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Abstract The increasing frequency, intensity, and duration of extreme heat and drought events in a
warming climate make it crucial to understand the relationship between surface and subsurface water storage
dynamics during these events. Changes in water storage can be studied globally using satellite observations.
Microwave remote sensing observes the upper few centimeters of the soil, while satellite gravimetry detects
changes in the entire column of terrestrial water storage. We use daily data of the Gravity Recovery and Climate
Experiment (GRACE) and GRACE Follow‐On (GRACE‐FO), satellite‐based surface soil moisture data and
root zone products from Soil Moisture Ocean Salinity, Soil Moisture Active Passive, and European Space
Agency Climate Change Initiative on a harmonized 1° global grid to study the evolution of water storage deficits
across different soil layers. The joint analysis of the three types of data provides valuable insight into the
hydrological dynamics in different soil depths and subsurface water storage compartments. To identify different
dynamics, we compute the rate of change from de‐seasonalized water storage anomaly time series to assess how
quickly the system accumulates storage deficits during drought conditions and recovers from them for different
integration depths in the subsurface. The results indicate characteristic patterns of the temporal dynamics of
drought recovery with fast fluctuations and short recovery times for surface soil moisture, a prolonged behavior
in the root‐zone, and an even slower response in the entire water column. This highlights that the cascading
propagation of drought dynamics from the surface to the subsurface can be quantified by remote sensing data
with daily resolution at the global scale.

1. Introduction
In a warming climate, the frequency, intensity, and duration of extreme heat and drought events are expected to
increase (Seneviratne et al., 2021). Therefore, it is more important than ever to comprehend the relationship
between surface and subsurface water dynamics during extreme events and their evolution. Droughts, charac-
terized by prolonged periods of significantly low precipitation and high temperatures, pose a substantial envi-
ronmental challenge with widespread consequences. In an ecosystem, the lack of sufficient water not only reduces
the available water for human needs but also has major ecological effects, stressing and depleting plant and animal
life. There are four different types of drought based on their length, severity, and effects: meteorological, agri-
cultural, hydrological, and socio‐economic drought (Crocetti et al., 2020; Mishra & Singh, 2010; Wilhite &
Glantz, 1985). The first three types pertain to the physical aspects of the phenomenon, whereas the socio‐
economic drought is linked to the societal impacts. To focus on the physical aspects, a meteorological drought
is defined as a prolonged lack of precipitation, an agricultural drought as a persistent insufficiency in soil moisture
availability, and a hydrological drought as a continuous deficit in streamflow or groundwater storage.

All these three types of droughts are connected, and by using ground data from Illinois on precipitation, soil
moisture, shallow groundwater levels, and streamflow, Changnon (1987) developed one of the first frameworks
for evaluating the evolution of droughts across variables. The theoretical drought cascade originally defined in
that study delineates the initiation of drought signals in the atmosphere, resulting in a meteorological drought.
Afterward, these signals are delayed in sequence, affecting runoff, soil moisture, streamflow, and groundwater.
An important feature that this theory suggests is that the time series of the drought signals get dampened and
delayed as they move down the cascade from meteorology to subsurface variables (i.e., from precipitation to
groundwater). The conceptual explanation of drought propagation and recovery has been confirmed in other
research, for example, by Peters et al. (2006), who examined groundwater drought processes in the Pang
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catchment (United Kingdom) through simulated groundwater patterns and by Van Loon (2015), who used hy-
drological models to analyze droughts in four distinct types of European river basins. Closely linked to drought
propagation and recovery and the role of water storage on the Earth's climate system is the concept of soil
moisture memory, that is, the mechanisms with which soils preserve the information on storage anomalies over
time, including its depth‐dependence (Rahmati et al., 2024).

Existing studies have shown the cascading effects of droughts across larger regions and multiple events, primarily
through ground observations (Bae et al., 2019; Barker et al., 2016; Bhardwaj et al., 2020; Huang et al., 2017;
Oertel et al., 2018; Tijdeman et al., 2018). The integration of remote sensing data has emerged as a valuable tool
for understanding large‐scale drought phenomena on a global scale (AghaKouchak et al., 2015). Although studies
so far have been rare, utilizing remote sensing data to analyze drought propagation and recovery across variables
could be advantageous in characterizing cascading effects over large domains Farahmand et al. (2021) employ
satellite observations to characterize cascade phenomena in four major United States (US) drought case studies,
whereas Rossi et al. (2023) focuses on characterizing major drought events and their propagation in three Bra-
zilian regions. Entekhabi (2023) use remote sensing data and in situ observations to study the drought cascade and
its characteristics over the continental US. A feature that all of these studies have in common is that they use
monthly terrestrial water storage (TWS) data from the GRACE/GRACE‐FO satellite gravimetry mission to
represent the hydrological drought component.

Due to the fact that any redistribution of water mass on or above the Earth's surface leads to variations of the
Earth's gravity field, satellite gravimetry can relate changes in the gravitational acceleration acting on a satellite to
variations in TWS on and underneath the Earth's surface but cannot distinguish between water mass changes in
individual water compartments (e.g., soil moisture, snow cover, groundwater, surface water). The twin satellite
mission GRACE (Tapley et al., 2004), and its successor mission GRACE‐FO (Landerer et al., 2020) have been
observing gravity field changes since 2002. However, the temporal resolution of standard GRACE data for
1 month is too low to record any fast water mass changes and restricts the temporal resolution of the drought
propagation analysis to a monthly range. Recent developments in GRACE data processing (Kvas et al., 2019)
have enabled the computation of daily gravity fields with increased accuracy. Such daily gravity data were
successfully used in various studies (Bergmann & Dobslaw, 2012; Bonin & Chambers, 2011; Eicker et al., 2020;
Gouweleeuw et al., 2018; Xiong et al., 2022). Blank et al. (2023) have shown that TWS signal content is related to
soil moisture variations seen in remote‐sensing soil moisture products, albeit with temporal delay. They used
cross‐correlation analysis for the determination of time shifts between time series fromwhich only the linear trend
was removed. It was the first study in which GRACE data with a higher than monthly resolution were compared
with soil moisture data.

