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Abstract: Surface water storage (SWS), the amount of freshwater stored in rivers/wetlands/floodplains/lakes, and its variations are key components of the water cycle and land surface hydrology,
with strong feedback and linkages with climate variability. They are also very important for water resources management. However, it is still very challenging to measure and to obtain accurate estimates
of SWS variations for large river basins at adequate time/space sampling. Satellite observations offer
great opportunities to measure SWS changes, and several methods have been developed combining
multisource observations for different environments worldwide. With the upcoming launch in 2022
of the Surface Water and Ocean Topography (SWOT) satellite mission, which will provide, for the
first time, direct estimates of SWS variations with an unprecedented spatial resolution (~100 m),
it is timely to summarize the recent advances in the estimates of SWS from satellite observations
and how they contribute to a better understanding of large-scale hydrological processes. Here, we
review the scientific literature and present major results regarding the dynamic of surface freshwater
in large rivers, floodplains, and wetlands. We show how recent efforts have helped to characterize
the variations in SWS change across large river basins, including during extreme climatic events,
leading to an overall better understanding of the continental water cycle. In the context of SWOT and
forthcoming SWS estimates at the global scale, we further discuss new opportunities for hydrological
and multidisciplinary sciences. We recommend that, in the near future, SWS should be considered as
an essential water variable to ensure its long-term monitoring.
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Freshwater is crucial to terrestrial life, ecosystem environments, biodiversity, and human societies [1–5]. Freshwater on land is stored in various reservoirs, unevenly distributed
across climates and geophysical environments [6–8]. About 70% of global freshwater is
stored in reservoirs with relatively long retention periods, namely, ice caps, glaciers, permanent snow, aquifers, and other geological formations [9,10]. Freshwater stored with much
shorter retention times is found in seasonal snow, soil moisture of the root zone (the upper
few meters of the soil where the plants absorb water and nutrients or the unsaturated
zone), shallow groundwater, and surface waters. The latter includes rivers, lakes, wetlands,
floodplains and inundated areas, and manmade reservoirs [11]. All these components are
continuously exchanging mass by vertical and horizontal motions with the atmosphere
and the oceans, making them an integral part of the global water cycle [12–14]. They
are also key players in the climate system with major links and feedback with climate
variability [6,8] and water resources [15].
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Freshwater availability is generally highly seasonal, strongly driven by local or remote rainfall, and it is subject to strong variability across time scales [16], from daily to
interannual and decadal changes [17], often modulated by alternate periods of floods or
droughts [18,19]. In the last few decades, the impacts of climate change and anthropogenic
pressure, such as the increasing demand for freshwater supply worldwide, have made
freshwater availability a current major global concern [17,20–26]. In several regions, water
management is problematic due to the growing demands for a continually increasing
population and needs for the agriculture, energy, and industrial sectors [27–29], with major
consequences for water quality [30].
Therefore, understanding the flow, spatial distribution, and storage of freshwater on
land is key for characterizing the terrestrial branch of the global water cycle [11,31,32], as
well as for an effective management of water resources [33], and an improved description
of the components of the continental water cycle is now recognized as being of major
importance. However, the distribution and spatiotemporal variations in terrestrial water
storage are still poorly known at a regional to global scale, leaving open several fundamental questions regarding the land water storage budget: How much freshwater is stored at
the surface and subsurface of continents? What are the spatial and temporal dynamics of
terrestrial water storage? How do they interact with climate variability and anthropogenic
pressure?
The terrestrial water balance equation [34], as applied to a river basin, can be written as
P − E = Q + ∆TWS,

(1)

where P and E represent the basin-averaged precipitation and evapotranspiration, respectively, Q is the discharge across the basin boundary (including river and groundwater
discharge), and TWS is the total water storage, encompassing total surface and subsurface
storages (sum of soil moisture, snow water content, surface water storage, vegetation water
content, groundwater, and glaciers [35]). In most cases, each quantity is available only
with a large uncertainty [32,36,37], and the estimation of the storage change term is particularly problematic, limiting our ability to understand its impacts on evapotranspiration,
infiltration, and runoff. Quantifying water storage globally over long time periods, with
consideration of surface and subsurface water volume dynamics, is fundamental [32]. For
instance, surface water remains the main contributor to storage variability in large-scale
water budgets at seasonal and interannual scales [38,39].
Historically, our knowledge of the spatiotemporal variations of continental water
height, extent, and storage relies on in situ observations. In situ gauge measurements
indeed help quantify the movement of water discharge in river channels but provide comparatively little information about the spatial dynamics of terrestrial water in floodplains
and wetlands or groundwater, largely because of the prohibitive cost and complexity of
monitoring large systems such as floodplains and aquifers. In addition, in situ networks are
sparse, and the availability of ground-based gauge information has dramatically decreased
during the last decades [31], particularly in remote areas with difficult access. In some
cases, public access to data for several important rivers is restricted and not available to the
scientific community, often due to political situations or transboundary water sharing conditions [40]. Until recently, lacking spatial measurements of inundation/wetland locations,
sizes, and water volume changes limited the development of hydrologic models, which
are often unable to properly partition precipitation (minus evapotranspiration) among the
several freshwater components and represent their effects on river discharge at continental
to global scales [31,41–43]. Despite several recent advances [44,45], our ability to measure,
to monitor, and to forecast supplies of freshwater using hydrological models is still facing
difficulties, at least at large scales [46,47].
In this context, spatial remote sensing techniques are a cost-effective method for monitoring the terrestrial water cycle, with high temporal coverage and reasonable accuracy.
The large-scale coverage of areas by the satellite data helps in particular to understand the
spatiotemporal variations of freshwater stored on land [48,49]. Since 2002, the Gravity Re-
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covery and Climate Experiment (GRACE) provides, for the first time, precise measurements
of the spatiotemporal variations in total terrestrial water storage (TWS) at basin scales [50].
Long-term time series enable us to study changes at the global scale and depict emerging trends in TWS changes linked to environmental or human disturbances [17,51–53].
TWS change results from the contribution of changes in the other water storage compartments [54], including groundwater storage (GWS), soil moisture storage (SMS), surface
water storage (SWS), and ice and snow storage (ISS) changes, such that over a period of
time (t), the change in TWS can be decomposed as
∆TWSt = ∆SWSt + ∆SMSt + ∆ISSt + ∆GWSt .

(2)

