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Analyzing Ogurja Island’s shoreline changes in response

to the Caspian Sea water level decline
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Abstract

Shorelines are vital and dynamic components of the coastal zone, constantly changing due to various environmental
factors. These areas hold significant recreational, economic, and ecological importance, making the understanding of
shoreline alterations critical. Unlike open oceans, the Caspian Sea (CS) has experienced a noticeable decline in water
level since the late 1990s due to a combination of climatic variability, reduced riverine inflow, increased evaporation,
and anthropogenic factors. This decline in water level is expected to drive morphological changes in the shorelines,
with an overall trend of shorelines retreating seaward. In this study, the shoreline changes of Ogurja Island, the largest
island in the CS, were analyzed using Sentinel-2 satellite imagery from 2015 to 2023, covering a total of 9 images,
and the Digital Shoreline Analysis System tool. The study aimed to establish a relationship between these shoreline
changes and the decline in the Caspian Sea water level (CSL). The results reveal a strong correlation, with shoreline
movements reaching up to 80 m/year in some areas, and significant changes are expected with the projected CSL
decline. This research offers an initial attempt to connect shoreline dynamics with water level fluctuations, highlighting
the importance of considering shoreline changes in future water level predictions. The study recommends that future
research focus on integrating advanced models, such as hydrodynamic simulations and machine learning techniques, to
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refine shoreline predictions and enhance understanding of the CS’s dynamic coastal environment.
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1. Introduction

Coastal regions consist of areas where interactions
among terrestrial, marine, and atmospheric systems occur
simultaneously, leading to dynamism (Davidson-Arnott et
al, 2019; Gunasinghe et al., 2021; Hsu et al,, 2007). As
aresult, they are quickly impacted by human activities as
well as fluctuations in climate, weather conditions, and
natural hazards (Ghaderi and Rahbani, 2023; Johnston
et al.,, 2023; Parthasarathy and Deka, 2019). Sometimes,
these impacts are minor and seamlessly integrated into
future dynamics, while at other times, they pose risks to
both humans and the surrounding environment. In a study
examining long-term changes in the shoreline of Hormuz
Island, located in the semi-enclosed region of the Strait of
Hormuz, it was found that the rate of change is minimal
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(0.1 m/year) and consistent with the low-energy hydrody-
namic conditions of the area (Rahbani and Ghaderi, 2024).
In contrast, short-term (seasonal) changes in the shore-
line of the Tiab estuary on the northeastern coast of the
Strait of Hormuz were significant, with changes ranging
from 40 to 200 m (Rahbani et al., 2023a), primarily due to
high-energy flood and ebb conditions (Ghaderi and Rah-
bani, 2021). Natural hazards can rapidly impact coastal ar-
eas, causing significant challenges. For example, the erup-
tion of a mud volcano on Dashli Island in the southern
Caspian Sea (CS) led to a 155% increase in the island’s
area within a very short period. This increase was caused
by the emergence of a large volume of mud accompanying
the eruption onto the island’s surface (Ghaderi and Rah-
bani, 2022). In coastal areas, storms can occasionally exert
immediate and significant impacts on shoreline changes.
For instance, the study by Mishra et al. (2024) examined
shoreline variations along Mocha in the coastal regions of
Myanmar and Bangladesh. Over longer timescales, natural


https://creativecommons.org/licenses/by/4.0/deed.en
https://doi.org/10.5697/QPUN2882
d.ghaderi@irseas.ir
danialghaderi1@gmail.com

Analyzing Ogurja Island’s shoreline changes in response to the Caspian Sea water ...

hazards can also influence shoreline dynamics, with Sea
Level Rise (SLR) being one example that poses a threat
to coastal regions as a result of global warming. For in-
stance, the study by Santos et al. (2024) on the shoreline
of Conde County, Brazil, reveals a shoreline retreat rate of
—0.27 m/year between 1985 and 2022. Weerasingha and
Ratnayake (2022) and Mariotti and Hein (2022) conducted
studies on SLR. A survey by Hossen and Sultana (2023)
found erosion rates as high as 2.2 m/year on the shoreline
of Saint Martin Island in the Bay of Bengal. Ghanavati et
al. (2021) conducted research on the vulnerability of the
Makran coast in the Gulf of Oman. The study highlights the
vulnerability of coastal areas to SLR. Furthermore, Ghaderi
and Rahbani (2024) showed that erosion is prevalent in
the eastern regions of these areas.

