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ABSTRACT

The variation in water storage leads to frequent recurrence of droughts in the world, which causes societal, economic, and environmental
impacts. In this research, the gravity recovery and climate experiments (GRACE) terrestrial water storage variation (TWS) was used to suggest
drought events and compared with commonly used drought indices. The cross-wavelet coherence analysis was applied to further identify the
possible multiscale relationships between TWS and chamite variables. From the perspective of drought events, 12 were observed based on
estimated water storage deficit between 2002 and 2023 in the Nile River basin, and out of the 12 confirmed drought events, the periods
between October 2003 and July 2007 and between September 2008 and September 2012 were the most extensive drought periods in
the study region, with durations of 45 and 49 months, respectively. The multiscale relationship between the GRACE-based drought index
(GDI) and the corresponding drought indices was detected using a cross-wavelet spectrum to understand its correlations. The evaluated
GDI significantly correlated with meteorological drought. Finally, this study verified the importance of utilizing GRACE data for drought quanti-
fication and characterization.

Key words: Global Land Data Assimilation System (GLDAS), GRACE-based drought index, meteorological drought indices, R-studio, spatio-
temporal variation of water storage, water deficit drought index

HIGHLIGHTS

® The long-term total water storage anomalies (TWSA) using GRACE (Gravity Recovery and Climate Experiment) and GRACE-FO (Follow-On)
satellites were evaluated.

® The GRACE-based drought index (GDI) in the Nile River basin based on the GRACE satellite mission terrestrial water storage data product
was developed, and it was compared with standardized drought indices (SPI and SPEI) to understand the combined effects of climate
change and human activities.

® The multiscale relationship between the GDI and the corresponding drought indices was detected using cross-correlation.

This is an Open Access article distributed under the terms of the Creative Commons Attribution Licence (CC BY 4.0), which permits copying, adaptation and
redistribution, provided the original work is properly cited (http://creativecommons.org/licenses/by/4.0/).
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1. INTRODUCTION

Drought is one of the most common natural disasters in the world, which has the characteristics of high frequency and long
duration and significantly affects agriculture, ecosystems, and socioeconomic development (Zargar et al. 2011; Mera 2018,;
Pendergrass et al. 2020; Wu et al. 2021). The frequent occurrence and long-term persistence of drought will not only bring
enormous losses to industrial and agricultural production but also cause many adverse effects, such as water resource
shortages, land desertification, and ecological environmental deterioration (Stanke et al. 2013; Dabanli 2018; Li et al.
2021). Droughts can also vary in multiple dynamic dimensions, including severity and duration, which makes them difficult
to characterize (Valiya Veettil & Mishra 2020; Wu ef al. 2022). Therefore, it is crucial and urgent to monitor and evaluate
drought effectively.

Different researchers evaluated the spatial distribution of drought based on the station-observed meteorological and hydro-
logical data (Yihdego et al. 2019). However, due to the spatial heterogeneity of the regional environment and the scarcity of
station observation data, the accuracy of drought distribution characteristics obtained by spatial interpolation is not very high,
which makes it difficult to reflect the large-scale dynamic drought information. In addition, some drought indices are only
calculated by using a single variable (e.g., precipitation, soil moisture, or surface runoff), which may not reflect the actual
situation of a drought disaster accurately and comprehensively (Thomas et al. 2014). Additionally, field measurements involve
huge computational costs and significant financial resources and are also limited to either surface or groundwater zones data
(Creutzfeldt et al. 2012).

Due to the rapid development of earth observation based on remote sensing technology (AghaKouchak 2015; Gao et al.
2015; Alizadeh & Nikoo 2018), the launch of the Recovery and Climate Experiment (GRACE) satellite mission cooperatively
developed to speculate global water storage by making detailed measurements of the earth’s gravity field (Tapley et al. 2004,
2019; Long et al. 2017; Xie et al. 2019; Yoshe 2023, 2024a, b). Compared with the conventional univariate indicator, GRACE-
obtained terrestrial water storage (TWS) includes surface water storage, groundwater storage, soil moisture storage, snow
water equivalent, and canopy water storage (Zhong et al. 2019). Thus, the development of GRACE gravity satellite technology
has realized the dynamic observation of large-scale regional water resources changes, which can reflect all water resources
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information (i.e., groundwater, surface water, soil moisture, etc.) and provide an additional data source for drought studies.
Also, GRACE breaks the limitation of traditional ground observation on the temporal and spatial scale and has been widely
used in regional drought investigation (Wang ef al. 2019). Therefore, the GRACE satellites provide a new way for the retrieval
of TWS changes (TWSC) (Tapley et al. 2004; Wahr et al. 2004) and also extend a new approach to the study of hydrological
drought. Also, the GRACE-based drought severity index (GDI) provides a perspective on drought events based on TWS (Zhao
et al. 2017). Sinha ef al. (2019) combined TWSA from GRACE with rainfall analysis to construct the combined climatological
deviation index to study drought in Indian river basins. It is also problematic to assess drought using rainfall or other surface
water observations solely, since ongoing water loss from deeper storage can still occur even after surface water has become
dry (Leblanc ef al. 2009). Therefore, it is essential to evaluate the GRACE-based drought index (GDI) for the study area based
on TWS variation.

To better monitor and quantify drought, the use of drought indices, calculated by assimilating drought indicators into a
single numerical value, has become prevalent in drought characterization (Tsakiris ef al. 2007). A drought index provides
a comprehensive picture of drought analysis and decision-making that is more readily practical compared with raw data
obtained from various drought indicators. Currently, different drought indices have been developed (Yi & Wen 2016).
Zargar et al. (2011) reviewed 74 operational and proposed drought indices, emphasizing the popular drought indices.
Among the various drought indices reported, the standardized precipitation index (SPI) (McKee ef al. 1993), the standardized
runoff index (SRI) (Shukla & Wood 2008), and the standardized precipitation evapotranspiration index (SPEI) (Abatzoglou
et al. 2018) are the most widely used indices. Remote sensing-based drought indices have opened a new path forward in
drought monitoring and detection (Niemeyer 2008), allowing accurate spatial information to be obtained with global or
regional coverage with high reliability and a high repetition rate. In recent years, research on drought indices has started
to integrate GRACE data to measure the occurrence, severity, frequency, magnitude, and duration of hydrological droughts
based on the GRACE-derived TWS (Thomas ef al. 2014; Wang et al. 2014).