Using daily data from TWS from GRACE/GRACE‐FO appears particularly promising for a more detailed and
comprehensive analysis of the dynamics of drought cascades but has not been used for this specific purpose yet.
The daily resolution can capture rapid changes and short‐term fluctuations in the water storage variables, offering
a more comprehensive understanding of the cascading effects and enabling the identification and analysis of
short‐term drought events that might be overlooked when using monthly data. In addition to TWS data from
GRACE, this study integrates remotely‐sensed soil moisture data for an assessment of surface soil moisture
(SSM) conditions that predominantly represent agricultural drought. Additionally, including root zone soil
moisture (RZSM) to soil depths of up to 1 m offers insights into deeper soil layers. The main goal of this study is
to use remote sensing for investigating how drought affects water storage in the subsurface across different layers,
from the top layer to the root zone and finally to the whole water column of TWS, including the deeper unsat-
urated zone and the groundwater. By exploring these different integration depths, the study seeks to add
comprehensive insights into the sub‐surface components of the drought cascade, that is, how drought propagates
and recovers with depth and, thus, into the overall hydrological response to prolonged water deficits. Although the
physical phenomenon of drought cascades including terrestrial water storage data from satellite gravimetry has
exemplarily been analyzed before (see references above), our investigation differs from these previous studies
with respect to (a) the methodology, (b) the global extent of the analyses, (c) the specific soil moisture data sets,
and (d) the higher observation‐based temporal resolution of daily GRACE data.

The paper is structured as follows: Section 2 describes the satellite data products used for the quantification of soil
moisture (SM) and total water storage (TWS). Section 3 discusses data processing and limitations of the data sets.
In Section 4, the methodology and the corresponding results for calculating the recovery times of droughts are
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explained in detail. Starting with the calculation of seasonal anomalies from each time series, we can identify
periods of storage deficit when water storage is below normal levels. The variability observed during these
drought periods is then utilized to estimate the probable recovery times as a measure to characterize drought
behavior. Results are first presented for an exemplary time series to illustrate the subsequent steps of the approach
and afterward extended to the global scale.

2. Data Sets
2.1. GRACE and GRACE‐FO Data

Daily gravity field solutions were computed from GRACE and GRACE‐FO observations as part of the ITSG‐
Grace2018 gravity field time series (Kvas et al., 2019) in the form of spherical harmonic coefficients up to de-
gree n = 40 (corresponding to a spatial resolution of 500 km) to examine rapid, short‐term fluctuations in
terrestrial water storage (TWS) and its anomalies. In contrast to the conventional monthly solutions, the restricted
satellite ground track coverage within a single day does not support a robust global gravity field inversion.
Therefore, to address this limitation, the daily gravity solutions from ITSG‐Grace2018 are generated within the
framework of a Kalman smoothing approach (similar to Kurtenbach et al. (2012)), which integrates statistical
information on the expected evolution of the gravity field over time into its process model. As a trade‐off, the
daily gravity field data that result from this approach are not entirely standalone solutions. Instead, they display a
certain level of correlation with neighboring time steps.

In the process of data handling, temporally high‐frequency mass fluctuations attributed to tides (ocean, Earth and
pole tides), along with non‐tidal variations in atmospheric and oceanic mass, are removed by subtracting the
output of geophysical background models from the observations (de‐aliasing, Dobslaw et al. (2017)). Following
this step, additional post‐processing measures are taken: Geocenter motion is addressed by incorporating the
degree‐1 harmonic coefficients provided by Sun et al. (2016) on the basis of Swenson et al. (2008). The c20
coefficient is replaced with a time series derived from Satellite Laser Ranging (Cheng & Ries, 2017), and the
influence of glacial isostatic adjustment (GIA) is removed by the ICE6G‐D model (Peltier et al., 2017). No extra
spatial filtering is needed, because the Kalman smoother effectively suppresses spatially correlated noise. Sub-
sequent to these data processing procedures, the resulting gravity field models are presumed to predominantly
represent variations in water mass both above and below the Earth's surface. The gravity field solutions can then
be converted into equivalent water heights across a global geographical grid according to

TWS(λ,ϑ) =
M

4πR2ρw
∑

nmax

n=1
∑
n

m=− n

(2n + 1)
(1 + kń)

cnmϒ(λ,ϑ) (1)

where λ and ϑ symbolize the spherical coordinates, M and R are the mass and the radius of the Earth, ρw is the

density of water (1000kgm3 ), kń denote the Load Love Numbers (Lambeck, 1988), cnm are the spherical harmonic

coefficients of the gravitational potential, and ϒ(λ,ϑ) are the surface spherical harmonic functions. The degree
and order of the spherical harmonic functions are denoted by n and m.

While the Kalman smoother output ensures a continuous daily time series during the mission time period, we
selectively excluded days with insufficient GRACE observations from our analysis. Specifically, we omitted days
with observation counts falling below 10,000 observations per day, as given on the ITSG‐Grace2018 product
website. During these days, the daily solutions primarily rely on the Kalman filter's process model, resulting in a
tendency toward an a‐priori mean trend and an annual signal. The calculation of GRACE TWS data was con-
ducted using the Gravity Recovery Object Oriented Programming System (GROOPS; Mayer‐Gürr et al., 2021).

2.2. Soil Moisture Data Sets

Microwave remote sensing is a method used to detect soil moisture in the uppermost soil layer by leveraging
changes in the soil's dielectric constant associated with varying water content. Active microwave sensors transmit
electromagnetic pulses to the Earth and measure the backscattered energy from the Earth's surface, while passive
microwave sensors capture naturally emitted radiation from the Earth's soil, represented as brightness temperature
(Robinson et al., 2008). Both techniques rely on the dielectric constant of the soil, influencing observed pa-
rameters such as backscattered energy and brightness temperature, enabling the measurement of soil moisture.
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In this study, satellite‐derived surface soil moisture products from the missions Soil Moisture Ocean Salinity
(SMOS; Kerr et al. (2010)), Soil Moisture Active Passive (SMAP; Entekhabi et al., 2010), and the multi‐satellite
combination data product from the European Space Agency Climate Change Initiative (ESA CCI; Dorigo
et al., 2017; Gruber et al., 2019; Preimesberger et al., 2021) are used, as well as root‐zone soil moisture products
from SMOS and SMAP. Both SMOS and SMAP provide Level 3 (L3) and Level 4 (L4) data, with L3 referring to
original satellite observations acquired over a 24‐hr period given as a multi‐orbit global map of retrieved soil
moisture, and L4 relating to post‐processed data products. The way of post‐processing differs among the two
satellite missions. The study uses an early morning overpass for L3 satellite soil moisture products, reducing
temperature differences between soil surface and vegetation canopy, and reducing thermal differences within a
pixel, resulting in reduced errors and improved reliability (Entekhabi et al., 2014; Lei et al., 2015; Owe
et al., 2008).

