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Accurate and timely estimates of reservoir surface area, water level, and volume are essential for water resource
management. Yet no recent synthesis compares the remote sensing methods used to obtain these physical
characteristics. This study evaluates peer-reviewed studies from 2000 to 2025 that derived any of the three
characteristics from satellite data to identify reliable techniques and operational gaps. A total of 169 cases of
surface area mapping (88), water level retrieval (49), and volume estimation (32) were analyzed from 106 ar-
ticles across more than 60 countries. Each case was classified according to its physical characteristics, approach,
sensor, and validation method. Surface area is typically mapped using optical imagery (76 %). Threshold indices
dominate at 63 %. Meanwhile, machine and deep learning methods are being used more frequently to provide
more accurate classifications. Water levels are usually obtained from radar altimetry (67 %) followed by area-
elevation models (30 %). Volume is most often computed using combined area-elevation approaches (60 %),
followed by water level-volume regressions (25 %) and area-volume curves (15 %), with average errors of up to
10 %. Three critical gaps emerge: only 11 % of studies address reservoirs smaller than 1 km?, turbid or vegetated
waters incur estimation errors, and only a few studies use sensors with a revisit time of three days or less, which
limits real-time management. Although fusion of several sensor data is demonstrably more accurate, it remains
rare. These insights guide managers and future research directions to enable automated, high-resolution moni-
toring of both large and small reservoirs.

1. Introduction availability, contributing to groundwater recharge, mitigating floods,
and adapting to climate change by moderating seasonal variability and
extreme weather events (Sen, 2021; Li et al., 2023; Donchyts et al.,

2022).

Water is a fundamental resource for sustaining ecosystems, food
security, and supporting human livelihoods. Yet, its spatial and temporal

distribution remains highly uneven across the globe, often posing sig-
nificant challenges for resource planning and management (Sheffield
et al., 2018; Famiglietti, 2014). Reservoirs play a crucial role in
addressing these challenges by enabling the storage, regulation, and
distribution of freshwater for diverse uses including domestic supply,
agriculture, hydropower, fisheries, and industrial processes (Crétaux
et al., 2015; Wada et al., 2017). They are essential components of the
global water system and serve as critical buffers between natural hy-
drological variability and human demand. Studies have further
emphasized their systemic importance in stabilizing regional water

However, the sustainable operation and management of reservoirs
heavily depend on the timely and accurate collection of information
about the quantity and quality of water in reservoirs. Quantifying water
in reservoirs is very important and is based on the estimation of physical
characteristics, such as surface area, water level, and storage volume
(Rodriguez-Alarcon and Lozano, 2017). Traditionally, these parameters
have been obtained through in situ measurements using field-based in-
struments, including limnimeters and bathymetric surveys. While reli-
able, these methods are often constrained by logistical, financial, and
environmental factors — particularly in remote or conflict-affected
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regions where regular field monitoring is either cost-prohibitive or
physically infeasible (Sagawa et al., 2019; Akpoti et al., 2022). Even in
more accessible regions, field data collection efforts may lack the tem-
poral resolution required for dynamic reservoir management or
long-term trend analysis (Eldardiry and Hossain, 2021).

In recent decades, Earth Observation (EO) technologies have
emerged as effective tools for enhancing all facets of reservoir man-
agement at local to global scales (Gao, 2015). Multi-spectral and
hyperspectral data are now used to track algal blooms, turbidity, and
suspended sediment (Kislik et al., 2022; Hossain et al., 2021). Radar
imagery supports monitoring of dam wall deformation and seepage
(Pang et al., 2023). Thermal sensors reveal surface temperature strati-
fication and evaporation losses (Li et al., 2024). The analysis of
high-temporal-resolution satellite data underpins flood routing, infra-
structure safety inspections, and ecological impact assessments (Wang
et al., 2023a). This broad range of applications is narrowed down in this
review to focus specifically on EO methods for quantifying reservoir
water, including surface area, water level, and storage volume. These
physical characteristics are essential for both operational
decision-making and long-term water security planning.

Optical sensors (e.g., MODIS, Landsat, Sentinel-2) and radar altim-
etry missions (e.g., TOPEX/Poseidon, Jason series, Sentinel-6) have
been successfully applied to map surface water extents, estimate water
levels, and compute volumetric changes in both large and small water
bodies (Garnier et al., 2024; Codjia et al., 2025; Chen et al., 2024; Kong
et al., 2025; Pipitone et al., 2018; Nino et al., 2022; Quang et al., 2021;
Hou et al., 2024). Numerous methodologies have been proposed for
extracting reservoir characteristics from satellite data, ranging from
water indexes and empirical models based on statistical relationships, to
more recent developments using artificial intelligence, semi-empirical
models, and physics-based hydrodynamic simulations (Casal et al.,
2020; Sorkhabi et al., 2022; Hossen et al., 2022). The performance and
applicability of these methods vary greatly from one case study to
another. EO-based reservoir monitoring methodologies may face several
limitations. These include the interplay between sensor characteristics
(e.g., resolution and acquisition frequency), data availability, and at-
mospheric and optical conditions. The geomorphological complexity of
the reservoir environment and water quality can also pose a challenge.
(Gao et al., 2012a; Psomiadis et al., 2021).

A clear challenge exists in the field of reservoir monitoring. Studies
are scattered across sensors, algorithms, and scales, which makes it
difficult for managers and even scientists to determine the most effective
satellite and appropriate method for reservoir monitoring. Since oper-
ational reservoir monitoring involves decisions regarding water alloca-
tion, drought response, and dam operation, the usefulness of EO data
sources and methodologies depends on their ability to reliably deliver
near-real-time, spatially consistent information to management systems.
This review therefore:

(i) inventories and classifies the full range of EO data sources and
methodologies used to map reservoir surface area, water level/
depth, and storage volume;

(ii) compares their accuracy, strengths, and limitations; and

(iii) identifies the practical and research gaps that hinder routine,
operational deployment.

The review translates evidence into practical guidance for reservoir
managers, water resource agencies, and EO scientists. By linking the
proven accuracy, latency, and data demands of each method to specific
reservoir contexts, the review pinpoints situations in which a low-cost
approach is sufficient, situations in which a more complex method is
worth the investment, and areas in which future research should focus.
The outcome is a set of clear, prioritized recommendations that can
inform day-to-day reservoir management and strategic planning, espe-
cially in regions without in-situ networks.
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2. Concepts and methodology
2.1. Concepts of satellite remote sensing and reservoir monitoring

Satellite Remote Sensing (RS) has transformed Earth observation by
enabling the collection of large-scale and frequent data with increasing
spatial and temporal resolution. For example, the Sentinel-2 satellite
provides imagery with a spatial resolution of 10-20 m and a revisit time
of 3-5 days, while MODIS offers coarser resolution (250-500 m) but
with daily coverage (Goetz et al., 1983; Gan et al., 2025).

Satellites function as sensors that detect energy emitted or reflected
by objects on the Earth's surface. Based on how they collect this energy,
RS systems are typically classified as passive or active. Passive remote
sensing systems (e.g., radiometers, spectrometers) rely on detecting
solar radiation reflected by surfaces. In contrast, active systems (e.g.,
radar, LiDAR) emit their own energy and measure the returned signal
after interacting with a target (Zhu et al., 2017).

The applications of satellite RS are vast and include agriculture,
pasture and forest monitoring, climate and weather studies, urban
planning, oceanography, water resources management (WRM), health,
archaeology, and telecommunications (Chi et al., 2016; Ashraf et al.,
2023). More recently, satellite RS has proven particularly valuable for
reservoir monitoring.

Although reservoir monitoring generally involves regular assess-
ments of both water quality and quantity, quantitative (physical) char-
acteristics ultimately determine reservoir dynamics. Conventionally,
water quantity through water levels is measured using limnimeters, and
bathymetric data are collected using field-based equipment (Ma et al.,
2024; Ceylan et al., 2011). These measurements are essential for
tracking sedimentation, erosion, and ecosystem changes, as well as for
estimating flood control capacity through surface area analysis.

Importantly, combining surface area with water level data enables
the estimation of reservoir volume, a critical parameter for water
resource management. Accurate volume estimates support water supply
planning, hydroelectric power generation (Abd Ellah and El-Geziry,
2016), and equitable water allocation by extension agents and
farmers’ organizations. The relationships between surface area, height,
and volume are commonly visualized through Area-Height, Area--
Volume, and Height-Volume curves, which are essential tools for
reservoir management (Girard et al., 2025).

Satellite remote sensing enables the estimation of all these physical
characteristics - surface area, water level, and volume - through both
passive and active sensing technologies. Fig. 1 has been designed to
provide an overview of RS-based approaches for reservoir monitoring.

2.2. Assessment of estimation performance

Assessing the accuracy of a method is essential to determine how
well it estimates physical characteristics and to identify potential errors
introduced during the process. This typically involves comparing the
results obtained using the method with reference values derived from
reliable sources such as field measurements (Pereira et al., 2019), sat-
ellite observations (Pipitone et al., 2018), published literature (Birkett,
2000), or high-resolution imagery from UAVs, aircraft, or commercial
satellites (Feyisa et al., 2014). However, in some cases, accuracy as-
sessments are not conducted due to the unavailability of field data.

Accuracy evaluation can be done using various metrics, which are
generally grouped into two main categories. The first category includes
non-site-specific metrics that compare the estimated values (e.g., surface
area, water level, or volume) directly with corresponding reference data,
without considering spatial location. These metrics are applicable across
all three physical parameters.

Several of these metrics are often used interchangeably under
different names. Table 1 presents the formulas and details of some
common non-site-specific accuracy assessment parameters.