In addition to the aforementioned studies, it is clear
that the CS basin, which holds the title of being the largest
lake globally, is undergoing a decline in water levels as
a result of its enclosed nature, and given the influence
of global warming, evaporation contributes significantly
to this decline in water level (Chen et al., 2017; Lahijani
et al,, 2023b; Samant and Prange, 2023). The decline
of the Caspian Sea water level (CSL) poses a significant
threat to its coastal zones, leading to notable environmen-
tal and socio-economic challenges (Leroy et al., 2022). This
phenomenon has resulted in shoreline retreat, intensified
coastal accretion, and the degradation of coastal habitats.
The retreating coastline disrupts ecosystems, particularly
wetlands and marshes, which serve as critical habitats for
diverse flora and fauna. This issue was also highlighted in
the study by Haghani et al. (2016), which focused on the
response of the Sefidrud Delta to fluctuations in the CSL.
Data from Hydroweb from 1993 to 2022 indicates that the
CSL has decreased at a rate of 5.4 cm/year (Chen et al,,
2023). Undoubtedly, this decline in water level will have
significant effects on coastal areas (Lahijani et al., 2023a).
Kakroodi et al. (2014) conducted a study to investigate the
response of the shoreline along the Iranian Caspian Coast
to rapid sea-level changes in the 20th century. Their find-
ings revealed that during the period of decreasing CSL from
1929 to 1977, the shoreline advanced seaward (around
120 m/year), exposing vast areas of the seabed. These
changes were particularly pronounced in regions with high
sediment deposition and low slope. Additionally, during
the period after 1995, when the CSL remained relatively
high until around 2001, shoreline change rates varied sig-
nificantly depending on geographic location and local con-
ditions. In most areas, shoreline retreat occurred, reaching
several hundred m/year and even exceeding 1.7 km/year
in shallow and lagoonal regions. Rezaee et al. (2022) re-
ported that shoreline changes in the gently sloping coast of
southern CS, particularly near Fereydounkenar Port, were
influenced by water level decline, with about 260000 m?
of accretion observed near the breakwater. Similarly, [saie
Moghaddam et al. (2021) utilized Digital Shoreline Analy-
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sis System (DSAS) tools and satellite imagery to illustrate
substantial declines in Gorgan Bay and Gomishan Lagoon,
which are attributed to the decrease in water level (with
shoreline change rates ranging from 40 to 212 m/year).
Hence, in this particular water basin, the dynamics of wa-
ter level operate in a unique manner, unlike coastal areas
located in oceans where rising sea levels primarily lead to
erosion (landward movement of the shore). However, in
the CS, the reduction in water level results in coastal areas
experiencing accretion, or the seaward movement of the
shoreline. While many studies have documented shoreline
changes in various regions, the novelty of this study lies
in its focus on quantifying the direct relationship between
shoreline morphology and the declining CSL, specifically
through the analysis of Ogurja Island in the southern CS.
This research aims to contribute a unique perspective by
linking shoreline dynamics with the observed decrease
in water levels over a specific timeframe. Using Remote
Sensing (RS) data, this study seeks to evaluate the rate
and pattern of shoreline change as a response to water
level fluctuations, providing new insights into how these
environmental factors interact over short-term periods.
By incorporating this new approach, the study not only
enhances our understanding of coastal processes in the CS
but also introduces an innovative method for a preliminary
estimation of the declining CSL trend based on the fore-
casted future shoreline. Although additional statistical pro-
cesses and more comprehensive datasets could enhance
the robustness of the findings, this research addresses
a gap in the existing literature, making contributions to
the field of coastal morphology and its relationship with
declining water level trends. In this approach, the fore-
casted future shoreline (derived from past trend behavior)
can indicate the future CSL decline trend. While this es-
timation is subject to uncertainties, it can be considered
reliable under the assumption that current hydrological
and climatic conditions in the CS basin (such as tempera-
ture, evaporation, water inflow, etc.) persist.

