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Abstract

Predicting the surface area and shape of lakes is critical for ecological, hydrological, and climatic studies. Accurate predic-
tions enhance the understanding of lake dynamics, facilitate water resource management, and support environmental change
assessments. Traditional methods, while foundational, often lack the efficiency, accuracy, and scalability required to handle
complex lake systems, necessitating modern, technology-driven approaches. This study introduces a novel methodology for
predicting changes in lake surface area and shape, including shoreline dynamics. The approach employs advanced remote
sensing techniques and mathematical modeling, integrating Mathematica simulations with Net-Encoder and Deconvolution
models. The framework achieved a high accuracy rate of 93% in water pixel extraction. Results indicate significant reductions
in surface area, with Lake Eucumbene shrinking by 4.3% and the Salton Sea by 14.54%. The most notable shoreline changes
occurred in the southwestern and northern regions of Lake Eucumbene and the southwestern region of the Salton Sea. This
research highlights the effectiveness of a remote sensing-based approach for monitoring lake surface dynamics, offering a low-
cost, high-accuracy tool for environmental monitoring and climate change impact assessment. Compared to existing methods,
the proposed approach provides equivalent accuracy while delivering enhanced operational simplicity and flexibility.
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Introduction
Closed curves and their applications

Closed curves are looping shapes without specific starting
or ending points, characterized by their ability to enclose
defined areas. These curves are useful mathematical tools for
representing real-world phenomena that exhibit closed-loop
patterns, such as orbits, circuits, and boundaries (Abbena
et al. 2017). Over the years, closed curves have been increas-
ingly applied across various fields, including detecting tumor
contours in medicine (Gu et al. 2014), modeling geological
structures in geology (de Kemp and Sprague 2003), analyz-
ing plant leaf shapes in botany (Laga et al. 2014), and study-
ing urban development boundaries in urban planning (Zheng
et al. 2018). Their ability to represent geographical features
and analyze complex systems has made them particularly
valuable in hydrological studies for modeling and predicting
patterns within lake systems (Keren 2004).

Environmental monitoring and the role of lakes

Environmental monitoring aims to detect changes over time
in specific areas, such as the degradation of inland water
bodies caused by anthropogenic activities. These activi-
ties include land use changes, agricultural expansion, water
diversion by dams, sewerage infrastructure development,
and pollution (Kingsford et al. 2016). Lakes are critical
components of local water cycles and are especially signifi-
cant in arid regions where they provide both ecological and
economic benefits. Consequently, sustainable monitoring
and timely intervention are crucial to managing these vital
freshwater resources effectively.

Remote sensing tools for monitoring lakes

Remote sensing (RS) has emerged as a cost-effective and scal-
able tool for monitoring surface water changes. RS methods
reduce the need for extensive fieldwork and offer advantages
such as wide spatial coverage, high-frequency data availabil-
ity, and rich informational content (Ozesmi and Bauer 2002;
Asokan and Anitha 2019). However, challenges remain in
estimating and predicting spatiotemporal variations across
large geographic areas and understanding the factors driving
these changes, such as rainfall, temperature, and evaporation
(Emami and Zarei 2021). When integrated with Geographic
Information Systems (GIS) and Global Positioning Sys-
tems (GPS), RS enables the efficient monitoring of dynamic
changes in lake systems (Wang et al. 2023). Numerous satel-
lite sensors have been used for mapping and monitoring water
surface areas, including the Advanced Very High-Resolution
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Radiometer (AVHRR) (Holben 1986), Moderate Resolution
Imaging Spectroradiometer (MODIS) (Li et al. 2013; Feng
et al. 2019), Systeme Probatoire d’Observation de la Terre
(SPOT) (Harvey and Hill 2001), Visible Infrared Imaging
Radiometer Suite (VIIRS) (Li et al. 2018), Landsat (Mueller
et al. 2016; Chen et al. 2018; Wang et al. 2020), and Senti-
nel-2 (Du et al. 2016; Yang et al. 2017). Among these, the
Landsat program stands out for its long-term, free, and con-
tinuous datasets dating back to 1972, with a temporal resolu-
tion of 16 days (Feyisa et al. 2014).