Despite their usefulness, non-site-specific accuracy assessments have
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Fig. 1. Overview of reservoir monitoring approaches based on RS.

Table 1
Formulas of some non-site-specific analysis metrics.
Parameter Acronym Formula References
Root Mean Square Error RMSE 1 n 2
1/; Zi:l i —) Munyaneza et al. (2009)
Normalized Root Mean Square Error NRMSE
4 1 Z;‘ﬂ (}’i 7}/1.)2 Gao et al. (2012a)
=
—— % 100
Yi
Correlation coefficient r ;o
i (i-y) (i-¥) Zhu et al. (2014)
2 2
V=i ()" 5m ()
Coefficient of determination 2 LY
R M Zhang et al. (2014a)
D(y)D(¥)
Bias Bias y-y
= = Zhang et al. (2014a)
Mean Absolute Error MAE 1 n ,
0D =il Zhu et al. (2014)
Mean Square Error MSE 1 ,
q EDDINESIk Liu et al. (2021)
Percent error PE Yi—Y X
100 x T‘ Pereira et al. (2019)
i
Mean Absolute Percentage Error MAPE 1
’ n Z:‘ﬂ IPE;| Pereira et al. (2019)
Nash-Sutcliffe coefficient NSE n 4 )2
1- D (Yi _y1)2 Kale and Acarli (2019)
Z;Ll (-)/1 - }_/ )
Standard Deviation STD 1 n 2
\/ﬁ ST [(yi —¥) - (Z 73_/)} Cheng et al. (2022)
Normalized Difference Area Index NDAI Yi—Yi
L Annor et al. (2009)
YitYyi
Deviation Area Index DAI Yi—Yi
Ji JU Annor et al. (2009)

7

Yi

y’ is the value of the physical characteristic such as surface area, water level, and water volume of reference data, y is the estimated corresponding variable, y and y’ are
the mean value of y and y’, respectively, i is the index of the variable, and n is the number of the sample size. Cov() means covariance and D() represents the variance.

certain limitations. As highlighted by Congalton et al. (2001)
(Congalton, 2001), these metrics do not account for the spatial cor-
rectness of classified pixels. For instance, in surface area estimation,
such metrics only compare aggregated values of physical characteristics
with reference data, without assessing the accuracy of the pixel-level
classification itself. To address this, additional evaluation metrics
tailored to image classification are employed.

Image classification accuracy is commonly assessed using a confu-
sion matrix (also called an error matrix or contingency table), which
compares the predicted classes with actual reference classes. Based on
this matrix, several key metrics are used in the literature, including the
ones presented in Table 2.

2.3. Data and search methodology

The information used in this review was gathered through compre-
hensive searches on academic search engines, primarily Google Scholar
and Scopus. These platforms facilitated access to a wide range of
scholarly sources, including peer-reviewed journal articles, books, con-
ference proceedings, theses, dissertations, preprints, abstracts, technical
reports, and other relevant scientific literature.

To refine the search process, a nested search strategy was employed.
This method involves the use of Boolean operators (AND, OR) and pa-
rentheses to combine multiple search terms effectively (Noruzi, 2005;
Akpoti et al., 2019). The use of an asterisk (*) enabled the inclusion of
term variants and alternative spellings. Fig. 2 illustrates a visual example
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Table 2
Some accuracy assessment metrics based on confusion matrix.
Metric Abbreviation ~ Formula/Notes Reference
Probability of POD POD = TP/(TP + FN) Khan et al.
Detection (2011)
False-Alarm FAR FAR = FP/(TP + FP) Khan et al.
Ratio (2011)
Critical Success CSI CSI = TP/(TP + FP + FN) Khan et al.
Index (2011)
Accuracy ACC ACC = (TP + TN)/(TP + Liu et al. (2021)
FP + TN + FN)
Precision - Precision = TP/(TP + FP) Liu et al. (2021)
Recall - Recall = TP/(TP + FN) Liu et al. (2021)
(Sensitivity)
Fp-Score (p=1) F1-Score F1 = 2 x (Precision x Liu et al. (2021)
Recall)/(Precision +
Recall)
Fp-Score (B = 2) F2-Score F2=01+ |32) x (Precision He et al. (2017)
X Recall)/([i2 x Precision
+ Recall); here, p = 2
Mean mloU mloU = Mean of (TP/(TP Liu et al. (2021)
Intersection + FP + FN)) across all
Over Union classes
Overall OA OA = Total correct (Codjia et al.,
Accuracy classifications/Total 2025; Ghansah
number of samples et al., 2022)
Producer's PA PA = TP/(TP + FN) (Codjia et al.,
Accuracy 2025; Ghansah

et al., 2022)
(Codjia et al.,
2025; Ghansah
et al., 2022)

User's Accuracy UA UA = TP/(TP + FP)

Kappa Kappa Varies; ranges from —1 (Codjia et al.,
Coefficient (complete disagreement) 2025; Ghansah
to 1 (perfect agreement) et al., 2022)
Average AA AA = Mean of individual Mylona et al.
Accuracy class accuracies (2018)
Quantity QA Part of quantity and Tian et al.
Accuracy allocation disagreement (2017)

analysis

FA = FP/(FP + TN) or
similar variation
depending on context

False Alarm Rate FA Amitrano et al.

(2017)

False Positive FPR FPR = FP/(FP + TN) Fisher et al.
Rate (2016)
Completeness Comp Comp = TP/(TP + FN) Duy (2015)
Correctness Corr Corr = TP/(TP + FP) Duy (2015)
Quality - Quality = TP/(TP + FP + Duy (2015)

FN)

TP: True Positives, FP: False Positives, TN: True Negatives, FN: False Negatives

of the search process using this strategy.

2.4. Data processing

After the literature searches, English-language filtering and de-
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duplication were applied first. Of the remaining 1200 unique records,
only those focusing on reservoirs or lakes and using satellite remote
sensing to estimate physical characteristics such as surface area, water
level, or volume were retained. Studies limited to general surface water
detection or water quality were excluded (reducing the number of re-
cords to 315 for full-text assessment). The full texts were then evaluated
based on clearly described inputs and methods, as well as representative
sensor-method combinations. Multiple papers that duplicated the same
setup without added methodological novelty were avoided, while a
small number of methodological papers directly applicable to reservoir
or lake extent estimation were retained. The final dataset comprises 106
peer-reviewed articles. The retained documents were assembled to form
a database in Mendeley. A set of information has been extracted from the
documents and organized in a synoptic table. Table 3 presents the set of
information collected.

The extracted information enabled analysis according to the physical
characteristics measured by the studies. First, the type of sensor used for
each reservoir characteristic is assessed. Then, the approach used is
examined, and the methods employed are compared. Finally, the accu-
racy reported in the studies is analyzed to determine high-performance
sensors and approaches. The effects associated with reservoir size are
integrated into all sections of the analysis. Finally, recommendations are
provided for the most effective approaches to estimating reservoir
physical characteristics using remote sensing.

3. Results and discussions
3.1. Summary of the synoptic table

A total of 106 documents met our inclusion criteria. Original
research articles remain dominant (94.1 %), followed by conference

Table 3
Information extracted from documents.

Information extracted Description

General information on the  Reference (authors, title, year of publication), type of

document document (original research article, proceedings,
reports, ...), country or region
Study area Name of the studied reservoirs, number of reservoirs,
size of the reservoir, depth of the reservoir
Studied physical Surface areas, water levels/bathymetry, storage/
characteristics volumes

Approach used Type of approach used, specific method used, used
algorithms or models, software or tool used
Accuracy assessment metrics and their values, type of
data used for validation, precise data used for
validation, validation metrics and their values

Name of satellite, type of sensor, bands, temporal and
spatial resolution, area covered, availability, launch
date, end date

Performance evaluation

Satellite types and their
characteristics

Reservoir OR

Lake OR Dam
o Y,
¥ Reservoir surface 2
area, water level and
volume monitoring
Surface OR Area OR

Remote sensing OR Earth
Observation OR Satellite OR
Radar

Mapping OR Water
level/balance OR Bathymetry
OR Volume OR Storage

AND

Fig. 2. Nested search terms used.
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proceedings (4.7 %) and technical reports (1.2 %). Publication years
range from 2000 to 2025, with two peaks in 2019 and 2024 (21 and 22
papers each) (see Fig. 3).

The literature now spans more than sixty different countries and
territories. A Of the study areas, Asia accounts for approximately 47 % of
them, followed by Africa (17 %), the Americas (13 %), and Europe (12
%). Oceania contributes approximately 2 %, and 8 % of the studies are
global or multi-country. Fig. 4 shows the spatial distribution of the study
areas.

The studied reservoirs have surface areas of more than 69 000 km?2.
Based on the classification of Annor et al. (2009) only 11 % of studies
focused on small reservoirs (with a size limit of 1 km?) (Annor et al.,
2009). The other reservoirs being large can be either natural lakes,
man-made reservoirs, rivers, or bays. Regarding the depth of these res-
ervoirs, the classification was made according to the sensitivity of the
types of sensors used for a certain depth range. The sensible depths for
passive sensors can reach 30 m (Ashphaq et al., 2021). Reservoirs less
than 30 m deep were therefore considered shallow. In this study, 77.4 %
of the reservoirs are deep while 22.6 % are shallow. While some studies
deal with only one of the physical characteristics (surface area, water
level, or volume), others combine two or three. Papers reporting mul-
tiple distinct combinations contributed to multiple cases, yielding 169
method-specific cases in total. Across the enlarged database, surface
area retrieval remains the most frequent objective, appearing 88 times,
while water level estimation is addressed 49 times and 32 derive storage
volumes.