2. Methods

2.1 Study area

The target area in this study is Ogurja Island, the largest
island in the CS, also known as Ogur Chinsky. This island
is located in the eastern part of the southern CS within the
territorial jurisdiction of Turkmenistan and in proximity
to the Cheleken Peninsula (Figure 1A and B). The island is
narrow and elongated from north to south, with its maxi-
mum width being approximately 2.4 km and its maximum
length around 37.5 km. Based on satellite images and news
sources, the island is predominantly composed of low sand
dunes covered with grass and bushes. Although there are
no permanent residents, the island holds ecological impor-
tance, providing habitat for species like the endemic seal,
Pusa caspica (Dmitrieva et al., 2016; Shirazi et al., 2023)
and a variety of seabirds. Between 2015 and 2023, the
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Figure 1. A) The geographical location of Ogurja Island, B) RGB satellite image from Sentinel-2, and C) Bathymetric
map of the area surrounding the island, sourced from Navionics ChartViewer. Bathymetric isolines represent depth

variations at one-meter intervals.

island’s area grew from 53.9 km? to 59.9 km?, indicating
a 6 km? expansion over 9 years attributed to declining CSL.
The marine area surrounding Ogurja Island, situated in
the eastern part, has a shallower depth compared to the
average depth of the southern CS. Prange et al. (2020) sug-
gest that should the CSL decrease by 18 m by the close of
the 21st century, this region will become completely dry.
The bathymetric map of the island’s vicinity is provided in
Figure 1C (NAVIONICS, 2023). Ogurja Island features a sim-
ple, undeveloped coastline, allowing sediment deposition
and transport processes to occur in a natural and undis-
turbed manner. In contrast, developed areas such as the
Port of Beris, located on the northern coast of the Gulf of
Oman (Ghaderi and Rahbani, 2020a), and Bandar Abbas
city, situated on the north coast of the Strait of Hormuz
(Ghaderi and Rahbani, 2020b), have experienced signifi-
cant shoreline changes of up to 30 m/year due to the pres-
ence of coastal structures.

The CS, the largest enclosed inland water body on Earth,
has undergone significant fluctuations in its water level
over the past few decades (Haghani et al,, 2016; Kakroodi
etal, 2014; Roshan et al., 2012). Historical observations
and satellite-based measurements indicate a general de-
clining trend in the CSL since approximately 1995, accom-

panied by periodic fluctuations (Chen etal., 2017; Kakroodi
et al, 2014). According to data obtained from the
HYDROWEB database (Crétaux et al,, 2011), the water
level on September 27, 1992, was recorded at —26.48 m,
while by August 20, 2023, it had dropped to —28.33 m
(Figure 2B). This represents an overall decrease of 1.85 m
over 31 years. Despite the long-term decline, short-term
oscillations in water level are evident, reflecting the com-
bined influence of climatic variability, riverine inflow, evap-
oration, and anthropogenic factors (Roshan et al., 2012).
Understanding this dynamic behavior is crucial, as it di-
rectly impacts the ecological and socio-economic aspects
of the Caspian region, including shoreline stability, habi-
tat alteration, and regional water management strategies
(Prange et al,, 2020). To illustrate the long-term changes
in Ogurja Island, Figure 2 has been prepared. This figure in-
cludes satellite imagery from Landsat 9 (dated 2023/07/02)
and Landsat 5 (dated 1995/07/29), utilizing the near-
infrared band for visual comparison (Figure 2A and C).
Various parts of the island were narrower on 1995/07/29,
when the CSL was approximately —25.92 m. For instance,
section C2 represents a very narrow land strip. However,
on 2023/07/02, with the CSL at —28.26 m, a significantly
larger portion of Ogurja Island is exposed above water (see,
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Figure 2. Long-term changes of Ogurja Island in relation to CSL variations. A) Near-infrared band image from Landsat 9
dated 2023/07/02, B) water level changes from 1992 to 2023, and C) near-infrared band image from Landsat 5 dated