Individually, the variations and changes in each of these reservoirs can also be estimated from remote sensing observations. For instance, snow water equivalent, the volume
of water contained in the snowpack, has long been monitored in snow-covered regions
throughout the world [55], especially in vast boreal regions [56], providing time series since
1978 following the launch of passive microwave sensors such as the Scanning Multichannel
Microwave Radiometer (SMMR), Special Sensor Microwave/Imager (SSM/I), and Special
Sensor Microwave Imager/Sounder (SSMIS) instruments. Soil moisture storage has also
long been monitored and has even benefited from the launch of dedicated satellite missions,
such as the Soil Moisture and Ocean Salinity (SMOS) [57] or Soil Moisture Active Passive
(SMAP) [58] missions. Despite some limitations, these quantities and their variations are
nevertheless fairly known, to some extent, from local to global scale.
Surprisingly, SWS, despite its importance, still suffers from a limited knowledge of
its variations and changes, and the spatiotemporal variations of the surface freshwater
reservoir are still widely unknown, at least from regional to global scale [59,60]. This
is even more striking since, already more than a decade ago, Ref. [11] pointed out that,
“given societies’ basic need for freshwater, perhaps the most important hydrologic observations that
can be made are of the temporal and spatial variations in water stored in rivers, lakes, reservoirs,
floodplains, and wetlands”. The lack of information regarding the amount of water stored
and moving through the surface water bodies of large river basins prevents progress to
understand the role of wetlands in the carbon balance, and how surface water affects
biogeochemical and trace gas fluxes between the land and atmosphere and transport to the
oceans [61,62]. The amount of water transported through large floodplains and wetlands
is also key to understand the dissolved and particulate material (sediment and organic
matter) exchanges with the main river channel [63,64], as well as the effect they have on
the local climate by modulating atmospheric temperatures and contributing to increased
evaporation [65,66]. They also impact basin hydrology due to storage effects along channel
reaches, by regulating the size and timing of the annual flood wave, thus serving as a
driver of ecology and biotic communities [67,68]. Human activities can alter the ecological
services of floodplains by modifying channel and floodplain connectivity and reducing
the role of storage in modulating fluxes of waters, sediment, and nutrients, with strong
impacts on the environment [69].
Additionally, as mentioned above, accurate partitioning of GRACE-derived TWS
into the different water storage contributions is needed, especially to quantify GWS variations [70]. Several approaches using auxiliary information on the other components of
TWS, from either in situ observations or land-surface models, have been used to produce
a time series of groundwater storage anomalies [51,71,72], especially in regions where
human pressure on GWS is important, such as northern India [73,74] or in Bangladesh [75].
However, as the contribution of SWS to TWS can be substantial, sometimes up to 50%,
especially in humid environments and in monsoon-dominated river basins [39,76–78], the
lack of quantification of SWS changes prevents accurate GWS estimates from GRACE data.
Surface hydrology studies traditionally use remote sensing to map the extent and
elevation of water bodies and their changes over time [11,30]. Since the late 1990s, radar
altimetry missions provide monitoring of water levels of lakes, large rivers, and floodplains [79]. Today, radar altimetry potentially provides long-term monitoring of surface
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water elevation over almost three decades at thousands of Virtual Stations (VS). Additionally, lidar and interferometric synthetic aperture radar (InSAR) have been deployed on
airborne and satellite platforms to measure elevations of water bodies [80]. In parallel,
many developments, using satellite observations, made in a wide range of the electromagnetic spectrum (visible, infrared, and microwave), have been carried to monitor the
extent and dynamics of surface water bodies, with varying degrees of success [30,81–83].
Multi-satellite remote sensing techniques also provide important information on the spatial
and temporal variations of land surface waters at the global scale [84–86].
Combining such satellite-derived observations on surface water extent and elevation, efforts have been undertaken to quantify the variations of SWS, from seasonal to
interannual time scales, for some large river basins. Curiously, there is a lack of review
articles presenting these various developments and achievements made during the last two
decades, especially regarding the technical and scientific advances from space. Here, we
propose to review the scientific literature and present the major advances and results, as
well as future opportunities regarding SWS and hydrological sciences, currently fostered
by the forthcoming launch of the dedicated surface hydrology satellite mission SWOT [87].
One of the new capabilities of SWOT, along with the monitoring of surface water elevation, extent, and discharge, will be to provide SWS variations on a global scale with an
unprecedented spatial resolution (~100 m).
In this review, we do not deal with water storage in lakes and manmade reservoirs; for
this specific and very important topic, we refer to other publications and reviews [88–91].
Here, we mainly focus on water storage in rivers, floodplains, and wetlands.
Section 2 provides the methodology applied to select the studies to be included in
the present review. Section 3 reviews the various methodologies and recent advances in
measuring SWS from space, including InSar methodology and multi-satellite techniques.
Section 4 discusses scientific advances in understanding the dynamics of surface freshwater
in large river basins, the contribution of SWS to basin hydrology, and how SWS is used
toward the estimates of subsurface and groundwater storage. Section 5 presents the
new opportunities with the upcoming SWOT mission, as well as for multidisciplinary
approaches. Lastly, conclusions, perspectives, and recommendations are presented in
Section 6.
2. Literature Review on Surface Water Storage: Method, Criteria, and Article Selection
In order to review and analyze the various methodologies developed to measure SWS
from space and the recent scientific advances they fostered, we performed a systematic
literature review with a search for articles published for the period January 1990–September
2021 using the Clarivate Analytics Web of Science (WoS, webofscience.com, last accessed on
13 October 2021). The search was performed by looking for research and scientific articles
containing the groups of words «surface water storage», «surface freshwater storage», or
«surface water volume» in their abstract/title/keywords. We then refined the search by
keeping categories/disciplines relevant to our review, e.g., «water resources», «environmental sciences», «geosciences multidisciplinary», «remote sensing», «civil engineering»,
«meteorology and atmospheric sciences», «geophysics», «geography», «geochemistry», and
«ecology». Articles in categories/disciplines with less relevance to the subject of this review, such as «economy» or «green technology» were not considered. The search returned
approximately 200 articles, showing a clear temporal increase in publications related to
SWS studies over the last 30 years. Whereas, during the decade 1990–1999, an average
of 1.5 studies were published each year, this rose to almost four publications per year
during 2000–2009 and reached more than 15 publication per year on average during the last
decade 2010–2019, with a peak of 25 papers in 2019. Note that, because of the engine search
we used, the results do not include reports and other non-research articles and activities.
We then filtered the obtained database manually to only consider the publications that
explored methodologies to derive SWS or that reported qualitative and/or quantitative
findings regarding SWS. For instance, a study could mention SWS in its abstract simply
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because SWS is a major component in hydrology, without reporting significant findings on
SWS retrievals or processes. Therefore, such a study was filtered out from the results. In
addition, since the present review does not deal with water storage in lakes and manmade
reservoirs but is mainly focused on water storage in rivers, floodplains, and wetlands,
articles dealing exclusively with SWS in lakes and reservoirs were excluded. Lastly, a few
articles of notable relevance were missing with the proposed search framework and were
further included manually. The overall process and the application of the selected criteria
yielded ~70 studies, with a large number of them being published after 2005.
Most of the studies dealt with large-scale analysis, from basin-scale to regional and
global applications. By far, the Amazon basin and its sub-catchments were the most
studied area worldwide in terms of SWS. Many of these studies considered the Amazon
basin as a test region to develop proof-of-concept methodologies to derive SWS changes
and understand the links with the hydrological dynamic. This is justified by the global
relevance of the Amazon system for the water cycle and climate, the large dimensions of
its rivers and floodplains, and the large variations, at several temporal scales, of its various
hydrological components. These developments were of benefit to studies that explored
other rivers basins in the tropics or in northern latitudes.
From the results of the search, remote sensing clearly emerged as the most widely
used tool to characterize SWS changes, especially the use of multi-satellite techniques, often
merging water levels derived from satellite altimetry with satellite-derived information on
surface water extent. These estimates were generally used to understand the dynamics of
surface freshwater in large rivers, as well as quantify the seasonal and interannual variations of SWS changes and the impacts of extreme event on surface water hydrology. Many
studies also combined SWS estimates with other remote sensing-based observations, such
as GRACE TWS, or hydrological modeling to estimate the relative contributions of SWS
changes to TWS variations and further provide subsurface and groundwater variations.
3. Surface Water Storage from Space: Methods and Advances
3.1. Estimates with SAR Interferometry (InSAR)
SAR interferometry (InSAR) consists of determining the phase differences of two or
more complex SAR images (single look complex—SLC) acquired from a different angle
and/or at different times [92]. It is a multiplicative interferometry technique, based on
the product of one image by the complex conjugate of the second one or coherent crossmultiplication, allowing the retrieval of the difference of phase between the two signals.
Changes in water level (dh) can be derived from the interferometric phase difference
(Φ) [93].
dh = −λΦ/(4πcos θ) + n,
(3)
where λ is the wavelength of the electromagnetic wave emitted by the SAR sensor, θ is its
incidence angle, and n is the noise caused by the decorrelation effect.
The quality of the interferogram is provided by the coherence, which represents the
temporal similarity of any pixel between the SAR acquisitions. Loss of coherence or decorrelation is mostly due to three main factors: the difference in geometry due to the look
angles of the satellite, volumetric decorrelation due to volumetric scattering of the vegetation, and temporal decorrelation related to changes in the scattering characteristic caused
by changes in roughness and moisture content (e.g., variations of the leaf orientations,
phenological cycle, and flood levels) [94]. The interferogram enables the determination
of relative distances as a fraction of the radar wavelength. The difference in the sensor
locations causes angular differences which are necessary for topographic mapping [95].
Different interferometry configurations (e.g., across-track, along-track, repeat-pass) allow
a wide range of applications including topography, ice flow monitoring, crustal displacements, and subsidence, as well as water levels in wetlands and floodplains. This latter
application is facing a large number of challenges due to the low backscattering of water surfaces [96] and the rapid variations in surface water conditions causing substantial
changes in the backscattering [97]. For calm weather conditions, open water exhibits a
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smooth surface acting as a mirror for the electromagnetic (EM) wave emitted by the SAR
in the microwave domain. The energy is mostly scattered away from the sensor, resulting
in open water appearing dark in SAR images [96]. On the contrary, when the atmosphere
is turbulent, open water presents a rougher surface with respect to the wavelength of the
EM wave resulting in the backscattering of a part of the energy reaching the surface. In
general, InSAR-derived water-level estimates are, before the launch of SWOT, based on the
repeat-pass technique, the roughness of the water surface being very different from the
time of acquisition of a SAR image to another, causing a loss of coherence between the two
images [98]. Nevertheless, InSAR can be used for monitoring water levels under vegetation
owing to the double-bounce effect. This mechanism consists of the backscattering caused
by the vegetation after a reflection on the water surface (or the opposite) responsible for a
backscattering enhancement compared with the case of open water. It was first identified
and described by [99] and has been widely used to monitor flooded areas under vegetation (see [80] for a detailed review of the technique). The main characteristics of the SAR
missions operating in InSAR mode mentioned below are presented in Table 1.
Table 1. Main characteristics of SAR missions used in InSAR mode for SWS estimates. The first column gives the name
of the space mission. The second column is the frequency of operation with the frequency band in brackets. The third
and fourth columns provide the spatial and temporal resolutions of the data. The fifth column provides the period of
data collection.
Sensor

Frequency in
GHz (Band)

Polarization

Spatial Resolution
(m)

Temporal
Resolution

Period of Data
Collection

Shuttle Imaging Radar
with Payload
C/X-SAR (SIR-C/X)

1.25 (L)
5.3 (C)
9.6 (X)

HH + HV + VH +
VV (L and C)
VV (X)

30 (L and C)
25 (X)

Japan Earth Resources
Satellite (JERS-1)

1.275 (L)

HH

250

44 days

February
1992–November
1998

Phased array L-band
synthetic aperture
radar (PALSAR)

1.27 (L)

HH or VV

100 (ScanSAR)

46 days

January 2006–May
2011

Phased array L-band
synthetic aperture
radar-2 (PALSAR-2)

1.27 (L)

HH or VV or HV
HH + HV or VH +
VV

100 (ScanSAR)