Advances and limitations of traditional methods

Various methods have been developed for water body analy-
sis, including single-band approaches, spectral relationship
analyses, water indices, object-oriented methods, decision
trees, Support Vector Machine (SVM), Back Propagation
(BP) neural networks, and deep learning-based meth-
ods (Santos et al. 2024). Notable tools include the Nor-
malized Difference Water Index (NDWI), introduced by
McFeeters (1996), and its refinement, the Modified NDWI
(MNDWTI), which improved the index’s accuracy (Han-Qiu
2005). Further contributions include the Composite Index of
Water Body (CIWI) by Ma et al. (2009) and the Automatic
Water Extraction Index (AWEI) by Feyisa et al. (2014),
which accounts for shadow conditions through two variants:
AWEIsh for shadowed areas and AWEInsh for unshadowed
areas. These methodologies have significantly advanced the
field but face limitations in handling complex and dynamic
systems such as lakes, particularly when predicting future
changes in surface area and shoreline dynamics. Table 1 pro-
vides a comparative overview of studies that have employed
these technologies to analyze lake surface areas, highlighting
the evolution of methodologies over time and their applica-
tion across different regions.

Research gap and study objectives

Despite these advancements, relatively few studies have
focused on predicting the future spatial dynamics of lake sur-
faces (Abdi et al. 2024). For instance, Bakr and Abd El-kawy
(2020) used the Land Change Modeler (LCM) based on the
statistical Markov Chain method, which assumes memory-
lessness and oversimplifies complex systems. In contrast, this
study adopts a robust methodology combining deep learning,
binary classification, and deconvolution techbiques to simu-
late water surface changes, including future area variations
and directional shoreline changes. Research utilizing closed
curves for lake surface predictions remains limited (Shang
2013; Liu et al. 2021a), particularly for lakes such as Lake
Eucumbene in Australia and the Salton Sea in the United
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Table 1 Comparison of different research in this field
Lake-Region Purpose of the research Time series Index and model used to detect ~ Reference

water body

Al-Razzaz-Iraq

Aral-Central Asia

Siling Co, Zhuo Nai, Qinghai
-Tibetan Plateau

Alpine Lakes- Changtang
Plateau
Nainital-India

Glacial lakes- Tibetan Plateau

Dalinor, Chahannur, Angulinao,
Huangqihai, Daihai-Mongo-
lian plateau

Toshka-Egypt

Dongting-china

Chad-African

Qilu-China

Lake > 1km?- Qilian Mountains
Sarygamysh- Central Asia
Nuntasi Tuzla -Romany

Burdur, Egirdir, Beysehir-Turkey

Bhimtal, Sattal, Naukuchiatal-
India

Analyzing Spatiotemporal
changes in the area of the lake

Geospatial quantitative analysis
for volume and area of the
lake

Analysis of the annual map of
lakes

Recent dynamics of lake
changes

Investigating the changes in the
Water Spread Area Changes

Investigating the spatial and
temporal evolution of glacial
lakes

Analyzing changes in lake
surface area (LSA) and shrink-
age risk

Monitoring the trend of area,
volume, and water level of
the lake

Investigating the relationship
between land use /land cover
(LULC) change and land
surface temperature (LST) in
the lake area

Relationship between land
surface temperature and lake
area changes

Examining time-spatial changes
of lake area

Investigating the dynamics of
the lake to climate change

Investigating the spatial changes
of the lake area

Detection of lake surface water
changes

Investigating the relationship
between temporal-spatial
changes and lake surface water
temperature (LSWT)