1995/07/29.

for example, section A1). Therefore, based on the findings
of studies by Samant and Prange (2023) and Kakroodi et
al. (2014), it can be conclusively stated that since 1995,
the declining CSL has significantly impacted the coastal
regions.

2.2 Data collection and image processing

The satellite imagery utilized is sourced from Sentinel-2
A and B (ESA, 2020). These images span from 2015 to
2023, all captured during July and August (Table 1). Itis
noteworthy that all images are cloud-free, as confirmed
through the metadata of Sentinel-2 products and further
verified by meticulous manual and visual inspection to en-
sure data quality. The variation in water levels due to tides
is a significant concern in these investigations (Boak and
Turner, 2005; Ghaderi and Rahbani, 2020b; Rahbani et al.,
2023a; Rahbani and Ghaderi, 2024); however, in the CS
basin, tidal fluctuations are negligible. In Turkmen Bay, the
maximum tidal range is approximately 21 cm, while in the
western section of the South Caspian Basin, it falls within

the range of 5-10 cm (Medvedev et al., 2020, 2017). There-
fore, this study disregards the influence of tidal variations.
The MSI sensor on the Sentinel-2 satellite captures images
with a spatial resolution ranging from 10 to 60 m across 13
spectral bands ranging from 0.443 to 2.19 um (Barsi et al,,
2018). Only Band 3 (4;) and Band 8 (Ay;r), with central
wavelengths of 0.560 and 0.842 um, respectively, are uti-
lized. Pre-processing prerequisites for satellite images in-
clude geometric, radiometric, and atmospheric correction
(Ghaderi and Rahbani, 2022, 2020a). While Sentinel-2’s
L1C products are geometrically and radiometrically ad-
justed (Gascon et al., 2017), they necessitate atmospheric
correction. Several algorithms exist for conducting this
correction. As outlined in the research literature (Ghaderi
and Rahbani, 2022, 2020b; Pereira-Sandoval et al., 2019;
Rahbani et al., 2023a; Rahbani and Ghaderi, 2024), the
Case 2 Regional CoastColour algorithm (C2RCC), tailored
for coastal settings (Brockmann et al., 2016), has been
employed. This algorithm was chosen because it is specifi-
cally designed for coastal and marine environments and
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Table 1. Satellite data images and bands information used in the NDWI index.
Central Pixel
Year Satellite Date Time Sensor Band used wavelength resolution
(um) (m)
2015 Sentinel-2A 2015/08/12 07:23 MSI A6 ANIR 0.560, 0.842 10
2016 Sentinel-2A 2016/07/17 07:23 MSI A, ANIR 0.560, 0.842 10
2017 Sentinel-2B 2017/07/07 07:23 MSI A6 ANIR 0.560, 0.842 10
2018 Sentinel-2B 2018/07/12 07:16 MSI A6 ANIR 0.560, 0.842 10
2019 Sentinel-2A 2019/07/12 07:16 MSI Ac, ANIR 0.560,0.842 10
2020 Sentinel-2A 2020/07/06 07:16 MSI Ag, ANIR 0.560, 0.842 10
2021 Sentinel-2B 2021/07/06 07:16 MSI A6 ANIR 0.560, 0.842 10
2022 Sentinel-2A 2022/07/06 07:16 MSI A6 ANIR 0.560, 0.842 10
2023 Sentinel-2A 2023/07/11 07:16 MSI A, ANIR 0.560, 0.842 10

