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Abstract: As urban expansion continues, understanding water resource dynamics in urban areas is
crucial for sustainable city planning, flood risk mitigation, and long-term water security. Accurately
identifying spatiotemporal changes in urban water resources is important for environmental
monitoring and management. Geospatial and remote sensing tools and techniques enable efficient
monitoring of water resources in rapidly growing cities, aiding in decision-making for sustainable
urban planning. By leveraging advanced geospatial tools and techniques, this research examined
spatiotemporal changes in 17 lakes within the rapidly expanding Dallas-Fort Worth (DFW)
metropolitan area in the United States from 1984 to 2021, using the Global Surface Water (GSW)
dataset via cloud-based remote sensing (Google Earth Engine, GEE) and non-cloud-based remote
sensing (ArcGIS Pro). The research employed iso-cluster unsupervised classification and deep
learning-supervised classification methods for land cover analysis. The study utilized ArcGIS Pro’s
pre-trained deep learning model, based on the National Land Cover Database (NLCD), to classify
Landsat images. A comparative analysis was conducted to statistically compare the classification
outcomes of the Landsat/NLCD-ArcGIS Pro and GSW-GEE methods in estimating changes in urban
lakes. The findings indicate that there is no statistically significant difference between the two
datasets and methods. This suggests that both the Landsat/NLCD-ArcGIS Pro and GSW-GEE
methods can effectively detect changes in lakes over space and time, although their accuracy may
vary slightly depending on the specific lake and classification approach used. Moreover, the total
surface area of all lakes estimated using the GSW-GEE method is slightly larger than that estimated
using the Landsat-ArcGIS Pro method. Overall, this study highlights the importance of selecting the
appropriate dataset and method for analyzing spatiotemporal changes in urban lake environments.
The findings have practical implications for environmental researchers, managers, and policymakers
involved in urban lake conservation and management.

Keywords: remote sensing; global surface water dataset; Landsat dataset; ArcGIS Pro; Google Earth
Engine; Dallas-Fort Worth

1. Introduction

Urban lakes play a significant role in providing a wide variety of ecosystem services that have
an immediate and direct influence on human well-being, both in the present and in the future [1,2].
These ecosystem services include the production of agricultural goods, the management of fisheries,
the control of flooding, the storage of water, and the creation of recreational opportunities [3].
Changes in the volume and location of a lake’s water across time and space can influence the
provision of these services [4,5]. Therefore, to ensure both the sustainable management of water
resources and sustainable urban development, it is vital to have a thorough understanding of
spatiotemporal changes in urban lake-water extent. Water resource availability drives water
infrastructure, large-scale water transfers between cities and urban areas, as well as the cost of potable
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water infrastructure and treatment [6,7]. This is particularly important as high rates of urbanization
lead to over 1.5 billion more people living in cities, creating water availability issues for hundreds of
millions to over a billion people worldwide. As a result, water resources are increasingly allocated to
cities and other urban areas instead of agricultural regions [8,9]. This issue is especially important in
densely populated urban areas like the Dallas-Fort Worth (DFW) metropolitan area, one of the
fastest-growing regions in the United States (U.S.), which has a significant number of both artificial
and natural lakes [10,11].

The DFW metropolitan area, which includes cities such as Dallas, Fort Worth, Arlington, Plano,
and Irving, along with their surrounding suburbs, is ranked as the fourth-largest metropolitan area
in the United States [12]. The area is recognized for its substantial lake-water coverage and humid
subtropical climate. However, due to the rapid growth of the DFW metropolitan area in recent years,
preserving the quantity and quality of lake water has become more difficult. While the dynamics of
lake-water extent have become increasingly significant, only a few studies have explored the entire
urban agglomeration. Most research has focused on imaging data for specific years, overlooking the
temporary variations in lake-water extent. Therefore, it is necessary to have a clear understanding of
the spatiotemporal changes in lake-water extent in the DFW metropolitan area [11,13]. Evaluating
changes in lake-water extent over time and space using remote sensing (RS) data is a widely studied
topic, particularly through Landsat image data due to its moderate spatial resolution (30—60 m) and
long historical record [14-18]. RS efforts also play a major role in urban water management, being
frequently used for integrated urban water resource management, flood risk evaluation, and urban
water supply monitoring [19-22].

These studies highlight the significance of RS in understanding the evolving dynamics of surface
water bodies and underscore its importance in providing valuable insights for effective management
and conservation efforts. Most of these studies have primarily focused on the classification of satellite
images that capture bodies of water, computationally intensive processes especially when analyzing
large areas or numerous images. This process can also be prone to misclassification due to the varied
spectral signatures emitted by water surfaces [23]. However, in recent years, researchers have
attempted to address these challenges by developing reproducible techniques and datasets, such as
the Joint Research Centre Global Surface Water dataset [24]. This dataset offers high temporal and
spatial resolution, extensive validation, and the ability to automatically track spatial and temporal
variations in water bodies efficiently. Additionally, it can be used by individuals without extensive
coding skills on open-source, cloud-based RS platforms such as Google Earth Engine (GEE).