ESA's SMOS satellite mission, launched in 2009, is used to observe soil moisture using an L‐band radiometer.
Here we use the daily L3 surface soil moisture (SSM) data and the L4 root zone soil moisture data from the Centre
Aval de Traitement des Données SMOS (CATDS). The data is provided in a global grid with a spatial resolution
of 25 km× 25 km (CATDS, 2022a, 2022b). The CATDS L4 root zone soil moisture (RZSM) product is generated
by propagating the L3 surface soil moisture data set (representing the uppermost 0–5 cm of the soil) into the
underlying soil down to a depth of 1 m by using an exponential filter, based on a modified formulation of a
recursive exponential filter while considering soil properties and an optional implementation of transpiration (Al
Bitar & Mahmoodi, 2020). In this way, the SMOS L4 RZSM data set used in this study represents the water
storage within an integration depth of 1 m.

NASA launched the SMAP satellite in January 2015 to observe surface soil moisture with an L‐band active radar
and passive radiometer. In this study, L3 and L4 products from SMAP are used. The daily L3 data (v9.0; O’Neill
et al., 2023) contain all surface soil moisture retrievals for an entire day mapped to a global grid with a spatial
resolution of 36 km. The L4 (surface and root zone soil moisture, v7.0; Reichle et al., 2022) products are derived
by assimilating SMAP surface brightness temperature observations into the Goddard Earth Observing Model
System (GEOS‐5, v5) catchment land surface model, which gives estimates for the surface soil moisture as well as
the root zone, provided with a temporal resolution of 3 hr and a 9 km spatial resolution. Similar to the SMOS
products, the integration depth of SMAP L3 and L4 SSM data is 0–5 cm, while the L4 RZSM product represents a
soil depth of 1 m.

The ESA CCI surface soil moisture data set is provided as part of ESA's Climate Change Initiative, based on
harmonizing and merging soil moisture retrievals from multiple satellite missions into a combined daily product.
The combined active and passive surface soil moisture product (v8.1; Dorigo et al., 2023) is selected for analysis
in this study, providing daily surface soil moisture observations (0–5 cm depth) with a spatial resolution of 0.25°
and is available from the ESA data archive. It should be noted that tropical rainforest areas are completely masked
out because of the strong signal scattering in the microwave observations caused by vegetation (Ulaby &
Long, 2014).

It is important to note that both the L3 and L4 data are not purely based on satellite observations. The L3 soil
moisture products from SMAP and SMOS are directly derived from the satellite data but are influenced by
ancillary data that constrain the soil moisture retrieval process, for example, vegetation indices or land surface
temperature. In contrast, the L4 soil moisture product from SMAP is generated through a data assimilation
framework that integrates satellite soil moisture observations into a land surface model in combination with
precipitation and other climate forcing variables. Therefore, the SMAP L4 product largely depends on the model
and its input data.

3. Data Pre‐Processing and Limitations
3.1. Data Harmonization

In this study, the analysis is carried out on a global grid cell level, therefore, all data sets are harmonized to the
same 1° × 1° geographical grid. The various soil moisture data sets, which have finer native resolutions, were
downsampled using a first‐order conservative remapping algorithm that preserves integrated quantities such as
mass or volume. For the GRACE data it should be noted that the actual spatial resolution is even lower than 1° as
the data are derived from a spherical harmonic representation that is truncated at degree and order n = 40 and
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exhibits spatial dependencies between the grid cells up to a range of about 500 km for daily data (Kvas
et al., 2019). Thus, the 1° × 1° resolution used here represents a compromise between the higher resolution of the
soil moisture products and the lower resolution of GRACE. To evaluate the potential impact of the spatial res-
olution, we transformed the soil moisture products into the same spherical harmonics representation and trun-
cation as the GRACE data to mimic their resolution before re‐gridding to 1° × 1°. The effect on the results is
discussed in Section 4.4.

For a reasonable temporal overlap of all data sets, we used the time period from April 2015 (start of the SMAP
mission) to December 2022 for our study, excluding the time span between the end of the mission GRACE
(August 2017) and the start of the successor mission GRACE‐FO (July 2018). The SMOS and SMAP missions
have a maximum revisiting time of 3 days, resulting in temporal gaps in the SMOS, SMAP, and ESA CCI data.
For gap filling, linear interpolation is applied, and a 3‐day moving average is calculated afterward to reduce noise.
Linear interpolation was only carried out for gaps lasting up to a maximum of 3 days, while gaps exceeding this
duration remain unfilled, persist in the time series and were not considered for further analyses. Although this
method guarantees data set continuity, the smoothing effect of the linear interpolation may cause a minor delay in
representing quick changes, especially during recovery phases. Further details on the effect of the linear inter-
polation on the results is provided in Section 4.4. Periods with data gaps in the TWS data set (see Section 2.1)
were excluded from the analyses.

3.2. De‐Seasonalized and Standardized Signal

In this study, droughts are considered as periods with a water storage deficit relative to the regular climatological
conditions. Therefore, residuals were computed by removing the mean, the trend, and seasonal cycle from the
time series by best fitting the following equation to each soil moisture or TWS time series:

f (t) = a + b ⋅ t + c ⋅ cos(ωt) + d ⋅ sin(ωt) + e ⋅ cos(2ωt) + f ⋅ sin(2ωt) (2)

with parameters for the mean (a), linear trend (b), and annual and semi‐annual cycles (c, d, e, f).

After removing the mean, trend and annual signal from the complete signal, a de‐seasonalized signal, denoted as
Dy,d at any year y and day d, remains. Given the different units of the observations (volumetric soil moisture and
equivalent water heights) and the varying integration depths of water content (SSM: 0–5 cm, RZSM: 0–1 m,
TWS: all storage compartments, no depth limit), the de‐seasonalized signal is standardized by dividing it by its
standard deviation, resulting in the unit‐less z‐score time series SDy,d.

SDy,d =
Dy,d
σd

(3)

The degree of correlation (generally higher for root‐zone products) and the percentage value of signal sign
agreements (at least above 50% for most grid cells across all soil moisture products) between the standardized
signals from GRACE and the soil moisture products are presented globally in the Figures S1–S4 in Supporting
Information S1.

The baseline statistics (mean, trend, and seasonal cycle) were computed using the maximum length of the
overlapping observational time span available for all data sets, covering the period from 2015 to 2022. The limited
length of the data record is a known constraint in satellite‐based analysis. While this duration allows for the
identification of relative anomalies within the observed window, it does not represent long‐term climatological
conditions in the conventional sense (i.e., multi‐decadal climate normals). Therefore, the derived anomalies
should be interpreted as deviations from the average conditions prevailing during this specific observational
period, rather than as deviations from the long‐term climatology.

