods
show good consistency, with the correlation coefficients between Green-TWS, Slepian-TWS,
and GRACE-TWS all greater than 0.9. TWS changes display clear seasonal patterns, mani-
fested as an increase in precipitation during the summer seasons (November–December),
leading to a corresponding rise in TWS. In addition, TWS changes lag behind the precip-
itation peak by about 2–3 months, due to a result of the complex hydrological processes
involved in water transport from precipitation to TWS. Spatially, the oscillations in hydro-
logical load gradually diminish from the northern AMP to the southern Brazilian Plateau.

(3) This study calculates the hydrological and meteorological drought index to monitor
drought events, with a correlation coefficient of about 0.5. The meteorological drought index
is primarily influenced by meteorological factors, and the calculated SPEI has significant
seasonality. Furthermore, the meteorological drought index tends to be more responsive to
drought events than the hydrological drought index. The latter usually detects drought
events with a lag, as it reflects changes in hydrological conditions over a longer time.
However, the hydrological drought index effectively identifies ongoing drought events and
provides a more accurate assessment of drought severity, making it particularly suitable
for long-term drought monitoring.

(4) This study adopts geodetic techniques to monitor four major drought events in
Brazil between 2013 and 2024. The most severe droughts occurred in 2016 and 2024,
with about 50% and 40% of the region experiencing drought, respectively. The AMP in
northeastern Brazil is the main region affected by these drought events. The drought event
in 2024 was primarily driven by a sharp decline in precipitation, during which about 25% of
the AMP was in abnormal drought conditions. This highlights the critical role of geodetic
technology in drought monitoring, as it provides accurate and timely information on the
progression and intensity of drought events in both large-scale and small-scale regions.

Geodetic techniques provide valuable insights into the spatial distribution of drought
and its impact on water resources, agriculture, and ecosystems by monitoring surface
changes. These techniques, such as GNSS and GRACE/GFO, offer useful information
for early warning systems and response strategies. However, the coarse resolution of
GRACE/GFO data limits their ability to capture localized drought dynamics, and GNSS-
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based observations depend heavily on station density, which may affect the reliability
of monitoring in regions with sparse coverage. Future research should focus on improv-
ing the efficiency and accuracy of drought monitoring by enhancing the GNSS station
network, especially in areas with low station density, and exploring the integration of
GNSS, GRACE/GFO, and InSAR techniques to address both spatial coverage limitations
and temporal resolution. This multi-technique approach is expected to provide more
comprehensive support for meeting climate change challenges.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs17101670/s1, Figure S1: (a) Annual amplitude of GNSS vertical
displacement by NTAL effect; (b) Annual phase of GNSS vertical displacement by NTAL effect.
Figure S2: (a) Annual amplitude of GNSS vertical displacement by NTOL effect; (b) Annual phase of
GNSS vertical displacement by NTOL effect. Figure S3: GNSS vertical displacement time series of four
stations before and after preprocessing. Figure S4: Regularization factor solution of Green’s function
method by GCV. Figure S5: Energy spatial distribution of Slepian basis functions in Brazil, with
the black solid line representing the boundary of the study area after an extension of 2◦. Figure S6:
Concentration ratio of each Slepian basis function. Figure S7: Spatial distribution of different drought
factors from January to December 2020. Table S1: Drought severity classification.
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