14 days

Since November
2014

11–20 April 1994
30 September–11
October 1994

A first application of the InSAR technique was achieved on extensive floodplains of
the Amazon Basin along a Shuttle Imaging Radar with Payload C/X-SAR (SIR-C/X) swath
using L-band acquisitions at HH polarization, an incidence angle of 35◦ on two consecutive
days, 9 and 10 October 1994, with a centimetric level of accuracy [100]. A decrease in water
stage of 0.11 m was observed between the two consecutive days at a distance lower than
20 km of the main river, ranging between 0.02 and 0.05 m between 20 and 80 km. A more
complete analysis was performed using all the acquisitions made at C and L bands for
different polarizations (i.e., L-HH, L-HV, C-HH, and C-HV) [101]. Enhanced backscattering
caused by the double bounce was observed at L and C bands in HH polarization over the
margins of open water areas where shrubs and small trees were growing [102,103]. Strong
temporal decorrelation (i.e., low coherence) was observed over open water [93,98,101].
Higher coherence was obtained at L- compared to at C-band over forested regions, as
well as over flooded vegetation when using HH polarization rather than HV [93]. C- and
X-bands, due to their lower penetration depth, are better suited for water detection over
low vegetation such as herbaceous regions, whereas L-band needs to be used over woody
wetlands [104,105]. Better accuracy was found when using SAR images at X- and C-bands
rather than at L-band [106], but they had a lower range of level change that could be
detected between two acquisitions due to a higher fringe saturation as their wavelength
was smaller [107]. HH polarization was found to be more sensitive to the double-bounce
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effect over wetlands covered with vegetation rather than the other polarization, as the
signal at HH polarization was less attenuated by the vegetation [108]. However, images
acquired at VV polarization can be used to retrieve water-level changes during early stages
of vegetation growth when the canopy is not well developed [107]. Nevertheless, images
acquired at HV cross-polarization can reach a similar level of coherence than HH and VV
co-polarizations but over shorter timespans [107,109].
Most of the studies cited above were either achieved over small wetlands as in
Louisiana or in Florida or, over a short time period, over the Amazon. Very few studies
used this promising technique to provide long-term monitoring of extensive wetlands in
large river basins. The Japan Earth Resources Satellite-1 (JERS-1) L-band SAR acquisitions
at 250 m of spatial resolution were used to estimate changes in water levels that occurred
between 28 February 1993 and 11 April 1993 (mid-rising) and 15 April 1996 and 12 July
1996 (high water) in a region of ~100 km × 100 km of the central Amazon. Changes in water
levels of several meters were recorded in good agreement with water levels measured
at the in-situ gauges [110], as shown in Figure 1a. A similar study was performed using
6/6 SAR images acquired at L-band by PALSAR/PALSAR-2 in 2010 and 2015 at 100 m
of spatial resolution, over a 3◦ × 3◦ region located in the upstream part of the Amazon
Basin, at the junction of the mainstem, the Japura, and the Jurua rivers. Comparisons
made against timeseries of water levels derived from the Satellite with Argos and Altika
(SARAL) altimetry mission showed a good agreement with R2 between 0.6 and 0.9 and
RMSE lower than 0.2 m [111]. Water-level changes in the Tonle Sap basin, a sub-catchment
of the Mekong basin in southeast Asia, were also estimated using six PALSAR images
acquired in 2007. A good agreement was found when comparing the results from InSAR
and radar altimetry from ENVISAT in terms of amplitude of the seasonal cycle [112]. The
complementarity between InSAR and radar altimetry to derive SWS was more deeply
exploited in the Congo Basin in two studies achieved in the extensive wetlands covering
the Cuvette Centrale wetland. A first study used along-track profiles of radar altimetry
data from ENVISAT to validate surface water-level estimates made using PALSAR images
acquired from 2007 to 2010. Very good agreement was found with RMSE lower than
0.18 cm [113].
InSAR acquisitions from PALSAR allowed the establishment of a relationship between
water depth (Figure 1b) and SWS from 2006–2011 over the Cuvette Centrale of Congo.
This relationship was combined with ENVISAT data to level the SWS estimates over the
whole study area from 2002–2011 [114]. A good agreement between dh/dt from InSAR
and radar altimetry was observed considering several transects along the altimetry ground
tracks, with RMSE varying from 0.1 to 0.22 m and R2 ranging from 0.41 and 0.92. The
InSAR technique is also used to study the hydrologic connectivity between the river and
the floodplain and SWS changes, such as in the Ciénaga Grande de Santa Marta wetland
located at the mouth of the Magdalena River (Colombia). Using 29 PALSAR images from
2006–2011, a characterization of the exchange between the floodplain and the river was
achieved depending on the input flow of the river [115].
3.2. Multi-Satellite Approaches
Multi-satellite approaches to derive SWS are generally based on the complementarity
between satellite images, which provide the spatiotemporal dynamics of the surface water
extent, and satellite measurements of surface water elevation over inland water bodies
(lakes, reservoirs, rivers, floodplains, and wetlands), generally obtained from radar altimetry. Thus, their combination offers the possibility to estimate SWS changes and water
volume variations. All types of inundation extent product can be considered, from highto moderate-spatial-resolution products, such as the dual-season mapping of wetland
inundation and vegetation from the L-band SAR images acquired by JERS-1 at 100 m of
spatial resolution [116], to global inundation products such as the Global Inundation Extent
Multi-Satellite (hereafter GIEMS) [84,117].
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110 km, provide a much denser spatial sampling than the missions on an orbit with a
spatial resolution [116], to global inundation products such as the Global Inundation Ex10 day repeat cycle and an intertrack at the equator of 315 km (such as Topex/Poseidon
tent Multi-Satellite
GIEMS)
[84,117].
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ronments [118,119]. The VS timeseries can either be obtained from global databases (e.g.,
Hydroweb [120], DAHITI [121]) or be manually produced using dedicated software such
as the Multi-Mission Altimetry Processing Software (MAPS) [118] or the Altimetry Time
Series (AlTiS) [122].
A pioneering work was achieved in the Negro River Basin (~700,000 km2 ), the largest
tributary to the Amazon in terms of discharge [123], combining a classification based
on the dual-season mosaic from JERS-1 that discriminates open water, permanent, and
temporary inundated areas from non-flooded zones and 88 VS (34 on the rivers and 54 on
the floodplains) obtained at the cross-sections of the Topex/Poseidon (T/P) ground tracks
with the rivers and floodplains [124]. Two maps of water level were computed during the
low- and high-water stages, interpolated over the flood extent of September–December
1995 and May–July 1996, using the minimum/maximum of water levels recorded by each
VS, with a time sampling of 10 days. From these maps, the maximum variation of SWS
during the hydrological cycle was estimated. Yet, this first study had a strong limitation,
since the use of the double mosaic did not allow monitoring the time variations of SWS.
The authors of [125] then used a similar approach to estimate surface water volume change
in the Mekong River basin. The methodology combined ERS-2, ENVISAT, and T/P satellite
water-level timeseries along with monthly maps of surface water extent derived from
daily multispectral images acquired by Satellite pour l’Observation de la Terre–Végétation
(SPOT-VGT) at 1 km of spatial resolution [126]. The flood extent monitoring was limited
to the months of flood occurrence (i.e., July to December) from 1998–2003. The monthly
results helped characterize both the annual (with a peak in September or October) and the
interannual (with the extreme flood of 2000) variabilities of water levels and SWS changes
in the Lower Mekong Basin. However, the use of visible/near-infrared observations to
detect the variations in surface water limits the development of the methodology to regions
with low cloud cover and/or low vegetation cover [82].
A more robust methodology was then developed using surface water extent observations from the GIEMS multi-satellite technique [84,85,117] that captures the monthly
extent of episodic and seasonal inundation, wetlands, rivers, and irrigated agriculture at
the global scale at ~25 km of resolution and provides the percentage of inundation in a
pixel of 773 km2 . The GIEMS technique is based on a joint use of a complementary suite
of satellite observations covering a large wavelength range, mainly based on passive microwave emissivities, allowing the detection of water bodies under all weather conditions
and vegetation covers. The spatiotemporal distribution and variability of GIEMS were
extensively evaluated for various environments, including over the Amazon River basin,
against high-resolution (100 m) SAR images [116], as well as using other regional surveys
representing various components of wetland and open-water distributions. The evaluation
led to an overall estimation of GIEMS uncertainties of ~10% [84].
The use of GIEMS monthly inundation extent in combination with satellite altimetry
derived water levels to retrieve SWS was first developed over a tropical humid environment,
covered with vegetation. Monthly maps of surface water levels and changes in surface
water storage [127] were, thus, produced in the Negro River using 88 VS on the ground
tracks of the nominal orbit of T/P mission from 1993–2000. A similar approach [128]
was then tested with success over a totally different environment, the Lower Ob’ region
(~512,000 km2 ), an Arctic River located in Boreal Russia, dominated by seasonal snow and
ice cover, using an altimetry-based hydrological network of Topex/Poseidon VS (90 VS for
the nominal orbit 1993–2002 and 92 for the interleaved new orbit 2002–2004). These two
preliminary studies showed the large potential of the methodology, which can be applied
to tropical and to boreal environments.
The results in the Negro River Basin were further extended to a 2 year period
(2003–2004) combining GIEMS with 140 VS under the ENVISAT ground tracks. Additionally, in this new study, the monthly maps of surface water levels were referenced for
the first time to a map of minimum water levels estimated during the entire observation
period based on hypsometric curves [129]. The hypsometric approach helps account for the
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VSW (t) = R2e ∑ P λ j , ϕ j , t (h λ j , ϕ j , t − hmin λ j , ϕ j ) cos ϕ j ∆λ∆ϕ
(4)
j∈S

where VSW is the volume of surface water, Re is the radius of the Earth (6378 km), P(λj ,ϕj ,t),
h(λj ,ϕj ,t), and hmin (λj ,ϕj ) are, respectively, the percentage of inundation, the water level at
time t, and the minimum of water level at the pixel (λj ,ϕj ), and ∆λ and ∆ϕ are, respectively,
the grid steps in longitude and latitude. The minimum water level is estimated through a
hypsometric approach relating the percentage of inundation of a pixel to its elevation. A
maximum error on the volume variation is estimated as follows:
∆VSW,max ≤ ∆Smax δhmax + Smax ∆(δhmax )