Several researchers have evaluated drought indices in the Nile River basin (Bayissa et al. 2021; Nigatu et al. 2024). Nigatu
et al. (2024) evaluated meteorological, agricultural, and groundwater propagation. However, there are no studies applying
GRACE-based TWS deficit to characterize drought index in the Nile River basin. The general objective of this study is to
develop a GDI in the Nile River basin based on the GRACE satellite mission TWS data product and compare it with stan-
dardized drought indices (SPI and SPEI) to understand the combined effects of climate change and human activities. The
specific objectives of this study were to evaluate changes in TWS anomalies (TWSA) from GRACE satellite datasets.

% To evaluate the WSD based on GRACE-TWSA obtained, and its importance as a tool to evaluate drought events in the Nile
River basin.

% To evaluate the GDI based on the estimated WSD.

% To estimate drought severity based on estimated GDI and its comparison with other drought indices such as SPI, the recon-
naissance drought index (RDI), climatic water balance drought index (CWBDI), and SPEIL

Overall, this study provides reliable outcomes that will be vital for establishing climate change adaptation pathways in the
future for viable water resources management to minimize the disastrous impacts of drought in the Nile River basin. There-
fore, the adopted approaches and methodology for evaluating drought indices and obtaining results will be regarded as a new
and valuable contribution to the present study area. The research was based on available GRACE datasets between 2002 and
2023.

2. MATERIAL AND METHODS
2.1. Description of the study area

The Nile River is located in eastern Africa and flows into the Mediterranean Sea (Figure 1). Its drainage basin includes 11
countries in East Africa: the Democratic Republic of the Congo, Tanzania, Burundi, Rwanda, Uganda, Kenya, Ethiopia, Eri-
trea, South Sudan, the Republic of the Sudan, and Egypt, with a total drainage area of 3,349,00 km? and a total length of 6,650
km. The Nile has two major tributaries: the White Nile, which begins at Lake Victoria and flows through Uganda and South
Sudan; and the Blue Nile, which begins at Lake Tana in Ethiopia and flows into Sudan from the southeast. The two rivers
meet in the Sudanese capital of Khartoum (Camberlin 2009; Hamouda et al. 2009). Figure 1 shows the location map of the
study area. There has been a drought in the past few decades as a result of climate change, population growth, and urbaniz-
ation, which has impacted the work being done on development in the Nile River basin. Annual precipitation in excess of
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Figure 1 | Location map of the study area. (a) Level 02 hydro basins of Africa and (b) study area.

1,000 mm is restricted mainly to the equatorial region and the Ethiopian highlands (Camberlin 2009). From northern Sudan
to all across Egypt, precipitation is negligible, below 50 mm/year, except along the Mediterranean coast.

2.2. Data collection

To evaluate drought indices in the Nile River basin, different datasets were utilized, like the GRACE satellite-based dataset
and the TerraClimate dataset. The GRACE datasets were collected from three different institutions, namely, CSR (University
of Texas/Center for Space Research), GFZ (GeoForschungsZentrum Potsdam), and JPL (NASA Jet Propulsion Laboratory).
The GRACE dataset was presented at one-degree spatial resolution from 1 April 2002 to 7 January 2017 (Swenson & Wahr
2002, 2006; Landerer & Swenson 2012; Swenson 2012). To obtain an accurate original signal that was lost during data pro-
cessing, a multiplicative scaling factor was used for the monthly data provided by the GRACE product (Seyoum ef al. 2019;
Yoshe 2023, 20244, b, 2025). TerraClimate is a dataset of monthly climate and climate water balances for the global terrestrial
surface. The TerraClimate datasets were available from 1958 to 2022 (Abatzoglou ef al. 2018). The available data used for
evaluation of drought index in the Nile River basin was presented in Table 1.

2.3. Methodology

The evaluation of drought index using remote sensing data is currently used by most scholars (Yirdaw et al. 2008; Thomas
et al. 2014; Chao & Ding 2016; Forootan et al. 2016; Yi & Wen 2016; Zhang et al. 2016; Zhao et al. 2017; Sun et al.
2018; Seka et al. 2022). First, available datasets were collected, and WSD was evaluated from GRACE-based TWS; then,
cross-wavelet coherence analysis was applied to identify the possible linkage between TWS and climate variables. For this
study, the GDI was evaluated using GRACE-TWS and standardized using R-Studio. Additionally, the commonly used drought

Downloaded from http://iwaponline.com/hr/article-pdf/56/11/1137/1599441/nh2025007 .pdf

bv auest



Hydrology Research Vol 56 No 11, 1141

Table 1 | Available data used for evaluation of drought index in the Nile River basin

Parameters Source and processing Unit Converted to
TerraClimate precipitation Precipitation (Precp) at (0.5° x 0.5°) mm

TerraClimate temperature Temperature (Tm) (0.5° x 0.5°) °C

GRACE-TWS GRACE satellite (CSR, JPL, GFZ) at (1° x 1°) cm Mm
TerraClimate evapotranspiration Evapotranspiration (0.5° x 0.5°) mm

TerraClimate soil moisture Soil moisture (Sm) (0.5° x 0.5°) mm

TerraClimate runoff Runoff (Ru) (0.5° x 0.5°) mm

indices, such as SPI, RDI, CWBDI, and SPEI, were evaluated. Finally, WaveletComp was applied to identify the correlation
between the GDI and the commonly used drought indices. Figure 2 shows the generalized methodology applied in this study
for drought evaluation in the Nile River basin.

: |
GRACE-Dataset Terra-Climate Dataset

i '

\ Temporal cliange oF TW |

WSDI

Relationship between GRDI, SPI and SPEI

Figure 2 | Flow diagram of the methodology.
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2.3.1. GRACE-derived drought indices

The proposed methodology for evaluating drought indices for this study is based on the data availability of GRACE from 2002
to 2016 (Swenson & Wahr 2006; Landerer & Swenson 2012). We produce spatial and temporal averaged GRACE-TWS time
series. Estimation of TWS from the GRACE dataset has been widely adopted in the past few years (Dostdar ef al. 2021; Yoshe
2023, 2024a, b). GRACE data processing and analysis for terrestrial water estimation were presented in previous studies
(Yoshe 2023, 2024a, b). After TWS was estimated, the deficit in water storage was obtained as the difference between monthly
TWS and the long-term mean of terrestrial water over the same month (Thomas ef al. 2014; Thomas & Prasannakumar 2016;
Sun et al. 2018; Yu et al. 2019), which is expressed in Equation (1).

