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Introduction
The Brazil has experienced water crises that have affected human 

supply, agriculture, navigability and energy generation.1 According 
to2 conflicts involving the Brazilian Electric System are caused by 
recent water crisis involving their companies and their management 
sector. As popularly known, most of it is caused by critical low dam 
reservoirs levels. Sedimentation is another important reason that 
affects the level of dam reservoirs, being the most important factor 
in reducing the volume and their useful life.3 Reservoir Water Level 
(RWL) and Surface Water Area (SWA) are crucial physical parameters 
in water resource management, and stand for good indicators of 
climate change impacts.4–6 Accurate and up-to-date databases on RWL 
and SWA and their spatial distribution are needed in surface water 
mapping, periodic estimates for consumption and irrigation, wetland 
conservation, and ecological environmental assessment.7 Traditional 
approaches to monitoring RWL in reservoirs use in situ measurement. 
However, in large reservoirs, it is impractical to install and maintain 
the sufficient number of measurement stations.8,9 It is necessary a 
huge amount of measuring devices to monitor every subbasin and 
finally compute the entire reservoir volume. Althought, water level is 
found to be intimately associated with superficial area for a particular 
reservoir and can be adequately used to estimate RWL.10–12

Remote sensing (RS) data is ideal for estimating SWA. Relationship 
between RWL and SWA in reservoirs, derived from orbital sensors, 
allows the estimation of these parameters based on the dynamic 
behavior of the covering area. Many studies have demonstrated that 
Optical L8 and S2 images are very useful to separate the water sheet 
from other covers.13 Although, there are several methods for water 
volume and level estimation, they lack generalization. One reason 
is that there are widespread differences in the parameters of many 
remote sensing sensors, and classification rules are often defined for 
remote sensing images from several sensors.14

Literature has demonstrated that differences in reflectivity for 
water and non-water bodies can be adequately extracted from spectral 

indices.15 Spectral water indices are more accurate compared to other 
methods such as classification techniques, or linear unmixing.7,16,17 
Among the spectral indices of water most used in the literature, in18 the 
authors developed the Normalized Difference Water Index (NDWI) 
using green and near-infrared (NIR) spectral ranges to maximize 
water characteristics.18 replaced NIR with shortwave infrared (SWIR) 
and derived the modified NDWI (MNDWI). 

Radar images are used to separate water sheets from other covers, 
with the advantage that clouds and fog are not a concern.20 Radar 
backscatter is sensitive to the moisture content and harshness of the 
landscape. The Sentinel-1 sensor’s C-band penetrates clouds and 
thick canopies.21 Satellite altimetry (RA), originally used for ocean 
surface topography, has been tested for rivers, lakes, and reservoirs 
with great results.22 In the case of small reservoirs, the precision of 
water level time series derived from satellite altimetry is mainly ruled 
by the seasonal variability of the water storage.23

The cloud-based platform Google Earth Engine (GEE) is very 
convenient in large-scale analysis to understand long-term24 changes 
in reservoirs.25 There are many advantages for using radar data over 
optical satellite data. The wavelength of the radar signal together with 
the active satellite sensor allows data acquisition at any time of the 
day and regardless of weather conditions.26 Bodies of water are seen 
as dark regions in the image, due to the reduced back scattering of the 
radio signal transmitted from a smooth surface. The roughness of the 
water is what defines its value and not its color properties as we are 
used to with optical images.26

In this work, we aim to employ a large-scale multi-source and 
multi-temporal database to estimate RWL and SWA in reservoirs using 
consolidated estimation metrics based on invariant indices and remote 
sensing data. For optical imaging, the water spectral index method is 
a multiband extraction method commonly used in remote sensing to 
select significance thresholds between a body of water and non-water. 
For radar images, backscatter data is used, appropriate thresholds in 
decibels (dB) are selected to measure wave scattering.
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Abstract