One limitation of the de‐trending approach is the potential removal of long‐term groundwater storage changes
which can play an important role in the persistence of hydrological droughts in the deeper sub‐surface. Previous
studies have demonstrated that groundwater variability operates on decadal to multi‐decadal timescales and is
modulated by hydrogeological and topographic factors (Barros et al., 2017; Fan, 2015). This is a recognized
limitation when using relatively short time series as in our study, and it should be considered when interpreting the
results.
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3.3. Spatial Limitations and Masking

The land cover type has an impact on the ability to observe soil moisture by microwave remote sensing tech-
niques. Therefore, we apply spatial masking to exclude adversely affected regions from the analysis, see Figure 1.
In densely vegetated areas, such as tropical rain forests, the vegetation has a significant impact on passive or
active microwave signals (Owe et al., 2001; Ulaby & Long, 2014). While the ESA CCI data set mask out ob-
servations in rain forest regions, the other products include these regions in their data sets. For consistency in our
analysis, we mask out these regions. In deserts, the soil moisture signal may be unreliable due to low variability in
water content in the upper soil layers (Dorigo et al., 2010). Also for satellite gravimetry observations from
GRACE and GRACE‐FO, the signal‐to‐noise ratio is low and the noise floor strongly dominates the time series in
dry areas. To classify dry (desert) regions, we rely on the soil moisture signal variability, that is, the root mean
square (RMS) of the daily time series in each grid cell. We set a low variability threshold of twice the mean RMS
of a test region in the Sahara desert, which has minimal day‐to‐day soil moisture variations. To define the mask
using this criterion, we used the SMOS L3 data product. Other SSM data products yielded similar results.
Furthermore, snow cover and frozen soil prevent satellites from measuring soil moisture because the dielectric
constant of snow and frozen water is very different from that of liquid water (Wagner, 1998). Regions with snow
and frozen ground throughout large parts of the year were not spatially masked out, but we excluded the affected
days from the analysis. To this end, soil temperature (TS) and snow water equivalent (SWE) estimates of the
Global Land Data Assimilation System NOAH (GLDAS NOAH) were used. Observations taken under the
conditions of frozen soil (TS < 0°C) and snow cover (SWE > 0 mm) according to the simulation results were
excluded. A similar approach is used by ESA CCI (Gruber et al., 2019).

The GRACE TWS data used in this study has spatial limitations that are also relevant to our analysis. The primary
limitation is the coarse spatial resolution, which results in the non‐independence of TWS grid cell values from
neighboring cells. This lack of independence can lead to leakage effects (Longuevergne et al., 2013), which are
particularly relevant in coastal areas so that oceanic and terrestrial mass changes cannot be separated unam-
biguously. A more comprehensive discussion and a map highlighting continental areas affected by ocean leakage
can be found in Eicker et al. (2020) (Figure S4 in Supporting Information S1). We used this map in our study to
mask out areas that are largely affected by ocean leakage. GRACE‐derived TWS also encompasses storage
variations in other compartments than soil moisture and groundwater, for example, glaciers or surface water
bodies, which are not directly of interest for the present study. For an identification of such regions including their
effect on neighboring cells by leakage, we refer to Jensen et al. (2020) (Figure S2 in Supporting Information S1)
but do not explicitly exclude such areas from our analyses.

Figure 1. Spatial masks applied to exclude regions low soil moisture variability (brown), dense vegetation (green) and ocean
leakage (blue) from the analysis; other areas (beige) are considered to be suited for analysis.
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4. Methods and Results
In the following, the methodology for investigating drought dynamics is described step by step and each
calculation step is directly illustrated by results for one exemplary grid cell (Sections 4.1 to 4.3). Afterward, the
methodology is extended to the global scale (Section 4.4).

4.1. Quantifying Water Storage Deficits

The standardized de‐seasonalized signals for all products are illustrated in Figure 2 for an exemplary grid cell
(29° S, 54°W) in the Brazilian state of Rio Grande do Sul, located in the south of Brazil within the Rio de la Plata
river basin. This region experienced severe droughts from 2019 to 2022, as detailed in the European Commission
report by Naumann et al. (2023). It is evident that the surface soil moisture data from SMOS L3, SMAP L3, ESA
CCI and SMAP L4 exhibit fast dynamics with marked fluctuations of the soil water content and with quick
recoveries from below‐average moisture conditions (Figure 2a). In comparison, the storage fluctuations are
smaller in the root zone time series from SMOS L4 and SMAP L4 (Figure 2b) and are further dampened in the
entire water column time series of TWS from GRACE. Not only are fluctuations dampened when considering
larger integration depths, but also the tendency toward more long‐lasting water deficit conditions with a larger soil
depth is evident, in particular for the recovery period between July 2020 and January 2021.With larger integration
depths, also the onset and the gradual storage loss of storage deficit periods over time is dampened and delayed.
While there are some differences between the individual data sets, the ensemble mean of all SSM data sets (light
brown) and of all RZSM data sets (dark blue), along with TWS, clearly illustrates the distinct dynamics of water
storage for the different integration depths (Figure 2c). Additional examples of time series for other grid cells
worldwide are shown in Supporting Information S1. Figures S5 and S6 show results of the drought in New South
Wales, Australia in 2019 (Bureau of Meteorology, 2019; Nguyen et al., 2021). Figures S7 and S8 in Supporting
Information S1 show results of the drought in the Mekong river basin from 2019 to 2021 (Keovilignavong
et al., 2023; Mekong River Commission, 2022). These are in line with the general results of depth dependencies of
storage dynamics as presented here for the example of southern Brazil.

As mentioned before, to analyze the dynamics of droughts, we take a broad definition of water storage droughts in
this study by considering all negative values of the standardized de‐seasonalized water storage time series per grid
cell, referred to herein as storage deficit. Furthermore, instead of focusing on a limited number of specific drought
occurrences, we take a comprehensive approach that includes all occurrences of storage deficits, even in cases

Figure 2. De‐seasonalized time series for an example grid cell in the south of Brazil (29°S, 54°W). (a) Surface soil moisture
(SSM) of ESA CCI, SMOS L3, SMAP L3, SMAP L4, and TWS from GRACE. (b) Root zone soil moisture (RZSM) of
SMOS L4, SMAP L4, and TWS data from GRACE. (c) Ensemble mean of all SSM data sets (light brown) and RZSM data
sets (dark blue) and TWS from GRACE. The individual time series are plotted as well, with a smaller line width.
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where the duration of a particular deficit in the time series is quite short. The metric used to quantify the storage
deficits is based on a statistical method proposed by Thomas et al. (2014). The temporal evolution of storage
deficits, encompassing storage loss and recovery over time, is determined by estimating the time derivative of the
storage deficit dSD/dt. The computation is performed using the backward difference method:

dSD
dt

(t) = SDt − SDt− 1 (4)

To illustrate the method, we again show the results for the exemplary grid cell in Brazil. In Figure 3a, the storage
deficit of TWS from GRACE/GRACE‐FO during the drought period from 2019 onward is displayed, corre-
sponding to the negative values of the green curve in Figure 2. The time derivative of the storage deficit describes
the rate of change in the storage compartment over time (the rate of change here represents the change of the
standardized unit‐less values of the z‐score SD per day). In the visual representation, values in the red area
indicate storage loss (negative changes), while values in the blue area represent storage recovery (positive
changes). A straight line around zero or gaps indicate that there was no storage deficit during that time.