3.2. Passive sensors for reservoir surface area estimation

Due to its unique backscatter and emissivity characteristics, water
responds to radiation differently than most other surface materials.
These distinctive properties enable various satellites, equipped with
passive or active sensors, to reliably detect water bodies on Earth's
surface (Gao, 2015).

The spectral resolution of satellites plays a crucial role in detecting
water-covered surfaces, as it determines the number and range of
wavelengths (bands) the satellite can observe. Satellites that capture
imagery in the Short-Wave Infrared (SWIR) range (1100-3000 nm), as
well as in the Visible and Near Infrared (VIS-NIR) range (approximately
400-900 nm), are particularly effective at identifying water bodies
(Bijeesh and Narasimhamurthy, 2020). Three-quarters (about 76 %) of
the documented surface area studies rely on optical satellite sensors.

Satellites such as Landsat, Sentinel-2, and MODIS — which include
SWIR bands — are especially suited for delineating water surfaces, as
water absorbs strongly in the SWIR range. These satellites are widely
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used in research to generate accurate water body maps (Arsen et al.,
2013; Krivoguz et al., 2020; Wu and Liu, 2015).

Even satellites that lack SWIR bands but capture data in the VIS-NIR
range can still be used for water detection. However, these sensors often
struggle to distinguish water from other materials like dry or wet soil,
especially in cases where the water is turbid, contains suspended sedi-
ments, or is covered with aquatic vegetation (Garcia et al., 2016). For
example, AVHRR and FORMOSAT-2, which lack SWIR capabilities, have
nonetheless been successfully used to monitor the surface extent of Lake
Chad and Lake La Bure, respectively (Birkett, 2000; Baup et al., 2014).

The choice of satellite imagery for water body monitoring also de-
pends on the spatial and temporal resolution of the sensors. Spatial
resolution refers to the ground area represented by a single pixel in the
image — the finer the spatial resolution, the more detailed the water body
can be mapped. Huang et al. (2018) (Huang et al., 2018) classified op-
tical sensors into three categories based on spatial resolution:

— Coarse Spatial Resolution Sensors: >200 m
— Medium Spatial Resolution Sensors: 5-200 m
— High Spatial Resolution Sensors: <5 m

Temporal resolution, or revisit time, indicates how often a satellite
passes over the same location. Higher temporal resolution is critical for
monitoring dynamic water bodies. A summary of commonly used optical
sensors for water extent mapping is provided in Table 4.

Table 4 shows that authors rely heavily on free, medium-resolution
satellites, especially Landsat (30-80 m, 16-day revisit) and Sentinel-2
(10-60 m, 5-day revisit) utilized in over 30 studies and at least six
studies respectively. These satellites offer worldwide coverage, open-
access data, and adequate detail for reservoir mapping. Landsat imag-
ery particularly allows long-term analysis. The use of the other medium
resolution satellites is diverse; they were used only once or twice. Their
limited usage is due to commercial pricing (SPOT-5) or restricted
regional data availability (HJ-1A/B). The adoption of SDGSAT-1 (MII)
for reservoir mapping is only beginning to appear in the literature
because it is a relatively new mission, launched in 2021 (Jiang et al.,
2024).

Four sensors appear for the coarse resolution sensors. They account
for nine studies, with MODIS (250-1000 m, 0.5 day revisit) used in up to
four studies. While they have a good temporal resolution, the spatial
coarse resolution of these sensors limits their ability of mapping small or
Narrow reservoirs.

High-resolution satellites (less than 10 m) such as Pléiades,
FORMOSAT-2, Flock 2 satellites, WorldView-2, and Gaofen-1 (GF1)
provide the finest detail (He et al., 2017; Baup et al., 2014; Ma et al.,

22
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Fig. 3. Number of documents per year reviewed per year between 2000 and 2025.
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Table 4

Optical sensors used for surface water detection.

Fig. 4. Spatial distribution of study areas.
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Legend

Number of
country-level
study sites

Global or
multi-country
studies

Sensor group Satellite Number of Temporal Spatial Coverage Availability Launch End Documented usage in
bands resolution resolution area date date literature
Coarse spatial Meteosat 2-7 12 30 min 5 Km Limited Free 1986 2001 1 study
resolution AVHRR 5 1 day 1100 m Global Free 1981 - 2 studies
Sentinel 3 9 27 days 500mtol Km  Global Free 2016 - 2 studies
(SLSTR)
MODIS 36 0.5 days 250-1000 m Global Free 1999 - 4 studies
Medium spatial HJ-1A/B 4to 115 4 days 30 m-300 m Limited Free 2008 - 1 study
resolution Landsat 1-9 4t09 16 days 30-80 m Global Free 1972 - 30+ studies
SPOT-5 5 26 days 2.5-20 m Limited Commercial 1986 - 1 study
ASTER 14 16 days 15 m-90 m Global Free 1999 - 2 studies
Sentinel 2 13 5 days 10-60 m Global Free 2015 - 6+ studies
SDGSAT-1 (MII) 7 11 days 10 m Global Free 2021 - 1 study
High spatial FORMOSAT-2 5 1 day 2-8m Limited Commercial 2004 - 1 study
resolution Flock 2 4 1 day 3-5m Limited Commercial 2015 - 1 study
satellites
Pléiades 5 26 days 0.5m Limited Commercial 2012 - 1 study
WorldView-2 9 1.1 days 0.46 m-1.85 Limited Commercial 2009 - 1 study
m
Gaofen-1 (GF1) 5 4 days 1-16 m Limited Commercial 2013 - 1 study

2020; Minghelli et al., 2020). However, they are used in only five studies
since their imagery is commercial and limited to some regions.

The number of spectral bands does not necessarily affect the choice
of satellite by the authors. Despite their frequent gaps related to cloud
cover, optical sensors are the preferred for waterbody mapping.

3.3. Active sensors for reservoir surface area estimation

Active sensors offer significant advantages over passive sensors in
addressing challenges associated with water extent mapping, particu-
larly under cloudy, rainy, or low-light conditions. Unlike passive sen-
sors, active sensors emit their own radiation, enabling them to penetrate
the atmosphere and clouds, and operate effectively regardless of
daylight or weather conditions. Among these, Synthetic Aperture Radar
(SAR) systems are especially prominent. SAR transmits microwave sig-
nals — either horizontally (H) or vertically (V) polarized — toward the
Earth's surface and records the backscattered energy to generate high-
resolution images (Brisco, 2015). This capability allows SAR to detect
scattering mechanisms and distinguish between surface features, mak-
ing it highly effective for mapping inundated areas, even at night or
during adverse weather events. Shorter wavelengths correspond to
higher frequencies, and this relationship plays a key role in determining
the performance of active sensors for water detection. Table 5 presents
some active sensors used for surface area determination.

Table 5 shows that most authors use C-band radar satellites and
especially Sentinel-1, which appear in 5 of the 16 studies listed. Ac-
cording to Ottinger and Kuenzer (2020), C-band instruments are among

the most widely used in water resource management applications due to
their favorable balance between penetration ability and spatial resolu-
tion (Ottinger and Kuenzer, 2020). These sensors send longer waves
(about 5 cm) that pass through clouds, have 5-50 m of resolution, and a
revisit time of 12-35 days, which is good for regular reservoir moni-
toring. Prominent satellites equipped with C-band SAR include
Envisat-ASAR, RADARSAT-2, and Sentinel-1, which have been exten-
sively used for surface water monitoring. Vickers, Malnes, and Hggda
(2019), developed a methodology to map lake surface water cover using
13 years of SAR data from Sentinel-1, RADARSAT-2, and Envisat-ASAR
(Vickers et al., 2019).

Satellites with X-bands such as TerraSAR-X (TanDEM-X) and Cosmo
SkyMed provide higher resolution imagery (down to 1 m) and a revisit
time of 3-16 days. For instance, Amitrano et al. (2017) used Cosmo
SkyMed in a semi-arid region of Burkina Faso to effectively map small
reservoirs (Amitrano et al., 2017). The main issue with such satellites is
that their data is sold commercially, which is why they are only used in
five studies.

SRTM mission flew only once in 2000 but produced a free, global
elevation map at 30 m that a few authors used to delineate permanent
water.

Despite their proven utility, the operational application of active
sensors can be constrained by limitations in spatial and temporal reso-
lution compared to optical sensors, which may affect the precision and
timeliness of water management decisions (Garcia et al., 2016).



A.K.D. Codjia et al.