Area survey and water distribu-
tion mapping

1988-2018 NDVI', NDMI?, NDWI, WI*  (Al-lami et al. 2023)
19872018 NDWI, NSM?, LRR® (Wu et al. 2022)
1991-2018 MNDWI’, NDVI, EVI® (Zhao et al. 2022)
2009-2014 NDWI, HRWI’ (Yang et al. 2017)
2001-2018 NDWI, MNDWI, WRI'® (Deoli et al. 2022)
19902019 MNDWI, NDWI (Dou et al. 2021)
20002019 NDVI, NDWI (Wang et al. 2022)
1998-mid2017 NDLI'!, ELI'? (Chipman 2019)
1952-2010 NDVI, NDMI (Tan et al. 2020)
1988-2016 Radar (Policelli et al. 2018)
20002020 NDVI, MNDWI, AWEI '* (Wang et al. 2023)
1990-2020 NDWI (Zhao et al. 2023)
1973-2022 SVM™ (COSTACHE, 2023)
19842021 NDVI, MNDWI, WNDWI'3, (Serban et al. 2022)
WRI
2000-2021 NDWI, NDVI (Albarqouni et al. 2022)
2001-2018 NDWI, MNDWI, WRI, NDVI  (Deoli et al. 2021)

(1) Normalized Difference Vegetation Index, (2) Normalized Difference Moisture Index, (3) Normalized Difference Water Index, (4) Water
Index, (5) Net Shoreline Movement, (6) Linear Regression Rate, (7) Modified Normalized Difference Water Index, (8) Enhanced Vegetation
Index, (9) High Resolution Water Index, (10) Water ratio index, (11) Normalized difference lake index, (12) Enhanced lake index, (13) Auto-
mated Water Extraction Index, (14) Support Vector Machine, and (15) Weighted Normalized Difference Water Index

States, where most studies focus on data prior to 2018 (Wu
et al. 2022; Zhao et al. 2022; Al-lami et al. 2023).

This study examines spatiotemporal variations in water
surface areas and predicts future changes in two distinct bod-
ies of water: Lake Eucumbene in Australia and the Salton Sea
in the United States. The methodology includes: (1) map-
ping open water bodies using Landsat TM and OLI satellite

images from 2000 to 2023; (2) applying a binary classifica-
tion algorithm to extract closed curves, enabling accurate
measurements of lake surface areas; (3) predicting future
surface areas based on precipitation, temperature, and water
level data; and (4) analyzing closed curves to assess shoreline
changes and comparing predictions with historical data. This
integrated approach leverages advanced machine learning

@ Springer
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models to provide a low-cost, high-accuracy solution for
monitoring and predicting fluctuations in lake surface areas.

Materials and methods
Simulation techniques
Shape delineation

The mathematical properties of closed curves have facili-
tated advancements in medical imaging techniques, struc-
tural engineering designs, and theoretical mathematics,
underscoring their versatility and significance in both prac-
tical applications and research (Fig. 1). Their distinctive
charactheristics—such as high flexibility, precise boundary
definition, and simplified modeling—make them invaluable
tools for simulating complex phenomena.

Fig. 1 Examples of closed

curve applications
Diagnosis of
Brain Cancer

Identification of Plant
Diseases

@ Springer

In this research, closed curve forecasting was used to
model the evolution of the natural systems under study,
specifically focusing on shape analysis, which has been
demonstrated to be a reliable approach in similar applica-
tions. To optimize accuracy, this study applied a binariza-
tion method, which involves categorizing pixel values into
two distinct groups based on a predefined threshold (Mun-
dus et al. 2025). Pixels below the threshold were assigned
a value of 0, while those above were assigned a value of 1.
This binary classification enhances the identification and
analysis of image features, facilitating more accurate curve
fitting and improving the detection and classification of
visual objects (Howe 2013).

Scale adjustment
In this study, the pixel surface area was determined using

a scale adjustment process, which involved (1) calculating
the Euclidean distance (ED) between two points on the

Identification
of Microbes

Determination
of Soil Texture
S i

Closed Curve
Application

Rate of Urban
Development

Fingerprint
Identification
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scale (Egs. 1 and 2), and (2) computing the pixel surface
area (Eq. 3). The total surface area of the lake (in km?) is
then calculated by multiplying the area of each pixel by the
total number of pixels within each closed curve. Euclid-
ean distance, a fundamental concept in geometry and data
analysis, represents the straight-line distance between two
points in Euclidean space. It is widely applied in various
fields, including machine learning, computer vision, and
clustering algorithms (Wang et al. 2005).

