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Abstract: Continuous monitoring of surface water resources is often challenging due to the lack of
monitoring systems in remote areas and the high spatial distribution of water bodies. The Google
Earth Engine (GEE) platform, which houses a large set of remote sensing datasets and geospatial
processing power, has been applied in various aspects of surface water resources monitoring to
solve some of the challenges. PyGEE-SWToolbox is a freely available Google Earth Engine-enabled
open-source toolbox developed with Python to be run in Jupyter Notebooks that provides an easy-to-
use graphical user interface (GUI) that enables the user to obtain time series of Landsat, Sentinel-1,
and Sentinel-2 satellite imagery, pre-process them, and extract surface water using water indices,
such as the Normalized Difference Water Index (NDWI), Modified NDWI (MNDWI), Automated
Water Extraction Index (AWEI), and Dynamic Surface Water Extent (DSWE). The validation of the
toolbox is carried out at four reservoir and lake locations: Elephant Butte Lake, Hubbard Creek
Reservoir, Clearwater Lake, and Neversink Reservoir in the United States. A time series of the water
surface area generated from PyGEE-SWToolbox compared to the observed surface areas yielded good
results, with R2 ranging between 0.63 and 0.99 for Elephant Butte Lake, Hubbard Creek Reservoir,
and Clearwater Lake except the Neversink Reservoir with a maximum R2 of 0.52. The purpose of
PyGEE-SWToolbox is to provide water resource managers, engineers, researchers, and students a
user-friendly environment to utilize the GEE platform for water resource monitoring and generation
of datasets. The toolbox is accompanied by a step-by-step user manual and Readme documentation
for installation and usage.

Keywords: surface water monitoring; remote sensing; Google Earth Engine; surface water hydro-
graph; satellite imagery; surface water extraction; Dynamic Surface Water Extent (DSWE)

1. Introduction

Information on the spatial and temporal dynamics is vital to the management and
protection of water resources. Given the vast spatial distribution of surface water resources,
conventional methods of monitoring have become difficult and expensive, particularly
in remote areas. Remote sensing technologies have increasingly become an appealing
alternative [1]. Remote sensing methods have been applied in monitoring of various
water resources, such as flood monitoring [2], satellite-derived bathymetry [3], wetland
inundation dynamics [4], shoreline extraction [5] and gap-filling of time series data [6].

Climate change is expected to have adverse impacts on water resources, which could
have enormous environmental and economic implications [7]. Climate change results
in alterations in hydrological regimes, such as changes in precipitation and temperature
patterns, resulting in changes in water quantity and quality [8,9]. To assess the impacts
of climate change on water resources, historical baseline data on the dynamics of these
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resources are required to quantify the extent of change. Generating historical data on a
large spatial and temporal scale requires the application of remote sensing methods to
augment the limited or no-data regions. Analyzing large sets of remote sensing data for a
very long period requires expensive computing resources and extensive man-hours. The
Google Earth Engine (GEE) [10] platform provides the usability of satellite imagery for
large-scale applications. The GEE platform offers easy access to, manipulation of, and
analysis of a large volume of geospatial data [4].

GEE’s conventional use requires users to be capable of writing JavaScript codes
using the GEE online Code Editor or Python codes using the GEE Python API to perform
geospatial analysis [10,11]. For some researchers and water resource managers with limited
programming experience or who are unfamiliar with the programming languages required
to communicate with the GEE platform, this may be problematic.

The significance of this study is to introduce a new open-source toolbox developed by
the authors with a graphical user interface (GUI) called PyGEE-SWToolbox to support users
with little to no knowledge of the use of the GEE platform and its coding requirements as a
solution to some of the challenges faced by non-programmers in utilizing the GEE platform.
The toolbox combines existing GEE python packages, our developed codes, and some
existing implementations under a comprehensive framework for retrieving, processing,
and analyzing geospatial datasets for surface water analysis. The toolbox is intended for
researchers, water resource managers, planners, and students who would like to utilize the
geospatial datasets and cloud computing power of the GEE platform to monitor changes in
surface water resources. Practical applications of the PyGEE-SWToolbox to some selected
reservoirs and lakes in the USA are illustrated.