is integrated within the SNAP application (Brockmann et
al., 2016; Soriano-Gonzalez et al., 2022). All necessary
pre-processing has been completed using SNAP software.
In this study, all processing steps were applied manually
and in a controlled manner to the satellite data to ensure
stability and avoid crashes, particularly given the resource
limitations of a personal computer. Figure 3A displays the
2023 image following the implementation of the C2ZRCC
algorithm.

2.3 Shoreline extraction

The optimal distinction between water and land features
in satellite imagery has been accomplished through the
application of McFeeters’ proposed Normalized Difference
Water Index (NDWI). This equation is a well-known and
extensively utilized index that has been employed in nu-
merous studies (Ghaderi and Rahbani, 2020a; Hossen and
Sultana, 2023; Rahbani et al., 2023a; Rahbani and Ghaderi,
2024; Shamsaie and Ghaderi, 2025; Zambrano-Medina
et al, 2023). Eq. 1 outlines the foundation of this index
(McFEETERS, 1996).

NDWI = (—’16 _’1”“?) (1)

A+ Anir

In this formula, 1; and Ay;r represent the green and
near-infrared wavelength bands, respectively. The near-
infrared band is highly absorbed by water and strongly
reflected by land, making it an ideal band for differenti-
ating between water and land features. Additionally, the
green band is sensitive to the presence of suspended parti-
cles in the water, which further aids in distinguishing water
from land. The combination of these two bands leverages
their respective characteristics, allowing for the most ac-
curate separation of water and land (Ghaderi and Rahbani,
2020b; McFEETERS, 1996; Pisanti et al,, 2022). The out-
come is a raster file with values ranging from —1 to +1,
with values near +1 indicating the presence of water fea-
tures and values near —1 indicating the presence of land

features (Figure 3B) (Do et al,, 2019; Ghaderi and Rahbani,
2025; Rahbani and Ghaderi, 2024).

The next step in shoreline extraction involves the cre-
ation of a two-class raster classification (e.g., Figure 3B).
For this purpose, K-Means unsupervised classification has
been utilized, as proposed in the studies by Ghaderi and
Rahbani (2023), (2020a), Rahbani et al. (2023a), Rahbani
and Ghaderi (2024), and Toure et al. (2019). The core
principle of the K-means algorithm is to minimize the per-
formance index of clusters, known as the square error, and
an error criterion. It offers benefits such as conciseness,
effectiveness, and rapid computation (Jumb et al., 2014;
Rashmi et al., 2016). This approach is an error reduction
algorithm that aims to minimize the sum of squared errors.
The mathematical expression of the K-means function is
depicted as Eq. 2 (Li and Wu, 2012).

)= D (xi- )’ @

k=1i€eCy

The outcome of K-Means unsupervised classification of
images is depicted, for instance, in Figure 3C, comprising
two segments: water and land features. Subsequently,
the shorelines are extracted by delineating their borders
(Figure 3D).

2.4 Shoreline analysis

The DSAS tool, created by the United States Geological
Survey (Thieler et al., 2009), was utilized to statistically
analyze shoreline alterations. Apart from offering drawing
and calculation functions, this tool offers multiple indexes
aiding in the assessment of shoreline changes. Utilizing
this tool for analyzing shoreline changes is highly popular
and effective. For instance, Ghaderi and Rahbani (2022)
aimed to determine the impact of the eruption of the mud
volcano on the area of Dashli Island; Rahbani et al. (2023)
investigated short-term changes in the channels of Tiab es-
tuary; Ghaderi and Rahbani (2023) analyzed the hydrody-
namic processes involved in the construction of a port and
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Figure 3. The pre-processing and processing stages of satellite images to extract shorelines. A) The RGB image of 2023
after applying the C2RCC algorithm. B) The output of NDWI. C) The two-class raster file derived from K-Means. D) The