ED = \/(a—x)2+(b—y)2 )

ED
Scale Factor = —
cale Factor = == )

Counting the white pixels
extracted from the water
body

where Sc represents the actual scale of the image in square
kilometers (km?).

Pixel Area = L 3)

Scale Factor?

This method allows for accurate surface area estimation
by incorporating both pixel resolution and scale adjust-
ments, which are essential for modeling the areas of closed
curves, such as lake surfaces. The schematic procedure
for shape delineation and the scale adjustment method is
illustrated in Fig. 2.

Calculate area each
pixel

5 g Calculate the total area of
white pixels and obtain the
surface area of the lake

Fig.2 Schematic representation of shape delineation and scale adjustment for computing lake surface area

@ Springer
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Machine learning

The prediction of closed curves in this study was achieved
through the application of machine learning techniques,
where models were first trained to predict related param-
eters using deep learning approaches (Thornber and Wil-
liams 2000). Unlike traditional artificial neural network
(ANN) models, deep learning architectures incorporate more
advanced neurons and multiple layers, allowing for sophis-
ticated operations such as convolutions. Additionally, these
architectures enable the use of multiple activation functions
within a single neuron, enhancing model performance (Hao
et al. 2016; Rocio et al. 2017; Janiesch et al. 2021).

To forecast the lake surface area for the following year,
the primary model utilized relevant accessible input data,
including temperature, precipitation, and water level records
from 2000 to 2023. The surface area served as the output
variable. The structure and parameters of the deep learning
model employed in this study are summarized in Table 2.

To address challenges commonly encountered in com-
puter vision and image processing, such as object detection
and boundary delineation, this study employed encoded
deconvolution techniques. By encoding the input image into
a lower-dimensional representation, the model was able to
extract key features of the closed curves while reducing data
complexity. The deconvolution process then reconstructed
the closed curve from this encoded information, improving
the accuracy of predictions. This approach not only enhances
the precision of forecasting closed curves but also improves
the overall effectiveness of computer vision applications.

Net encoder
In the context of neural networks, a net encoder serves as

a fundamental tool for transforming non-numerical data
into a numerical format, enabling subsequent processing

Table 2 General information about deep learning layers

Model Type of parameters ~ Values
Deep Learning Network Type Feed-forward propaga-
tion
Data Division Train (70%) Test
(30%)

10-fold cross valida-
tion

Number of Hidden 10
layers (Neurons)

Validation process

Epoch number 1000
Learning function 0.001-0.007
Activation function ~ Relu
Training function Adam

@ Springer

by neural networks. In this study, the Wolfram Language
was employed due to its advanced computational capabili-
ties, including specialized encoders and decoders (Wolfram,
2024). A net encoder functions by taking an input dataset,
characterized by an underlying but unknown probability
distribution, and generating a multivariate latent encoding
vector. The encoder models the data as a distribution defined
by the network parameters. Equation (4) represents a key
concept in generative models, particularly in the context
of autoencoders and variational autoencoders (Liang et al.
2020):

Py(x) = / Py (2)Pq (x|2)dz 4)

where z represents the latent variable, x denotes the input
data, and 0 is the set of network parameters. The integral
captures the encoding of the input data into a latent repre-
sentation, facilitating the learning process within the neural
network. This formula encapsulates the essence of how net
encoders function within generative modeling frameworks,
emphasizing their critical role in learning and sampling from
complex data distributions (Hajizadeh Javaran et al. 2023).