(5)
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where ∆VSW,max is the maximum error on the water monthly volume anomaly, Smax is the
maximum monthly flooded surface, δhmax is the maximum water-level variation between
two consecutive months, ∆Smax is the maximum error for the flooded surface, and ∆(δhmax )
is the maximum error for the water level between two consecutive months.
The combination of GIEMS surface water extent with ENVISAT-derived water-level
variations was later applied to the largest world drainage basins, during the period of
common availability of both datasets (2003–2007), in order to estimate the pluriannual
variations of the amount of freshwater stored in floodplains, rivers, and wetlands: the
Orinoco [131], the Ganges–Brahmaputra [132], and the Congo River basin [133]. For
the Amazon Basin, the first estimates were then extended until 2010 (the end of data
acquisition for ENVISAT on its nominal orbit) using the mean annual cycle of GIEMS after
2007 [70]. Following a similar approach, Ref. [134] combined water-level timeseries at
187 ENVISAT VS distributed over the entire Amazon basin, together with the surface water
extent variations from GIEMS to derive SWS from 2003 to 2007.
One of the limitations of the combination of GIEMS and radar altimeter observations
lies in the fact that concurrent observations are needed, often limiting the length of the timeseries [129]. In order to obtain longer timeseries of surface water storage, methodologies
combining timeseries of water levels from ERS-2, ENVISAT, and SARAL altimetric missions
were further applied to Moderate Resolution Imaging Spectroradiometer (MODIS)-based
inundation extent, offering observations from 2000. These inundation extents are generally
derived from the 8 day synthesis of MODIS surface reflectance at 500 m spatial resolution using a simplified version of the decision-tree based on thresholds of the enhanced vegetation
index (EVI [135]), land surface water index (LSWI [136]), and their difference [137]. SWS of
the Tonle Sap Basin (part of the lower Mekong basin) was estimated from 1993–2016 [138],
using the MODIS-derived surface water extent combined with altimetry-based water levels
from multiple missions (T/P, Jason-1, 2, 3, ENVISAT, and SARAL). Similarly, using MODISbased surface water extent maps and 45 VS from ENVISAT, monthly maps of water level
and SWS were generated in the Lower Mekong Basin from 2003–2010 [139]. Compared to
SPOT-VGT (1 km from blue to near-infrared) used in [125], MODIS-derived inundations
help monitor the changes during the entire hydrological cycle [138,139], thanks to a better
spatial resolution (500 m) and a larger number of spectral bands ranging from blue to
shortwave infrared (SWIR). A similar approach was also applied to monitor SWS changes
in an Arctic environment, the McKenzie Delta (13,135 km2 ) in the north of Canada, using
water levels from ERS-2 (22 VS), ENVISAT (27 VS), and SARAL (24 VS), covering a period
of more than 15 years from 2000 to 2015 [140]. As this region is located between 67◦ N
and 70◦ N, the delta is seasonally covered with snow and ice, such that SWS estimates are
limited to the ice-free period from June to September. A similar methodology, based on the
complementary use of MODIS-derived surface water extent and multi-mission satellite
altimetry observations (from T/P, Jason-1, 2, 3, ENVISAT, and SARAL), was then applied
to estimate the variations in SWS for the last two decades (2000–2019) over the Lake Chad
watershed in Africa, including its seasonal adjacent wetlands covered by vegetation [141].
Another approach to estimate SWS is to solve the water balance equation combining
various remotely sensed observations (i.e., GRACE, radar altimetry, rainfall from Global
Precipitation Climatology Project—GPCP, SRTM DEM, SAR (JERS-1), and multispectral
(MODIS) images). This approach was applied to the Amazon and Congo floodplains,
respectively [142,143].
3.3. Hypsometric Curve Approach Using Digital Elevation Models
In parallel to the use of multi-satellite approach methodologies, combining paired
water-level and water-extent observations (Section 3.2) to estimate SWS, techniques based
on the relationships between elevation and surface area variations, called the hypsometry
approach, were also developed.
The relationships among the area or extent, the depth, and the volume of water in
topographic depressions such as lakes, wetlands, and floodplains have long been used
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to study water and dissolved-mass balances in these hydrological systems [144,145]. The
area–elevation–volume relationship is usually obtained from fine-resolution elevation
maps and data that help to quantify the filling and spilling of the change of water volume
in the topographic depressions, which often are site-specific by nature [146].
At larger scale, the concept of the hypsometry approach to estimate SWS was further
developed for lakes and reservoirs thanks to the advances in radar altimetry measurements.
As stated in Section 1, the present review does not deal with SWS variations in lakes
and manmade reservoirs and, for this specific topic, we refer to other publications and
reviews [88–91,147]. Several databases that provide such estimates [148,149] are now
available. Notably, Ref. [91] estimated continuous and global surface water storage changes
in large lakes and reservoirs for 1992–2019, building on relationships between elevation and
surface area from multiple satellite altimetry missions (TOPEX-Poseidon, Jason-1, 2, 3, and
ENVISAT) and surface extent estimated from Terra/Aqua MODIS, producing estimates
even during periods when either of the variables was not available.
At the scale of large river basins, the use of DEM in the development of the hypsometry approach to estimate SWS was then motivated by the fact that the variations in the
storage and movement of surface water were not realistically represented in continental- to
global-scale river routing models [41]. Indeed, until recently, river channel and floodplain
inundation dynamics were not considered in large-scale river routing models because
surface water characteristics are generally regulated by small-scale topography rather that
could not be represented by the coarse spatial resolution of global hydrological models.
With the advent of global and fine-resolution (≤1 km) DEMs from space, such as Shuttle
Radar Topography Mission (SRTM, 90 m), Advanced Spaceborne Thermal Emission and
Reflection Radiometer Global Digital Elevation Model (ASTER GDEM, 30 m), or MultiError-Removed Improved-Terrain DEM (MERIT DEM, 90 m, derived from SRTM), more
detailed observations are available to explain surface water dynamics in continental-scale
rivers [150]. Using these global DEM datasets, hydrography maps giving fine-resolution
flow direction, such as HydroSHEDS (90 m), HYDRO1k (1 km), and MERIT-Hydro, can
be obtained [151,152], and they are commonly used in river routing models for explicitly
simulating inundation dynamics in small basins [153,154]. With a better resolved terrain
surface, the representation of surface water depth and inundated area for large-scale models was then introduced using the detailed topography of river channels and floodplains to
estimate water stage variation on the subgrid scale. The authors of [66,155] firstly calculated the relationship between water volume and flooded area using subgrid topography
for the explicit prediction of inundated area, demonstrating an improved estimate of river
discharge in the Amazon. The authors of [41] further improved these approaches describing the relationship among water volume, flooded area, and river stage in river channel
and floodplain in the Catchment-Based Macroscale Floodplain (CaMa-Flood) model, using
subgrid-scale topography at 1 km resolution of floodplains. The cumulative distribution
function of the elevation within each CaMa-Flood unit catchment was derived to describe
the floodplain elevation profile as a function of the flooded area fraction and the floodplain
water depth, under the assumptions that (1) the river channel and floodplain are seen as
continuous reservoirs, in that water spilling from the river channel is stored in the floodplain, assuming polygonal storages for river channels and floodplains, and (2) inundation
occurs from lower to higher areas within the model unit catchment. These advances were
then implemented in other hydrological models [156,157].
On the basis of similar approaches to that developed for large-scale models, innovative
observation-based methodologies were proposed using a hypsographic curve technique
to estimate SWS variations, combining surface water extent from satellite observations
with topographic data from DEM. For instance, Ref. [78] used the Global Digital Elevation
Model (GDEM) from Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER), ASTER-GDEM [158], in combination with the surface water extent from GIEMS,
to estimate surface freshwater storage variations in rivers, floodplains, and wetlands of
the Amazon River basin from 1993 to 2007. While the methodology can be applied to
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various satellite-derived surface water extent products combined with any large-scale and
high-resolution DEM, here, we use the example of the combination of GIEMS and MERIT
DEM at 90 m over the Congo basin to briefly describe the methodology. It is a three-step
process that can be summarized as follows: (1) for each cell of the GIEMS dataset (on an
equal-area grid of 0.25◦ at the equator of 773 km2 ), the cumulative distribution function of
elevation values is first derived from the corresponding subset of MERIT DEM (Figure 3,
right). Over the Congo basin, this corresponds to ~95,000 elevation points falling within
the satellite-derived surface water extent cell, from which the so-called hypsographic
curve or curve of cumulative frequencies is constructed, equivalent to the distribution
of elevation values in each 773 km2 cell sorted in ascending order to represent an area–
elevation relationship (Figure 3, middle); (2) the hypsographic curve of the area–elevation
relationship (Figure 3, right) is converted into an area–surface water volume relationship
by estimating the surface water volume associated with an increase of the pixel fractional
open water coverage (generally 1%) by filling the hypsographic curve from its base level to
an upward level; (3) the hypsographic curve of the area–surface water volume relationship
obtained is combined with the monthly variations in surface water extent from GIEMS to
estimate the surface water volume for each month by intersecting the hypsographic curve
value with the GIEMS estimates of pixel water coverage for that month. Note that, with the
proposed method, the water storages below the lowest levels of storage are not accessible;
thus, the estimated water storage represents the increment above the minimum observed
storage. We also refer to Figure 6 of [78] and Figure 4 of [159] for a complete illustration of
the three-step methodology.
SWS estimates using the hypsometry approach were derived over the entire Amazon
River basin [78] using ASTER GDEM combined with GIEMS. SWS estimates were then
produced for the Ganges–Brahmaputra River basin, including the deltaic region located
in Bangladesh [159] using two different sets of hypsometric curves derived from ASTER
GDEM and modulated SRTM30 DEM [160,161]. Since GIEMS and DEMs are available
globally, these attempts are promising steps toward the development of SWS estimates at
the global scale. Other surface water-extent datasets which provide the fractional extent of
water, such as Surface Water Microwave Product Series (SWAMPS) [86] or the SMOS-based
product named SWAF [162] could also be used.
The use of global satellite-derived DEMs has some limitations and uncertainties that
can cause significant problems or errors when used for hydrological applications, such as
the estimations of SWS [78,160]. Typical errors and problems are generally related to the
influence of vegetation, manmade constructions, or errors due to cloud cover (especially
dense boundary layer clouds when using near-infrared spectral bands with ASTER GDEM).
DEM errors remain as one of the main sources of uncertainty for understanding the
interactions between rivers and floodplains, since, in low relief areas, small deviations from
the true surface elevation can cause errors representing the river and floodplain profiles.
Recently, the performance of DEMs for hydrological applications have been improved,
particularly with the release of MERIT DEM [163] and ALOS World 3D from JAXA at 30 m
spatial resolution (AW3D30) [164]. Their use to retrieve SWS should be investigated in the
future, with the aim of representation at the global scale.
Using in situ Amazon River water levels and a flood-frequency map derived from
the Landsat Global Surface Water Dataset [83], a 30 m high-resolution topographic mapping of the middle–lower Amazon floodplain for its non-forested portion was generated
and further used to derive floodplain depths and estimate SWS changes in open-water
floodplains [83,165].