2023 shoreline extraction.
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Figure 4. Schematic of the calculation of indexes; NSM, SCE, EPR, and LRR in Transect 597.

its effects on the shoreline; Rahbani and Ghaderi (2024)
classified shoreline changes on an island located in a semi-

enclosed water domain; Mageswaran et al. (2021) studied
the effects of SLR on Little Andaman; and Hossen and Sul-
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tana (2023) examined shoreline changes on Saint Martin
Island in the oceanic region. They all utilized the DSAS tool
for their respective analyses. The fundamental process of
DSAS operation entails establishing a hypothetical baseline
(in this research, an offshore baseline was implemented)
and sketching transects at angles nearing perpendicular-
ity to each shoreline (in this investigation, transects were
generated at 10 m intervals) (Thieler et al.,, 2009). The
method of shoreline changes has been analyzed using four
indexes; Shoreline Change Envelope (SCE), Net Shoreline
Movement (NSM), End Point Rate (EPR), and Linear Re-
gression Rate (LRR). The functionality of each index is
explained in Figure 4. The SCE calculates the greatest dis-
tance between shorelines along each transect; for instance,
intransect 597, this index yields a value 0f 29.9 m. The NSM
determines the distance between the oldest (2015) and
youngest (2023) shorelines, which amounts to 26.3 m in
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transect 597. The EPR represents the ratio of the EPR value
to the number of years; in transect 597, it stands at 3.3
m/year. While these three metrics rely on just two shore-
lines to gauge changes, LRR assesses shoreline alterations
by considering all shorelines through linear regression. In
transect 597, the LRR value is 3.8 m/year (Figure 4). As
mentioned in the description of the metrics, the SCE and
NSM quantify the extent of change, whereas the EPR and
LRR ascertain the rate of change.

Detecting shoreline changes through RS methods al-
ways accompanies inherent sources of error, which define
the level of uncertainty. Focusing on error sources and
their identification will result in decreased uncertainty. Ac-
cording to the research conducted by Godwyn-Paulson et
al. (2021) and Ayadi et al. (2016), error origins encompass
seasonal error (Ej), tidal fluctuations error (E;), digitizing
error (Eg), rectification error (E,), and pixel error (Ep),
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Figure 5. Workflow of the study methodology.
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determined through Eq. 3.

Unc:\/(E52+E,_?+E§+ET2+E5) (3)

All selected satellite images pertain to July and August
(see Table 1), with similar climatic conditions and minimal
water level fluctuations (negligible tide). Hence, E and E;
are insignificant. Considering identical orthorectification
and spatial resolution, E;- and E,, can be disregarded. More-
over, Ej; is logically related to the pixel size of the images,
which is equivalent to 10 m (Vallarino Castillo et al., 2022;
Yum et al.,, 2023). Therefore, error sources are solely asso-
ciated with the pixel size of the images and potential water
level fluctuations (excluding tide). In this study, the esti-
mated value for uncertainty is approximately 10 m. Santos
etal. (2021) provided an estimation of the overall uncer-
tainty within a range of +15.3 to + 7.7 m, and Nassar et
al. (2019) estimated it to be around + 37 m. Due to the
consistent decline in the CSL (Chen et al., 2023; Lahijani et
al,, 2023b; Samant and Prange, 2023), estimated changes
are impacted by these fluctuations.

Furthermore, the uncertainty associated with the rate
at which the shoreline changes is calculated based on Eq. 4
(Rajasree et al.,, 2016; Santos et al.,, 2021). In each transect
along the shoreline, U represents the level of uncertainty.
The total number of shorelines being examined is repre-
sented by n. year, refers to the most recently obtained
shoreline, while year; represents the year of the initially
extracted shoreline (Rajasree et al., 2016).