The Brazilian electrical system has gone through conflicts resulting from recent water 
crisis. Timely indicators are crucial for properly acting in order to mitigate upcoming 
problems. In this work we evaluate the potential of Reservoir Water Level (RWL) and 
Surface Water Area (SWA) indices for estimating physical parameters in the management 
of water resources. We tested Landsat 8 (L8) and Sentinel-2 (S2) optical image time series, 
Sentinel-1 (S1) radar, spectral indices and validation with Jason-3 (J3) altimetry. The 
methodology was developed in the Google Earth Engine (GEE) operational routine, which 
streamlined the SWA mapping. The best results were between S2 and NDWI and threshold 
0, with R² = 0.88 and RMSE of 11.59 km². As main limitations, we highlight the cloud 
cover for the optical images, which can decrease the temporal sampling, as well as the SAR 
backscatter response in the presence of bare soil and aquatic vegetation. We could attest that 
periodic remote sensing data are particularly useful for timely updating spatial variations of 
RWL and SWA in reservoirs.

Keywords: water resources, spectral indexes, google earth engine, sentinel-1, sentinel-2, 
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Based on L8 and S2 optical images of 30 meters and 10 meters 
of spatial resolution respectively, S1 radar images of 10 meters and 
J3 altimetry data with 3.3 cm accuracy used for validation, satellite 
measurements (or orbital data) are used to update the spatial and 
temporal variations of SWA in reservoirs. Studies have already tested 
the accuracy of the estimates of these sensors separately, but none 
has verified the accuracy of both for a reservoir, indicating the best 
parameters and thresholds, operating within a dynamic, accessible, 
fast and free cloud platform.

Materials and methods
We selected as a study area the reservoir of the Itaipu hydroelectric 

plant, located in South America on the Brazil-Paraguay border (Figure 
1). The Itaipu Reservoir, one of the largest producers of hydroelectric 
power in the world, is located in the western region of the State of 
Paraná, in southern Brazil. The reservoir is 170 km² long, has an 
average width of 7 km, an average depth of 22 m, 170 m close to the 
dam, a minimum water level of 197 m and a maximum of 220 m. The 
Itaipu dam is the most down-stream in the Paraná Basin, and receives 
a positive contribution from all Paraná Basin reservoirs. Regardless 
of change in the country’s energy storage, the flooded area of the 
reservoirs around Itaipu, does not vary substantially.26

Figure 1 (a) Location of the Itaipu reservoir (red square) in relation to South 
America; (b) Regional location of the Itaipu reservoir on the Brazil-Paraguay 
border; (c) Expanded map of the extension of the Itaipu reservoir.

The climate of the western region of Paraná State is classified as 
humid subtropical (Cfa, according to the Köppen classification). The 
average monthly temperature is above 22°C in the summer period. 
The average annual precipitation varies from 1600 to 1700 mm in the 
studied region. Agriculture is the main land use in the basin area. The 
predominant soil type is the Latosol, which corresponds to soils in 
advanced stages of weathering, typical of both equatorial and tropical 
regions, also occurring in sub-tropical zones. Latosols are mainly 
distributed over large and old erosion surfaces or river terraces, 
usually in flat and undulating relief.28

Methodological flowchart

The flowchart shown in Figure 2 provides the general structure of 
the pipeline methodology for determining the surface water area in 
large reservoirs. Methodology steps will be detailed in what follows.

Figure 2 Summary flowchart of the methodology.

Data set: time series of satellite imagery and altimetry

We used data from synthetic aperture radar S1 and multispectral 
L8 and S2 images, processed in the GEE platform. All the data was 
validated using J3 altimeter. The analysis period was between 2019 
and 2021, due to the availability of S2. Images have a maximum delay 
of 5 days with J3. The products used are described below.