The Google Earth Engine (GEE) cloud-based remote sensing (RS) platform has recently become
increasingly popular due to its ability to process large volumes of data and perform planetary-scale
analysis [25]. In contrast, non-cloud-based RS platforms (e.g., ArcGIS) typically retrieve RS data from
central data servers, which is then processed on local computers or servers [26-28]. Previous studies
[27-31] suggest that non-cloud-based RS processing techniques can fall short of meeting the temporal
requirements of dynamic monitoring. Conversely, cloud-based RS provides an alternative to this
challenge by offering both a practical method for conducting RS computing and an effective data
management service. To study the differences between cloud-based and non-cloud-based RS, this
research aims to compare the effectiveness of cloud-based RS platforms with traditional RS
techniques in capturing the spatiotemporal changes of lakes. The findings from this study will
provide valuable insights into the potential benefits and limitations of cloud-based and non-cloud-
based RS tools and technologies, informing future decisions about RS technology adoption and
utilization. Thus, this study seeks to answer the following research questions:

i To what extent does the use of cloud-based RS platforms like GEE enhance the efficiency and
precision of remote sensing applications by providing on-demand access to large datasets,
advanced computing resources, and high-resolution imagery with planetary-scale analysis
capabilities?

ii. How does the accuracy of non-cloud-based RS platforms like ArcGIS Pro compare to that of
cloud-based RS platforms like GEE in estimating spatial and temporal changes in urban lakes?
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Therefore, we hypothesized that:

- Ho: The change values for water bodies from 1984 to 2021, as well as over the five periods
1984-1994, 1994-2004, 2004-2014, and 20142021, using the Global Surface Water (GSW)
dataset via GEE cloud-based RS and the Landsat dataset via non-cloud-based RS (ArcGIS
Pro), do not differ significantly.

- Ha: The change values for water bodies from 1984 to 2021, as well as over the five periods
1984-1994, 1994-2004, 20042014, and 2014-2021, using the Global Surface Water (GSW)
dataset via GEE cloud-based RS and the Landsat dataset via non-cloud-based RS (ArcGIS
Pro), differ significantly.

2. Materials and Methods
2.1. Study Area

We focused on lakes in the Dallas-Fort Worth (DFW) metropolitan area in Texas, USA (Figure
1). We used the 2016 HydroLAKES Database to obtain the most updated vector data of lake
boundaries (https://www.hydrosheds.org/products/hydrolakes, accessed on June 10, 2022). The use
of the HydroLAKES database ensures that the most recent and accurate data on lake boundaries is
used in the analysis. The DFW area is full of natural and artificial lakes, but we prioritized lakes that
have been frequently studied in the lake literature and vary in terms of watershed or socioeconomic
context (e.g., population), making them vulnerable to land cover and land use change (LCLUC)
(Table 1). The focus of this study is on the lakes within the DFW area, which include both natural and
artificial lakes (Figure 1). The study prioritized lakes (Table 1) that have been frequently studied and
vary in terms of watershed or socioeconomic context, making them vulnerable to LCLUC. The DFW
area is an ideal location for studying lakes due to its abundance of natural and artificial water bodies.
The study area holds great significance since it provides an opportunity to gain a deeper
comprehension of the fluctuations in lakes over time and space within the DFW area, which can have
far-reaching ecological and societal implications.
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Figure 1. Location of the selected lakes in Dallas-Fort Worth, State of Texas, USA.

Table 1 provides characteristics of the 17 selected lakes within the DFW area, obtained from the
2016 HydroLAKES database. The table shows that the lakes vary greatly in area, with Lake Ray
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Hubbard being the largest at 79.89 km? and Fishing Hole Lake being the smallest at 0.23 Km?. The
Table also shows Lewisville Lake has the largest volume of 2581.62 Km?, while North Lake has the
smallest volume of 29.6 km?. In terms of average depth, Grapevine Lake has the deepest average
depth of 44.1 m, while Fishing Hole Lake has the shallowest average depth of 2 m. The results of this
table are important as they provide an overview of the characteristics of the selected lakes and can be
used as a basis for further analysis of the ecological and societal impacts of LCLUC in the DFW area.

Table 1. Characteristics of lakes defined by HydroLAKES database.

Area  Volume Average Depth Elevation Longitu Latitu

Lake Name km?)  (kmd) (m) (m) de  de
Lake Ray Hubbard 79.89 719.9 9 135 -96.50 32.80
Lavon Lake 73.19 1153.01 16.6 151 -96.47 33.03
Lewisville Lake 68.6 2581.62 39.2 157 -96.97 33.07
Eagle Mountain Lake 29.07 839.2 28.9 200 -97.50 32.87
Joe Pool Lake 23.53 792.5 33.7 160 -96.99 32.64
Grapevine Lake 21.22 936 441 165 -97.06 3297
Benbrook Lake 12.12 505.7 41.7 213 -97.46 32.65
Lake Worth 11.06 118.7 10.7 184 9742 3279
Mountain Creek Lake 8.98 87.4 9.7 143 -96.94 32.73
Lake Arlington 6.51 127.7 19.6 170 -97.19  32.72
White Rock Lake 3.9 48.6 12.5 143 -96.73 32.82
North Lake 2.64 29.6 11.2 157 -96.97 3294
Dallas Hunting and Fishing

Club Lake 1 2.77 2.8 121 -96.67 32.64
Bachman Lake 0.37 0.89 24 138 -96.87 32.85
Lancaster Club Lake 0.24 0.6 2.5 121 -96.67 32.64
Fishing Hole Lake 0.23 0.45 2 130 -96.89  32.85
Fin and Feather Club Lake 0.14 0.28 2 120 -96.69 32.66
Total 342.69 7944.92 - - - -