WSDy,, = TWSA, — TWSA, 1)

where WSDy,, and TWSA,,, are the deficit in water storage and GRACE-based TWSA time series in mm for month in the year
k, respectively, is the long-period average of a month (the month in a year). A negative WSD shows loss of TWS as related to
its monthly mean values, whereas a positive value indicates excessive amounts of water storage. If a negative WSD lasts for
three or more consecutive months, it is intended to be a drought event (Thomas & Prasannakumar 2016). The GDI is com-
puted by normalizing WSD, as presented in Equation (2).

GDIy, =

WSDy, —
P @)
o

where GDIy, represents the GDI time series for the Pth month in the year k; u is the average of the WSD time series; and 8 is
the standard deviation of the WSD. The WSD was standardized to provide the GDI for better characterization and compari-
son of GRACE-derived WSD with other standardized drought indices. Based on Thomas et al. (2014), the average WSD
during the drought months of successive drought months was used to evaluate the drought brutality based on WSD,
which can be described in Equation (3).

Sev = Mm(t)«Dd(?) ©)

where Sev(t) and Mm(t) indicate the severity and the average WSD of drought events at duration ¢, respectively. Dd(t) shows
the number of consecutive months between the start and end of the drought events.

2.3.2. Standardized precipitation index

The proposed methodology for evaluating drought indices for this study is based on the data availability of TerraClimate from
1991 to the present (Abatzoglou ef al. 2018). The SPI was used to characterize drought (McKee et al. 1993). This index evalu-
ates drought conditions based only on precipitation and has proven to be effective for analyzing wet and dry periods
(Espinosa ef al. 2019). The SPI method stands out for its speed, great approximation in drought analysis, simplicity, and mini-
mal data requirement (Ji & Peters 2003; Keyantash & Dracup 2004). A drought event is defined as the sum of consecutive
months in which the SPI falls below a certain threshold for at least two consecutive months. In this study, a drought event
starts when the SPI is equal to or below —1.0 and ends with the first positive SPI. Different time scales of 1-3-12 months (SPI-
12) were analyzed to detect drought episodes at relatively short timescales and long-term (18-48) patterns for the study of
episodes related to meteorological and hydrological droughts, groundwater stage, and the water resources in the region
(WMO 2012). The gamma distribution analysis was applied to evaluate the cumulative probability of precipitation based
on Hayes et al. (1999) and Cacciamani ef al. (2007) equations. Then the cumulative probability obtained based on no precipi-
tation events and the number of total data points (7)) was transformed to the standard normal random variable value with zero
average values and a variance equal to one based on the Vicente-Serrano et al. (2010) equation (Cacciamani et al. 2007).
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2.3.3. Standardized precipitation evapotranspiration index

For potential evapotranspiration (PET) estimation based on PM (PETpy), the Mesonet provides estimated daily PET data
based on the ASCE Standardized reference equation as follows:

ARy — G) + pocy &%)
ET = Ya @
A+ 1/<1 + E)

Ya

where A is the slope of the saturation vapor pressure curve, R;, is the net radiation, G is the soil heat flux, p, is the air density,
¢p is the specific heat of air, es — e, is the vapor pressure deficit, y is psychrometric constant, and y; and v, are surface and
aerodynamic resistance.

Then, to evaluate the SPEI value, the monthly deficit (Md) was estimated as follows:

D; =P; — PET; (5)

Once the D; values are calculated, the values are aggregated at different time scales. The probability distribution (e.g., three-
parameter log-logistic distribution) is fitted to the accumulated D; series at each Mesonet station. The difference between pre-
cipitation and evapotranspiration is referred to as the climatic water balance (CWB) with the atmospheric evaporative
demand (Begueria ef al. 2014). Hereafter, SPEI-n represents SPEI with an n-month accumulation period. The SPEI values
can be calculated by standardizing the cumulative D series as follows:

2.515517 + 0.802853W; + 0.010328W?

SPEL; =W, — 6
' ' 1+ 1.432788W; + 0.189269W? + 0.001308W? ©
W; =+v/—2Inpfor P<05 (7)

W; =+/—-2In(1 —p)for P> 0.5 (8)

where p is the probability of exceeding a given D;, and the sign of the resultant SPEI is reversed for p > 0.5. A detailed descrip-
tion of calculating the SPEI is provided by Vicente-Serrano ef al. (2010).

The SPI and SPEI normalize the variation of precipitation in multiple accumulation periods from 1 to 48 months at a par-
ticular location using the long-term average. The shorter timescale of 1-6 months is used to monitor the occurrence of
meteorological droughts, and the longer timescale of SPI from the 12 to 24 months accumulation period is often used as
a proxy for agricultural as well as hydrological droughts (Munagapati et al. 2018; Cammalleri ef al. 2019). Additionally,
the other characteristics of drought, such as duration, intensity, and magnitude, were also computed using SPI methods.
The drought magnitude for an area was evaluated by Equation (9).

DM = > SPI; )
i=1

14

To avoid the negative value of DM, Equation (9) can be rewritten as in Equation (10)

DM = (zn; SPI,,-) #(—1) (10)

where DM denotes the drought magnitude, and 7 represents the number of consecutive months per drought event on a j time-
scale. The ratio of drought magnitude over drought duration can be defined as drought intensity (DI) and expressed in
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Equation (11).

DM
DI= 505 (11)

where Dd(t) represents the duration of drought.
The severity of the drought is associated with evaporative water demand because of evapotranspiration as the temperature
rises, which could be better identified using the SPEI (Homdee ef al. 2016).

2.3.4. Surface runoff drought indices

The surface runoff drought index is a multivariate hydrological drought index that shows the potential of rainfall runoff for
evaluating drought in the river basin. It is calculated by fitting a lognormal distribution function to the rainfall runoff (Shukla
& Wood 2008). It is similar to SPI and dimensionless. For this study, we used the TerraClimate dataset to evaluate the charac-
teristics of drought due to rainfall runoff. The entire SPI, SPEI, SRI, and GDI calculation process (including fitting parameters
for probability density functions) was made with the ‘SCI’ package in the R programming language (Gudmundsson & Stagge
2016).