Remote Sens. 2021, 13, 4162

investigated in the future, with the aim of representation at the global scale.
Using in situ Amazon River water levels and a flood-frequency map derived from
the Landsat Global Surface Water Dataset [83], a 30 m high-resolution topographic mapping of the middle–lower Amazon floodplain for its non-forested portion was generated
and further used to derive floodplain depths and estimate SWS changes in open-water
14 of 35
floodplains [83,165].

Figure3.3.Examples
Examplesofofhypsometric
hypsometric curves
curves from
from Multi-Error-Removed
Multi-Error-Removed Improved-Terrain
Figure
Improved-Terrain(MERIT)
(MERIT)DEM
DEMover
overthe
theCongo
Congo
2 cell of Global Inundation Extent from Multiriver
basin.
Left:
Map
of
terrain
elevation
from
MERIT
DEM
within
a
773
km
2
river basin. Left: Map of terrain elevation from MERIT DEM within a 773 km cell of Global Inundation Extent from
Satellite (GIEMS). Middle: The hypsometric curves from MERIT DEM, i.e., the distribution of all elevation values in a 773
Multi-Satellite
(GIEMS). Middle: The hypsometric curves from MERIT DEM, i.e., the distribution of all elevation values in
km2 cell2 of Global Inundation Extent from Multi-Satellite (GIEMS) sorted in ascending order. Right: The hypsometric
a curves
773 kmfrom
cellMERIT
of Global
Inundation
Extent
from Multi-Satellite
(GIEMS)
sorted
in ascending
Right:area
Theofhypsometric
DEM
providing
the relationship
between surface
water
elevation
and theorder.
inundated
a 773 km2
curves
from
MERIT
DEM
providing
the
relationship
between
surface
water
elevation
and
the
inundated
area
of
773 km2
pixel (as a percentage). The blue (purple) line is the minimum (maximum) coverage of surface water observed bya GIEMS
pixel
(as 1992–2015.
a percentage). The blue (purple) line is the minimum (maximum) coverage of surface water observed by GIEMS
during
during 1992–2015.
Table 2. Main characteristics of the various approaches used to estimate SWS variations across studies for several large
Table
Main The
characteristics
ofisthe
approaches
used to
estimate
variations
across
studiesarea
for of
several
largeand
river
river2.
basins.
first column
thevarious
name of
the river basin.
The
second SWS
column
is the total
drainage
the basin,
the value
brackets
is the
areaname
considered
for the
citedThe
study.
The third
column
the method
deriveand
SWS
basins.
Theinfirst
column
is the
of the river
basin.
second
column
is theprovides
total drainage
area used
of thetobasin,
the
along
with
the
references
of
the
study
in
brackets.
The
fourth
and
fifth
columns
provide
the
spatial
and
temporal
resoluvalue in brackets is the area considered for the cited study. The third column provides the method used to derive SWS along
tions
of references
the SWS estimates.
The in
sixth
columnThe
provides
of theprovide
dataset.the spatial and temporal resolutions of
with
the
of the study
brackets.
fourththe
andtime
fifthspan
columns
the SWS
The sixth column provides the time span of the dataset.
River
Basinestimates.
or
Temporal
Area (km2)
Method
Spatial Resolution
Time Span
Sub-Basin
Resolution
River Basin or
Spatial
Temporal
[70,130]
0.25°
Monthly
2003–2010,
2003–2007
Method
Time
Span
Area (km2 ) GIEMS + altimetry
Sub-Basin
Resolution
Resolution
Amazon
6.0 million
hypsometric curve [78]
0.25°
Monthly
1993–2007
2003–2010,
GIEMS
+ altimetry
[134][70,130]
2002–2007
GIEMS
+ altimetry
0.25◦
Monthly
2003–2007
Congo
3.7 million
GIEMS + altimetry [133]
0.25° ◦
Monthly
2003–2007
Amazon
6.0 million
hypsometric curve [78]
0.25
Monthly
1993–2007
GIEMS + altimetry [134]
2002–2007

Congo
Ganges–
Brahmaputra

3.7 million

1.7 million

GIEMS + altimetry [133]

0.25◦

Monthly

2003–2007

GIEMS + altimetry [132]
Hypsometric curve
(ASTER-based) [159]
Hypsometric curve
(Hymap-based) [159]

0.25◦

Monthly

2003–2007

0.25◦

Monthly

1993–2007

0.25◦

Monthly

1993–2007

Remote Sens. 2021, 13, 4162

15 of 35
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4. Understanding the Dynamics of Surface Freshwater in Large Rivers
4.1. Seasonal Variations in SWS Change across Large River Basins
The new availability of satellite-based SWS databases fosters new understanding of
the characterization and dynamics of surface water movement and surface hydrology in
large river basins.
The Amazon River basin is the geographical region where the use of SWS new estimates enabled first scientific progress from local to basin scale, across several timescales.
On the Uatuma River, the Balbina water includes a cluster of islands separated by submerged, shallow valleys within a flooded water surface area of 2400 m2 where JERS-1
SAR-derived water height changes (∼12 cm) were, for the first time, converted to a net
volume measurement (280 million m3 ) over the 44 days separating the satellite acquisitions,
showing that, compared to historical gauge records, removal of this volume from the
lake required a ∼50% greater flow [101]. Over a larger area, the Rio Negro sub-basin of
the Amazon River, the maximum variation of surface water storage during the seasonal
hydrological cycle of 1995–1996 was estimated at ~330 km3 [124], a first independent
and unprecedented estimate that helped show that the storage capacity of the Rio Negro
floodplain was not linearly related to the amount of water that flew from the basin. This
absence of a relationship between water volume and inundated area was attributed to
the diverse and widely dispersed floodplains of the basin. These estimates were found
to be 30% larger than the surface water volume change estimated on a monthly basis
for 1993–2000 [127], showing some consistency between GIEMS-based and SAR-based
estimates, even if discrepancies were noted due to the differences in surface water extent
between both techniques. Nevertheless, the changes in surface water storage compared
well with rainfall estimates with large correlation, with a time lag found at the scale of
Negro River Basin [127]. On the other hand, lower correlations with river discharge were
observed, mainly attributed to the backwater effect from the Amazon main stem [123]. At
the Amazon basin scale, first estimates of SWS annual variations from satellite observations
were further provided with a mean annual amplitude ranging from ~900 km3 (mean over
2003–2007 [130]) to ~1200 km3 (mean over 1993–2007 [78]), which represents 20–30% of the
water volume that flowed out of the Amazon basin. The authors of [70] provided SWS
change annual amplitude for seven different Amazon sub-basins. The most important
contributions to basin-scale SWS variations came from the Solimoes and the Madeira subbasins (30% and 25%, respectively), whereas the contribution from the Tapajos represented
less than 6% of the water stored in the surface reservoir of the Amazon basin.
The observation-based estimates are in the range of previous estimates from large-scale
model simulations that reported a seasonal amplitude of ~1100 km3 using the Hydrological Modeling and Analysis Platform (HyMAP) model [161], which includes floodplain
reservoirs, and further supported previous estimates [134] of the surface water volume
variation of the Amazon basin ranging annually from −554 km3 to 662 km3 (1071 km3
of mean annual amplitude for the period 2003–2007). Amazon SWS estimates also show
substantial variability at the interannual timescale, especially regarding annual maxima
and minima, with extreme minima in the years 1997 and 2005, associated for instance
with the major drought occurring during these periods (discussed in Section 4.2). These
estimates over the Amazon are summarized in Figure 4a,c,d.
The SWS estimates over the Amazon were evaluated against other independent
hydrological variables showing a strong correspondence against precipitation and in situ
river discharge, often with a time-lag revealing how extensive floodplains first store and
then release large amounts of water to the main rivers and, consequently, delay flood
waves and alter water transport [166]. The 2 month delay between the maximum surface
water volume and GRACE TWS annual peak also revealed the slower sub-surface and
groundwater flow in comparison to the surface water movement [78,134,161]. Over the
basin-wide Amazon, modeling studies suggest that channel and floodplain discharge
account for 40% of the total change in the water balance as compared to changes in soil
moisture and groundwater, which account for the remaining portions [167]. However, from
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observations, the amount of water on Amazon floodplains or the amount exchanged with
adjacent channels is still poorly unknown, and only [142], who combined gravimetric and
imaging satellite methods, estimated the amounts of water seasonally filling and draining
from the mainstem Amazon floodplain, with regions of about 300 km × 300 km draining
between 25 to 80 km3 of water each year (i.e., the range from maximum to minimum
storage), amounting to 285 km3 in total. However, they demonstrated that these large
floodplain volumes and fluxes are small compared to the discharge of the Amazon River,
as floodplain volume estimates amount to about 5% of the total volume of water annually
discharged from the Amazon. Over the open-water floodplains of the Amazon, Ref. [165]
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with permission from [132] 2015 Elsevier. (c) Monthly mean surface water volume variations for the entire Amazon basin
for 1993–2007 (black line, Source: [78]) and for 2003–2007 (red line, Source: [134]), compared to total water storage variations
estimated from GRACE (green). (d) Associated mean seasonal cycle of Amazon surface water storage variations (black,
Source: [78]; red, Source: [134]; green GRACE total water storage). (e) Monthly mean surface water volume variations for
the entire Ganges–Brahmaputra basin for 2003–2007 (black line) and compared to total water storage variations estimated
from GRACE (green) Reprinted with permission from [132] 2015 Elsevier. (f) Associated mean seasonal cycle of Ganges–
Brahmaputra surface water storage variations (black surface water storage, green GRACE total water storage). Reprinted
with permission from [132] 2015 Elsevier.