2.2. Data Sources and Processing

Two datasets were utilized in the present study, namely, Landsat and one of Landsat’s
derivative products: Joint Research Centre Global Surface Water (hereafter referred to as JRC/GSW)
[24]. The Landsat satellite images used in the present study came from two different sources: Landsat
5 TM for the years 1984, 1994, and 2004 and Landsat 8 Operational Land Imager (OLI) for the years
2014 and 2021. The study utilized Google Earth Engine (hereafter referred to as GEE), a cloud-based
platform that can analyze geospatial datasets and satellite imagery on a global scale, to extract
Landsat 5 and 8 images. The satellite images for this study were chosen based on two criteria: the
images must have less than 10% cloud cover, and the satellite image series must be available for an
extended period [32,33]. The Landsat images were filtered by date and cloud cover less than 10%,
and then the median of the images was calculated. For Landsat 8 OLI, images were extracted for the
years 2022 and 2014, while for Landsat 5 TM, images were extracted for the years 2004, 1994, and
1984. Finally, the images were exported to Google Drive with a scale of 30 and in int16 format for
further analysis.

The second dataset we used to extract spatiotemporal changes of water resources was JRC/GSW
on the GEE platform. The JRC/GSW is a dataset created by the European Commission’s JRC that
maps the extent of water bodies, such as lakes, rivers, and wetlands, on the Earth’s surface using
satellite imagery. The dataset covers the entire globe and has a spatial resolution of 30 meters. The
JRC/GSW dataset was created by analyzing images from the Landsat satellites, which have been
collecting data on the Earth’s surface since the 1970s. The JRC/GSW uses advanced image processing
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techniques to identify and map water bodies, and the dataset is regularly updated to reflect changes
in the Earth’s surface over time [24].

2.3. Detecting Spatiotemporal Variations

We analyzed the changes in lakes over time and space using two datasets and methods:
JRC/GSW on the GEE and Landsat 5-8 on ArcGIS Pro, as follows:

2.3.1. The JRC/GSW Dataset and Google Earth Engine

We extracted the vector data (polygon) of the lakes for the years 1984, 1994, 2004, 2014, and 2021.
The following steps were used as a methodology to extract spatiotemporal changes in lakes using the
JRC/GSW dataset on the GEE. All these steps are done using a code developed on the GEE JavaScript
API platform to perform the analysis and visualize the results on the map.

- Step 1: A region of interest (ROI) is defined. In this case, it is the polygon of lakes that
encompasses the study area of interest.

- Step 2: The JRC/GSW dataset is loaded, and the “occurrence” band is selected.

- Step 3: A water mask is created by selecting the “max_extent” band from the JRC/GSW and
masking out the pixels with a value of 0.

- Step 4: Lost water bodies are identified by selecting the “transition” band from the JRC/GSW
and identifying pixels that have a value of 3 or 6, which indicate the transition from permanent
or seasonal water to no water.

- Step 5: Yearly water history is obtained for four years (1984, 1994, 2004, 2014, and 2021) using
the JRC/GSW dataset. The “year” property is filtered to obtain the image for a specific year, and
the “permanent” or “seasonal” water pixels are selected.

2.3.2. The Landsat Datasets and ArcGIS Pro

To estimate changes in lakes over space and time, we computed their areas using images from
Landsat 5 TM and Landsat 8 OLI images in 1984 and 2021, as well as in the years 1994, 2004, and
2014. There are various supervised and unsupervised classification techniques available for image
classification, each with its own advantages and disadvantages. In our study, we utilized an
unsupervised and a supervised classification method as follows:

- Step 1: Classifying land cover: To classify Landsat 5 TM images from 1984, 1994, and 2004, we
used the iso cluster unsupervised classification method. Land cover classification is a complex
task, and traditional methods may not capture its intricacies effectively. While deep learning
(DL) models can learn complex semantics and yield superior results, creating and training these
models can be challenging and time-consuming. To overcome this obstacle, we utilized pre-
trained DL models in ArcGIS Pro, which have already been developed, tested, and verified by a
panel of experts, to classify Landsat 8 OLI images from 2014 and 2021. These pre-trained DL
models are designed to perform land cover classification on Landsat 8 imagery and are based
on the National Land Cover Database (NLCD), which is one of the widely used datasets for land
cover—land use change analysis in the United States of America [34,35].

- Step 2: Cleaning up the classification: We first removed small, isolated areas that were classified
as water but were not part of lakes. Some of these areas comprised tiny ponds or water bodies,
while others were misclassified. These areas should not be included when calculating the lakes’
area. We then cleaned the image boundaries to eliminate pixelated, granular edges between
values in each image.

- Step 3: Computing lakes’ area over time: We determined the lakes” areas in square kilometers
from 1984 to 2021. To accomplish this, we selected the appropriate formula. The cell size
parameters X and Y in Landsat images refer to the length and height of each pixel, respectively.
In this case, each pixel on the map corresponds to an area of 30 units by 30 units in the real world,
with the measurement being meters. To determine the area of each value in the image, we
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multiplied the pixel count by 900 to convert it to square meters. Then, we divided the result by
1,000, which represents the number of square meters in a square kilometer. The spatial and
image analyses were performed utilizing the Spatial Analyst and Image Analyst tools in ArcGIS
Pro 3.0.1 [36].