2.4. Wavelet coherence analysis for the estimated drought index

The wavelet coherence can be used to evaluate the coherence of the cross-wavelet transform in the time-frequency space (i.e.,
to estimate frequency bands and time intervals). In this study, a Torrence and Webster definition was applied, which shows
the wavelet coherence of two time series as a function of the power spectrum density and the cross-spectrum density (Farge
1992; Grinsted et al. 2004). Equation (12) shows the wavelet coherence utilized to measure the correlation between the two
series, primarily focusing on regions of low energy.

«(S—1WXY 2
RS = — SEWOE 12
Sx(SHWE(S)[)+SESH WY S))

where S is the smoothing operator, WX (S) and W) (S) are the wavelet transforms of the two time series X and Y, respectively,
and |[WXY(S)| is the cross-wavelet spectrum of X and Y.

Equation (13) shows that the cross-wavelet transform technique allows for the examination of shared power and coherence
across two time series, identifying correlations within both frequency and time domains, especially in regions of high energy.

SWYWXY = wX(S)WY(S) (13)

where WY* represents the complex conjugate, and WY illustrates the cross-wavelet power spectrum. The statistical signifi-
cance level of the wavelet coherence is estimated using the WaveletComp package in R-Studio.

2.5. Drought severity characterization

These drought severity classes are used to describe the magnitude of drought events throughout the Nile River basin, as indi-
cated in Table 2. Evaporative demand drought index (EDDI) is a drought index that only relies on potential
evapotranspiration (Hobbins ef al. 2016).

2.6. Evaluation of methods of model performance and its correlation analysis

To estimate the consistency and similarity of the three GRACE-based TWS (CSR, JPL, and GFZ data products) and the
selected drought indices, Pearson’s correlation coefficient was used here, as shown in Equation (20) (Rummel 1976). And
to calculate the downscaled TWS results, four different statistical metrics were used, including mean absolute error
(MAE), Nash-Sutcliffe efficiency (NSE), R, and root mean error (RME). The mathematical representation of MAE, NSE,
R, and RME is shown in Equations (14)-(17) (Liu et al. 2012; Richey et al. 2015). For root-mean-square error (RMSE) and
MAE, the values close to 0 indicate the perfect model, whereas in NSE and R, the values closer to 1 indicate the perfect
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Drought condition EDDI SPI, SPEI, GDI, SRI
Extreme drought >2.0 <-2
Severe drought 1.5-1.99 —-15to0 —1.99
Moderate drought 1.0-1.49 —1.0to —1.49
Near normal
Mild drought 0.5-0.99 -0.99 to —0.5
Normal -05<0<-05 -05<0<05
Wwild —0.99 to —0.5 0.5-0.99
Moderate wet —1.0to —1.49 1.0-1.49
Very wet —1.5t0 —-1.99 1.5-1.99
Extremely wet <-2 >2.0

Source: McKee et al. (1993), Hobbins et al. (2016), and Yu et al. (2019).

model (Liu ef al. 2012).

N
Z (Xi - Yl)2
i=1
N (14)
S (- V)
NSE =1-1 (15)
X; — X)°
i:Zl( i
N
Z Xi = X)(Yi - Y)
R— ia (16)
N _ N _
\/ > X-X)7 % (- Y
i= i=1
1 N
MAE = & <Z|Y,»—X,»> (17)
i=1

where X; and Y; indicate two independent datasets with the mean values of X and Y. The input TWS is represented by X;, and
the predicted value of a random forest model is represented by Y;. While N represents the total number of samples.

$° (GR; — GR)(GL, — GL)
*(GR, GL) = - = - (18)
\/ S (GR; - GR)*, /3" (GL; - GL)?
i=1 i=1

where GR is the monthly TWS estimated from GRACE, GL is the monthly hydroclimatic factor calculated from GRACE, and

N is the number of months.

3. RESULTS
3.1. Temporal variation of TWS and WSD

Generally, the change in rainfall affects the TWS animals. However, considering TWSA as an anomaly value, it is compared
with precipitation and the observed monthly precipitation. Figure 3 demonstrates the time variations of TWSA and
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Figure 3 | Time series of GRACE-inferred total water storage anomaly (TWSA) and observed precipitation anomaly for the Nile River basin
from 2002 to 2023.

precipitation annually from 2002 to 2023. It indicates that the majority of precipitation occurs in the summers of 2002 to
2023. The annual fluctuation of precipitation anomalies is in agreement with peaks in the TWSA time series in the study
area during the study period. TWSA has a simultaneous change in trends from 2002 to 2017 and an increasing trend from
2017 to 2023. The trend of TWSA demonstrates that the Nile River basin became water surplus from 2017 to 2023. The
change is similar to the combined effects of climatic factors. The precipitation trend has a decreasing trend from 2013 to
2023 and an increasing trend from 2002 to 2008, but no apparent trend in air temperature. The average TWSA was
69.23 cm, whereas the average precipitation from 2002 to 2023 was 50.51 mm. Thus, the change in TWSA might be attributed
to climate change, with its effects on temperature, precipitation patterns, and evapotranspiration (Zhang et al. 2022; Palazzoli
et al. 2025). The average TWSA indicates water resource gain during the study period.

The terrestrial WSD was estimated by GRACE-based TWS for the characterization of drought manifestation using
Equation (1). The WSD shows a significant variation from 2002 to 2023 (Figure 4). The change of WSD can be classified
into three stages: the first stage occurring from 2002 to 2012, the second stage from 2013 to 2019, and the third stage
from 2020 to 2023. Extremely high water storage deficits occurred in the first stage, while water storage surpluses predomi-
nated in the third stage. The cumulative water storage deficit (CWSD) from 2002 to 2019 represents a continuous deficit and
shows a continuous surplus from 2020 to 2023. A declining trend denotes a lasting WSD, and an upward trend represents a
water storage surplus. Therefore, based on the result, the Nile River basin experienced long-term drought between 2002 and
2019, which is consistent with the previous study (Abd-Elbaky & Jin 2019). It is clear that TWS variation from GRACE was
due to variability of precipitation, groundwater storage, soil moisture, canopy water storage, and surface water, which was
also reported by similar studies (Tapley ef al. 2004; Wang et al. 2020; Elsaka 2021; Elsaka ef al. 2022). The correlation
between cumulative precipitation and CWSD was 0.96, which shows that precipitation plays an important role in the vari-
ation of GRACE-TWS for the Nile River basin. The most extensive WSD that occurred in the study area coincided with
the precipitation decline in the basin, climate variability, and human activities (urbanization, irrigation agriculture, dam con-
struction, etc.) and other studies also confirmed that natural factors and human activities result in water storage variability
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Figure 4 | Water storage deficit (WSD) and cumulative water storage deficit (CWSD).