Table 5
List of some active sensors used for surface area determination.
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Satellite Bands Frequency Temporal Spatial Coverage Availability Launch End Documented usage
resolution resolution area date date in literature
Sentinel 1 C-Band (3.8-7.5 cm) 5.405 GHz 12 days 5m*5m-5m Global Commercial 2014 - 5 studies
*20m
TerraSAR-X X-Band (2.4-3.8 cm) 9.65 GHz 3 days 1.1-18.5m Global Commercial 2007 2010 3 studies
(TanDEM-X)
ENVISAT - ASAR C-Band (3.8-7.5 cm) 5.3 GHz 35 days 30m Global Commercial 2002 2012 3 studies
Cosmo SkyMed X-Band (2.4-3.8 cm) 9.6 GHz 16 days 1-100 m Global Commercial 2007 - 2 studies
RADARSAT-2 C-Band (3.8-7.5 cm) 5.405 GHz 24 days 3-100 m Global Commercial 2002 2012 2 studies
SRTM C-Band (3.8-7.5 cm) & 5.3&9.6 NA 30 m-90 m Global Free 2000 - 1 study
X-Band (2.4-3.8 cm) GHz

3.4. Multi-sensor data fusion

Thirteen papers present multi-sensor fusion for surface area map-
ping, which follows three clear patterns. First, optical and SAR fusion
combines Sentinel-1 backscatter with Sentinel-2 and/or Landsat 8/9
reflectance. This fusion can be implemented as either feature-level
fusion, which involves stacking SAR and optical features into one clas-
sifier input, or decision-level fusion, which involves creating indepen-
dent water masks per sensor and then combining them (Schmitt, 2020;
Li et al., 2022; Tavus et al., 2020; Druce et al., 2021; Declaro and Kanae,
2024). Second, spatiotemporal fusion integrates optical sensor data from
multiple sources, such as MODIS and Landsat, achieving Landsat-like
spatial detail at a higher temporal frequency. Wang et al. (2023) and
Peng et al. (2025) employed the model-based Enhanced Spatial and
Temporal Adaptive Reflectance Fusion Method (ESTARFM) in their
studies (Peng et al., 2025; Wang et al., 2023b). Other researchers,
including Wu et al. (2023), Zheng and Lv (2025), and Filali et al. (2024),
use learning-based optical fusion (Filali et al., 2024; Wu et al., 2023;
Zheng and Lv, 2025). Rao et al. (2019) fused two MODIS products
(MODO09A1 and MOD13Q1) to densify lake extent series using
HDSTAFM (Homologous Data-Based Spatial and Temporal Adaptive
Fusion Method) (Rao et al., 2019). Conversely, Miura et al. (2025)
created harmonized Landsat 8 and Sentinel-2 water-index composites
(with no pixel or feature fusion) for monthly mapping (Miura et al.,
2025). Third, cross-modal image synthesis is used to bridge sensing
gaps. Carbonneau (2025) used style transfer from Sentinel-1 to
Sentinel-2 (with long-term Sentinel-2 mosaics) to generate synthetic,
optical-like inputs that enable water delineation when optical scenes are
unavailable (Carbonneau, 2025). These studies demonstrate consistent
sensor pairings and a coherent set of fusion categories (pixel, feature,
and decision levels; model-based learning). Each category is chosen to
exploit complementary revisit, cloud tolerance, and spectral informa-
tion to map the extent of surface water.

3.5. Approaches used for reservoir surface area estimation

Depending on the type of sensor and the specific objectives of a
study, various approaches are employed to extract reservoir surface
areas from satellite imagery. While the fundamental principles for pro-
cessing data from both passive and active sensors are generally similar,
working with active sensors — particularly SAR - often involves more
complex procedures. This complexity arises from several sources of error
that can affect SAR data, including water-like surface backscatter,
speckle noise, and geometric distortions (Shen et al., 2019). Therefore,
thorough pre-processing steps such as geo-referencing, ortho-r-
ectification, and speckle filtering are essential for ensuring data accu-
racy (Grimaldi et al., 2016). Similarly, multi-sensor data fusion uses the
same basic methods for mapping reservoirs.

A wide range of methodologies have been applied to map water
extents. In some cases, researchers use readily available data products
and tools, such as the Global Surface Water Explorer (GSWE) (Pereira
et al., 2019). Developed by the European Commission's Joint Research

Centre in collaboration with UN Environment and Google, the GSWE
serves as a “virtual time machine” by providing global water maps over a
period of more than three decades. This platform enables users to extract
key indicators such as maximum water extent (Li et al., 2021).

In the following section, the most common approaches used for
reservoir surface mapping based on their underlying principles are
grouped. Four main methodological categories will be presented and
discussed.

3.5.1. Threshold-based approaches

Threshold-based approaches use either a single band from satellite
imagery or a water-specific spectral index to delineate water bodies, and
they account for 63 % of the reviewed studies. In the case of optical
sensors, wavelengths in the Shortwave Infrared (SWIR; 1250-2500 nm),
Near-Infrared (NIR; 700-1250 nm), or Visible (VIS; 350-700 nm) ranges
are commonly exploited, as water absorbs energy differently across
these bands (Gao, 2015). Single-band or multi-band thresholding tech-
niques have been widely employed in the past for water extent mapping
(Garnier et al., 2024). For example, Sethre et al. (2005) used Landsat TM
Band 5 to detect prairie pothole ponds in the Devils Lake Basin, North
Dakota (Sethre et al., 2005). Similarly, this method was applied to
Landsat imagery to estimate the surface area of Lake Poop¢ in Bolivia,
covering approximately 2500 km? (Arsen et al., 2013).

Pixel histogram-based methods focus on the distribution of pixel
values. When a bimodal histogram (representing water and non-water
pixels) is observed, automatic thresholding methods such as the Otsu
algorithm can be used (Cheng et al., 2022; Vanthof and Kelly, 2019;
Zhang et al., 2020). For non-bimodal histograms, defining Regions of
Interest (ROIs) through visual interpretation becomes necessary — a
process that is subject to human error. Manual delineation using soft-
ware such as ERDAS Imagine, ENVIL, or ArcGIS has also been reported
(Kale and Acarli, 2019; Ghebreyesus et al., 2016). To address both
unimodal and bimodal histograms, Shen et al. (2019) introduced an
approach based on the Valley-Emphasis method and its modified version
(Shen et al., 2019). Duy (2015) successfully applied these methods using
Sentinel-1 imagery to map Thac Ba Lake in Vietnam (Duy, 2015).
Another notable pixel histogram-based method is the Local Iso-
luminance Contour (LIC) algorithm, which Birkett (2000) used for
calculating the surface area of Lake Chad (Birkett, 2000).

Image segmentation techniques, which combine morphological and
radiometric information, offer enhanced efficiency compared to simple
thresholding methods. Among these, the Region Growing Algorithm
(RGA) has been employed to generate spatially homogeneous water
maps (Cao et al., 2019). Similarly, the Active Contour Method (ACM)
has been used for surface water detection in high-resolution TerraSAR-X
imagery (Hahmann and Wessel, 2010).

Spectral water index-based methods are among the most widely used
approaches for water extent mapping. These methods rely on simple
arithmetic operations — such as addition, subtraction, or division — to
differentiate water surfaces from other land covers. Although easy and
effective, they can be influenced by factors such as atmospheric particles
(in optical data) and water quality variations (Gao, 2015). Sometimes,
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water indices are combined with vegetation indices like the Normalized
Difference Vegetation Index (NDVI) to improve accuracy (Lu et al.,
2011). Over time, several water indices have been developed, and a
summary of those frequently cited in the literature is presented in
Table 6. For some indices, only the names of the authors who developed
them are mentioned.

— For Landsat 5 Thematic Mapper (TM) and 7 ETM+ (Enhanced The-
matic Mapper Plus), the Wavelengths in pm are: pg,: 0.45-0.52;
Pereen: 0-52-0.60; pp.4:0.63-0.69; pyy: 0.76-0.90; pgyrpr: 1.55-1.75;
Pswira: 2-08-2.35.

— For Landsat 5 Multispectral Sensor (MSS) and Landsat 5 TM, the
Wavelengths in pm are: pgren: 0.50-0.60; pypr: 0.80-1.10; powir:
1.55-1.75.

— For MODIS: C; =6; C, =7.5;G=—-25;L=1.

— For Sentinel-1, §,, and f,, represent the backscattering coefficient in
VH polarization and VV polarization, respectively.

Several software and application programming interfaces (APIs) are
commonly used to calculate water indices, including Google Earth En-
gine (GEE), ENVI, QGIS, and R. Among these, GEE is the most widely
utilized. It is a cloud-based platform that integrates a multi-petabyte
catalogue of satellite imagery and geospatial datasets with planetary-
scale analysis capabilities, facilitating efficient and large-scale water
surface mapping (Yilmaz and Selim, 2024).

Systematic index inter-comparison on Landsat-OLI scenes has shown
that no single water index is universally optimal, underscoring the need
for adaptive thresholds (Chen et al., 2024). Liu et al., 2024 used a
probability function to describe the frequency histogram of NDWI
applied to Qinghai Lake (Liu et al., 2024a).

Beyond basic thresholding, other techniques such as Change Detec-
tion are also employed for mapping water bodies. Change Detection
compares the current state of a water body with a known reference

Science of Remote Sensing 13 (2026) 100383

situation. Hostache, Matgen, and Wagner, 2012, explored the process of
selecting the most appropriate reference SAR image from online ar-
chives (Hostache et al., 2012). Their study demonstrated that, after
choosing a reference image from the same period of the year as the
image to be analyzed, it is crucial to build a time series of the site and
statistically assess variations in water cover based on changes in back-
scattering behavior. During this process, anomaly indices are calculated
to detect significant changes.

Similarly, Amitrano et al. (2017) developed the Seasonal Water
Presence Pseudo-Probability (SWPP) approach for detecting seasonal
water changes in Yatenga, a semi-arid region of Burkina Faso (Amitrano
et al., 2017). This method was applied using Cosmo-SkyMed imagery to
effectively monitor surface water dynamics.

3.5.2. Image classification-based approaches

Image classification-based approaches for water surface mapping are
part of what is called computer vision and mainly involve machine
learning and deep learning techniques - artificial intelligence (AI). These
methods include supervised classification, unsupervised classification,
ensemble methods for classification, and Convolutional Neural Net-
works (CNNs). Classification algorithms predict the category to which
each data point belongs.