For the further analyses, we assume that the entire rate of change (dSD/dt) time series of a grid cell represents the
typical range of values during storage deficits. An empirical cumulative distribution function (CDF) of the rate of
change time series is used to characterize the dynamics of droughts. The CDFs of all data sets are categorized into
storage loss (Figure 3c) and storage recovery values (Figure 3d) because the number of loss and recovery time
steps can be different and in order to distinguish between storage recovery and loss dynamics. It is important to
note that storage loss values are typically negative. However, for visualization purposes, the absolute values are
considered to make them more easily comparable to the positive values of storage recovery. The more to the right
the values are, the faster the rate of change is during deficits. Upon closer examination of the CDFs of the storage
recovery values (bottom right figure), it is evident that the recovery rates of SSM are the fastest, RZSM recovers
more slowly from storage deficits, and the slowest rate of change are observed for TWS from GRACE. This
indicates that the recovery time from droughts is much faster in the upper layers compared to the recovery of the

Figure 3. (a) Time series of TWS storage deficit for the exemplary grid cell in the south of Brazil (29°S, 54°W). (b) TWS rate of change time series (dSD/dt).
(c) Cumulative distribution function (CDF) of storage loss rate of change values for all data sets. (d) CDF of storage recovery rate of change values for all data sets.
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entire water column from the surface to the subsurface. When looking at the rate of change values during storage
loss periods (bottom left figure), we observe a similar pattern, but the difference is that both SMAP Level 4
products (SSM and RZSM) in this case are slower than the other surface soil moisture or root zone data. The
SMAP Level 4 RZSM is even very close to the dynamics of storage loss from TWS. These different charac-
teristics of the SMAP L4 water deficit change rates may be due to the particular properties of the hydrological
model into which the observations are assimilated, such as model structure or model equations that govern the
redistribution of water in the soil column, including losses by evapotranspiration or percolation. Also, the results
may indicate that during the assimilation process, a rather small weight is given to the observations, as seen in
particular by the large differences between SMAP L3 SSM observations and SMAP L4 SSM after assimilation.

Furthermore, Figure 3 shows that the dynamics of storage loss tend to be slower than the storage change rates
during recovery periods. However, it should be noted that these results relate to one specific grid cell only and
may vary in other locations, see Section 4.4.

4.2. CDF Ratios Between Data Sets

Going beyond the visual comparison of the CDFs (Figures 3c and 3d) for quantifying the CDF differences in a
comprehensive global analysis, one approach is to select specific percentile values for comparison. To include the
entire spectrum of CDF differences, we calculate the ratio of a range of percentiles (from the 1st to the 99th
percentile) between TWS and the different soil moisture data sets. When dividing the percentile value of a soil
moisture data set by the same percentile value of the TWS change rate, values greater than 1 indicate that the
percentile of the soil moisture data set recovers faster than TWS, while a value below 1 indicates that TWS
changes are faster. The larger the ratio, the faster the soil moisture data set recovers from storage deficits
compared to TWS. It should be noted that this comparison of CDFs in terms of ratios is only possible when all
data are standardized.

For the example of the 50th percentile of storage recovery, the ratios between surface soil moisture and TWS are
3.3–4.3 (SMOS L3 = 3.9, SMAP L3 = 4.3, SMAP L4 = 3.3, and ESA CCI = 4.0), while the ratios between
RZSM and TWS are smaller with 1.3 (SMOS L4) to 1.4 (SMAP L4). For most data sets, the CDF ratios for
storage loss are similar to those for storage recovery (SMOS L3 = 3.8, SMAP L3 = 3.9, ESA CCI = 3.9, SMOS
L4 = 1.4), with the exception of both SMAP L4 data sets that result in considerably smaller ratios (SSM/TWS =
2.5, RZSM/TWS = 1.1).

For storage recovery, the mean value of all ratio values are very similar from the 10th and 90th percentiles (xr, step
of 1%, in total 80 values) leads to ratios in a similar range than for the 50th percentile, with values between 3.3 and
4.2 for the surface soil moisture data sets (SMOS L3 (xr = 4.1), SMAP L3 (xr = 4.0), SMAP L4 (xr = 3.3, and
ESA CCI xr = 3.8). The mean ratio for the root zone data is again significantly lower (SMOS L4: xr = 1.4; SMAP
L4 xr = 1.4). The mean ratios for the storage loss CDF on the other hand, are slightly higher for ESA CCI
(xr = 4.5), SMOS L3 (xr = 4.4), SMAP L3 (xr = 4.5), and SMOS L4 (xr = 1.5)), while they are lower for the two
data assimilated SMAP L4 data sets (surface xr = 3.0, root zone xr = 1.1).

4.3. Recovery Time From Storage Deficit

As another approach to compare the different storage data sets, we estimate the median drought recovery time
(RTy,d) for any daily storage deficit (SDy,di) by

RTy,d =
|SDy,d|

r50
. (5)

where r50 is the 50th percentile (median) of the storage change CDF of the respective data set. Using this approach
allows for estimating a probabilistic recovery time for each day within a storage deficit period assuming a linear
recovery from the day of the deficit. It is, of course, important to mention that real‐world conditions may not
follow such a linear pattern. However, the approach provides a first‐order idea of the expected duration of a
drought to be used for the comparison of the different storage data sets and of regional differences. Figure 4
illustrates the recovery times RT for the example grid cell in southern Brazil. While the maximum z‐score of the
storage deficit is quite similar for all data sets with values of about − 2.0 (see Figure 2), the recovery time is scaled
by the 50th percentile rate of change, which is different for each data set. Consequently, we observe that the
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recovery times for surface soil moisture data are much faster compared to the data sets of root zone soil moisture
and even faster than the TWS data from GRACE. These patterns are corroborated by the mean x and maximum
xmax of these recovery times for the entire time series in Table 1 (Figure 4 displays just a shorter snapshot). We can
observe this effect again and see faster recovery times in the surface layer (x ∼ 4 d and xmax ∼ 10–15 d), which are
prolonged in the deeper layers (x ∼ 12 d and xmax ∼ 36 d in the root zone, and x ∼ 17 d and xmax ∼ 52 d in the
TWS). Additionally, recovery time ratios are calculated between the soil moisture data sets and TWS. The ratios
are similar to those calculated from the CDFs (Section 4.2) for the SMAP L4 and SMOS L4 data, while for the
SMOS L3, SMAP L3, and ESA CCI data set, the ratios are slightly higher. An added advantage of utilizing
recovery times as a metric is that there is no need to standardize the data in advance. Comparisons and calculations
can be conducted solely based on the anomaly signal.