(Philipps & MclIntyre 2000; Segele & Lamb 2005; Onyutha & Willems 2015a). Therefore, a larger WSD shows a greater
intensity of drought events, whereas a smaller WSD shows less intensity of drought events. This variability can most likely
be due to the combined effect of climate change and human activities.

It is important to verify the accuracy of the results after evaluating TWS from GRACE. Thus, the GLDAS hydrological
model is used for the verification of GRACE-based TWS. For this study, GLDAS TWS from 2010 to 2020 was used for
the verification processes (Figure 5). Based on the evaluated results, the water storage changes (WSC) obtained from
GRACE and GLDAS were basically consistent and had a significant correlation value of 0.85. The temporal variation of
TWS is typically represented by its seasonal and interannual fluctuations, where rises during wet seasons and declines
during dry periods can be clearly observed during the study period.
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Figure 5 | Water storage change in the Nile River basin from 2002 to 2016: (a) annual variation of GRACE and GLDAS TWS.
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3.2. Spatiotemporal change of TWS from GRACE

In this research, the spatial distribution of GRACE-based TWSA was examined for the study area from 2002 to 2016. Figure 6
shows variations in spatiotemporal maps of TWS variation for the Nile River basin, and observed that there was spatial vari-
ation during the study period. Terrestrial water is one of the most critical elements for all living creatures to survive and is
essential for their life needs. Historical changes in water storage are vital for water management and water resource planning.
The concept of drought is one of the biggest issues related to water availability under climate change. As presented in Figure 4,
a significant change in TWS was observed for the Nile River basin at spatiotemporal levels during the study period. As pre-
sented in Figure 6, the maximum decrease in TWS between 2014 and 2015 was observed with a change of —24.7 cm/year,
whereas the maximum increase was observed between 2006 and 2007 with a change of 14.96 cm/year. The spatiotemporal
variation of TWS in the river basin was due to varying precipitation in the river basin, which agrees with similar studies
(Yoshe 2023, 2024a, b). Other studies also agree with this finding, showing low precipitation in the northern parts of the
river basin and high precipitation in the equatorial region and Ethiopia (Camberlin 2009).

3.3. Periodicity of GRACE-TWS and climate variables

The WaveletComp was performed to further identify the periodic oscillation of TWS from GRACE and climate parameters
in the study area. The time series analysis between the GRACE-TWS and climate parameters like CWB, precipitation
(precp), temperature (Tm), runoff (Ru), and soil moisture (Sm) was evaluated. These tests are performed using machine
learning simulations. Supplementary material S1 shows a color-mapped wavelet power spectrum between the GRACE-
TWS and selected climate parameters. It is shown in Supplementary material S1 that a red and yellow color shows a
high degree of wavelet coherence between parameters, whereas the blue color indicates a low degree of coherence between
the selected variables. The thick contours designate the 95% confidence level against red noise, whereas a black line shows
the cone of influence. For the study area, a significant continuous wavelet power spectrum was observed for the first period
bands from 2002 to 2023, showing varying trends based on frequency variations. The wavelet power spectrum for TWS,
CWB, PET, soil moisture, temperature, precipitation, and runoff ranged from 0 to 8, 0 to 20.4, 0 to 19.1, 0 to 25.8, 0 to
18, 0 to 25, and 0 to 27.2, respectively. Based on the result, the analysis identifies that TWS from GRACE was affected
by the variability of these climatic variables, like climate water balance, potential evapotranspiration, soil moisture, temp-
erature, precipitation, and runoff, based on the periodicity of the climate variables (Supplementary material S1). The model
performance was evaluated using Equations (14)-(17), and based on the results obtained, the value of R is 0.89, NSE is
0.85, MAE is 14.68 cm, and RMSE is 37.6 cm for the GRACE-TWS. The aim of analyzing model performance was to under-
stand the characteristics of simulated and observed values with less error, and the obtained results showed good
performance of the model.

3.4. Multiscale linkages between GRACE-TWS and climate variables

The cross-wavelet coherence analysis was applied to further identify the possible multiscale relationships and the local
phase locking between GRACE-TWS and the corresponding climate variables in the Nile River basin. An arrow in the
wavelet coherence plot represents the lead/lag phase relations between the examined series. A zero-phase difference
means that the two time series move together on a particular scale. Arrows point to the right (left) when the time series
are in-phase (anti-phase) (Figure 7). When the two series are in-phase, it indicates that they move in the same direction,
and anti-phase means that they move in the opposite direction. Arrows pointing to the right or left indicate that the first
variable is leading, while arrows pointing to the right up or left down show that the second variable is leading. Figure 6
shows the cross-wavelet coherence for the selected parameters during the study period. Based on the estimated result,
for the frequency level of 1 month, the wavelet coherence has a very high scale for all variables. The arrow moves left
up in the direction between TWS and CWB, left down between (TWS and PET, TWS and Tm), right down between
(TWS and soil moisture, TWS and Precp, TWS and Runoff), right up between CWB and PET, and lifts between CWB
and soil moisture. In general, a significant variation was observed between TWS and climate parameters in the study
area during the study period at different frequency levels and confirming that the variability of climate change affects
the TWS in the study area. Several studies have also explored the multiscale linkages between GRACE-TWS and various
climate variables (Scanlon et al. 2021; Wei et al. 2021) and assessed the impact of climate change on water storage for
enhancing freshwater reporting. Another study analyzed the spatial and temporal correlations between GRACE-TWS
and climate indices to understand the relationships between large-scale climate patterns and regional WSC and employed
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Figure 7 | Linkage between GRACE-TWS and climate parameters.