Supervised classification requires training the classifier using labeled
data (Baup et al., 2014). Among the simplest supervised classification
algorithms is K-Nearest Neighbors (K-NN), a non-parametric learning
technique. K-NN was employed for classifying Pleiades satellite images
alongside Support Vector Machine (SVM) and Decision Tree algorithms
(Nurwauziyah et al., 2018). The Decision Tree algorithm incrementally
splits a dataset into smaller subsets while developing an associated de-
cision tree, which can then be used for image classification. This
approach was applied for mapping surface water across Cambodia and
the Vietnamese Mekong Delta using Sentinel-1 SAR observations
(Pham-Duc et al., 2017) and for delineating the surface of Lake Gregory

Table 6
Summary of some water indexes.
Index Acronym  Formula Reference
Tasseled Cap Wetness TCW 0.150951¢ + 0.1973pGreen + 0.3279pp.q + 0.3406pyr — 0.7112pgym1 — 0.4572p51ro Crist (1985)
Tis S5
Normalized Difference Water Index NDWI, PGreen — PNIR
MCcFEETERS (1996)
PGreen T PNIR
Modified Normalized Difference mNDWI PGreen — Pswir U (2006
Water Index PGreen T PswiR u( )
Ouma Water Index OWI f(TCW =+ k,NDWI;), where k = constant; o
_ Ouma and Tateishi
_ Pswirl — PNIR
NDWI, = —=—"————
Pswir1 t PNR (2006)
Open Water Classification OWC f (SWIRy,SWIR,, NDWI3, NDVI, MrVBF), where: MrVBF = f(Elevation) Guerschman et al
MrVBF = Multiresolution index of Valley Bottom Flatness suerschman et al.
NDWI; — PNIR — PswiRl Ny — PNIR — PRed (2011)
PR t Pswirt PNIR t PRed
Automated Water Extraction Index AWEI AWELyy, = 4 X (Pgreen —Pswir) — (0-25pnr —2.75pswiro) (For locations with no prominent shadow Feyisa et al. (2014)
effect) /
AWELy = (Ppue +2-506reen) — 1.5(Pnir +Pswir1) — 0-25psyro (For locations with prominent
shadow effect)
Automated Method for Extracting AMERL f(NDWI,mNDWI, AWEI,s,, AWEI,) .
. Jiang et al. (2014)
Rivers and Lakes
Water Index WI 1.7204+ 171p + 3PRrea — 70pnir — 45p. -71
2015 PGreen PRed 'PNIR PSWIR Pswir2 Fisher et al. (2016)
Combination Water Index CWI Combination of mNDWI and EVI (Enhanced Vegetation Index) and NDVI .
Ptk — P Zou et al. (2017)
EVI=G x NIR_— PRed
PR + C1 Prea — C2 Poie +L
C; and C, are wavelength-specific aerosol resistance terms; G is a gain factor; L is the canopy
background adjustment
Sentinel-1 Water Inde SWI = 2 _ 2
X SWI = 0.1747 x f,, + 0.0082 x f,; x f3,, + 0.00234;, — 0.0015 x f;, + 0.1904 Tian et al. (2017)
Ni lized Diffe Vegetati NDVI PNIR ~ PRed
ormalized Dilterence Vegetation NDVI = -NIR_TRed Mohebzadeh and Fallah
Index PNIR T PRed
(2019)
Normalized Difference Lake Index NDLI NDLI — PRed ~ PNIR .
= Chipman (2019)
PRed T PNIR
Enhanced Lake Index ELI PNIR ~ PRed

ELI = EVI (For MODIS) = G x

Pk + C1 Pred — C2 Ppiue +1

Chipman (2019)
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in Australia using Landsat imagery (Soltani et al., 2021). The SVM al-
gorithm, based on linear algebra to transform and solve classification
problems, has also been widely used for water body extraction. For
instance, SVM was applied to map water bodies in Lake Burdur, Turkey
(Sarp and Ozcelik, 2017).

Unsupervised classification methods do not require prior training
data. Instead, they automatically group pixels based on statistical
properties, uncovering hidden structures within the data (Leblanc et al.,
2011). Among these methods, K-means clustering is the most frequently
used for determining reservoir surface areas (Hossen et al., 2022;
Vickers et al., 2019; Gao et al., 2012b; Zhang et al., 2014b; Dardanelli
et al., 2014). In simple cases, K is set to 2, separating water from
non-water classes. Another method, ISODATA, clusters data based on
Euclidean distances between features and has been used by several au-
thors for water mapping (Khan et al., 2011; Song et al., 2013; Singh
et al., 2015). Additionally, hierarchical correlation-based clustering was
utilized to classify lake surface area time series data in the Yukon Flats
ecoregion (Rey et al., 2019). Another unsupervised approach, Online
Adaptive Possibilistic C-Means (OAPCM), processes pixels individually
to form clusters and was applied to Sentinel-2 images for detecting water
extents in the Northern Pindos National Park (Mylona et al., 2018).

Ensemble Methods for Classification combine multiple learning
models to improve prediction accuracy. Random Forest (RF), an
ensemble algorithm based on bagging, aggregates results from several
Decision Trees using binary logic (Codjia et al., 2025). RF was applied
within GEE by Ghansah et al. (2022) for mapping small reservoirs and by
Psomiadis et al. (2019) for delineating the Bramianos dam in Greece
(Psomiadis et al., 2021; Ghansah et al., 2022). Gradient Boosting is
another ensemble technique that combines weak learners to reduce bias.
Extreme Gradient Boosting (XGBoost), a powerful variant, was
employed for water extent mapping in the Amazon Basin (He et al.,
2017).

These classification methods are implemented across various plat-
forms, including ENVI, ArcGIS, Google Earth Engine (GEE), VIPER
Tools, Keras, Sentinel Application Platform (SNAP), and the Generic
Synthetic Aperture Radar (GSAR) suite.

In recent years, deep learning-based methods have emerged as
powerful tools for water body mapping. Among them, Convolutional
Neural Networks (CNNs) have shown particular promise, classifying
each pixel into a specific category (He et al., 2017; Weng et al., 2025;
Abid et al., 2021). However, CNNs often involve complex architecture,
generate large volumes of parameters, require extended training times,
and result in heavy datasets. To address these challenges, Liu et al.
(2021) developed the Lightweight Area and Edge Network (LaeNet), a
novel CNN architecture combining semantic feature extraction, area
segmentation, and edge detection (Liu et al., 2021). LaeNet was tested
using Landsat 8 imagery to map the surface area of Selinco Lake (China),
employing the Keras framework, Python, and ArcGIS for its imple-
mentation. Liu et al. (2024) also achieved real-time mapping of frag-
mented ponds using an attention-guided U-Net variant -
R50A3-LWBENet (Liu et al., 2024b).

3.5.3. Hybrid approaches

In many cases, combining multiple classification methods leads to
improved accuracy and robustness in water body mapping. When
different approaches, such as machine learning, deep learning, and
threshold-based methods, are combined, the strategy is referred to as a
hybrid approach (Pimenta et al., 2025). Some studies have integrated
unsupervised classification and deep learning techniques, where deep
learning serves as a post-processing step to refine the initial results. One
such approach, called Unsupervised Curriculum Learning (UCL), was
used at a global scale for reservoir surface area determination (Abid
et al., 2021). Other research efforts have combined supervised classifi-
cation, deep learning, and ensemble methods to map water bodies more
accurately (He et al., 2017; Tian et al., 2024).

These studies demonstrate that leveraging the strengths of multiple
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algorithms can significantly enhance mapping outcomes. In a case study
focused on delineating small reservoirs from radar imagery in the semi-
arid Upper East Region of Ghana, a hybrid method combining unsu-
pervised and supervised classification was employed. Specifically,
Maximum Likelihood Classification was applied, with training data
provided using ERDAS Imagine (Annor et al., 2009).

3.5.4. Area generation from elevation data

Area generation from elevation data is another approach commonly
implemented directly within specialized software tools. It involves using
Digital Elevation Models (DEM) to delineate the extent of water bodies
based on terrain features. For instance, Khojiakbar et al. (2019) used
Global Mapper along with DEM data from the Shuttle Radar Topo-
graphic Mission (SRTM) to extract the contours of the Shtepa Reservoir
in Uzbekistan (Khasanov et al., 2019). Similarly, this method was
applied by Sichangi and Makokha (2017) for the surface area estimation
of Lake Victoria, based on the analysis of Landsat imagery combined
with elevation information (Sichangi and Makokha, 2017). This tech-
nique is particularly useful in areas where elevation differences clearly
define the boundaries of water bodies, offering an additional layer of
accuracy when optical or radar imagery alone is insufficient.

3.6. Optical sensors for reservoir water level/depth determination

The bathymetry determined by using satellite images is called
Satellite-Derived Bathymetry (SDB). The optical satellites used for
reservoir surface mapping are often the same ones employed for water
level and depth estimation. However, the key distinction lies in the
methods of image processing and analysis.

Water level or depth estimation using optical sensors is based on the
principles of Electromagnetic Reflectance (EMR) and the Inherent Op-
tical Properties (IOPs) of the water column. As the depth of water in-
creases, the radiant energy of the EMR in the visible wavelengths
decreases due to absorption and scattering within the water body
(Ashphag et al., 2021). In practice, water depth is not retrieved directly
from EMR or IOPs alone, but through radiative transfer models that use
these parameters as inputs to simulate the propagation of light in the
water column and infer bottom depth (Gould and Arnone, 1997;
Legleiter et al., 2009).

Several factors can limit the accuracy of measurements derived from
optical imagery, including atmospheric conditions (e.g., cloud cover,
aerosols), composition of the water column (e.g., dissolved organic
matter, chlorophyll), presence of suspended sediments, and actual water
depth (particularly in cases of high turbidity or very shallow waters)
(Ashphaq et al., 2021; Legleiter et al., 2009). The optical sensors
commonly utilized by researchers for reservoir water level and depth
estimation are summarized in Table 7.

3.7. Altimeters for reservoir water level/depth determination

Satellite altimetry is a remote sensing technique used to measure
surface elevation by calculating the time it takes for a signal to travel
from the satellite to the Earth's surface and back. Two main types of
altimeters are widely employed for water level estimation: radar al-
timeters and laser altimeters (Gao, 2015).