2.4. Comparative Analysis

We used descriptive statistics and inferential statistics for comparative statistical analysis.
Descriptive statistics were used to summarize and describe the basic features of the datasets.
Specifically, measures of central tendency (mean) and variability (standard deviation) were
calculated to give an overview of the data. The minimum and maximum values were also reported
to give a sense of the range of values in each dataset. Inferential statistics were then used to test
whether there was a significant difference between the mean total change of the lakes in the datasets.

To compare the change values of each lake between the two methods/tools/datasets for the
periods of 1984-2021 and each pair of consecutive years (1984-1994, 1994-2004, 2004-2014, and 2014—
2021), we conducted a two-sample t-test to determine the statistical significance of the mean
differences between the two methods/tools/datasets. Additionally, descriptive statistical parameters
such as mean and standard deviation were calculated for the change values of each lake in both the
JRC/GSW-GEE and Landsat/NLCD-ArcGIS Pro approaches. We employed the two-sample t-test to
compare the change values between the two methods, as it is an appropriate statistical test for
comparing the means of two groups, in this case, the mean total change values for each lake obtained
from two different tools/datasets. The two-sample t-test is widely used and well-established,
particularly for small sample sizes, as is the case here. Moreover, the t-test assumes normal
distribution of data, which is reasonable for this type of data. Finally, the t-test provides a p-value,
allowing for straightforward interpretation of the statistical significance of the observed differences
in change values between these two geospatial tools and techniques [37,38].

3. Results
3.1. Spatiotemporal Variations in Lake Areas Based on [RC/GSW-GEE

The spatiotemporal variations in the surface area of various lakes (km?) between 1984 and 2021,
obtained from the classification of the JRC/GSW dataset, are shown in Table 2 and Figure 2. Results
indicate that there have been spatiotemporal variations in the surface area of the lakes between 1984
and 2021, based on the Landsat dataset. The lakes with the most changes have either significantly
increased or decreased their water measurements over time. Lewisville Lake, for example, had the
largest increase in its surface area, from 80.24 km?2in 1984 to 108.74 km?in 2021, indicating a significant
change in water levels over time. On the other hand, Lake Ray Hubbard had a small decrease in
measurement from 83.96 km? in 1984 to 83.52 km? in 2021, indicating that the water level has been
relatively stable over time. Grapevine Lake had a moderate increase in measurement from 22.09 km?
in 1984 to 28.17 km? in 2021, suggesting that it has experienced some changes in its water level over
time (Table 2).

Table 2. Spatiotemporal variations of the lakes, obtained from the JRC/GSW dataset, from 1984-2021.

Surface area (km?)

Lake Name
1984 1994 2004 2014 2021 Total Change of 1984-2021
Lewisville Lake 8024 10796 106.09 89.33  108.74 28.50
Joe Pool Lake 0.83 24.78 26.18 25.81 26.15 25.32
Grapevine Lake 22.09 26.32 26.69 20.72 28.17 6.08
Eagle Mountain Lake 30.45 33.61 33.22 29.05 33.70 3.25

Benbrook Lake 13.28 14.28 14.50 13.02 14.28 1.00
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Lake Worth 11.80 13.10 13.09 12.08 12.54 0.74
Mountain Creek Lake 9.45 9.46 9.72 9.73 9.96 0.51
Lavon Lake 81.70 86.05 80.61 59.00 82.18 0.48
Lake Arlington 7.19 7.22 7.48 7.40 7.47 0.28
White Rock Lake 3.81 3.87 3.86 3.88 391 0.10
Bachman Lake 0.40 0.43 0.43 0.44 0.44 0.04
Lancaster Club Lake 0.30 0.32 0.34 0.31 0.34 0.04
Fishing Hole Lake 0.25 0.27 0.27 0.28 0.28 0.03
Dallas Hunting and Fishing Club Lake 1.16 1.23 1.17 1.08 0.77 -0.39
Lake Ray Hubbard 83.96 82.89 82.09 69.57 83.52 -0.44
Fin and Feather Club Lake 1.04 0.95 0.21 0.22 0.30 -0.74
North Lake 2.94 2.99 3.01 2.19 1.14 -1.80
Total 350.89 41573  408.96 344.11 413.89 63.00

Moreover, results indicated that the lakes with the most positive changes are Lewisville Lake,
where the surface area increased from 80.24 km?2 in 1984 to 108.74 km? in 2021, an increase of 28.50
km?, Joe Pool Lake, where the surface area increased from 0.83 km? in 1984 to 26.15 km? in 2021, an
increase of 25.32 km?, and Grapevine Lake, where the surface area increased from 22.09 km? in 1984
to 28.17 km? in 2021, an increase of 6.08 km?, respectively (Table 2 and Figure 2). On the other hand,
lakes with the most negative changes are North Lake, where the surface area decreased from 2.94
km? in 1984 to 1.14 km? in 2021, a decrease of 1.80 km?, Fishing Hole Lake, where the surface area
decreased from 1.04 km?in 1984 to 0.30 km? in 2021, a decrease of 0.74 km? and Dallas Hunting and
Fishing Club Lake, where the surface area decreased from 1.16 km? in 1984 to 0.77 km? in 2021, a
decrease of 0.57 km?, respectively. In general, there was an increase of 63.00 km? as the total size of
lakes expanded from 350.89 km? in 1984 to 413.89 km? in 2021 (Table 2 and Figure 2).
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Figure 2. Spatiotemporal variations of lakes, obtained from the JRC/GSW dataset, from 1984-2021.