a) S1: C-band data from Sentinel-1 in Interferometric Wide Swath 
(IW) mode was designed to acquire images of Earth surfaces. In IW 
mode it has dual polarization with vertical transmission and vertical 
reception (VV) and vertical transmission and horizontal reception 
(VH) and spatial resolution of 10-meter. We used the Level 1 Ground 
Range Detected (GRD) product pre-processed in the GEE to derive 
the backscatter co-efficient at each pixel. The VV and VH polarized 
data were selected to map the water surface. To cover the reservoir, it 
was necessary to mosaic two SAR images for each date, totaling 66 
dates;

b) L8: The Landsat 8 Surface Reflectance Tier 1 multispectral 
images available on the GEE are derived from the Landsat 8 OLI / 
TIRS sensors. The images were orthorectified and atmospherically 
corrected to obtain surface reflectance. The bands used were 3 
(green), 4 (red), 5 (near infrared) and 6 (medium infrared) with a 
spatial resolution of 30 meters. Two Lansdat-8 images were merged 
to cover the reservoir on each date, totaling 16 dates;

c) S2: S2 multispectral images with level 2A processing are 
available in the GEE, orthorectified and atmospherically corrected 
for surface reflectance values. Bands 3 (green), 4 (red) and 8 (near 
infrared) with a spatial resolution of 10-meter and band 11 (short 
wave infrared) of 20-meter were used. To cover the reservoir, it 
was necessary to merge 3 Sentinel-2 images for each analyzed date, 
totaling 33 dates;
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d) Jason-3: RWL data acquired every 10 days from the US 
Department of Agri-culture, Global Reservoirs and Lakes Monitor 
website (USDA G-REALM; https://ipad.fas.usda.gov/cropexplorer/
global_reservoir) was used for validation, due to its high accuracy 
and consistency with 3.3 cm in reservoirs with a width greater than 
100 m.29,22,30

Generation of SWA time series

GEE combines a multi-petabyte catalog of satellite imagery and 
geospatial datasets with planetary-scale analysis capabilities.31,32 
Scientists, researchers, and developers use Earth Engine to detect 
changes, map trends, and quantify differences on the Earth’s surface. 
The GEE hosts complete and up-to-date S1, S2, and L8 data files. 
We produced temporally distributed water masks and calculate the 
maximum SWA extent included for each date, with selection of 
suitable thresholds. As mentioned before, water bodies are determined 
by texture levels in radar images. For S1, we used thresholds between 
-24 and -18 decibels (dB) in the VH band and between -15 and -5 dB 
in the VV band.33 For S2 and L8, the water spectral index method is 
a commonly used multi-band extraction method, which is combined 
with other remote sensing indices to select the threshold of significant 
difference between a water body and a non-water body. We used the 
spectral index NDWI18 Eq (1) and MNDWI19 Eq (2), widely used and 
robust in water extraction, and applied suitable thresholds for water 
and non-water pixels 0.0, 0.1, and 0.2.

NDWI = (Green-NIR)/(Green+NIR) (1)

MNDWI = (Green-SWIR)/(Green+SWIR) (2)

Where: NDWI is the Normalized Difference Water Index; 
MNDWI is Modified Nor-malized Difference Water Index; Green 
is the reflected green visible light; NIR is the reflected near-infrared 
energy; SWIR is the reflected short-wave infrared energy.

Accuracy assessment 

For each image of sensors S1, S2 and L8, the SWA was calculated 
for the thresholds described in section 2.3. Validation was performed 
using data from J3 altimetry water levels. J3 data is not as frequent 
as S1, S2, and L8 imagery, but some dates with occurrence of 
simultaneously acquisition were used for assessing purposes. In order 
to evaluate correlation, the coefficient of determination (R²) and the 
root mean square error (RMSE) were calculated to verify the imaging 
sensor with the highest relation-ship with J3 for greater reliability in 
the SWA calculation.

Results and discussions

SWA and RWL relationship and better thresholds

Based on R² and RMSE (Table 1), the linear model that described 
the best relationship between SWA and RWL was S2 and NDWI and 
threshold 0, with R reaching 0.94, R² = 0.88, and RMSE =11.59 km². 
In general, multispectral sensors exhibited better results with L8 and 
NDWI and threshold 0, with R reaching 0.91, R2 = 0.83, and RMSE 
less than 15 km². S1 was less satisfactory in the HV band (R² = 0.45 
for thresholds between -23 and -24 dB and the VV band (R² equals 
0.61 for the -14 dB threshold). Areas near the reservoir edge were 
sources of S1 error, mislabeling water pixels to exposed soil and wet 
areas with aquatic vegetation (Figure 3), especially when the water 
level was lower, causing SWA overestimation.