2. Methods
2.1. Toolbox Development and Capabilities

The toolbox was developed with Python version 3.8 (compatible with higher versions)
in Jupyter Notebook [12]. The toolbox uses the GEE Python API to communicate with the
GEE platform for data retrieval, processing, and computations. A GEE account is required
to authenticate the GEE python API. The toolbox relies heavily on geemap [13], a Python
package for interactive mapping with GEE, ipyleaflet, and ipywidgets. It combines other
freely available Python packages, such as geetools, eemont [14], hydrafloods, Numpy, and
pandas. Plotly Python package is used for interactive time series plotting. The capabilities
or functionalities of the PyGEE-SWToolbox can be summarized as follows:

• retrieve and process satellite imagery from the GEE platform;
• extract surface water from satellite imagery;
• perform water occurrence frequency analysis;
• visualize satellite imagery, water extent maps, and computed water occurrence maps;
• generate a time series of surface water dynamics and export time series to CSV format;
• estimate water depth using surface water extent and digital elevation models (DEMs);
• export satellite imagery and computed maps to a Google Drive or download them to

the user’s local computer.

The toolbox runs in a conda environment where the required python packages have
been installed. The creation of the conda environment and installation of the required pack-
ages have been detailed in the accompanying toolbox user manual. Although the toolbox
was developed and tested on a Windows platform, it can be run on all operating systems
that support a conda environment. The toolbox has been designed with a presentation layer,
which is the GUI that handles user input requirements and displays the processed satellite
imagery, computed water maps, and time series of surface water dynamics.The GUI runs
in a Jupyter Notebook within a web browser with an internet connection. Retrieval and
processing of satellite imagery are carried out on the GEE platform. No processing of
satellite imagery or computation of water maps are carried out on the user’s computer
except the display of imagery.
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PyGEE-SWToolbox provides the means to export or download satellite imagery and
computed water maps to the user’s Google drive or to a local drive. The output can be
imported into other GIS applications. Figure 1 shows the framework of the toolbox, i.e., the
steps and components involved in the process to obtain satellite imagery and extract the
surface water for analysis. Figure 2 shows a screenshot of the GUI of PyGEE-SWToolbox.

Figure 1. Flow chart of the operational framework and functionalities of PyGEE-SWToolbox.

2.2. Available Satellite Imagery

PyGEE-SWToolbox provides easy access to all surface reflectance images from Landsat
4 (ETM), Landsat (ETM), Landsat 7 (EMT+), and Landsat 8 (OLI) Collection 1 Tier 1 image
collections, as well as Sentinel-1 Synthetic Radar Aperture (SAR) and Sentinel-2 multi-
spectral imagery (MSI). Furthermore, the National Agricultural Imagery Program’s (NAIP)
high-resolution imagery is available, which is limited to the US. The choice of which
Landsat mission to be used for an area of interest is figured out by the toolbox based on
the user-specified dates with a preference for newer missions. The Landsat 7 imagery
is limited to the periods 1999/01/01–2003/05/31 (before the Scan Line Corrector (SLC)
failed) and 2012/05/05–2014/04/11 to fill the gap between the end of Landsat 5 and the
beginning of Landsat 8 data collection. The Landsat 7 spacecraft carries an SLC instrument
that compensates for the forward motion of the satellite that failed on 31 May 2003. Without
an operating SLC, the sensor’s line of sight traces a zig-zag pattern along the satellite
ground track, which leaves data gaps (https://www.usgs.gov/landsat-missions/landsat-7
accessed on 03 February 2022). All images retrieved based on selected satellite mission
and study period are pre-processed (described in the following section) and clipped to the
user’s area of interest (AOI) on the GEE server and not downloaded to the user’s computer.
The imagery is viewed using the PyGEE-SWToolbox Mapper, which is connected to the GEE
server. The toolbox utilizes the Red, Green, Blue, Near-Infrared (NIR), Shortwave-Infrared
1 (SWIR1), and Shortwave-Infrared 2 (SWIR2) bands of the Landsat, Sentinel-2, and NAIP
imagery for surface water analysis. The pixel_qa and QA60 bands of the Landsat and
Sentinel-2, respectively, are used as quality control bands.

https://www.usgs.gov/landsat-missions/landsat-7
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Figure 2. A screenshot of the GUI of PyGEE-SWToolbox.