GRACE satellite data with higher-order statistical independent component analysis to explore these linkages (Anyah et al.
2018; Wei et al. 2021). The comparative time series analysis to correlate and link between the GRACE-based TWS and
climate factors using correlation and the cross-wavelet transform method for this study provides new prospects and
improved understanding of the TWSC in the Nile River and agrees with similar studies (Anyah et al. 2018; Wei et al.
2021). Furthermore, GRACE observations include both climatic variability and anthropogenic interventions, making it dif-
ficult to directly link GRACE signals to meteorological variability or human impacts.
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3.5. Evaluation of drought indices in the Nile River basin
3.5.1. GRACE-derived drought index

Based on the evaluated WSD from GRACE-TWS, GDI was evaluated using Equation (2) and standardized using R-Studio,
and the evaluated results are presented in Figure 8. Analysis shows that the Nile River basin experienced continuous drought
between 2002 and 2019, and after July 2019, the water storage was predominantly in surplus. The WSD index detects severe
hydrological drought in the Nile River basin. A severe peak drought was observed in 2009 with a magnitude of —2.62, with
longer durations of drought observed between September 2003 and June 2007 and between August 2008 and September
2012. From the perspective of drought events of Thomas et al. (2014), 12 drought events were observed based on WSD
between 2002 and 2023 in the Nile River basin (Supplementary material S2). Of the 12 confirmed drought events, the periods
between October 2003 and July 2007 and between September 2008 and September 2012 were the most extensive drought
periods in the study region, with durations of 45 and 49 months, respectively. The magnitude of the peak deficit was —2.6,
observed in November 2009 (labeled as event No. 1), and the magnitude of the peak deficit was —1.93, observed in May
2013 (labeled as event No. 2). The highest total GDI was observed between September 2008 and September 2012 with a
value of —16.2, whereas the minimum severe total drought was observed in 2013 with a value of 0.2. The results reveal
that the WSD estimated by GRACE-TWS affords suitable insight for real-time hydrological drought estimation, which
detected severe hydrological drought in the Nile River basin. The drought severity categories reflect the water storage
deficiency in the study area, and the identified drought events have different magnitudes and durations. The estimated
GRACE-TWS variation is due to seasonal water mass movement that can be influenced both by human intervention and natu-
ral variability due to the variability of precipitation and other factors. According to Getahun ef al. (2021), the increase in
temperature in the Indian Ocean resulted in decreased precipitation in East Africa. The change in precipitation leads to sig-
nificant increases, decreases, and seasonality in TWS in the Nile River basin during this study, which is similar to other
studies conducted in the Blue Nile basin (Ahmed et al. 2014; Hasan & Tarhule 2019; Hasan et al. 2019).

3.6. Meteorological drought indices

The study shows SPI, GDI, SPEI, and cumulative water deficit (CWD) in the Nile River basin during the study period (Figure 9).
As shown in Figure 9, the results of the study showed that there was a continuous drought observed in the study area. For the
SPI drought index, the severity of drought was observed in January 2012 with a peak value of —2.74. For RDI severity, drought
was observed in August 2023 with a peak value of —1.77; for cumulative water deficit index (CWDI) severity, drought was
observed in April 2014 with a peak value of —2.41; and for SPEI severity, drought was observed in October 2019 with a
peak value of —3.15. According to the findings, SPI and RDI show similar trends after 2020 with little variation, whereas
CWD and SPEI show similar trends during the study period. The results obtained for SPEI, SPI, CWDI, and RDI varied in
length and severity of drought and peak period and are consistent with the findings reported by previous studies (Nigatu
et al. 2021, 2024). It is clear that climate change and human activities are the main reasons that result in drought in the
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Figure 8 | GDI for the Nile River basin between 2002 and 2023.
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Figure 9 | Meteorological drought index.

study area. Climate change has impacted freshwater resources and put many places around the world at risk of development.
Based on climate studies, Osima et al. (2018) reported an increase in temperatures leading to a rise in the Nile River basin.
Therefore, considering the effect of temperature in the research area, the same research examined that the Nile River basin
temperatures warm more quickly than the world mean temperature. The severity of the evaluated SPEI drought is associated
with evaporative water demand because of evapotranspiration and has also been confirmed by different studies (Vicente-Ser-
rano et al. 2010; Homdee et al. 2016). Human activities have changed land use and land cover in the Nile River basin, with
an increase in urbanization and agricultural development due to the growing population in the river basin. These changes
are expected to result in climate change and affect river basin management (Wu et al. 2022). Moreover, urbanization leads
to an increase in impervious area, which in turn alters the distribution of precipitation, increases surface runoff, etc. With
the progression of economic development, there has been a notable rise in water withdrawal for various water-use sectors
such as irrigation, industry, and domestic use. This trend has direct consequences, including the decline in surface runoff,
which increases the likelihood of extreme drought occurrences. Furthermore, the impact of human activities is more significant
for water resource change due to the seasonal patterns of water withdrawals and the cyclical nature of reservoir operations.
Ajwang (2023) evaluated the specific human activities on the Mau Complex and the Lake Victoria drainage system and
their overall effect on the Nile basin and reported deforestation due to human activities.

3.7. Comparison of different drought patterns

The multiscale relationship between the GDI and the corresponding SPI, SPEI, CWDI, and SRI was detected using the cross-
wavelet spectrum to understand its correlations and revealed how precipitation patterns, evapotranspiration, runoff,
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temperature, and other climatic factors at different time scales affect water storage. Figure 10 shows the relationship between
GDI, CWDI, SPI, SPEI, and RDI for the study area during the study period and observed in-phase, anti-phase, leading, and
lagging correlations between GDI and the commonly used drought index throughout the study period. Based on the result,
seven significant frequency periods were observed from 0.5 to 32 between GDI and the commonly used drought index. The
correlation reflected a variation in the hydrological cycle process. According to the water balance, changes in TWS are a com-
prehensive reflection of changes in precipitation, evaporation, runoff, soil moisture, teleconnection factors, and
anthropogenic factors such as land use, land cover change, irrigation practices, and others. The TWS is a crucial indicator
of regional water resource changes triggered by the natural water cycle. Hydrologic drought caused by insufficient TWS is
influenced by water storage components, contributing to the decreasing trend in TWS. These components will exacerbate
the drought. Conversely, the water storage components that contribute to the increasing trend of TWS will mitigate or sup-
press the drought. The direction of the arrow, with anticorrelation pointing left and positive correlation going right, is used to
represent the relative phase relationship between the drought indices. The left-to-right arrows show that the GDI coincided
with the shift in the hydrological drought, whereas the right-to-left arrows show the negative correlation of the GDI with the
selected drought index. The drought that occurs between 0.5 and 2 cycles is shown by the vertically upward or downward
arrows, respectively, demonstrating a nonlinear association. The color of a cross-wavelet plot usually indicates the intensity
or degree of the covariance between two signals at various frequencies and time scales, with a thick contour representing a
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Figure 10 | The multiscale relationship between the GDI and the corresponding SPI, SPEI, CWDI, and SRI using the cross-wavelet method.
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95% confidence level against red noise, with arrows indicating the relative phase connection of the drought index, whereas a
low contour represents low color intensity. So, the dynamic linkages between the GDI and the corresponding drought index
in the study area can be efficiently shown by the cross-wavelet transform and have a statistically significant association,
suggesting that GRACE-based TWS was crucial to identifying the drought index. Therefore, the study shows a strong corre-
lation between observed GRACE variability on year-to-year and multi-year timescales with climatic factors and also agrees
with similar studies (Vergni ef al. 2021).