Deconvolution neural network

This study employs deconvolution methods, an inverse
operation to convolution, for signal and image processing.
Deconvolution reconstructs the original signal from its con-
volution with a kernel or impulse response (Mulligan et al.
1995; Fanton 2021). The primary objective of deconvolu-
tion is to solve the convolution equation, which is typically
achieved through statistical estimation methods or by apply-
ing the physical principles governing the underlying system
(Sage et al. 2017). Processing speed and output quality are
enhanced by reducing the number of iterations and acceler-
ating convergence toward a stable estimate (Cornwell et al.
1999). This approach improves the signal-to-noise ratio and
eliminates specific artifacts, making it particularly effective
in signal and image processing applications. The output size
of a deconvolution layer can be determined using a formula
(Eq. 5) similar to that of a standard convolution layer, but
with key differences. This formula, which accounts for the
distinct mechanics of deconvolution, is provided by Press
et al. (1992):
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Input vector (size: 1)
1 ReplicatelLayer matrix (size: 2x1)
2 DeconvolutionLayer matrix (size: 10x2)
3 BatchNormalizationLayer matrix (size: 10x2)
4 Ramp matrix (size: 10x2)
5  DeconvolutionLayer matrix (size: 20x4)
6 BatchNormalizationLayer matrix (size: 20x4)
{ Ramp matrix (size: 20x4)
8 DeconvolutionLayer matrix (size: 40x8)
9  BatchNormalizationLayer matrix (size: 40x8)
4 10 Ramp matrix (size: 40x8)
11 LinearLayer matrix (size: 701x593)
3 3 13 12 LogisticSigmoid matrix (size: 701x593)
D Output matrix (size: 701x593)
isd 54 & 2N
R b D
8 10 11 18 21 23 31
® Q @ L] ® D o
8N r D
: ANINE < (NI I I N
B8N r FC R s c
6 16 26 28 29
° ° ° @ =]
8N r
15 25
L ] L
24
L)
® Tensor @ broadcast_axis ® BatchNorm @ FullyConnected ® _copy
® Reshape ® Deconvolution @ relu ® sigmoid
Fig.3 Structure and parameters of the deconvolutional neural network developed for this study
input size + 2 X padding — dilation X (kernel size — 1) — 1
Output size = | =2 pacame ( UL )

stride

where the input size refers to the height or width of the
input feature map, padding represents the number of pixels
added around the input, the dilation rate defines the spacing
between kernel elements, the kernel size denotes the height
or width of the convolution kernel, and the stride determines
the movement of the kernel. Figure 3 illustrates the architec-
ture of the deconvolutional neural network utilized in this
study.

Application to lake systems
Study areas

This research analyzes two lakes situated in distinct geo-
graphical regions: Lake Eucumbene in Australia and the
Salton Sea in the United States. These sites were chosen
for their contrasting geographical and climatic conditions,
allowing the proposed methodology to be tested under
diverse environmental settings (Fig. 4).

e Lake Eucumbene (36°12'S, 148°61'E), located approxi-

mately 40 km from Cooma in the Snowy Mountains of
Australia, sits at an altitude of 1,200 m. The lake, with

@ Springer
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170°0'0"W . 110°00'W . 50°00'W 30°00'E 90°0'0'E . 150°0'0"E

80°00"N

60°0'0"N

40°0'0'N

20°00"N

000'0"

20°0'0"S
[1Ocean
I Land
40°00"S [JIDesired Area

1600 mi

2500 km

Fig.4 Geographical locations of the study lakes: (1) Salton Sea, California, USA; and (2) Lake Eucumbene, New South Wales, Australia

Table 3 Characteristics of the study lakes (Wang et al. 2023; Wu et al. 2022)

Lake Maximum extent (km?) Type Maximum Elevation Purpose of use

depth (m) (m)
Eucumbene 145 Freshwater 107 1200 Irrigation, electricity generation
Salton 889 Brackish 13 =70 Irrigation, fisheries

Fig.5 Coastal configuration of selected bodies of water as viewed on Google Earth: a Salton Sea (USA), b Lake Eucumbene (Australia)

@ Springer
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an average depth exceeding 30 m, experiences mild and
stormy summers, along with cold and wet winters. Rain-
fall is relatively consistent throughout the year, peaking
in late winter and spring.

e The Salton Sea (33°18'47"N, 115°50'04"W), a
eutrophic, hypersaline, terminal lake in southeastern Cal-
ifornia, USA, is the largest inland water body in the state
and serves as a crucial habitat for migratory birds. The
average depth of the Salton Sea is 8 m, with a maximum
depth of 13 m, situated approximately 70 m below sea
level. The region experiences air temperatures ranging
from 9 to 37 °C (Holdren 2014; Kjelland and Swannack
2018).