Finally, the analysis of the most and least changes between years for each lake over the five
periods between 1984-1994, 1994-2004, 2004-2014, and 2014-2021 (Table 3) showed that the lakes
with the most changes are Joe Pool Lake with an increase of 23.95 km? Benbrook Lake with an
increase of 0.22 km?, Lake Ray Hubbard with a decrease of 12.52 km?, and Lake Ray Hubbard with
an increase of 14.95 km? for the periods of 1984-1994, 1994-2004, 2004-2014, and 2014-2021,
respectively. On the other hand, the lakes with the least changes are Fishing Hole Lake with an
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increase of 0.02 km?, Fin and Feather Club Lake with a decrease of 0.74 km? Dallas Hunting and
Fishing Club Lake with a decrease of 0.09 km? and Bachman Lake with an increase of 0.00 km? for
the periods of 1984-1994, 1994-2004, 20042014, and 2014-2021, respectively. Overall, the total
surface area of all the lakes experienced the greatest positive change during the time frame of 2014-
2021, with a recorded increase of 78.64 km?2. Conversely, the greatest negative change was observed
during the period of 2004-2014, with a decrease of 68.9 km?2.

Table 3. Analysis of the changes for lakes between years, obtained from the JRC/GSW dataset.

Surface area (km?)

Lake Name
1984-1994 1994-2004 2004-2014 2014-2021
Bachman Lake 0.03 0.00 0.01 0.00
Benbrook Lake 1.00 0.22 -1.48 1.26
Dallas Hunting and Fishing Club Lake 0.07 -0.06 -0.09 -0.31
Eagle Mountain Lake 3.16 -0.39 -4.17 4.45
Fin and Feather Club Lake -0.09 -0.74 0.01 0.08
Fishing Hole Lake 0.02 0.00 0.01 0.00
Grapevine Lake 4.23 0.37 -5.97 7.45
Joe Pool Lake 23.95 1.40 -0.37 0.34
Lake Arlington 0.03 0.26 -0.08 0.07
Lake Ray Hubbard -1.07 -0.80 -12.52 14.95
Lake Worth 1.30 -0.01 -1.01 0.46
Lancaster Club Lake 0.02 0.02 -0.03 0.03
Lavon Lake 4.35 -5.44 -21.61 22.58
Lewisville Lake 27.72 -1.87 -16.76 19.41
Mountain Creek Lake 0.01 0.26 0.01 0.23
North Lake 0.05 0.02 -0.82 -1.05
White Rock Lake 0.06 -0.01 0.02 0.03
Total Change 67.06 20.85 -68.90 78.64

3.2. Spatiotemporal Variations in Lake Areas Based on Landsat/NLCD-ArcGIS Pro

Table 4 presents the spatiotemporal variations of the lakes, obtained from the Landsat dataset,
from 1984 to 2021. Results indicated that there have been fluctuations in the water surface areas of
these lakes over time. Some lakes have shown an increase in their water surface areas, while others
have shown a decrease. For example, Joe Pool Lake showed a significant increase in its water surface
area from 1984 to 2014, while North Lake showed a significant decrease during the same period.
Overall, the total water surface area of all the lakes combined was highest in 1994 (416.22 km?) and
lowest in 2014 (324.85 km?). However, the total water surface area in 2021 (403.49 km?) is slightly
higher than that in 1984 (343.50 km?).

Table 4. Spatiotemporal variations of the lakes, obtained from the Landsat dataset, from 1984-2021.

Surface area (km?)

Lake Name 1984 1994 2004 2014 2021 Total Change of
1984-2021
Lewisville Lake 75.68  109.36 102.88  84.08 106.87 3119
Joe Pool Lake 0.70 23.63 2653 2550 @ 26.30 25.60

Grapevine Lake 21.46 25.96 25.16 19.89 25.62 4.16
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Eagle Mountain Lake 30.63 34.14 32.80 26.57 33.82 3.19
Lake Worth 11.11 13.58 13.24 12.00 12.35 1.24
Lavon Lake 79.48 85.30 79.61 55.81 80.11 0.63
Lake Arlington 6.98 7.31 7.76 7.16 7.53 0.55
Mountain Creek Lake 9.40 9.55 10.17 9.69 9.69 0.29
Fishing Hole Lake 0.25 0.28 0.29 0.28 0.30 0.05
White Rock Lake 391 3.96 4.00 3.97 3.95 0.04
Lancaster Club Lake 0.29 0.32 0.33 0.19 0.32 0.03
Bachman Lake 0.52 0.48 0.49 0.48 0.46 -0.06
Fin and Feather Club Lake 1.06 0.97 0.39 0.19 0.29 -0.77
Benbrook Lake 13.81 14.28 14.36 11.87 12.71 -1.10
Dallas Hunting and Fishing Club Lake ~ 1.14 1.24 115 1.03 0.01 -1.13
North Lake 2.95 3.15 3.17 0.76 1.11 -1.84
Lake Ray Hubbard 84.13 8271 8111 6538  82.05 -2.08
Total 34350 41622 40344 32485 403.49 59.99

In addition, the lakes with the most positive changes from 1984 to 2021 are Lewisville Lake with
a total increase of 31.19 km?, Joe Pool Lake with a total increase of 25.60 km?, and Grapevine Lake
with a total increase of 4.16 km?, respectively. On the other hand, the lakes with the most negative
changes from 1984 to 2021 are Lake Ray Hubbard with a total decrease of 2.08 km?, North Lake with
a total decrease of 1.84 km? and Dallas Hunting and Fishing Club Lake with a total decrease of 1.13
km?, respectively. In general, there was an increase of 59.99 km? as the total size of lakes expanded
from 343.50 km? in 1984 to 403.49 km? in 2021 (Table 4 and Figure 3).
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Figure 3. Spatiotemporal variations of lakes, obtained from the Landsat, from 1984-2021.