Over the flooded forest in the central Congo Basin, SWS changes were calculated from
water depth maps from InSAR and altimetry [113] to be 11.3 ± 2.0 km3 , 10.3 ± 2.3 km3 ,
and 9.3 ± 1.8 km3 for 12 May 2006, 12 August 2007, and 12 October 2008, respectively.
From 2002–2011, an average annual SWS change of 3.86 ± 0.59 km3 was obtained over
an inundated area of ~7800 km2 [114]. Solving the water balance equation and using
multi-satellite information including GRACE-based TWS, Ref. [143] found an annual
amplitude of SWS of 111 km3 . Following those advances over the Amazon, SWS estimates
over other large river basins were obtained in various climatic environments, including
the Ganges–Brahmaputra (Figure 4b,e,f). Over the MacKenzie delta, satellite-derived
estimates [140] compared well with independent estimates from digital topographic maps
and water levels [168]. The results of these various studies are summarized in Table 3,
which provides the mean annual amplitudes of SWS variations estimated across studies and
methods for several large river basins. These estimates, obtained from several independent
methods (Section 3) generally compare well over a same river basin. These observations are
powerful tools to study the complex dynamics of surface water in large drainage basins (i.e.,
backwater effects, flood-pulse, and time residence of water in the floodplains), providing
unique and valuable spatial information on the time evolution of river, floodplain, and
wetland reservoirs during the hydrological cycle in response to seasonal, interannual, and
long-term variability.
4.2. Quantifying Extreme Event Impacts on Surface Water Storage
In addition to the estimates of seasonal amplitude, the availability of SWS changes
over several years now makes it possible to characterize the interannual variability of SWS,
which, for large tropical basins, can be very large. For instance, over the Congo floodplains,
Ref. [111] showed that the maximum water volume could vary from ~5.9 km3 in a wet
year such as 2002 to a minimum volume of 2.01 km3 in a dry year such as 2005, with the
interannual variability in SWS being mainly explained by the changes in precipitation.
Large river basins, such as Congo, Ganges–Brahmaputra, and Amazon, also exhibit large
interannual variability, with [78] reporting SWS annual changes over the 1993–2007 period
ranging from ~800 to 1300 km3 over the Amazon. More interestingly, the availability of
pluriannual SWS changes offer the possibility to quantify and spatialize the signatures of
extreme event phenomena, such as large droughts and floods, directly from observations,
as well as characterize their impacts on the dynamics of surface water. Here, we illustrate
the signature of such events over the Amazon and the Ganges–Brahmaputra River basins,
where datasets covering multiyear observations are available. Indeed, the droughts that
affected large areas of the Amazon basin in recent years are amongst the most severe ones
in the past hundred years [169] with the events in 1997–1998, 2005, and 2010 still considered
as the most exceptional ones in the last 40 years.
Focusing on the signature of the 2005 drought on Amazon surface water (Figure 5),
for the first time, Ref. [130] monitored and mapped the evolution of the surface water level
and volume anomalies over the entire event for the whole basin. The reduction in rainfall
over southern Amazonia since 2002 caused a decrease in water stored in the floodplains up
to the minimum of 2005, also observed on stream flow (Figure 5).
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Table 3. Mean annual amplitudes of SWS variations estimated across studies for several large river basins. The first column
is the name of the river basin. The second column is the total drainage area of the basin, and the value in brackets is the
area considered for the cited study. The third column provides the estimates of mean annual amplitudes of SWS variations
in km3 , along with uncertainties when available. The method used is provided along with the references of the study in
brackets.
River Basin or Sub-Basin

Area (km2 )

SWS Change Mean Annual
Amplitude (km3 ) ± Uncertainties

Amazon

6.0 million

900 ± 162, GIEMS + altimetry [70,130]
1200, hypsometric curve [78]
1071, GIEMS + altimetry [134]

Congo

3.7 million

~81 ± 24, GIEMS + altimetry [133]

Ganges–Brahmaputra

1.7 million

410 ± 96, GIEMS + altimetry [132]
496, hypsometric curve (ASTER-based) [159]
378, hypsometric curve (Hymap-based) [159]

Orinoco

1.0 million

170, GIEMS + altimetry [131]

Mekong (lower)

800,000 (~100,000)

40, MODIS + altimetry [139]
38.2 ± 16, SPOT-VGT + altimetry [125]

Tonle Sap (Lower Mekong)

86,000

31 to 101, MODIS + altimetry [137]

Ob (lower)

2.7 million (~512,000)

90, GIEMS + altimetry [127]

MacKenzie (delta)

1.8 million (13,000)

9.6, MODIS + altimetry [139]

Chad (lake and wetlands)

2.6 million (~20,000)

1.2, MODIS + altimetry [141]

Rio Negro (Amazon sub-basin)

700,000

167 ± 39, GIEMS + altimetry [127]
220, JERS-1 + altimetry [124]

Amazon main stem

6 tiles of 300 × 300 km

285 (tile ranging from 25 to 80),
water balance equation with multiple satellites [142]

Non-forested floodplain in the
middle–lower Amazon

/

104, water levels and a flood-frequency map [165]

Congo (central)

3 tiles of 300 × 300 km

111, water balance equation with multiple satellites [143]

Congo (central, flooded forests)

/

11.3 ± 2.0 (12 May 2006), 10.3 ± 2.3 (12 August 2007),
9.3 ± 1.8 (12 October 2008) [113]

Congo (floodplains)

7800 km2

3.86 ± 0.59 [114]

Ganges (alone)

950,000

300, GIEMS + altimetry [132]
496, hypsometric curve (ASTER-based) [159]
378, hypsometric curve (HyMap-based) [159]

Brahmaputra (alone)

850,000

250, GIEMS + altimetry [130]
254, hypsometric curve (ASTER-based) [159]
172, hypsometric curve (HyMap-based) [159]