@® Radar altimeter

Radar altimeters are active sensors installed on various Earth
observation satellites. They operate by emitting radio frequency (RF)
pulses — typically in the range of 1.0 x 10* Hz to 3.0 x 10'! Hz - towards
the Earth's surface and recording the time delay of the reflected signal
(Birkett, 1994). These sensors can function under all weather conditions
and during both day and night, making them ideal for continuous
monitoring. Radar altimetry has been extensively used for monitoring
inland water levels and reservoir dynamics for several decades (67 % of
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Table 7
Some optical sensors for water level/depth estimation.
Sensor group Documented usage in Satellite Number of Temporal Spatial Coverage Availability Launch End
literature bands resolution resolution area date date
Medium Spatial 6 studies Landsat1-9  4to9 16 days 30-80 m Global Free 1972 -
Resolution Sensors 1 study IRSP6 LISS 4 24 days 23m Limited Free 2003 2013
111
4 studies ASTER 14 16 days 15 m-90 m Global Free 1999 -
6 studies Sentinel 2 13 5 days 10-60 m Global Free 2015 -
High Spatial Resolution 1 study GF1 4 4 days 1-16 m Limited Commercial 2013 -

Sensors

the studies). C-band SAR missions remain dominant, yet X-band con-
stellations (e.g., TerraSAR-X/TanDEM-X) and GNSS-R delay-Doppler
maps from CYGNSS are increasingly leveraged for sub-kilometer water
detection under heavy cloud (Li et al., 2021; Brendle et al., 2024).
Reservoir assessments with the SWOT KaRIn interferometer demon-
strate centimetric precision (0.10-0.30 m) even along narrow reaches
(Zhao et al., 2025). Improved retracking of Sentinel-3A SRAL waveforms
successfully help analyze water level over Qinghai Lake, Doroudzan
Dam reservoir, and Jiangsu Province lakes and reservoirs (Chen et al.,
2025; Xu et al., 2024; Ghanbari et al., 2024). Some commonly used
radar altimeters for water level estimation are listed in Table 8.

@ Laser altimeter

Laser altimeters — commonly referred to as LiDAR (Light Detection
and Ranging) — differ from radar altimeters in that they use light pulses
instead of radio waves. This gives them significantly higher spatial
resolution and accuracy (Falkner et al., 2007). One of the most widely
used laser altimeters is the Geoscience Laser Altimeter System (GLAS),
mounted on NASA's Ice, Cloud, and Land Elevation Satellite (ICESat).
The ICESat/GLAS system operates with a Pulse Repetition Frequency
(PRF) of 40 Hz and emits pulses at wavelengths of 1064 nm (infrared)
and 532 nm (green). It has a spatial resolution of approximately 60 m x
70 m and a revisit time of 180 days. ICESat was launched in 2003 and
remained operational until 2010. Data from GLAS has been widely used
in studies of water level variations in lakes and reservoirs (Girard et al.,
2025; Zhu et al., 2014; Arsen et al., 2013; Zhang et al., 2014b; Song
et al., 2013). ICESat-2 was launched in 2018 (Girard et al., 2025).

3.8. Satellite gravimetry

Satellite gravimetry involves the measurement of variations in the
Earth's gravity field over time. This method is particularly useful for
monitoring changes in terrestrial water storage, including groundwater,
surface water, and soil moisture at large spatial scales. The Gravity
Recovery and Climate Experiment (GRACE) mission, launched in 2002,
was one of the pioneering satellite missions in this domain. GRACE
provided valuable data for water level and mass change estimation and
contributed significantly to global hydrological databases such as

HYDROWEB, managed by the French Space Agency (Centre National
dEtudes Spatiales — CNES) (Keys and Scott, 2018). Following the
conclusion of the GRACE mission in 2017, the GRACE Follow-On (GFO)
mission was launched in 2018 to continue and enhance observations.
GRACE and GFO operate with a spatial resolution of approximately 400
km and a temporal resolution of about 30 days, making them suitable for
continental and regional-scale hydrological assessments rather than
small-scale reservoir monitoring. GRACE/GFO solutions were coupled
with Landsat areas to quantify 20-year storage trends in Poyang Lake
(Wang et al., 2024).

3.9. Approaches used for reservoir water level/depth determination

In many studies, researchers obtain water level data directly from
specialized online platforms and databases (Cheng et al., 2022; Singh
et al., 2015; Keys and Scott, 2018; Yuan et al., 2024). These platforms
include the Database for Hydrological Time Series of Inland Waters
(DAHITI), the Global Reservoir and Lake Monitor (GRLM), the U.S.
Department of Agriculture's Global Reservoir and Lake Elevation Data-
base, the French Space Agency's (CNES) HYDROWEB, the European
Space Agency's (ESA) River and Lake dataset, and the Global Lakes and
Wetlands Database (GLWD). The open-access GloLakes record
(1984-present) now provides harmonized altimetry-optical time-series
for >27 000 lakes/reservoirs worldwide (Hou et al., 2024). These re-
sources provide valuable, pre-processed water level data derived from
satellite observations, facilitating large-scale hydrological analysis.

A key limitation of this approach, however, is the uneven spatial
coverage — data availability is often limited in certain regions, particu-
larly in less monitored parts of the Global South. Nonetheless, these
platforms offer accessible and reliable datasets for many of the world's
large lakes and reservoirs, which can be freely downloaded for research
and operational purposes.

3.9.1. Specific approaches for altimeters

Extracting water level data using satellite altimeters is generally
straightforward, and in many cases, the specific methods employed are
not thoroughly detailed by the authors. For radar altimeters, the water
level is typically derived as the difference between the satellite's altitude
and the measured distance to the water surface. The basic equation used

Table 8

Some Radar altimeters used for water level estimation.
Satellite Temporal resolution Spatial resolution Coverage area Availability Launch date End date
Sentinel 1 12 days 5m*5m-5m*20m Global Commercial 2014 -
TerraSAR-X (TanDEM-X) 3 days 1.1-18.5m Global Commercial 2007 2010
Sentinel 3 SRAL 27 days 300 m * 1.64 Km Global Free 2016 -
ENVISAT 35 days 20 Km Global Commercial 2002 2012
ERS-1 & 2 2-7 days 50 Km Global Commercial 1991 2011
Topex/Poseidon 10 days 11 * 5.1 Km Global Free 1992 2005
Jason 1 & 2 10 days 11 * 5.1 Km Global Free 2001 2013
SARAL/Altika 35 days 8 Km Global Commercial 2013 -
Cosmo SkyMed 16 days 1-100 m Global Commercial 2007 -
RADARSAT-2 24 days 3-100 m Global Commercial 2002 2012
SRTM NA 30 m-90 m Global Free 2000 -
CYGNSS constellation 1 day 150-250 m Limited Free 2016

10
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for water level estimation is:

h=H — Ry — AR

where h is the water surface elevation, H is the satellite elevation above
a reference ellipsoid provided by a precise orbit solution, R, is the
observed altimeter range, and AR includes all range and geophysical
corrections (Gao, 2015).

The principle is almost the same for laser altimeters. It is also possible
to use the GLAS visualizer and National Snow and Ice Data Center
(NSIDC) GLAS Altimetry Elevation Extractor Tool (NGAT) to extract
water levels from ICESat images (Song et al., 2013).

3.9.2. Other approaches

Classifying the various approaches used to estimate reservoir water
levels can be challenging, as many methods overlap in their principles
and applications (Ashphaq et al., 2021). For instance, satellite gravim-
etry, particularly through Terrestrial Water Storage (TWS) anomalies,
provides indirect estimates of water level changes by detecting mass
variations in the Earth's gravity field. This type of data is often integrated
with other hydrological indicators. More broadly, authors typically
employ one or a combination of the following bathymetric estimation
methods.

@ Empirical SDB approaches

Empirical SDB methods rely on statistically derived relationships
between water surface area and corresponding water level or depth,
often using linear regression. These relationships assume that a consis-
tent correlation exists between surface area and water level over time.
Once a regression equation is established — typically from in situ mea-
surements or elevation data — it can be applied to estimate water levels
from satellite-derived surface areas.

A common approach involves using passive (e.g., Landsat, Sentinel-
2) and active (e.g., radar altimetry) satellite imagery to determine the
reservoir surface area, which is then input into the area - elevation
relationship to compute water levels (Codjia et al., 2025; Pipitone et al.,
2018; Munyaneza et al., 2009; Vickers et al., 2019; Velpuri et al., 2012).
For example, Hossen et al. (2022) developed a linear regression model
linking Sentinel-3 Radar Altimeter (SRAL) reflectance with in situ water
depth to estimate depth variations in the Aswan High Dam Lake (Hossen
et al., 2022).

In addition, elevation data from sources such as TerraSAR-X (Tan-
DEM-X), SRTM, and ASTER can be used to derive water levels. Chipman
et al. (2019) applied two different methods: the first estimated water
levels by identifying the mean shoreline elevation using fractional sur-
face area (eFrac) maps and a DEM; the second involved computing the
cumulative area of DEM pixels below successive elevation increments to
match observed surface areas (Chipman, 2019). Similarly, for the Itoiz
Reservoir in Spain, Militino et al. (2020) combined Landsat 8,
Sentinel-2, and DEM data and used RGISTools to estimate water levels
(Militino et al., 2020).

@ Al-based SDB

Machine learning approaches have increasingly been employed in
SDB to model complex, non-linear relationships between remotely
sensed data and water depth or elevation. These methods outperform
traditional empirical models in terms of flexibility and accuracy,
particularly in heterogeneous environments. Several machine learning
algorithms have been explored, including deep learning, supervised
classification algorithms, and ensemble classification methods.