Finally, the analysis of the most and least changes between years for each lake over the five
periods between 1984-1994, 19942004, 2004-2014, and 2014-2021 (Table 5) showed that, for the
period of 1984-1994, the lake with the most change is Lewisville Lake, with an increase of 33.68 km?,
and the lake with the least change is Fishing Hole Lake, with an increase of only 0.03 km?2. For the
period of 1994-2004, the lake with the most change is Lewisville Lake, with a decrease of 6.48 km?,
and the lake with the least change is Fishing Hole Lake, with an increase of only 0.01 km?2. For the
period of 2004-2014, the lake with the most change is Joe Pool Lake, with an increase of 1.97 km?, and
the lake with the least change is Dallas Hunting and Fishing Club Lake, with a decrease of 1.12 km?.
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For the period of 2014-2021, the lake with the most change is Lewisville Lake, with an increase of
22.79 km?, and the lake with the least change is Dallas Hunting and Fishing Club Lake, with a
decrease of 1.02 km?2. In terms of the total change over the five-year period, Lewisville Lake has the
most change, with an increase of 92.19 km?, and Dallas Hunting and Fishing Club Lake has the least
change, with a decrease of 2.17 km?. In general, the total surface area of all the lakes experienced the
highest growth (positive shift) during 2014-2021, with a rise of 109.38 km?2. Conversely, the most
significant decline (negative shift) in the surface area of all lakes was observed during the 2004-2014
period, with a decrease of 102.27 km?2.

Table 5. Analysis of the changes for lakes between years, obtained from the Landsat dataset.

Surface area (km?)

Lake Name
1984-1994 1994-2004 2004-2014 2014-2021
Bachman Lake -0.04 0.01 -0.01 -0.02
Benbrook Lake 0.47 0.08 -2.49 0.84
Dallas Hunting and Fishing Club Lake 0.10 -0.09 -0.12 -1.02
Eagle Mountain Lake 3.51 -1.34 -6.23 7.25
Fin and Feather Club Lake -0.09 -0.58 -0.20 0.10
Fishing Hole Lake 0.03 0.01 -0.01 0.02
Grapevine Lake 4.50 -0.80 -5.27 5.73
Joe Pool Lake 22.93 2.90 -1.03 0.80
Lake Arlington 0.33 0.45 -0.60 0.37
Lake Ray Hubbard -1.42 -1.60 -15.73 16.67
Lake Worth 2.47 -0.34 -1.24 0.35
Lancaster Club Lake 0.03 0.01 -0.14 0.13
Lavon Lake 5.82 -5.69 -23.80 24.30
Lewisville Lake 33.68 -6.48 -18.80 22.79
Mountain Creek Lake 0.15 0.62 -0.48 0.00
North Lake 0.20 0.02 -2.41 0.35
White Rock Lake 0.05 0.04 -0.03 -0.02
Total 83.78 -6.36 -102.27 109.38

3.3. Comparative Analysis

Looking at the results in Tables 2-5 and Figures 2 and 3, we can compare the values obtained
from the JRC/GSW-GEE and Landsat/NLCD-ArcGIS Pro approaches for measuring the surface area
of each lake. In general, the values obtained from the two approaches are quite similar, indicating
similar trends (Figure 4) between the two approaches, but there are some notable differences for
certain lakes. For example, in the case of North Lake, the surface area obtained from JRC/GSW-GEE
in 2014 consistently exceeded the values obtained from the Landsat/NLCD-ArcGIS Pro (Tables 2 and
4, Figure 5). The JRC/GSW-GEE approach shows that North Lake has had the most negative change,
while the Landsat/NLCD-ArcGIS Pro approach indicates that Lake Ray Hubbard has experienced
the most negative change (Tables 2 and 4). On the other hand, Joe Pool Lake has much lower values
in the Landsat/NLCD-ArcGIS Pro approach than in the JRC/GSW-GEE approach, particularly in the
early years of the study (Figure 6). In general, the total surface area of all lakes in the JRC/GSW-GEE
approach (63.00 km?) is slightly greater than the total surface area of all lakes in the Landsat/NLCD-
ArcGIS Pro approach (59.99 km?).
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Figure 4. Spatiotemporal trends of changes in lakes, obtained from the JRC/GSW-GEE and the Landsat/NLCD-
ArcGIS Pro approaches, from 1984-2021.
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Figure 5. Spatiotemporal variations of North Lake, obtained from the JRC/GSW-GEE (right) and the
Landsat/NLCD-ArcGIS Pro (left) approaches, from 1984-2021.

1984 1994 2004 3 2014 3 2021

Figure 6. Spatiotemporal variations of Joe Pool Lake, obtained from the JRC/GSW-GEE (right) and the
Landsat/NLCD-ArcGIS Pro (left) approaches, from 1984-2021.