Each of these lakes possesses unique characteristics in
terms of maximum extent, elevation, maximum depth, and
other relevant attributes (Table 3). The coastlines of the
Salton Sea and Lake Eucumbene (Fig. 5) exhibit agricul-
tural lands and built structures along the southeast of Lake
Eucumbene and the southwest of the Salton Sea. These land-
scapes could significantly affect these areas, emphasizing the
importance of studying shoreline direction and transforma-
tions in relation to land use.

Data sources

Spatial and temporal resolutions are key factors in satellite
imagery that significantly influence the ability to monitor
and analyze changes on Earth’s surface (Ozesmi and Bauer
2002). To analyze changes in the study areas from 2000
to 2023, a collection of 24 Landsat images per year, cap-
tured in September, was obtained for each lake from Land-
sat Look, under the supervision of the USGS (https://lands
atlook.usgs.gov/explore). The spatiotemporal changes in

Table 4 Overview of the satellite imagery dataset used for analyzing
both lakes

Sensors Period Num-
ber of
images

Landsat 5 2000-2001 2

Landsat 7 2002-2007 6

Landsat 8 2008-2019 12

Landsat 9 2020-2023 4

Lake Eucumbene and the Salton Sea during this period were
investigated using data from the Landsat Thematic Map-
per (TM), Enhanced Thematic Mapper Plus (ETM+), and
Operational Land Imager (OLI). To ensure precise analy-
sis, images with minimal cloud cover (less than 10%) were
selected, as excessive cloud cover can obscure the area of
interest. Additionaly, to ensure smooth and clear imagery,
four satellite sensors were employed: Landsat 5 TM (cover-
age from 1984 to 2013), Landsat 7 ETM+ (coverage from
1999 to 2023), Landsat 8 OLI/TIRS (coverage from 2013 to
2023), and Landsat 9 OLI+/TIRS (coverage from 2021 to
2023) (Albarqgouni et al. 2022) (Table 4).

For this study, data regarding the water levels and surface
areas of the two lakes (Eucumbene and Salton) from 2000
to 2023 were sourced from the Database for Hydrological
Time Series of Inland Waters (DAHITI) via the Hydroweb
service (https://dahiti.dgfi.tum.de/en). Table 5 presents the
statistical characteristics of three key parameters: precipita-
tion, temperature, and water level for the studied lakes.

Study case simulation

The simulation of the lake systems using closed curves
involves two main steps: (1) extracting the lake’s closed
curves from satellite images and estimating the surface area,
and (2) forecasting the evolution of the lake’s closed curves
for the following year, followed by an analysis of the physi-
cal implications of the results.

e Step one

The initial step in the extraction process involved select-
ing satellite images with minimal cloud cover. To enhance
the detection of the lakes’ closed curves, the images were
decomposed into individual RGB channels. This decom-
position allowed for the analysis of each channel indepen-
dently to identify the most effective one for representing the
lakes’ closed curves. It was determined that the red channel
provided the clearest distinction of the closed curves com-
pared to the other channels (Xiang et al. 2018; Ying and
Lin 2019). Consequently, the red channel was selected for
further binarization and analysis, enabling accurate delinea-
tion of the lakes’ closed curves. The infrared images, shown
in Fig. 6, were processed using Mathematica 13.3 software.
Binarization of these images resulted in a binary format that

Table 5 Statistical characteristics of three important parameters of precipitation, temperature, and water level for four selected lakes

Lake Temperature (C°) Precipitation (cm) Water level (m)

Max Mean Min Num zero Max Mean Min Num zero Max Mean Min Num zero
Eucumbene 6.6 4.6 3 0 20.7 8.8 1.1 0 1152.5 1137.1 1123.3 0
Salton Sea 33.6 30.5 28.7 0 3.6 0.4 0 9 —69.2 -70.9 -73.1 0
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effectively distinguishes lake pixels (white) from non-lake
pixels (black) along the closed curves (Fig. 7).