In the realm of deep learning, Artificial Neural Networks (ANNs)
have been effectively utilized to model complex, non-linear relation-
ships between spectral data and water depth. For instance, Moses et al.
(2013) employed ANNs to derive bathymetric information from Indian
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Remote Sensing (P6-LISS III) satellite imagery, demonstrating the
capability of ANNs to handle high-dimensional data patterns (Moses
et al., 2013).

Supervised classification algorithms have also been applied to esti-
mate water depths from remote sensing data. Elshazly et al. (2021)
explored various algorithms, including Decision Trees, Bagging, Least
Squares Boosting (LSB), and Support Vector Machines (SVM), to pro-
duce bathymetric maps of Lake Manzala in Egypt using Landsat 8 im-
agery (Elshazly et al., 2021). Their study highlighted the effectiveness of
ensemble methods in handling complex water bodies.

Among ensemble classification methods, Random Forest (RF) clas-
sifiers have gained prominence due to their robustness and resistance to
overfitting. Sagawa et al. (2019) applied RF algorithms to
multi-temporal Landsat data across five different test locations,
achieving accurate bathymetric estimations in shallow waters (Sagawa
et al., 2019). Similarly, Yunus et al. (2019) demonstrated the effec-
tiveness of RF in various aquatic environments, reinforcing its applica-
bility in SDB (Yunus et al., 2019).

These machine learning approaches are typically implemented using
a range of software platforms, including ENVI, ArcGIS, Weka, Google
Earth Engine (GEE), SPSS, MATLAB, and ERDAS Imagine, facilitating
the processing and analysis of satellite-derived data for bathymetric

mapping.
@ Physics-based (Analytical) SDB

Physics-based approaches for SDB are grounded in radiative transfer
theory, particularly the application of Beer's Law, which models the
attenuation of light as it passes through and is scattered and absorbed by
the water column. These methods rely on analytical formulations to
retrieve bathymetric information, allowing for physically interpretable
and often more generalized results. One key application is the derivation
of visible bathymetry (VB) — the elevation range between the maximum
water extent and the water mask extracted from Digital Elevation
Models (DEMs) (Li et al., 2021). Getirana et al. (2018) outlined a sys-
tematic four-step methodology to estimate bathymetry based on VB:
combining water masks with water level measurements, stacking the
water masks by elevation, correcting them to account for errors or in-
consistencies, and finally generating bathymetric estimates by linking
elevation values to the water mask layers (Getirana et al., 2018).

Additionally, Baup et al. (2014) demonstrated a physics-based
method involving the estimation of the height of the reflecting water
surface using ENVISAT satellite imagery (Baup et al., 2014). By applying
the Virtual Altimetry Station (VALS) technique, they successfully esti-
mated the water level of Lake “La Bure” in southwestern France. Simi-
larly, Casal et al. (2020) employed a model inversion approach using
Sentinel-2 data to produce a bathymetric map (Casal et al., 2020). Their
method accounted for several inherent water column parameters such as
phytoplankton concentration, colored dissolved organic matter
(CDOM), particulate backscatter, and depth, thereby enabling a more
comprehensive and physically realistic estimation of underwater
topography.

@ Semi-Empirical SDB

Semi-Empirical SDB approaches are typically applied to optical sat-
ellite imagery and represent a hybrid between purely empirical and fully
physics-based models. These methods rely on simplified physical as-
sumptions while incorporating empirical calibration to improve per-
formance. Two widely used techniques in this category are the Band
Ratio and Band Difference methods, both of which trace their origins to
foundational studies by Stumpf et al. (2003) and Lyzenga et al. (2006)
(Stumpf et al., 2003; Lyzenga et al., 2006).

The Log-Ratio Model estimates depth (z) using a logarithmic ratio of
observed reflectance in different spectral bands. The Linear Band Model
represents depth as a linear combination of transformed radiance values
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across multiple spectral bands. Table 9 presents the formula for these
methods.

Several studies have successfully applied these models’ using imag-
ery from satellites like Landsat 8, GF-1, and Sentinel-2, processed with
tools such as Google Earth Engine (GEE), ENVI, and ArcGIS. For
instance, Nan et al. (2020), Traganos et al. (2018), Casal et al. (2019),
and El-Sayed (2018) demonstrated the feasibility and accuracy of these
semi-empirical approaches for deriving water depth across various
aquatic environments (Nan et al., 2020; Casal et al., 2019; El-Sayed,
2018; Traganos et al., 2018).

3.10. Approaches for reservoir volumes estimation

Estimating reservoir volume and its temporal variations is critical for
effective water resources management, particularly in data-scarce or
transboundary regions. However, satellite sensors cannot directly mea-
sure storage volume. Instead, reservoir volume is inferred from remotely
sensed parameters such as surface area and water level or depth, often
combined with in situ data or digital elevation models (DEMs) (Chawla
et al., 2020). Several methods and analytical approaches have emerged
to bridge this data gap, depending on the availability of field observa-
tions, satellite imagery, and terrain models. Approaches combining op-
tical surface area with altimetry or Digital Elevation Model (DEM) data
are the most common methods for determining water volume (approx-
imately 60 %). Water-level-volume regressions are used in about 25 %
of cases, while area-volume curves alone account for the remaining 15
%.

@ Surface area—based volume estimation

When historical or in situ bathymetric data are available, a mathe-
matical relationship (typically a polynomial or power function) can be
established between surface area and volume, known as the Area-
—Volume (A-V) curve. This curve enables the estimation of reservoir
volume on any date for which a satellite-derived surface area mea-
surement exists. Pereira et al. (2019) demonstrated this approach by
using Landsat-derived surface areas and fitted A-V relationships for
volume prediction (Pereira et al., 2019).

@ Water level-based volume estimation

Similarly, when water level measurements and corresponding stor-
age volumes are available, a Height-Volume (H-V) curve can be created.
Then, remotely sensed water levels — often derived from satellite
altimetry or radar imagery — can be used to estimate storage. This
approach is suitable for large reservoirs monitored over time. For
example, Baup et al. (2014) used this method to track volume changes in
French lakes using ENVISAT altimetry data, while Singh et al. (2015)
applied it in India (Baup et al., 2014; Singh et al., 2015). Lu et al. (2013)
estimated the volume of Lake Baiyangdian using the Volume Statistics

Table 9
Some Semi-Empirical SDB models.
Models/ Formula Reference
Algorithms
Log-Ratio = 1M7 mo Stumpf et al
Model In (an (Vj)>
(2003)

where Z is the depth, n is constant to ensure the
ratio remains positive under all values, yi and yj
are spectral bands, Rw is the observed
reflectance in band, my is the offset, and m; is a
gain.

z =hy— Z]Iil thj

where hy and each h; are constants defining a
linear relationship between X; and depth; X; is
transformed radiance for each of the bands 1-N.

Linear band

model Lyzenga et al.

(2006)
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module in ArcMap 9.3's 3D Analyst (Lu et al., 2013). This method re-
quires a DEM of the reservoir bed and a water surface elevation to
calculate the volume between the terrain and water surface. On the
other hand, Wang et al. (2021) applied non-linear regression models,
including the Myquart and Universal Global Optimization (UGO)
methods, to improve the accuracy of volume estimations by modeling
complex relationships between observed variables and reservoir volume
(Wang et al., 2021).

@® Volume based on combined water level and surface area

In some cases, only one variable (surface area or water level) is
remotely sensed, and the other is missing (Enkhbold et al., 2025). Here,
a relationship between the two variables — typically an Area-Height
(A-H) curve — can be established. Using this, the missing variable can be
inferred, and the existing H-V or A-V curve can be re-expressed in terms
of the observed quantity. This chain of transformations allows indirect
volume estimation from a single remotely sensed parameter. Arsen et al.
(2013) employed this multi-step approach to improve reservoir volume
estimates using only surface area data (Arsen et al., 2013).

@® Volume variations based on water level and surface area

Storage variation or temporal volume change (AV) is another key
metric that can be derived from multi-temporal satellite data on Water
level and Surface area. Song, Huang, and Ke (2013) proposed a simpli-
fied trapezoidal formula to calculate storage variation using sequential
measurements of surface area and water level (Song et al., 2013):

A1+ A;

AV, = 3

X (Hl — Hi—l)

where AV; is the storage variation during a given period; A;_; and A;
refer to the reservoir surface area at times i-1 and i, respectively; H; and
H;_; refer to the water level at times i—1 and i, respectively. This for-
mula assumes a linear change in surface area and water level between
time steps i—1 and i, allowing the estimation of volume change over the
period.

3.11. Performance of estimation

More than 86 % of the papers studied provide at least one quanti-
tative performance metric for their reservoir estimates. Table 10 shows
the main accuracy metrics used across the reviewed papers.

Most authors assess the accuracy of reservoir surface area estimation
with OA and Kappa (site-specific metrics) derived from confusion matrix
and then validate their results using RMSE or PE that compare remotely
sensed value to in-situ area records. OA values reach 99 % (Kappa up to
0.9) while RMSE and PE vary greatly depending on the size of the res-
ervoirs. The high spatial resolution of satellites and the use of advanced
machine or deep learning approaches contribute to better accuracy.
Nurwauziyah et al. (2018) demonstrated that using Pleiades imagery
with the Support Vector Machine (SVM) classifier yielded the highest
Overall Accuracy (78.6 %), compared to K-Nearest Neighbors (76.26 %)
and Decision Tree (68.41 %) (Nurwauziyah et al., 2018). An RMSE of
0.17 km? was achieved with multi-spectral 500 m Sentinel-3 SLSTR

Table 10
Main accuracy metrics used across the reviewed papers.