3.8. The correlation of GRDI and meteorological drought indices

Climate change and the growing demand for freshwater have raised the frequency and intensity of extreme events like
drought. Satellite observations have improved our understanding of the temporal and spatial variability of droughts. Since
March 2002, the Gravity Recovery and Climate Experiment (GRACE) and its successor GRACE Follow-On (GRACE-FO)
have been observing variations in the Earth’s gravity field, yielding valuable information about changes in TWSA. TWS ver-
tically integrates all forms of water on and beneath the land surface, including snow, surface water, soil moisture, and
groundwater storage. Drought indices help to monitor drought by characterizing it in terms of its severity, location, duration,
and timing. The correlation of GDI with other commonly used drought indices (SPEI, RDI, CWDI, and SPI) was evaluated.
The estimated drought characteristics use the water deficit time series distribution compared with hydrometeorological
drought indices. The result of GDI is consistent with all hydrometeorological droughts throughout the study area and pro-
poses that GDI is suitable for identifying long-term hydrological drought, which can be successfully employed to evaluate
hydrological drought. The evaluated cross-correlation between SPEI and SPI is 0.927; GDI and SPI were 0.868, GDI and
SPEI were 0.867, GDI and RDI were 0.790, and GDI and GWDI were 0.868. This shows that hydrological drought has a
high cross-correlation with GDI. Sensitivity analysis plays a crucial role in understanding the behavior and reliability of
both GRACE-based drought indices and meteorological drought indices. GRACE (Gravity Recovery and Climate Exper-
iment) is sensitive to changes in TWS, including groundwater, soil moisture, and surface water. This sensitivity allows it to
detect hydrological and agricultural droughts. A GDI was developed based on the concept behind conventional drought indi-
ces. Sensory analysis reveals how climate-related or anthropogenic water storage trends can mask drought signals in GRACE
analysis. Studies aim to understand how drought signals propagate through GRACE drought indicators in the presence of
linear trends, constant accelerations, and GRACE-specific spatial noise. The robustness of GRACE-based drought indices
is affected by several factors. Linear trends and constant accelerations in GRACE data tend to mask drought signals. Different
spatial averaging methods, required to suppress spatially correlated GRACE noise, also affect the outcome. The sensitivity
analysis of meteorological drought indices examines their response to drought conditions and various record-length and
hydroclimatic factors. The robustness of meteorological drought indices is influenced by various factors, like soil moisture,
vapor pressure deficit, solar radiation, atmospheric carbon dioxide concentration in vegetation in response to drought,
and others. Studies aim to understand how drought signals propagate through GRACE drought indicators in the presence
of linear trends, constant accelerations, and GRACE-specific spatial noise, and meteorological drought propagates due to
soil moisture, vapor pressure deficit, solar radiation, and atmospheric activities (Gerdener et al. 2020; Vishwakarma 2020;
Wang et al. 2020; Viet & Thuy 2024).

3.9. Discussion

This study describes the estimation of drought using GRACE-TWS. The three GRACE data products were used to evaluate
TWS deficits in the Nile River basin to characterize drought manifestation. Drought assessments and monitoring using
GRACE satellite datasets have been evaluated for the study area, especially where ground-based observed datasets are not
sufficient. Recent advancements in satellite remote sensing have helped to generate new datasets that are used to propose
new drought indices. For the evaluation of GD], first, the water storage variation from GRACE was smoothed by Gaussian
smoothing, and then, the water storage averaging of the three data products was carried out. The missing data were filled
using linear interpolation methods during the study period. Based on the estimated result, continuous changes in water sto-
rage were observed in the study area internally. The study shows that the water storage in the study area shows an abrupt
increase between 2017 and 2024. The maximum water storage value was observed in 2023, and the minimum value of
water storage was observed in 2009 with values of 265.25 and —7.66 cm/year, respectively. In this study, the negative
value of TWS indicates the WSD, whereas the positive value of TWS shows the water storage surplus. For the evaluation
of GDI, the WSD was evaluated from the evaluated terrestrial storage by subtracting the average value of TWS from
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GRACE time series data using Equation (1). The WSD result indicates that the study area has been experiencing a WSD and
surpluses based on seasonal variation in the study area.

Generally, based on the evaluated results, variation in TWS and WSD was observed in the study area. This variation is due
to changes in water balance components, such as precipitation change, evapotranspiration, surface runoff, soil moisture, and
others that are changed as a result of global warming, which will lead to hydrological changes. The variability of TWS with a
change in water storage components was evaluated using wavelet computation and temperature. It was obtained that the
variability of precipitation, temperature, evapotranspiration, runoff, soil moisture, and other factors leads to changes in
water storage in the study area, and a similar study also reported that climate parameters are the main parameters for the
variation in TWS (Wu et al. 2022; Zeray Oztiirk 2022; Yoshe 2023, 2024a, b). Additionally, human activities such as urban-
ization, industrial development, irrigation agriculture, and construction of reservoirs can affect water storage in the study area
and are confirmed by similar studies (Xie ef al. 2019; Ajwang 2023).

The wavelet power level between TWS and CWB and TWS and PET ranges between 0 and 10.6; precipitation and TWS (0-
12.1), TWS and runoff (0-12.7), TWS and soil moisture (0-12.3), and between TWS and Tm (0-11.4). For the relationship
between TWS and each climate variable, the maximum wavelet power level was observed between 0.5 and 2 frequency
periods. This result shows that TWS was affected due to the periodic oscillation of climate variables, and different studies
also show that climate change was the main reason for the variability of WSC.