Table 6 presents descriptive statistics for the variables in the study area, which are the changes
in surface area of the lakes over different time periods, as measured by the JRC/GSW-GEE and the
Landsat/NLCD-ArcGIS Pro approaches. The results show that the mean changes in the surface area
of the lakes are generally positive, indicating an overall increase in the surface area of the lakes over
time. However, the standard deviation values are quite large, suggesting that there is significant
variability in the changes in the surface area of the lakes across the study area. In addition, we can
see that some time periods have higher skewness and kurtosis values, indicating that the distribution
of changes in surface area of the lakes during those time periods is more skewed and has a higher
peak than a normal distribution. For example, the changes in surface area of the lakes from 1994-2004
based on the JRC/GSW-GEE approach have a skewness of 3.08 and kurtosis of 9.4, suggesting that
there may have been significant changes in surface area of the lakes during that time period. Overall,
these descriptive statistics provide a summary of the distribution of changes in surface area of the
lakes across the study area and can help us better understand the patterns and variability of these
changes over time.

Table 6. Descriptive statistics for the variables in the study area.

N Minim Maxim Me Std.  Skewn kurto

Variable s .
um um an Deviation ess sis

Changes in the surface area of the lakes from 1984-1994 based on
JRC/GSW-GEE approach

Changes in the surface area of the lakes from 1984-1994 based on
Landsat/NLCD-ArcGIS Pro approach

Changes in the surface area of the lakes from 1994-2004 based on
JRC/GSW-GEE approach

Changes in the surface area of the lakes from 1994-2004 based on -

17 -1.07 67.06 7.33 17.02 25 562

17 -142 8378 8.69 20.85 266 6.48

17 -544 20.85 0.78 52 308 94

17 -64 2. 2. -1.12 022
Landsat/NLCD-ArcGIS Pro approach 648 ? 1.06 5 0
Changes in the surface area of the lakes from 2004-2014 based on -
JRC/GSW-GEE approach 17 -689  0.02 743 16.65 279 737

Changes in the surface area of the lakes from 2004-2014 based on

Landsat/NLCD-ArcGIS Pro approach 17 -102.27 -0.01 10.0 24.12 -3.08 8.89

Changes in the surface area of the lakes from 2014-2021 based on

JRC/GSW-GEE approach 17 -1.05 78.64 826 19.01 28 748
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0.4

Changes in the surface area of the lakes from 2014-2021 based on 17 -1.02 10938 1 . 25.98 304 87

Landsat/NLCD-ArcGIS Pro approach

Changes in the surface area of the lakes from 1984-2021 based on
JRC/GSW-GEE approach

Changes in the surface area of the lakes from 1984-2021 based on
Landsat/NLCD-ArcGIS Pro approach

17 -1.8 5999 6.84 1583 227 438

17 -1.83 8453 8.08 21.19 2.67 6.53

Table 7 shows the results of a two-sample t-test that compares the changes in the surface area of
the lakes from 1984 to 2021 based on the JRC/GSW-GEE approach and the changes based on the
Landsat/NLCD-ArcGIS Pro approach. Based on the results in Table 7, none of the t-values for any of
the time periods analyzed are statistically significant, meaning that there is no significant difference
between the changes in surface area of the lakes as measured by the JRC/GSW-GEE and the
Landsat/NLCD-ArcGIS Pro approaches. Therefore, we can conclude that the two approaches provide
similar estimates of the changes in surface area of the lakes over time. Overall, these results suggest
that both datasets are valid sources of information for monitoring changes in the surface area of the
lakes and can be used interchangeably to study spatiotemporal changes over time.

Table 7. The results of the two-sample t-test for Changes in the surface area of the lakes based on the JRC/GSW-
GEE approach and Changes in the surface area of the lakes based on the Landsat/NLCD-ArcGIS Pro approach.

Variables Dataset type df t-value p-value
Changes in the surface area of the lakes from JRC/GSW-GEE
1984-1994 Landsat/NLCD-ArcGIS Pro 34 021542 0.8307
Changes in the surface area of the lakes from JRC/GSW-GEE 34 1353 0.185
1994-2004 Landsat/NLCD-ArcGIS Pro
Changes in the surface area of the lakes from JRC/GSW-GEE
2004-2014 Landsat/NLCD-ArcGIS Pro 057882 0.7072
Changes in the surface area of the lakes from JRC/GSW-GEE
2014-2021 Landsat/NLCD-ArcGIS Pro 028844 07748
Changes in the surface area of the lakes from JRC/GSW-GEE
19842021 Landsat/NLCD-ArcGIS Pro 019878 08436

4. Discussion

This study used two datasets, JRC/GSW and Landsat 5 TM and Landsat 8 OLI to estimate the
changes in the size of various lakes using two different methods: GEE-based RS and ArcGIS-based
RS. The study found that both datasets and methods can provide accurate estimates of changes in
lakes, indicating the significance of both datasets and methods in identifying the spatial and temporal
variations of lake area. Despite the fact that the JRC/GSW dataset combined with GEE-based RS offers
benefits such as global coverage, high accuracy, and historical observations covering 32 years that
increase the number of analyzed lakes and save time in spatial and image analysis, the Landsat
combined with ArcGIS-based RS have their advantages, such as not requiring coding and the use of
pre-trained DL models that enable timely spatial and image analysis.