Using an extraction algorithm based on the binary
method, the closed curves representing the lake boundaries
are derived from the images. Afterward, an appropriate scale
is set, and the pixel area is calculated. The surface area of the
lakes is then estimated based on the extracted closed curves.

e Step two

Machine learning was implemented through deep learn-
ing models using relevant parameters, such as network
architecture, the number of hidden layers, and the number
of epochs. Historical data was used to train these models.
Subsequently, the image data was encoded to minimize the
volume of computations and avoid unnecessary complexity.
Finally, deconvolution modeling was applied to forecast and
reconstruct the closed curves of the lakes for the following
year.

Australia

Fig.6 Infrared imaging of the selected lakes

Results and discussion

Lakes surface area delineation and future
estimation

After scale adjustment and pixel analysis, the surface areas
of the lakes were estimated from the extracted closed curves.
To generate future forecasts, the primary model was config-
ured to predict lake surface areas using air temperature, pre-
cipitation, and water level data as inputs, while the surface
area served as the output variable.

The results demonstrated high reliability and precision in
estimating the areas of the lakes, achieving coefficients of
determination (R?) of 0.96 for Lake Eucumbene and 0.98 for
the Salton Sea, with root mean square errors (RMSE) of 4.107
km? and 1.259 km?, respectively (Table 6). Compared to simi-
lar studies (Xu et al. 2021; Poudel et al. 2021), the method
adopted in this study has proven to be equally accurate, yet
operationally simpler and considerably more flexible.

1 o
|
Ll“jf[ 1 )| “1 ‘
[ { 'HJ ay
Processing
RGB channel Gray scale Binarize
Fig.7 Illustration of image binarization
Table 6 Accura(fy assessment Lake Smallest Largest R? RMSE (km?) Accuracy
results of the estimated surface area (km?) area (km?)
areas by water detection
algorithm Lake Eucumbene 47.82 (in 2007) 124.35 (in 2013) 0.960 4.107 84.0%
Salton Sea 827.15 (in 2022) 975.61(in 2001) 0.980 1.259 99.75%
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Fig.8 Analysis of estimated lake surface areas: a scatter plots and b
histogram for the studied lakes

Historical evolution

According to the estimates, the minimum and maximum
surface areas for Lake Eucumbene were 47.82 km? in 2007
and 124.35 km? in 2013, respectively, while for the Sal-
ton Sea, the minimum and maximum surface areas were
827.15 km? in 2022 and 975.61 km? in 2001, respectively.
The time series plots reveal an irregular pattern of changes
in the water surface area of Lake Eucumbene and a grad-
ual decreasing trend for the Salton Sea during the period
2000-2023 (Fig. 8). The plot for the Salton Sea is less scat-
tered compared to Lake Eucumbene, indicating more con-
sistent results.

Figure 9a shows the rate of change, at five-year intervals,
for Lake Eucumbene. The largest expansion occurred during
2010-2015, at a rate of 61.85%, while the largest shrinkage
occurred during 2005-2010, at 37.04%. The most significant
changes in Lake Eucumbene occurred in the north, east, and

south directions. Similar patterns were observed for Lake
Tinaroo, located in Queensland, Australia, which also has a
cool climate and abundant rainfall. The highest changes for
Lake Tinaroo were observed in 2018, with a surface area
reduction of 13.5% (Sumiya et al. 2020).

Figure 9b illustrates a gradual shrinkage of the Salton
Sea, reaching a maximum of 5.10% between 2015 and 2020.
The most significant changes occurred in the north, south,
and southwest directions, where drying has posed environ-
mental concerns for local populations. Similar findings were
reported for the Great Salt Lake in northern Utah, another
saline, endorheic basin, where a surface area decrease of
approximately 6.56% was recorded in 2022 (Lang et al.
2023).