Metric Surface area studies Water level studies Volume studies
OA 23 - -

Kappa 17 - -

RMSE 104 21 11

R/R? 16 21 16

MAE 5 - -

Percent Error 7 - -
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swaths in an arid setting where reservoirs are large and turbidity is low
(Hossen et al., 2022). Overall, accuracy is primarily determined by pixel
size, cloud/shadow prevalence and aquatic vegetation (as demonstrated
by Codjia et al., 2025), as well as the threshold or classifier used (Codjia
et al.,, 2025). While radar mitigates the first two limitations, it can
introduce speckles, which degrades the detection of small reservoirs.
Multi-sensor fusion consistently outperforms single-sensor mapping of
reservoir extent. For instance, Schmitt (2020) study revealed that
combining Sentinel-1 and Sentinel-2 data produced an OA of approxi-
mately 98.5 % and a Kappa of around 0.97. In contrast, the best
single-sensor setup (Sentinel-2 alone) produced lower results, with an
OA of about 98.25 % and a Kappa of 0.96 (Schmitt, 2020). The fused
image stack reduced false positives and produced more coherent water
boundaries. However, limitations remained regarding very small bodies
of water due to the 20-m SWIR inputs.

For water-level studies, the preferred statistic is RMSE, which is
typically presented alongside R or R? to indicate the goodness of fit.
Across the case studies, the RMSE varies from a few centimetres to
approximately 10 m, depending on the sensor and the retrieval model
used. ICESat-2 and Sentinel-3 SRAL are the most accurate (3-10 cm), but
this is only true if the waveforms are re-tracked and tied to on-site
gauges (e.g. Zhu et al., 2014 (Zhu et al., 2014)). In estimating water
level using the Log-transformed Band Ratio Model, Yunus et al. (2019)
reported Root Mean Square Errors (RMSEs) ranging from 1.99 to 4.84 m
with Sentinel-2 data, and from 2.5 to 5.67 m with Landsat 8 (Yunus
et al., 2019). The higher spatial resolution of Sentinel-2 contributed to
better accuracy. Accuracy is controlled by the spatial resolution, the
vertical precision of the sensor and the retracking algorithm, as well as
the temporal mismatch between remote observations and gauge records.
The method used also affects accuracy, along with optical interference
by clouds, shadows or suspended sediment for passive sensors.

As volume estimation combines the errors of both area and level,
authors rely mostly on RMSE and R The most accurate method for
deriving volume is based on the use of water level-area (H-A) dataset.
Girard et al., 2024 demonstrated that using ICESat-2, Sentinel-3 and
synchronous area polygons from Sentinel-2, yielding normalized RMSE
between 2.3 and 12.1 % (Girard et al., 2025). When a single area-
-volume (A-V) regression is fitted to a historic bathymetric survey and
the results are compared with those from an optical sensor estimation,
RMSE is usually between 3 % and 10 %. Baup et al. (2014) reported an
RMSE between 0.2 hm® and 0.12 hm? for lake “La Bure” (Baup et al.,
2014). Therefore, the governing accuracy controls are the temporal
density of water level measurements, the spatial resolution and
cloud-free availability of shoreline imagery, how fresh and complete the
bathymetric data is, and the H-A relationship. Also important is the
degree of temporal synchrony between height and area estimation.

3.12. Recommendation on reservoir physical characteristics estimation

The selection of appropriate remote sensing parameters — namely
spatial, temporal, and spectral resolutions — must align with the physical
characteristics and monitoring objectives of the target reservoir. Spatial
resolution should correspond to reservoir size to ensure accurate
detection. Temporal resolution influences monitoring frequency, with
higher spatial resolution sensors often exhibiting lower revisit rates. For
instance, MODIS captures daily imagery at 250-1000 m resolution,
while Landsat, with its 30 m spatial resolution, has a 16-day revisit cycle
(Garcia et al., 2016).

The choice of sensor type is equally critical. Active sensors, partic-
ularly Synthetic Aperture Radar (SAR), offer the advantage of all-
weather monitoring by penetrating cloud cover and, in the case of L-
band SAR (15-30 cm wavelength), even vegetation canopies (Ottinger
and Kuenzer, 2020). However, SAR data often suffer from low spatial
and temporal resolution, presence of speckles in the images, and
restricted accessibility, limiting their operational use.

Multi-sensor data fusion improves reservoir mapping by combining
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the strengths of different sensors. For example, SAR can overcome
clouds and shadows, while optical sensors provide fine spectral detail.
This combination fills gaps and stabilizes surface-area time series across
seasons. However, it also introduces practical constraints. Sensors differ
in their revisit cycles, spatial resolution, and viewing geometry. There-
fore, same-day inputs are often unavailable, making true daily moni-
toring difficult. Careful harmonization is also required to avoid
inconsistencies.

Hybrid approaches, combining spectral water indices and advanced
classification methods, are recommended for delineating water surfaces.
The integration of water indices with ensemble learning techniques such
as Random Forest (RF) has proven robust, including small reservoirs
(Codjia et al., 2025; Ghansah et al., 2022). Used alone threshold-based
water index methods deliver mean overall accuracies of about 86 %
and image-classification approaches including machine learning and
deep learning always exceed 90 % accuracy, with CNN reaching 98-99
%.

For small reservoirs, many altimetry and gravity satellites are un-
suitable due to their coarse spatial resolution, limiting their ability to
capture fine-scale variations. While satellite altimetry can provide reli-
able water level measurements (Velpuri et al., 2012), the low temporal
resolution of both radar and laser altimeters constrains their use for
continuous monitoring (Gao, 2015). Optical sensors offer a more prac-
tical alternative due to their higher spatial and temporal resolution, but
their effectiveness is influenced by factors such as water clarity, depth,
and surrounding vegetation (Codjia et al., 2025). In this context,
empirical and machine learning models have proven more adaptable
than physics-based or semi-empirical approaches, particularly when
environmental variability is high. However, aligning in situ water level
measurements with satellite acquisition times can pose logistical chal-
lenges. A promising solution involves integrating digital elevation model
(DEM) data, such as SRTM, with optical imagery from platforms like
Sentinel-2 - a method successfully applied by Militino et al. (2020) using
R-GIS tools (Militino et al., 2020). Given these insights, the automation
of water extent and water level estimation processes is strongly rec-
ommended to enable efficient, routine monitoring of small reservoirs.

Accurate volume estimation typically requires in situ validation data,
which are often unavailable in ungauged reservoirs. As a result, direct
volume estimations from satellite data must be interpreted cautiously.
Volume can be estimated using either the surface area—volume curve or
the water level-volume curve, depending on which input variable
(surface area or water level) has higher accuracy. These methods typi-
cally achieve mean errors between 10 % and 20 %. Time-series analysis
of volume variation based on these inputs is also recommended.

4. Conclusion

Reservoirs are strategic infrastructures for water storage, supply
regulation, irrigation, and climate resilience — particularly in regions
facing increasing water stress due to climate variability. The review of
satellite-based approaches to estimating reservoir surface area, water
level, and volume reveals significant progress in remote sensing tech-
nologies, yet also underscores critical methodological, technical, and
contextual limitations that must be addressed to enhance their opera-
tional utility.

The evolution of satellite missions — ranging from optical to radar
and altimetry sensors—has enabled more frequent and spatially detailed
observations of water bodies. However, limitations persist with respect
to sensor trade-offs (e.g., spatial vs. temporal resolution), data accessi-
bility, and the adaptability of certain techniques across diverse
geographic and ecological settings. While SAR and altimetry provide
significant advantages under cloud or canopy cover, their coarse spatial
resolution or restricted coverage hampers their standalone application
in small or fragmented reservoirs. Similarly, optical sensors, although
widely available and detailed, can be affected by atmospheric interfer-
ence, turbidity, and seasonal vegetation growth around reservoirs.
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Among the methods reviewed, hybrid techniques combining spectral
indices, machine learning, DEM integration, and ensemble classification
emerge as the most robust for surface area extraction and water level
estimation. Nevertheless, accurate volume estimation continues to
depend on auxiliary data such as bathymetric surveys or in situ valida-
tion, which are often unavailable or outdated, particularly in remote or
ungauged basins.

The study also highlights the lack of standardized workflows or
universally accepted accuracy metrics for evaluating remote sensing-
based reservoir estimations. While a variety of accuracy indicators —
such as Precision, Recall, POD, Kappa coefficient, mIoU, and others —
have been employed across studies, their inconsistent application limits
comparability and validation. Furthermore, automated monitoring sys-
tems, although technically feasible, remain underutilized in practice due
to computational, infrastructural, or capacity constraints in many low-
resource settings.

In view of these gaps, future research should prioritize the devel-
opment of integrated, open-access platforms that combine multi-source
satellite data, in situ observations, and Al for near-real-time reservoir
monitoring. Efforts should also focus on customizing methodologies to
local contexts, especially for small and seasonal reservoirs that dominate
semi-arid and tropical regions. Long-term validation studies using
harmonized accuracy metrics across diverse biophysical and climatic
zones are essential to ensure comparability and robustness of results.
Interdisciplinary collaborations between hydrologists, remote sensing
scientists, data engineers, and local water managers to co-design oper-
ational tools and data pipelines, will be required to advance this field.
Finally, sustained policy and institutional support is crucial to ensure
that remote sensing products are effectively translated into actionable
water governance strategies and planning frameworks.

Ultimately, advancing the reliability and applicability of satellite
remote sensing for reservoir physical characteristics estimation offers a
transformative opportunity. It can strengthen early warning systems,
inform climate-smart agriculture, and support equitable water alloca-
tion - contributing meaningfully to resilience-building and sustainable
development in vulnerable regions.
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