The list of available satellite imagery including their time of coverage, temporal, and
spatial resolution is summarized in Table 1

Table 1. Summary of available satellite imagery datasets that can accessed in PyGEE-SWToolbox.

Satellite Mission Time Coverage Temporal Resolution Spatial Resolution

Landsat 4 (ETM) 1982–1993 16 days 30 m
Landsat 5 (ETM) 1984–2012 16 days 30 m

Landsat 7 (ETM+) 1999–present 16 days 30 m
Landsat 8 (OLI) 2013–present 16 days 30 m

Sentinel-1 2014–present 6 days 10 m
Sentinel-2 2017–present 6 days 10 m–20 m

NAIP 2004–present 2–4 years 1 m
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2.3. Image Pre-Processing

The satellite imagery retrieved using the parameters set by the user undergoes the
pre-processing methods described in the following sub-sections.

2.3.1. Cloud Masking

The Landsat and Sentinel-2 imagery available on the GEE platform have a cloud cover
percentage property, which is used to filter the images retrieved based on a user-defined
cloud cover threshold. The quality assessment bands provided by the data provider contain
a per-pixel cloud mask that is further used to mask out contaminated pixels in the filtered
image collection.

2.3.2. Down-sampling

The SWIR1 and SWIR2 bands of the Sentinel-2 images have a 20 m spatial resolution
as compared to the 10 m resolution of the Red, Green, Blue, and NIR bands. The 20 m
bands are down-sampled to 10 m using bilinear interpolation.

2.3.3. Speckle Filtering

Speckle noise inherent in the Sentinel-1 datasets undergo speckle filtering using the
user-selected filtering algorithms available in PyGEE-SWToolbox. The filtering methods
available are the Perona-Malik [15], Gamma Maximum A-posterior [16], Refined Lee [17],
Lee Sigma [18], and P-Median filters, which are all implemented in the hydrafloods python
package and a simple boxcar mean filter. Slope correction [19] is applied to the Sentinel-1
datasets as implemented in the hydrafloods package using the Shuttle Radar Topography
Mission (SRTM) Digital Elevation Model (DEM).

All images retrieved from the GEE have been orthorectified and atmospherically
corrected by the data provider; hence, no orthorectification and atmospheric correction is
carried out.

2.4. Surface Water Extraction

PyGEE-SWToolbox is equipped with surface water extraction methods, such as the Normal-
ized Difference Water Index (NDWI) [20], modified NDWI (MNDWI) [21], Automated Water
Extraction Index (AWEI) [22], and the Dynamic Surface Water Extent (DSWE) [23], for the MSI
images. The DSWE algorithm is used by the United States Geological Survey (USGS) to produce
Level-3 analysis-ready datasets through the Earth Resources Observation (EROS) Center [6].
The DSWE dataset is not available on GEE so a python script of the algorithm was developed
by adapting the GEE Javascript scripts by Soulard et al. [24] and Walker et al. [6]. It should be
noted that the AWEI and DSWE water extraction algorithms are only applicable to the Landsat
imagery.

Surface water extraction from the SAR images is carried out using Otsu’s method [25] and
the Edge Otsu [26] thresholding algorithms available in the toolbox based on the user-selected
polarization. The Edge Otsu implementation in the hydrafloods package is used in the toolbox. It
should be noted that the user can also use the Otsu and Edge Otsu thresholding methods for
extracting water pixels in the multi-spectral images.

2.5. Water Depth Estimation

The method for estimating the depth of water is based on the algorithm used by
the Floodwater Depth Estimation Tool (FwDET v2.0) [27], which uses a flood extent and
a DEM to calculate water depth. The implementation of this method adapts the GEE
implementation of the FwDET by [28].

2.6. PyGEE-SWToolbox Use

The use of PyGEE-SWToolbox requires the user to have a GEE account. The download
and installation process is elaborated in the Readme file and the toolbox user manual
located in the Github repository. PyGEE-SWToolbox can be used by launching the Jupyter
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Notebook that ships with the toolbox or creating a Jupyter Notebook within the same
directory of the toolbox, which gives the notebook access to PyGEE-SWToolbox modules.
Figure 3 shows an example of loading the PyGEE-SWToolbox. In this example, the GEE
Python API is loaded and authenticated. The authentication is only required on the first
use of the toolbox. The toolbox module is then loaded, which displays the GUI. The user
manual contains detailed steps on how to use the PyGEE-SWToolbox.