We observed that the surface area measurements for most of the lakes are quite similar using
both approaches. The three lakes with the greatest total change from 1984-2021 are the same in both
methods, namely Lewisville Lake, Joe Pool Lake, and Grapevine Lake. These lakes are amongst the
largest lakes in the study area and are, therefore, appropriate for both approaches. The JRC/GWS and
Landsat datasets are based on Landsat images, which have a proven track record of successfully
detecting changes in large water bodies, as reported in several studies [39—42]. However, the two
approaches produced some different results in terms of the magnitude and direction of the changes.
This is mainly because the JRC/GSW dataset utilizes Landsat 5, 7, and 8 [23,24] while the Landsat
dataset, used in this study, only uses Landsat 5 and 8. Although each Landsat dataset has its own set
of advantages and disadvantages, the use of Landsat 7 in combination with other Landsat data
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sources can lead to enhanced detection of water bodies due to its enhanced technical specifications
[43,44].

In addition, we found significant differences between the two methods in assessing the top lakes
with the least overall changes from 1984 to 2021. The JRC/GSW dataset indicates that North Lake has
undergone the greatest negative change, while the Landsat dataset indicates that Lake Ray Hubbard
has experienced the most negative change. This variation in the spatial and temporal changes of small
lakes (e.g., North Lake) or lakes with minimal changes over time and space emphasizes that using
more Landsat data sources yields more accurate results in assessing small water changes, despite
Landsat datasets being inadequate for small water bodies in comparison to other satellites like
Sentinel. These results are consistent with previous studies [42,45-47], which suggest that integrating
Landsat imagery with historical maps or other satellite datasets (e.g., Sentinel, MODIS) produces
superior outcomes in tracking the variations of small water bodies and other urban water resources.

Furthermore, we found that there was no statistical difference between two approaches in terms
of their ability to accurately determine the total area of lakes over a period of 37 years (1984-2021) as
well as the area changes for each decade (1984-1994, 1994-2004, 20042014, and 2014-2021). This
indicates that both the JRC/GSW dataset and the Landsat dataset are capable of estimating changes
in lakes over time and place, regardless of the type of RS technology used, whether cloud-based (GEE)
or non-cloud-based (ArcGIS Pro). Although could-based RS platforms such as GEE have a wide range
of benefits, such as faster processing times, non-cloud-based RS platforms like ArcGIS Pro can
provide similar results within a reasonable time frame, especially if the user is not comfortable with
coding. Besides, DL pre-trained models are provided in ArcGIS Pro for applications such as object
identification, image segmentation, and image classification. These models have been trained on
large datasets of satellite or aerial imagery and can be utilized in a conventional manner (using Spatial
and Image Analyst Toolsets) or through pre-scripted Python codes to automatically identify and
classify objects or features within satellite images. When compared to training a DL model from
scratch, using DL pre-trained models in ArcGIS Pro can save both resources and time. Additionally,
the use of pre-trained models can enhance the accuracy and dependability of deep learning tasks [48—
51]. Furthermore, ArcGIS Pro can match GEE'’s functionality using Python scripts, which gives it
unique benefits in conjunction with cloud-based RS platforms like GEE. This means that for
individuals looking for an integrated platform with the benefits of both GEE and ArcGIS, it is possible
to utilize both platforms in their work [52-55]. The integration of cloud-based and non-cloud-based
RS platforms could provide a more comprehensive and effective approach for monitoring and
managing water resources, particularly urban water resources, in the future. Further research is
needed to explore the potential of combining multiple RS datasets and platforms to improve the
accuracy and reliability of lake area estimation.

5. Conclusions

This study assessed changes in 17 lakes located in the fast-growing metropolitan region of DFW,
USA from 1984 to 2021 and was conducted by utilizing the JRC/GSW dataset through cloud-based
RS on the GEE, as well as the Landsat dataset via non-cloud-based RS on ArcGIS Pro. The results
showed that GEE-based and ArcGIS-based RS approaches are both effective in estimating changes in
lake areas using two different datasets. In conclusion, this study indicates the effectiveness of both
approaches. The study highlights the significance of both datasets and methodologies in identifying
the spatial and temporal variations of the lake area, and it implies that the use of more Landsat data
sources produces more accurate findings in assessing changes in small water bodies. In addition, the
study demonstrates that the use of more Landsat data sources provides more accurate results in
identifying spatial and temporal variations of the lake area. In addition, the findings of the study
indicate that there is no statistical difference between the two methods in terms of their ability to
accurately determine the total area of lakes over a period of 37 years. This points out that cloud-based
RS platforms and non-cloud-based RS platforms are both capable of estimating changes in lakes over
time and place.
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Overall, the findings of this research offer important new perspectives on the merits and
drawbacks of utilizing various RS methodologies and datasets for monitoring changes in the extent
of urban lakes. The results of this research could have significant implications for environmental
monitoring and management, regarding the management of water resources and the protection of
their supplies. The combination of cloud-based and non-cloud-based RS platforms may prove to be
the key to developing a method that is both more comprehensive and more efficient for coders and
non-coders when studying the monitoring and management of water resources. It is necessary to
conduct additional studies to investigate the possibilities of merging several remote sensing datasets
and technologies to increase the accuracy and reliability of lake area estimation. We recommend three
future research directions:

- Combining RS datasets and methods: Combining multiple RS datasets and methods may
improve lake area estimation accuracy and reliability, providing more water resources
management data for urban water planners.

- Developing integrated, easy-to-use RS tools: Non-cloud-based RS platforms like ArcGIS Pro
with DL pre-trained models can produce similar results in a relatively short period of time,
especially for non-coders. Cloud-based RS platforms like GEE offer faster processing times. A
future study could build an integrated, user-friendly, and freely accessible RS system that has
the merits of both the ArcGIS Pro and GEE platforms.
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