4.4. Global Analysis

So far, the analysis approach was illustrated on the basis of only one exemplary grid cell and shall now be
extended to the global scale. The global maps in Figure 5 show the average recovery times from storage deficit
following Equation 5 on the 1° continental grid. The analysis excluded regions affected by desert conditions
(where noise dominates the signal) and ocean leakage (where ocean signal corrupt TWS data from GRACE/
GRACE‐FO). For the remaining grid cells, the global cumulative distribution functions (CDF) of the cell‐based
recovery time values are depicted in Figure 7a. Both the maps and the CDFs make it evident that also on the global
scale the mean recovery time is substantially shorter for the four SSM products than for RZSM and TWS,
typically in the range of 5 and 10 days with a global median value of the ensemble mean map of 6.4 days. The data
assimilated SMAP L4 SSM data shows slightly higher recovery times, with some regions exceeding 10 days. In
contrast, RZSM exhibits longer recovery times related to deeper and longer travel times of infiltrating water and
the larger storage volume to be filled compared to SSM, with a median value of the ensemble mean map of
14.0 days. Noticeable differences are observed between the SMOS and SMAP root zone data sets, particularly in
rain forests and northern latitude regions. The longer recovery times for the SMAP L4 root zone product are
particularly evident. TWS generally has the longest recovery times. The global median value of all grid cells is

Figure 4. Time series of expected recovery times when considering the 50th percentile of storage recovery rates from the
CDFs in Figure 3d for an exemplary grid cell in the south of Brazil: 29°S, 54°W.

Table 1
Average and Maximum Recovery Times for the Different Surface Soil Moisture (SSM), Root‐Zone Soil Moisture (RZSM)
Products, and for TWS

Data set x [days] xmax [days] Ratio x [− ] Ratio xmax [− ]

ESA CCI SSM 3.8 13.1 4.5 4.0

SMOS L3 SSM 3.5 11.8 4.9 4.5

SMAP L3 SSM 3.3 10.8 5.2 4.9

SMAP L4 SSM 4.8 15.5 3.5 3.4

SMOS L4 RZSM 12.5 37.7 1.3 1.4

SMAP L4 RZSM 12.0 35.7 1.4 1.5

ITSG‐Grace2018 TWS 17.1 52.6 – –

Note. Additionally, the ratios of the soil moisture recovery times w.r.t to TWS are shown.
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21.0 days. Regions with the longest recovery times include southern and eastern Africa, India, and the Tigris‐
Euphrates river system southwest of the Caspian Sea, but other regions, such as the eastern regions of Brazil
and Australia, show significant differences in recovery times between TWS and RZSM. There are some regions,
where the recovery times of SMAP L4 RZSM are even longer than those of TWS, particularly in parts of the
northern latitude regions of Canada and Russia and in arid regions south of the Sahara.

We would like to recall the fact that data gaps in the SSM time series were filled by linear interpolation (see
Section 3.1). To evaluate the effect of linear interpolation, we performed a simulation based on SMAP L4 SSM
product as a reference, which shows similar short‐periodic variability as the other SSM products, but does not
contain data gaps. We then artificially introduced the same gaps present in the other SSM products (SMOS L3,
SMAP L3, ESA CCI) into the SMAP L4 SSM data set and applied our gap‐filling procedure and subsequent
estimation of the recovery times. For ESA CCI with only a few data gaps, there is hardly any difference in the
results. For SMOS and SMAP L3 data gaps our findings indicate that linear interpolation does introduce minor
differences. The smoothing effect of linear interpolation results in a slightly slower recovery process, as expected,
due to reduction of inherent variability. While for individual grid cells this can amount to about 2–3 days of
recovery time, the average delay is around one day. This implies that the CDFs of the recovery times for these
SSM data sets in Figure 7 would be slightly further to the left in case of no data gaps, resulting in a slightly
stronger difference between recovery times of SSM and RZSM. However, the overall patterns and qualitative
conclusions remain unaffected by the linear interpolation.

Figure 5. Average recovery times for storage deficits (04.2015–12.2022) computed for each grid cell assuming the 50th percentile of the daily rate of storage increase
during deficit periods. Maps (a–d) surface soil moisture products; maps (e) and (f) root zone soil moisture products; maps (g) and (h) ensemble mean of SSM and RZSM;
(i) TWS.
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As mentioned in Section 3.1, another potential limitation of the performed analysis is the different native spatial
resolution of the soil moisture and TWS data sets. To address this, we additionally computed recovery times after
converting the soil moisture data sets into a spherical harmonics representation up to degree n= 40 (approximately
500 km) matching the spatial resolution of the GRACE data. The results are shown in Figures S9 and S10 in
Supporting Information S1. For surface soil moisture products, the recovery times computed from this harmonized
resolution showed negligible differences to the original 1° × 1° grid. For root‐zone soil moisture, particularly for
SMAP L4 RZSM, shorter recovery times were observed after harmonization (see Figure S9 in Supporting In-
formation S1). This can also be seen when comparing the CDFs of the recovery times (Figure S10 in Supporting
Information S1), in which the CDF of the spherical harmonic result for SMAP L4 RZSM is further to the left and
thus further apart from the TWS line compared to the corresponding result shown in Figure 7. This means that
when aligning the spatial resolution between TWS and soil moisture data, the differences between TWS and
RZSM recovery times become evenmore pronounced. However, the qualitative conclusion of our study, that is the
relative order of the CDFs, is not influenced by the choice of the spatial resolution suggesting that the spatial
smoothing inherent in GRACE data does not bias our findings. Therefore, we retain the 1° × 1° resolution for
soil moisture data as a practical compromise between their finer native resolutions and the coarser effective
resolution of GRACE‐based TWS, while avoiding additional unnecessary smoothing of the soil moisture signals.