Figure 3. Example of loading and launching PyGEE-SWToolbox.

3. PyGEE-SWToolbox Validation
3.1. Validation Sites and Data Sources

The toolbox is applied to four reservoirs and lakes across the US to generate a time
series of surface water area dynamics. The reservoirs considered are the Elephant Butte
Lake (New Mexico), Hubbard Creek Reservoir (Texas), Neversink Reservoir (New York),
and Clearwater Lake (Missouri), as shown in Figure 4. These reservoirs were selected based
on the availability of water elevation data and recent bathymetry data.

Figure 4. Location map of study sites

Water surface elevation in each reservoir or lake at 15-minute intervals was obtained
from the USGS National Water Dashboard (https://dashboard.waterdata.usgs.gov/app/
nwd/ accessed on 10 November 2021) and aggregated to a daily average. Elevation-area-
capacity tables for the Neversink Reservoir and Clearwater Lake were obtained from USGS
publications [29,30], while that of the Elephant Butte Lake and Hubbard Creek Reservoir
was obtained from the Water Data for Texas of the Texas Water Development Board website

https://dashboard.waterdata.usgs.gov/app/nwd/
https://dashboard.waterdata.usgs.gov/app/nwd/
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(https://www.waterdatafortexas.org/reservoirs/statewide accessed on 28 October 2021)
(TWDB) . Table 2 shows the list of study sites including data sources.

Table 2. List of study sites and data sources.

Study Site Period of Water Level Data Source of Bathymetry Data

Elephant Butte Lake, NM 2009/10/01–2021/10/31 TWDB
Hubbard Creek Reservoir, TX 2009/10/01–2021/11/15 TWDB

Clearwater Lake, MO 2007/10/01–2021/10/31 USGS [29]
Neversink Reservoir, NY 2014/04/11–2021/08/31 USGS [30]

The elevation-area-capacity tables were used to convert the daily water elevations for
each reservoir into a time series of surface water areas, which is herein considered observed
data. The PyGEE-SWToolbox was used to generate time series of surface water areas for all
the study sites from Landsat imagery using the commonly used water extraction indices:
NDWI, MNDWI, and AWEI. The AWEI method has two formulas: one for areas where
there is a likelihood of shadows caused by land features and the case where no shadow is
expected. The formula for AWEI with shadows, termed AWEIsh, was used in this study
because most reservoirs are located in valleys where the surrounding mounting ridges will
likely cast shadows. The Landsat imagery was sampled using a 20% cloud-cover threshold.
The imagery retrieved by the toolbox was manually inspected to remove all images that still
had cloud contamination after the cloud-cover filtering process to obtain a good dataset for
comparison with the observed data. A simple water index threshold >0 was used to extract
water pixels. It should be noted that the expected extent of surface water at the spillway
elevation for each study site was mapped into a shapefile and used as the boundary or AOI
in PyGEE-SWToolbox for analysis.

3.2. Accuracy Assessment

The time series of surface water area generated with the PyGEE-SWToolbox is statisti-
cally compared to the observed data generated from the elevation-area-capacity tables to
quantify the level of accuracy. At each study site, the observed data are filtered based on
date to match the dates that satellite imagery is available. The statistics used for accuracy
assessment are the Coefficient of determination (R2), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Percent Bias (PBIAS). The PBAIS measures the average
tendency of the estimated data to be larger or smaller than the observed data, where posi-
tive values indicate underestimation and negative values indicate overestimation [31]. The
performance metrics were computed using the hydrostats python package [32].

3.3. Results

A time series of surface water dynamics at all the study sites were computed using
PyGEE-SWToolbox, exported, post-processed, and compared with observed data, as de-
scribed in Section 3.1. Figures 5–8 compares the time series of satellite-derived surface
water extents for the three water indices used and the observed data at each site and
associated errors. For clarity, only the time series of the best performing water index is
plotted against the observed. The satellite-derived surface water dynamics match very
well with the observed data in terms of a temporal trend, except between 05/05/2012 and
11/04/2014 where the SLC failed on Landsat 7, which resulted in data gaps.

https://www.waterdatafortexas.org/reservoirs/statewide
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Figure 5. Time series of surface water extent at Elephant Butte Lake, NM (left). Box plot of the
distribution of surface extent errors (right).