The analysis of GDI shows that the Nile River basin experienced continuous drought between 2002 and 2019, which was
due to the variation of water balance components and also as a result of global warming, which will lead to hydrological
drought, and agreed with similar findings (Wu ef al. 2022), but after July 2019, the water storage was predominantly in surplus
in the study area.

From the perspective of drought evaluation, 12 drought events were observed because of WSD between 2002 and 2023 in
the Nile River basin. Of the 12 confirmed drought events, the periods between October 2003 and July 2007 and between Sep-
tember 2008 and September 2012 were the most extensive drought periods in the study region, with durations of 45 and 49
months, respectively.

A severe peak drought was observed in 2009 with a magnitude of —2.62, with longer durations of drought observed
between September 2003 and June 2007, and August 2008 and September 2012. The highest total GDI was observed between
September 2008 and September 2012, with a value of —16.2, whereas the minimum severe total drought was observed in
2013, with a value of 0.2. Therefore, the WSD from GRACE detects severe hydrological drought throughout the study
area, and the GRACE-TWS affords suitable insight for real-time hydrological drought evaluation. As a result, the evaluated
GDI significantly correlated with meteorological drought.

The linkage between GDI and other commonly used drought indices throughout the study period shows that in-phase, anti-
phase, leading, and lagging correlations. Based on the result, different significant frequency periods were observed from 0.5 to
32 between GDI and the commonly used drought index. Therefore, remote sensing approaches are cost-effective and efficient
to quantify droughts at different scales and agree with similar studies (Yirdaw et al. 2008; Chen et al. 2009; Frappart et al.
2012; Long et al. 2013; Sun et al. 2018; Sinha ef al. 2019; Yu ef al. 2019). Therefore, a recently proposed drought assessment,
as well as characterization using satellite information, is crucial to provide important information for resource management,
along with supplementing the previous studies. As a result, the consecutive significant deficits in rainfall and change in temp-
erature were the main cause of drought for the study area, which agrees with previous studies (Nigatu ef al. 2024). The
complex linkages between various drought occurrences, providing insight into their frequency and temporal aspects, were
evaluated. The variation of water balance components, such as precipitation change, evapotranspiration, surface runoff,
soil moisture, and others, is changed as a result of global warming, which will lead to hydrological drought. Flash droughts
intensified during the global warming phase as a result of higher soil moisture drying trends and rapid ET, which resulted in
more severe drought events and is consistent with other studies (Wang ef al. 2016). The comparative time series analysis to
correlate and link between the GRACE-based TWS and climate factors using correlation and the cross-wavelet transform
method for this study provides new prospects and improved understanding of the TWSC in the Nile River and agrees with
similar studies (Anyah et al. 2018; Scanlon et al. 2021; Wei et al. 2021). The multiscale relationship between the GDI and
the corresponding SPI, SPEI, CWDI, and SRI was detected using the cross-wavelet spectrum to understand its correlations
and revealed how precipitation patterns, evapotranspiration, runoff, temperature, and other climatic factors at different time
scales affect water storage. The direction of the arrow, with anticorrelation pointing left and positive correlation going right, is
used to represent the relative phase relationship between the drought indices. The left-to-right arrows show that the GDI
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coincided with the shift in the hydrological drought, whereas the right-to-left arrows show the negative correlation of the GDI
with the selected drought index.

The drought that occurs between 0.5 and 2 cycles is shown by the vertically upward or downward arrows, respectively,
demonstrating a nonlinear association. The color of a cross-wavelet plot usually indicates the intensity or degree of the covari-
ance between two signals at various frequencies and time scales, with a thick contour representing a 95% confidence level
against red noise, with arrows indicating the relative phase connection of the drought index, whereas a low contour rep-
resents low color intensity. The robustness of GDIs is affected by several factors. Linear trends and constant accelerations
in GRACE data tend to mask drought signals. The sensitivity analysis of meteorological drought indices examines their
response to drought conditions and various record lengths and hydroclimatic factors. The robustness of meteorological
drought indices is influenced by various factors, like soil moisture, vapor pressure deficit, solar radiation, atmospheric
carbon dioxide concentration in vegetation in response to drought, and others.

4. LIMITATIONS

GRACE data, while valuable for drought analysis, has limitations due to its coarse spatial resolution, which restricts its use at
local scales. Additionally, errors in satellite measurements and signal leakage can affect the accuracy of drought assessments.
While GRACE provides insights into terrestrial WSC, it’s crucial to acknowledge these limitations and consider them when
interpreting results, especially for smaller regions or when comparing with in-situ data.

5. CONCLUSIONS

In this study, WSD was evaluated from GRACE-derived TWSA and utilized to evaluate drought index in the Nile River basin
from 2002 to 2023. Based on the obtained result, a continual deficit of water storage during the study period was observed in
the Nile River basin. Additionally, the cross-wavelet coherence analysis was applied to further identify the possible multiscale
relationships between GRACE-TWS and the corresponding climate variables in the Nile River basin. Based on the estimated
WSD, 12 drought events were observed between 2002 and 2023 in the Nile River basin, and out of the 12 confirmed drought
events, the periods between October 2003 and July 2007 and between September 2008 and September 2012 were the most
extensive drought periods in the study region, with durations of 45 and 49 months, respectively. Additionally, other drought
indices like SPI, SPEI, RDI, and CWDI were evaluated during the study period from 2002 to 2023. For each drought index,
the duration of drought, average drought, total drought, and peak drought were evaluated on a 1-month drought timescale.
For the evaluated drought indices, more extreme and severe drought events were observed for each drought index at different
periods, and all drought indices follow a similar trend. The multiscale relationship between the GDI and the corresponding
SPI, SPEI, CWBDI, and SRI was detected using the cross-wavelet spectrum to understand its correlations. The evaluated GDI
significantly correlated with meteorological drought. Finally, this study verified the importance of utilizing GRACE data for
drought quantification and characterization. The evaluated result of drought indices, their severity, and the duration of the
drought were essential for water resource management, which provided a reliable outcome for the establishment of climate
change adaptation pathways, and were essential for the mitigation of drought hazards in the study area.
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