Along the lines of the numbers provided in Table 1, we again established TWS as the reference and computed the
ratios of average recovery times for each soil moisture product relative to TWS for each investigated grid cell
(Figures 6a–6f). In addition to the ratios of the individual soil moisture products, also the ratios of the two

Figure 6. Global maps of the ratios of recovery times between TWS and the respective soil moisture products. Maps (a–d): surface soil moisture products; maps (e) and
(f): root zone soil moisture products; maps (g–i) ensemble mean ratios: (g) SSM and RZSM, (h) SSM and TWS, and (i) RZSM and TWS. Values above 1 (depicted in
brownish color) indicate faster storage recovery for the soil moisture product, while values below 1 (shown in greenish color) suggest faster storage recovery for TWS.
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ensemble means of SSM and RZSM with respect to TWS are plotted (h and i) and the ratio of the SSM ensemble
mean with respect to the ensemble mean of the RZSM products (g). Corresponding CDFs of the cell‐based ratio
values are presented in Figure 7b with the fat brown and green lines representing the ensemble means of SSM and
RZSM. Ratio values exceeding 1 indicate faster storage recovery for the respective soil moisture product, whereas
values below 1 suggest faster storage recovery for TWS. In general, all surface soil moisture products exhibit
ratios substantially above 1, with the majority (CDF range between percentiles from 20% to 80%) falling between
a ratio of 2 and 6. This is also confirmed by the results of the respective ensemble mean (Figure 6h, median grid
value equal to 3.1). Notably, the ratios between SMOS L3 SSM and TWS are higher compared to the other SSM
products, which could partly be attributed to a higher noise level in the data set resulting in faster fluctuations of
the time series and thus spuriously shorter recovery times. The ratios of SMAP L3 SSM and ESA CCI are about
the same, but the SMAP L4 SSM product has smaller ratios. The RZSM ratios are notably smaller than SSM
ratios, with the majority falling in the range of 1–3, with a median value of 1.5. Additionally, a higher fraction of
values below 1 is observed for RZSM, indicating slower recovery than TWS. While for SMOS L4 RZSM this
applies to approximately 15% of all grid cells, for SMAP L4 RZSM, 35%–40% of all grid cells exhibit ratios
smaller than 1. As indicated above, these values are primarily located in the northern latitudes or in arid regions
such as the Sahel region, large parts of Australia, the southwestern United States, and Central Asia. Overall, in
other regions, the SMOS L4 RZSM ratios are slightly higher than SMAP L4 RZSM ratios, suggesting that
differences in the methods used to generate the root zone data may play a role in the variability of the storage
recovery. The ratio of the SSM versus the RZSM recovery times (Figure 6g, median grid value of 2.4) confirms
the slower dynamics of RZSM. While these ratios offer a convenient and intuitive way to express the relative
differences in recovery dynamics between variables and to illustrate spatial patterns of hydrological dynamics,
they should be interpreted with caution. Each ratio represents the division of two quantities that are both subject to
considerable uncertainties due to data resolution and processing techniques. Consequently, these uncertainties are
propagated and accumulated in the ratios at the grid cell level.

5. Discussion and Conclusions
The results shown here demonstrate that satellite products with daily resolution, particularly satellite gravimetry
from GRACE/GRACE‐FO and satellite soil moisture data, can quantify the dynamics of drought cascades across
the entire depth of the water column to comprehensively analyze sub‐surface drought propagation processes.

Figure 7. (a) Cumulative distribution functions (CDF) of cell‐based mean recovery time values. Recovery times are calculated by the 50th percentile of the rate of change
values, describing the storage recovery during water deficit periods. (b) Cumulative distribution functions (CDF) of cell‐based ratios between TWS from GRACE and
the respective soil moisture product. Both CDFs are restricted to grid cells defined as “area suited for analysis” in Figure 1.
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Understanding these dynamics is crucial for effective water resource management and mitigating the impacts of
droughts. Overall, the concept of drought propagation and recovery across different soil depths can well be
recognized in the results.

Through a detailed examination of storage deficits and recovery times across various integration depths in the
subsurface, from surface soil moisture to the entire water column represented by TWS, this study reveals dif-
ferences in drought dynamics. The findings indicate that surface soil moisture exhibits faster evolution and re-
covery times compared to deeper soil layers and TWS, suggesting that near‐surface soil moisture data could
provide valuable insights for the early detection and monitoring of droughts. Moreover, the comparison of re-
covery times and ratios between different soil moisture products and TWS highlights the importance of
considering different integration depths below the surface in drought monitoring and prediction. While TWS data
from GRACE provide valuable information on the longer lasting features of hydrological droughts, surface soil
moisture and root‐zone soil moisture data offer more rapid and localized insights on meteorological and agri-
cultural droughts, particularly during the early stages of drought events.

The results presented here show recovery times that are on average around 1.6 times longer (median value of
recovery time ratios shown in Figure 6i) for TWS compared to RZSM. Similar relations of drought dynamics can
be found, for example, in Farahmand et al. (2021), who conclude an average drought duration of 18.5 months for
modeled SM including SSM and RZSM versus 27.5 months for TWS for four major US drought case studies,
albeit with large variations among the different drought events. Time series shown in Rossi et al. (2023) allow an
estimation of the duration of individual drought events of, for example 14 months (sub‐surface SM) versus
21 months (TWS) for a drought event in Cerrado, Brazil. This is also well within the range of our findings on the
recovery times from water storage deficits. In Entekhabi (2023), the delay and dampening effects of soil moisture
and terrestrial water storage are analyzed for the continental United States, see Figure 5 of their manuscript. These
dampening effects may be related to our rate of change values, as both reflect the reduced variability in deeper soil
layers. However, a direct one‐to‐one comparison remains challenging due to the differing physical interpretations
and sensitivities of the respective variables. The results from Entekhabi (2023) indicate that SMAP soil moisture
data is dampened by approximately 25%–30%, while GRACE TWS experiences a stronger dampening effect of
up to 80% relative to meteorological drought signals derived from precipitation. This corresponds to a ratio
between SMAP and GRACE of approximately 0.31–0.37. Similarly, in our analysis, the average recovery time
for the United States is around 6 days for SMAP L3 SSM and 20 days for GRACE TWS, resulting in a ratio of
approximately 0.30. Despite the differences in methodologies, this could suggest that our findings align well with
the observed dampening effect reported in Entekhabi (2023).