Figure 6. Time series of surface water extent at Hubbard Creek Reservoir, TX (left). Box-plot of the
distribution of surface extent errors (right).

Figure 7. Time series of surface water extent at Clearwater Lake, MO (left). Box-plot of the distribu-
tion of surface extent errors (right).

Figure 8. Time series of surface water extent at Neversink Reservoir, NY (left). Box-plot of the
distribution of surface extent errors (right).

All the water extraction indices used performed very well at all the sites, with an R2

ranging between 0.63 and 0.99, except at the Neversink Reservoir, where the maximum R2

is 0.52 using the MNDWI water index. A similar trend was seen in the RMSE and MAE
metrics. The PBIAS at all locations for every water index was positive, which indicates the
general underestimation of surface water extents. The underestimation can be attributed
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to cloudy pixels and shadows. Water detection near the shorelines is often inaccurate
because they are laden with sediment and also shallow waters with visible bottoms are
often classified as non-water pixels.

The large difference between the observed and the satellited-derived water surface
area at the Neversink Reservoir was due to cloud contamination. Although our validation
of the toolbox sampled satellite imagery with a maximum cloud cover of 20%, the imagery
for the Neversink Reservoir still contained a lot of cloudy pixels that should be removed
during the cloud masking process, which reduces the number of analysis-ready pixels for
water surface area computation. Table 3 summarizes the performance metrics at each site.

Overall, the validation results show that PyGEE-SWToolbox offers the capability to
monitor and generate historical datasets on the dynamics of surface water resources.
Although the validation of the toolbox was carried out at four sites using Landsat, the
toolbox applies to all locations around the world subject to the availability of the satellite
images for the study area, excluding the DSWE water extraction method, which is only
applicable to the US.

Table 3. Summary of performance assessment

Site Metric NDWI MNDWI AWEIsh

Elephant Butte
Lake

RMSE (acre) 1079.43 1169.46 1023.48
MAE (acre) 656.895 758.57 621.35

R2 0.92 0.88 0.92
PBIAS 6.37 4.11 4.53

Hubbard Creek
Reservoir

RMSE (acre) 1246.47 1021.49 1110.54
MAE (acre) 1125.19 888.21 1023.20

R2 0.98 0.98 0.99
PBIAS 10.85 8.22 9.86

Clearwater Lake

RMSE (acre) 1174.79 843.69 952.97
MAE (acre) 598.57 429.43 481.79

R2 0.63 0.87 0.83
PBIAS 26.92 18.31 21.23

Neversink
Reservoir

RMSE (acre) 496.02 208.29 238.43
MAE (acre) 392.07 196.84 223.01

R2 0.00 0.52 0.33
PBIAS 26.36 13.23 14.99

4. Conclusions

This paper presents PyGEE-SWToolbox, a freely available and open-source GEE-enabled
python toolbox that gives the user the ability to obtain time series of satellite imagery and
process and extract surface water characteristics at any location around the world. The tool-
box is easy to use through the graphical user interface (GUI) provided. PyGEE-SWToolbox
offers the ability to monitor surface water dynamics at short and long temporal scales using
using different remote sensing water extraction algorithms and different satellite platforms
to provide vital information for water resource management and climate change impact
assessment. The satisfactory results of the toolbox validation have demonstrated that it
can be used for monitoring the dynamics of surface water resources and generating a time
series for same.

PyGEE-SWToolbox can be a valuable tool for policy makers and water resource man-
agers as a supplement to field measurements or as the main source of information at
locations with no gauges. It is also intended for researchers, engineers, water resource
managers, and students who would like to utilize the geospatial datasets and cloud com-
puting power of the GEE platform to monitor changes in water resources with little to no
knowledge on the use of the GEE platform and its coding requirements. The toolbox can be
accessed on Github (https://github.com/collinsowusu/PyGEE-SWToolbox accessed on 15
February 2022) and Zenodo (https://zenodo.org/record/5664523 accessed on 15 February

https://github.com/collinsowusu/PyGEE-SWToolbox
https://zenodo.org/record/5664523
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2022) repositories. The repositories contain a step-by-step user manual and Readme file for
the toolbox.
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