While the annual cycle of surface water storage for 2005 was close to normal from
February to June, it became significantly lower than the mean during the dry season from
August until December. The impact of the 2005 drought was quantified for the surface
water storage of the whole Amazon basin to be 129 km3 below its 2003–2007 average, such
that the minimum volume of surface water stored in the entire basin was 71% lower that
year. Spatial variabilities of SWS deficit at the sub-basin scale (−86% for the Solimoes
and −66% for the Tapajos) were reported. These figures were later confirmed using
observations over a longer time period, suggesting that, during the extreme droughts of
1997 (October–November) and 2005 (September–October), the water stored in the river
and floodplains of the Amazon basin was, respectively, ~230 (~40%) and 210 (~50%)
km3 below the 1993–2007 average [78]. The spatial pattern of the 2005 drought on SSW
(Figure 5, here September–October, the drought being in terms of absolute value at its
maximum during these 2 months [78]) was clearly characterized in the whole wetland and
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4.3. Relative Contribution of SWS Changes to TWS Variations
SWS changes account for only a portion of the total amount of water that moves
through the different water storage reservoirs of a drainage basin (Equation (2)). However,
the relative contribution of the spatiotemporal variations of these freshwater reservoirs
remains widely unknown at a large scale. Since the launch of GRACE, we have improved
our knowledge of the TWS spatiotemporal variations, but studies that isolate the individual
contributions of the component storage anomalies from TWS rely mainly on land surface
models [39,171]. The authors of [39] suggested that SWS contributes 8% of TWS variability
globally, but with large differences among climate zones, with SWS being a principal driver
of TWS variability in the tropics (41% in the Amazon), confirming the key role of SWS
component of TWS variability. Across China, contributions of surface water changes to
the trend of terrestrial water storage anomalies were provided in [172], also using model
outputs and GRACE TWS. However, these estimates can differ substantially between
studies, especially in humid environments and in monsoon-dominated river basins, for
which the disagreement can be large, with results that quantify the contributions of SWS to
TWS sometimes varying from 5% up to more than 50% over the same region.
Satellite-based observations of SWS changes allow a novel estimate of their relative
contributions to TWS variations. The surface water volume changes averaged over the Rio
Negro basin were firstly compared to GRACE-based TWS changes, in an annual cycle [127]
and over two concurrent years [129], confirming the hypothesis for this basin that TWS
changes are almost equally partitioned (~50%) between surface water and the combination
of soil moisture and groundwater.
At the scale of the Amazon basin, about half (45% in [70,130] and 50% in [78]) of
the variations in the total amount of water as detected using GRACE data occur in the
river system, wetlands, and floodplains as surface water storage. This figure reached
61% in [134]. These results are on the same order of magnitude as previous accepted
results on the partition of TWS into contributing hydrological storages in the Amazon [173],
based on model simulations; combining a land surface model and a global runoff routing
scheme, Ref. [77] suggested that river storage explains ~73% of TWS variation, while [76],
based on simulations from Global Land Data Assimilation System (GLDAS) Noah Land
Surface Model, and [174], using the Interactions between Soil–Biosphere–Atmosphere
(ISBA) land surface model, both indicated that TWS variations in the Amazon are almost
equally partitioned into soil moisture and river storage variations. Modeling results from
WGHM [175] suggested that surface water storage contributes to ~40% of seasonal TWS
variations in the Amazon, while, using the MGB-IPH model, Ref. [157] estimated that
surface waters dominate TWS for the whole Amazon area with a fraction of 56%. However,
Ref. [171], which provided relative contributions of SWS to TWS for 168 basins globally
using individual components of TWS averaged from six land surface models and GRACE,
reported lower values (Figure 6).
The contribution of SWS to TWS variability also varies greatly geographically within
a basin, with different relative contributions among each sub-basin (Figure 6). Over the
Amazon, this contribution varies from more than 50% downstream the basin to only a few
percent in the Xingu sub-basin. The same conclusions were made over the Congo River
Basin, where the contribution of SWS to TWS variability is very heterogeneous among the
sub-basins [132]. For the entire Congo River Basin, the seasonal SWS variations represent
19% ± 5% of the TWS variations, while they account for 10% ± 1% in the Ubangi basin
and 18% ± 1% in the Sangha, 33% ± 7% in the Middle Congo, encompassing extensive
floodplains and wetlands, and 12% ± 2% in the Lwalaba sub-basins. Over the Central
Congo, these numbers are in good agreement with those provided by [114] over smaller
regions with floodplains and wetlands. For other river basins, mainly located in the
tropical band, estimates of SWS changes to TWS variability range from 40% for the Lower
Mekong [139] to 45% in the Orinoco [131] and the Ganges–Brahmaputra [132], with a
difference between the Ganges (∼51%) and the Brahmaputra (∼41%) basins [159]. One
can notice some differences between the two major tropical basins of Amazon and Congo.
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While, in the Amazon, SWS contribution to TWS variations is generally around 50%, it
is below 20% for the Congo, except in the Middle Congo region, which is characterized
by extensive floodplains. This needs further investigations to better understand the main
drivers of these differences [68,131]. Similarly, the Ganges–Brahmaputra and Mekong
River basins, which host extensive floodplains, especially in their delta region, also show
higher contributions of SWS to TWS variability. For river basins over northern regions,
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reported that, in some regions, such as the Indian subcontinent, as current groundwater
with floodplains and wetlands. For other river basins, mainly located in the tropical band,
withdrawal possibly exceeds the potential groundwater recharge, a reduction in long-term
estimates
of SWS changes to TWS variability range from 40% for the Lower Mekong [139]
groundwater storage, referred to as “groundwater depletion”, is evidenced. In northern
to 45% in the Orinoco [131] and the Ganges–Brahmaputra [132], with a difference between
the Ganges (∼51%) and the Brahmaputra (∼41%) basins [159]. One can notice some differences between the two major tropical basins of Amazon and Congo. While, in the Amazon, SWS contribution to TWS variations is generally around 50%, it is below 20% for the
Congo, except in the Middle Congo region, which is characterized by extensive flood-
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India and Bangladesh [73], the intensive use and over-abstraction of groundwater for
dry-season irrigation and city water supply has led to a rapid decline in groundwater
tables in many parts of the country [74]. Accurate partitioning of GRACE-derived TWS
into the different water storage contributions is, therefore, critical in quantifying subsurface
and GWS changes (Equation (2)). Several studies have estimated GWS changes from
GRACE-derived TWS change after deducting the contribution of changes in the other
water storage compartments. Auxiliary information on the other components of TWS, from
either in situ observations or land-surface models, was used to produce a timeseries of
groundwater storage anomalies [179].
The quantification of SWS changes from satellites enables the proposal of another
approach to estimate “subsurface water storages” (the sum of GWS and SMS changes)
and/or GWS changes from GRACE data. Disaggregation of GRACE-derived TWS into
satellite-derived subsurface water storage variations was carried out using SWS estimates
from satellites. In many studies, the choice of estimating the sole subsurface water storage
variations instead of disaggregating this term into GWS and SMS changes was driven by the
poor quality, and the large uncertainties associated with existing products of soil moisture
at a large scale from satellite-derived (AMSR-E, SMOS, and SMAP) are representative of
the very first cm below the surface [180]. Moreover, it is assumed that the variations in
water storage from the canopy are generally negligible and, hence, not considered.
Timeseries of subsurface water changes were derived over the Ganges and Brahmaputra rivers basins, with annual amplitudes of ∼290 km3 and 320 km3 , respectively [132], in
agreement with estimates of the total replenishable groundwater resources in the Ganges
River of ∼180 km3 /year. However, the timeseries over 2003–2007 were too short to study
the “groundwater depletion” in the region. Nevertheless, anomalies of subsurface water
storage were mapped during the 2006 large drought that affected the northern part of
India, with clear patterns of deficit of subsurface water in the southern tributaries of the
Ganges River. Timeseries of subsurface changes were also obtained over the Congo and its
sub-basins [133] and the lower Mekong [139].
Over the Amazon, an ensemble of information on soil moisture changes at basinscale from models were used to further disaggregate subsurface anomalies and to derive
GWS changes [70,127]. Figure 7 shows the first available timeseries and maps of GWS
changes over the Amazon. These GWS estimates are in good agreement locally with in
situ groundwater observations [70,127], and the basin-scale results agree well with spatial
patterns of hydrogeological maps of the region (e.g., GW recharge, porosity maps, and
aquifer boundaries). The seasonal amplitude of GWS contributes 20–35% of the GRACEderived TWS amplitude, and the impact of the 2005 drought was also observed in the form
of a GWS anomaly and lasted several years [70].
Similarly, a combination of satellite-derived SWS and the root zone soil moisture
obtained from the Global Land Evaporation Amsterdam Model (GLEAM) was also used to
show that, over the Lake Chad region, TWS changes and trends are strongly controlled
by groundwater variations, which plays an important role in controlling the water cycle
over the entire Lake Chad basin [141]. Such studies call for a better understanding of water
storage changes and aquifer properties, such as soil characteristics [181], recharge and
permeability properties [182], and how groundwater responds to the influence of climatic
factors, vegetation behavior, and basin characteristics.
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If, to date, no past or current satellite mission has yet been specifically designed to
Despite the growing effort to better quantify SWS changes at various spatiotemporal
observe SWS changes at the global scale, this will soon be one of the goals of the upcoming
scales using remote sensing observations, the previous sections highlighted that surface
Surface Water and Ocean Topography (SWOT) satellite mission [81,87]. A collaboration
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measurements of surface water elevation, slope, and water mask, with a temporal resolution of 21 days in a predefined inland water mask. More details about SAR interferometry
and the KaRIn measurements onboard SWOT can be found in [183]. Its capability to
measure height and surface changes will help characterize variations in river discharge
and lake water storage [12] in all rivers wider than 100 m and water bodies greater than
250 m × 250 m in areas under the swath coverage.
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As stated in its mission science requirements document [184], a global water mask
following the shorelines of all observed individual water bodies will be provided at least
once every repeat cycle, along with its water elevation, enabling the derivation of water
storage within each such water body, thus providing the first globally consistent product
of river and lake storage variations. Even if it is not one of the mission requirements,
SWOT will also provide observations in floodplains and wetland environments, even if
the set of observables of such water bodies is still uncertain. In floodplains and wetlands
environments, characterized by large extents of open water and sparse vegetation, SWOT
will potentially provide observations of water surface elevation and extent, a combination
which will measure SWS changes. In regions with denser vegetation, to what extent SWOT
observations will be affected by vegetation is still unknown and requires more studies.