Table 1 Relationship between SWA and RWL in the reservoir

Satellite Parameters Thresholds R R² RMSE Km²
Sentinel-1 HV -24 0.67 0.45
S1 -23 0.67 0.45 13.59

-22 0.63 0.4
VV -15 0.73 0.53

-14 0.78 0.61 14.37
-13 0.75 0.57

Landsat 8 MNDWI 0 0.91 0.83 14.46
L8 0.1 0.91 0.82

0.2 0.9 0.81
NDWI 0 0.9 0.81

0.1 0.91 0.82 16.85
0.2 0.87 0.75

Sentinel-2 MNDWI 0 0.93 0.87 11.98
S2 0.1 0.93 0.86

0.2 0.93 0.86
NDWI 0 0.94 0.88 11.59

0.1 0.93 0.86
0.2 0.9 0.81

Figure 3 In the center of the Image: Spatial distribution of the water surface 
of the Itaipu reservoir on the date 08/08/2021 in true RGB432 composition 
by the S2 sensor SWA and RWL time series. In the column on the left we have 
a comparison between the sensors with their best parameters for the region 
the (red rectangle). in the column on the right we have a comparison between 
the sensors with their best parameters for the region (yellow rectangle).

Water spectral indices for determining SWA are important for 
establishing the optimal threshold for separating water and non-
water pixels.34 The optimal index depends on the environmental 
characteristics of the study area, including topography and shadows.35 
The factors that affect the quality of the water mask are different in 
optical and radar observations. In S1, water detection occurs in low-
backscatter areas.36 When the water body is near wetlands, the SAR 
response affects low-signal zones on water surfaces.36 Our results 
agree with37 that VV polarization is better for differentiating water and 
non-water areas compared to VH. Among multispectral sensors, our 
results agree with,38,39 which state that S2 is better than L8 considering 
its spatial and spectral ability to identify water pixels and other 
coverages. In40,9 the authors used Landsat 8 water spectral indices to 
analyze the spatio temporal dynamics of the reservoir.
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 Both SWA and RWL time series were derived from S2 and J3, 
which obtained the best discriminating features. Figure 4 contains 
33 points, representing the time lapse between 2019 and 2022. The 
SWA ranged between 1140.2 Km² and 1271.51 km², and the RWL 
ranged between 215.69 m and 220 m. Figure 4 shows the S2 time 
series of SWA and RWL, while Figure 5 shows the scatterplot of the 
S2 and J3 data. The works of41,42 found that satellite imagery allows 
the analysis of spatiotemporal variability in res-ervoirs without the 
requirement of in situ data. A major advance in studying reservoirs 
with no ground-based observations. J3 data have an error of fewer 
than 0.30 m and are satisfactory for water height in reservoirs wider 
than 100 meters.26,20,28 In this study, the maximum time lag between 
the orbital image acquisition and the J3 passage was 5 days. Longer 
delay may lead to an increased SWA detection error. Using J3 for 
validation was appropriate due to its high accuracy22,30 while using 
GEE allowed automating the methodology and process large datasets 
(Big Earth Data).43

Figure 4 SWA and RWL time series. The gray columns represent the 
reservoir level in m by the J3 sensor, and the blue line represents the surface 
area data in Km² by the Sentinel 2.

Figure 5 Scatterplot showing the relationship between SWA (Sentinel 2) and 
RWL (Janson-3) data.

Conclusion
This paper presented an approach to estimating the time series of 

SWA and RWL variations in reservoirs by combining orbital imagery 
processed in GEE and J3 altimetry. GEE expedited the mapping of 
SWA and allowed significantly reduced time and costs in reservoir 
monitoring. Assessing showed considerable agreement between 
estimated and observed measures, while SWA and RWL time series 
from S2 and J3 obtained the best settings. The indirect estimation of 
important reservoir parameters is able to provide a rapid and reliable 
water condition. As main limitations, we highlight the cloud cover for 
the optical images, which can decrease temporal sampling, as well 
the SAR backscatter response in the presence of bare soil and aquatic 
vegetation.
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