In our results, SMAP L4 RZSM exhibits slower rates of change and longer recovery times than TWS in some
regions. This is a conceptually unexpected result at the first glance. For areas where soil moisture and ground-
water are the dominant storage compartments, such as south of the Sahara, this might be attributed to the too
slowly reacting soil water dynamics in the SMAP assimilation model. Other affected regions are in the northern
latitudes. Here the temporal masking of the soil moisture products during frozen soil conditions leads to in-
consistencies with the time coverage of the TWS time series, which may influence the results. In the overlapping
time spans in the summer months, time series of SMAP L4 RZSM show a substantially smoother behavior and
less temporal variability compared to TWS, which is in contrast to the findings in other regions. For these high
latitude regions, Reichle et al. (2023, Figure 29c) show very small RZSM observation increments in the SMAP L4
data assimilation scheme as indicated by the temporal standard deviation of these increments. This means that in
these regions, the satellite observations provide only minimal corrections to the model forecast of RZSM. Thus,
the too slow RZSM dynamics compared to TWS are driven almost entirely by the underlying hydrological model.
The discussion above and the results of our study in general suggest the potential of the remote sensing data sets
with different integration depths to help in evaluating or even improving the infiltration and percolation schemes
of hydrological models. Also, the data might be of use for tuning empirical model parameters such as those of
exponential filters or other transfer functions that are used for the depth‐extrapolation of SSM to RZSM (e.g.,
Rasche et al., 2024).

The results show that recovery time increases with deeper sub‐surface integration depths. While the global spatial
distribution of recovery times (Figure 5) for the soil moisture products is rather homogeneous, there are marked
spatial variations of recovery times when considering TWS. For the soil moisture products, a uniform depth is
assumed globally (5 cm for SSM and 1 m for RZSM), leading to a comparatively homogeneous behavior
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everywhere which is dominated by vertical water transport processes. For TWS, in contrast, the hydrologically
active zone, in which relevant magnitudes of water storage change can occur, may differ considerably between
regions depending, for example, on the depth to bedrock or the thickness of unconsolidated sediments. Another
aspect are heterogeneous groundwater dynamics governed by the regional hydrogeology and associated lateral
groundwater transport. These factors cause the recovery times to vary spatially much more markedly. To further
explore the spatial variability of recovery times and their potential drivers, we performed a first‐order qualitative
analysis by comparing the CDFs of recovery times for zones of different environmental characteristics based on
global data sets of topography (NOAA National Centers for Environmental Information, 2022), vegetation‐based
land cover (Friedl & Sulla‐Menashe, 2022), Köppen‐Geiger climate zones (Kottek et al., 2006), and soil clay
fraction data from GLDAS (Rodell et al. (2004) as derived from global soil data sets from Reynolds et al. (2000)).
The corresponding figures are shown in Figures S11–S14 in Supporting Information S1. However, identifying
causality for the spatial patterns of recovery times from this comparison is inherently difficult due to the spatial
co‐occurrence of many environmental factors that may affect the actual hydrological processes in a complex way.
Some tendencies that emerged from this analysis are the following: Recovery times tend to be shorter in lowland
regions than in higher elevation zones particularly for TWS and root‐zone soil moisture, possibly due to the
convergence of lateral water flow in the lowlands. As an example of differences between vegetation types,
grasslands generally exhibited longer recovery times than savannas, suggesting a role of larger rooting depth and
soil structure with higher macro‐porosity in savannas due to a higher tree coverage. The latter, in turn, may favor
the faster water transport into larger depths and thus a quicker storage recovery after dry periods in savanna
regions. Climate zones showed distinct signatures, with equatorial regions displaying slower recovery, while
warm temperate zones recovered more quickly. Furthermore, with respect to soil properties, here soil texture,
higher clay fractions are associated with slower recovery times at the global scale, possibly due to lower infil-
tration capacities and retarded vertical water transport in soils with higher clay content. It should be stressed again
that these are preliminary results of a first‐order univariate analysis and a much more elaborated multi‐factorial
study is needed in future work to disentangle the complex interplay of various environmental factors on the sub‐
surface storage dynamics and recovery rates.

Further research should also focus on improving the integration of satellite gravimetry and soil moisture data to
enhance the accuracy and reliability of drought monitoring systems. Joint assimilation of surface soil moisture
and TWS into hydrological models has already proven very valuable (Tangdamrongsub et al., 2020) and holds
further potential in improving the simulation of water storage in the subsurface due to the distinct sensitivity of the
two data types to water storage dynamics in different soil depths.

Furthermore, continued advancements in satellite remote sensing and data analysis techniques offer great po-
tential for enhancing our understanding of drought dynamics and improving drought management strategies.
Ongoing improvements to the GRACE/‐FO data processing and next‐generation gravity missions such as the
MAGIC constellation of two GRACE‐like missions operating simultaneously at differently inclined orbits (Daras
et al., 2023), give prospect to an increase of the temporal and spatial resolution of satellite‐based TWS data in the
future. Also, the growing record of satellite soil moisture products provides a constantly increasing length of
overlapping time series. This, in turn, will allow for extending the analyses to longer drought durations and a
larger number of events, ultimately leading to more robust results.

The global scope of study at hand exploits the advantage that satellite data are mostly available with global
coverage. In future studies, the potential of the data sets can be enhanced with regional analyses that may also
include in situ observations with different soil depths or with different integration depths such as networks of
terrestrial gravimetry, Cosmic Ray Neutron sensors or other in situ soil moisture measurements.

Data Availability Statement
The daily GRACE and GRACE‐FO data products of ITSG‐Grace2018 are publicly available from TU Graz
(Mayer‐Gürr et al., 2018):

https://ftp.tugraz.at/outgoing/ITSG/GRACE/ITSG‐Grace2018/daily_kalman/daily_n40/

https://ftp.tugraz.at/outgoing/ITSG/GRACE/ITSG‐Grace_operational/daily_kalman/daily_n40/
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The ESA CCI soil moisture product can be downloaded from the ESA's Climate Change Initiative (CCI) web
page (Dorigo et al., 2023):

http://catalogue.ceda.ac.uk/uuid/ff890589c21f4033803aa550f52c980c

Soil moisture products (Level 3 and Level 4) from the ESA's SMOS mission are made available by the Centre
Aval de Traitement des Données SMOS (CATDS, 2022a, 2022b):

https://doi.org/10.12770/9cef422f‐ed3f‐4090‐9556‐b2e895ba2ca8

https://doi.org/10.12770/316e77af‐cb72‐4312‐96a3‐3011cc5068d4

Soil moisture products (Level 3 and Level 4) fromNASA's SMAPmission are provided by the National Snow and
Ice Data Center (NSIDC; O’Neill et al., 2023; Reichle et al., 2022):

https://doi.org/10.5067/4XXOGX0OOW1S and https://doi.org/10.5067/EVKPQZ4AFC4D.
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