Nevertheless, SWOT may provide useful information to be exploited even if sampling
under dense vegetation remains limited, which will open new ways to investigate and
observe those regions and the hydrology of inundated vegetation systems.
As demonstrated in this review, the products and advances made in terms of SWS
estimates from remote sensing provide a solid baseline and an unprecedented source
of information to evaluate and validate SWOT measurements after its launch, and they
represent a valuable benchmark for future hydrological applications.
In this regard, in order to facilitate the development of such opportunities, we believe
that it is necessary for the community to have more access to the existing tools that can be
used for the purpose of SWS monitoring, as well as existing repositories of useful data. As of
today, there are some initiatives such as the Centre d’Expertise Scientifique from the French
data center THEIA-LAND (CES), https://www.theia-land.fr/en/ceslist/water-volumessec/ last accessed on 13 October 2021), or such as the French Observation Service dedicated
to satellite altimetry studies (Centre of Topography of the Oceans and the Hydrosphere)
at LEGOS, Toulouse, France (http://ctoh.legos.obs-mip.fr/applications/land_surfaces/
hydrologic_products/hauteurs-deau-et-volume last accessed on 13 October 2021), which
are trying to gather useful tools and to offer some guidance and data access to SWS products.
However, these initiatives and their repositories are still under development, and the effort
needs to grow, especially in the context of SWOT. One goal of the present review is to
foster such initiatives so that the scientific community, space agencies, and data centers will
support the development of such tools and repositories, similarly to what has been done
for sea level and water elevation from radar altimetry in the last decades. Such initiatives
could be hosted by the Archiving, Validation, and Interpretation of Oceanographic Satellite
Data (AVISO+, https://www.aviso.altimetry.fr/en/missions/future-missions/swot.html
last accessed on 13 October 2021) or the Physical Oceanography Distributed Active Archive
Center (PODAAC) hosted by JPL (https://podaac.jpl.nasa.gov/SWOT last accessed on 13
October 2021).
The present review also highlighted the fact that SWS estimates are currently available
only for a few regions worldwide and are mainly limited to large river basins. There is
an obvious need to expand investigations to more river basins and regions, covering all
climate and environments, including medium-size basins and local-scale studies. One
of the opportunities resides in the use of denser VS networks provided by satellite altimetry missions such as S3-A/B in combination with GIEMS [84,85,117], SWAMPS [86],
or SWAF [162]. The use of the hypsometric curve approach with DEM should also be
investigated in the future with a goal to retrieve SWS variations on the global scale.
Additionally, the benefits of accurate and comprehensive SWS change estimates at
large scale are very valuable for many aspects of hydrological science, climate science, and
water management. Moreover, future progress and advances, thanks to new methodological developments or directly from SWOT observations, for instance, will also provide new
opportunities for synergetic sciences. Here, we summarized a few potential avenues that
have been identified.
Hydrological and hydraulic modeling: Hydrological and hydraulic models are evaluated and/or calibrated against independent observations, from in situ measurements
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or from satellite-derived products. Unlike surface water elevation, surface water extent,
or river discharge, which are common variables used to evaluate hydrological simulation outputs [43,157], SWS changes are not yet commonly used to evaluate model performance. However, it remains an important variable to be better constrained within
modeling systems. Few recent modeling studies addressed the surface water storage
components [39,43,157,172,185] regionally or globally, but more efforts are needed in order
to better represent the surface water storage complexity and understand flood dynamics.
SWS estimates could also trigger applications based on 2D modeling to better constrain
floodplain storage changes and diffuse flow in floodplains and wetlands [185]. The availability of satellite SWS estimates, therefore, opens new opportunities for the improvement
and new developments of hydrological and hydraulic modeling.
Data assimilation: Several studies were developed to assimilate water storage into
hydrodynamic and hydrology models, but they were mainly limited to GRACE-derived
TWS [186–188], soil moisture [189], or both [190,191], leaving great opportunity to improve
the performance of models through data assimilation of SWS or GWS. For instance, in an
environment such as the Ganges Delta, where surface water storage plays a primary role
in TWS and GWS variations, Ref. [192] demonstrated the advantages of removing SWS
contributions from GRACE TWS data to better constrain soil moisture and groundwater
model outputs and assess the significant decline in groundwater storage in Bangladesh.
Along with river discharge and water levels, the use of SWS data from the upcoming SWOT
in order to correct model parameters will also bring new opportunities [193–196].
Implications of land–ocean exchanges: Climate-driven or human-driven changes
in water stored on land are important components of sea-level budgets [197] and play
a role in present global and regional sea-level rise [198–200]. The annual cycle of land
water storage moved through the seasonal distribution of water from ocean to land is
estimated to be 17 ± 4 mm of sea-level equivalent [201], but large uncertainties remain
on the individual contributions of SWS or GWS fluctuations and their impacts on global
and regional sea-level variability [198,202]. Global SWS estimates will help better quantify
the influence of land water storage on the variability and rate of sea-level rise [203,204].
SWS changes are also important information to investigate the dynamics of freshwater in
deltaic regions, as water storage, especially in terms of SWS and GWS, which are at play
among the various factors controlling the subsidence [205] or saline intrusion [206–208] in
such regions.
Water management: As part of the global freshwater resources, SWS is important to
human life and activities, and proper management is needed for their sustainability. Here,
we dealt with SWS in rivers and wetlands, but large amounts of freshwater are stored in
ponds, lakes, and reservoirs, which are often now human-managed [60] through dams and
other human interventions. Global SWS estimates will help to have a better knowledge
of the amount of freshwater that is stored on the Earth’s surface and how it changes over
time. Therefore, there is a need for a comprehensive monitoring of SWS over its various
components, from SWS in reservoirs/lakes to SWS in rivers and wetlands, and this could
be achieved by integrating and merging the various satellite techniques mentioned. In
particular, this will be useful to basin-scale water resources management and the relative
contribution of the natural and human-induced variability. For this purpose, finer temporal
sampling of the estimates, ideally daily, should be achieved thanks to the future capabilities
of the next generation of radar altimetry mission aimed at daily revisit, such as the Small
Altimetry Satellite for Hydrology (SMASH) constellation.
6. Summary and Perspectives
In this work, we addressed the role of remote sensing in estimating surface water
storage changes over continents and how these estimates contribute to improve our knowledge in hydrological sciences of large river basins. We focused on the amount of freshwater
stored in rivers/wetlands/floodplains and its variations, a key component of the water
cycle, land surface hydrology, and water resources management, for which the impacts
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of current changes remain uncertain. We reviewed the studies, over the last two decades,
that described the advances made using space-borne data to characterize the dynamics of
the surface water reservoir and how it helped to better derive the characteristics of other
hydrological components, such as subsurface and groundwater storage variations.
Firstly, we reviewed the methodological and technical developments achieved to estimate surface water storage, which highlights that it is still very challenging to measure and
obtain accurate estimates for large river basins at adequate time/space sampling. Despite
the increasing number of satellite missions, we still currently suffer from a lack of direct
measurements of surface freshwater storage and its spatiotemporal variations on a global
scale. We, therefore, presented the methodologies and methods that were developed, from
InSar techniques to the combination of multisource observations to measure surface water
storage for different environments worldwide. In particular, multi-satellite approaches
to derive SWS, generally based on the complementarity between satellite-derived observations of the spatiotemporal dynamics of the surface water extent and elevation, are
powerful tools, which can provide associated uncertainties, even if they are limited by
the current space–time sampling of available observations. Future investigations should
combine newly extended (such as GIEMS-2 now available 1992–2015) or new products,
such as the current altimetry observations from S3-A/B, which offer a dense network of VS.
Then, we presented how the use of SWS estimates contributes to a better understanding of large-scale hydrological processes and to the continental water cycle of large river
basins. Several studies provided estimates of seasonal variations of SWS changes across
large river basins, mainly in tropical environments, as well as for northern-latitude river
basins. From local scale to basin scale, the Amazon River is by far the region that gained
the most attention in using SWS estimates for hydrology, which can be justified by the
fact it is the basin with the largest amount of water volume change across the hydrological reservoirs (up to 1200 km3 for the surface water annually), more than the Congo,
the Orinoco, and the Ganges–Brahmaputra combined. SWS change estimates were also
presented across studies as valuable information to characterize the impact of climatic
events, such as extreme droughts, on the surface hydrology of large river basins, such
as the 2005 event in the Amazon basin. Additionally, the relative contributions of SWS
variations to GRACE/GRACE-FO-based TWS changes provide new opportunities to move
toward observation-based estimates of subsurface and groundwater storage variations,
particularly relevant in environments with extensive floodplains and wetlands, such as in
the tropics.
Despite these recent advances, fostered in the last years by an unprecedented availability of concurrent satellite observations, there is still much to be learned regarding SWS
changes and their implications for continental water balance, climate feedback, and water
management.
The upcoming launch in 2022 of the SWOT satellite mission, which will provide,
for the first time, direct estimates of SWS changes on a global scale, will open a new
era of scientific advances for continental hydrology and to understand continental water
store variability. One priority should be to strengthen the current methodologies and
results of studies performed up to now, especially by extending the timeseries to longer
periods, by providing more realistic quantifications of the errors and uncertainties in
the multi-satellites approaches. Furthermore, studies that use the complementarity with
other satellite observations of the different components of the water cycle, which will be
simultaneously available with SWOT, should be encouraged and supported to improve the
monitoring of the water cycle as a whole. This future progress and these advances will foster
new opportunities for synergetic sciences, in hydrological modeling, data assimilation,
land–ocean interactions, and water management.
Lastly, in the current development of the concept of essential variables (EVs) in the
scientific communities, which are chosen and defined to represent a set of variables that
help describe and monitor the evolution of Earth system components [209,210], we believe
that this work and the forthcoming progress will contribute to the call by hydrological and
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remote sensing communities for surface water storage, in complement to water level and
extent, to be considered in the coming years as an essential water variable [211].
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