Using recent geometrical and coordinate data of Lake
Eucumbene, a geometric map of the lake was developed
(Fig. 10). Figure 10a illustrates substantial changes in Lake
Eucumbene’s coastline between 2000 and 2020, with the
most significant alterations occurring in the northern sec-
tion. Figure 10b shows a consistent annual decrease in the
surface area of the Salton Sea, with 2020 marking the most
substantial reduction. The greatest shrinkage occurred in the
northeast and southern directions.

Forecasted changes

The Deconvolutional Neural Network model was implemented
to detect a reliable correlation between lake surface areas and
closed curve imagery. Table 7 presents the overall modeling
accuracy and the associated errors in forecasting closed curve
imagery. According to the table, the average accuracy for
predicting the closed curves of the lakes is 97.9% for Lake
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Fig.9 Lake closed curves variations and directional changes (2000 to 2020): (i) water surface area changes and rates, based on Landsat imagery
(in five-year intervals); and (ii) directional changes in the lake closed curves for (a) Eucumbene, and (b) Salton
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Table 7 Accuracy assessment results of the forecasted closed curves
of the lakes

Lake RMSE (km?) R Accuracy (%)
(low, high)

Eucumbene 7.728 0.9869 (95.98, 99.82)

Salton 8.155 0.8553 (95.37,99.45)

Eucumbene and 97.41% for the Salton Sea. Compared to pre-
vious research by Wang et al. (2024), which applied deconvo-
lutional neural networks to detect landslides, the model dem-
onstrates high robustness in imagery predictions.

According to the forecasts (Table 8), both lakes are
expected to experience a decrease in surface area over the
next year, with a reduction rate of 3.61% for Lake Eucum-
bene and 2.52% for the Salton Sea. The shrinkage of Lake

Table 8 Prediction of closed curves and rate of surface area changes for 2023-2024
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Eucumbene is predicted to be most pronounced in the north
and southeast regions, while the Salton Sea’s reduction will
be more noticeable in the northwest and southern regions.

The results can be attributed to the impacts of climate
change on surface water resources. Overall, the lake surface
predictions for both lakes in the next year align with the
findings of previous studies. According to Liu et al. (2021b),
projected rising temperatures and varied precipitation in the
near future are expected to result in decreased surface flows,
particularly during the dry season (April-September), across
certain watersheds in California. Similarly, by 2030, a pro-
jected decrease in average rainfall, combined with increas-
ing air temperatures and evaporation, is anticipated to exac-
erbate drought conditions in New South Wales, Australia
(Hennessy et al. 2004; Srikanthan et al. 2022).

Conclusions

This study introduces a novel approach utilizing closed curves
to forecast the evolution of lake surface areas, focusing on Lake
Eucumbene and the Salton Sea as case studies. The results
reveal significant historical shrinkage for both lakes; Lake
Eucumbene experienced a maximum reduction of 50.92% in
2007 (compared to 2000) while the Salton Sea experienced
a shrinkage of 15.21% in 2022. Predictions for the upcoming
year indicate further declines in the surface areas of both lakes,
with projected reductions of 3.60% for Lake Eucumbene and
2.52% for the Salton Sea, compared to 2023.

The high R? values and low RMSE across various stages
of the modeling process demonstrate the accuracy and preci-
sion of the proposed methodology. The use of closed curves
has proven effective for both interpreting historical trends
and predicting short-term changes in the surface area and
shape of lakes. Notably, the method provides a viable solu-
tion when data availability is limited, as it relies on machine
learning techniques using readily accessible parameters,
such as temperature, precipitation, and water levels.

Future studies should incorporate uncertainty analysis
and examine the influence of more specific parameters,
such as discharge flow rates, feeding flow rates, and evapo-
ration, to further enhance the accuracy and applicability of
the model. Including these additional factors may provide
deeper insights into the dynamics of lake surface evolu-
tion and improve the predictive capabilities of the proposed
approach. Furthermore, using a weekly to monthly time res-
olution for forecasting lake level changes could enable more
effective monitoring of dynamic environmental conditions.
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