JU?+UZ.. U2
U= 1 2:Un (4)

year, —year

The uncertainty has been computed for each transect,
yielding an average uncertainty of around + 1.5 m/year.
Santos et al. (2021) determined the uncertainty for the
endpoint rate to be approximately + 0.7 m/year, and Nas-
sar et al. (2019) indicated a range of + 5.9 to + 1.4 m/year.

The DSAS tool also has the capability to predict future
shoreline positions. This prediction is based solely on the
historical behavior of shorelines (Seenath, 2022). The pre-
dictive principles of this tool are based on the statistical
Kalman filter model (Himmelstoss et al., 2018). This model
relies on a set of linear regression rates to forecast the fu-
ture position of a shoreline (Yan et al,, 2021). Due to the
influence of multiple variables on shoreline changes, the
Kalman filter model may have some susceptibility to er-
rors. However, it does provide an initial and quick estimate
for planners, policymakers, and managers (Nijamir et al.,
2023). In this particular study, which assumes a continu-
ous and linear decrease in the CSL, this factor itself will be
reflected in shoreline changes. Therefore, there should be
a significant correlation between changes in the CSL and
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shoreline changes. Therefore, in this study, based on the
analysis of shoreline changes, the shoreline position of the
island has been estimated for the next ten years (2033). Ul-
timately, the fluctuations in the shoreline of Ogurja island
between 2015 and 2023 have been assessed in relation
to the CSL data sourced from HYDROWEB (Crétaux et al.,
2011). The entire methodology of this study is illustrated
in the workflow presented in Figure 5.

3. Results and discussion

3.1 Analyzing the island’s shoreline

The changes in the shoreline of Ogurja Island from 2015
to 2023, as indicated by four metrics (SCE, NSM, EPR, and
LRR), are presented in Figure 6. The SCE determines the
maximum changes occurring in the island’s shoreline. As
illustrated in Figure 64, it is apparent that the eastern
portion of the island undergoes more pronounced mod-
ifications compared to the western side. The maximum
changes in this section can be attributed to the depth and
slope of this area (Figure 1C). In the western part, signif-
icant changes in the shoreline occur specifically in those
regions characterized by bends (such as boxes b and d
in Figure 6A). The NSM determines the type of changes
occurring. As depicted in Figure 6B, the eastern portion
shows changes that are predominantly directed seaward,
with the highest observed in box h. Based on the bathymet-
ric data surrounding the island, it can be observed from
Figure 1C that box h exhibits the lowest slope. As a result,
this particular section will be significantly impacted by the
declining CSL. In the western section, the majority of shore-
line changes are directed seaward, while only small areas
exhibiting a landward movement, particularly in regions
where the coast curves, such as section c.

By comparing the SCE and NSM, we can gain insights
into changes in the shoreline. Figure 7 illustrates a linear
comparison of the two indexes, with a correlation coeffi-
cient of 0.84. The high level of similarity between the two
indexes suggests that the majority of the shoreline has un-
dergone a linear seaward change as the CSL has decreased.
This trend is observed throughout most areas, with the
exception of a few small regions like box c in Figure 7. Fur-
thermore, it is evident from Figure 7 that both lines exhibit
a completely linear pattern. However, there is a distinction
in box h, indicating that the oldest shoreline (2015) has
experienced less change compared to more recent years.
Despite the predominant seaward changes of shoreline,
the shoreline behavior is not linear.

The rate of shoreline changes, as indicated by the EPR
and LRR indexes, corresponds with SCE and NSM but pro-
vides a clearer understanding of the changes over time. As
illustrated in Figure 8, the changes in the blue line (EPR)
exhibit a high correlation with those in the red line (LRR),
with a correlation coefficient 0.96. In several regions, they
align closely, while noticeable differences are observed
in some specific areas, such as boxes f and h. This indi-
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Figure 7. The shoreline changes of Ogurja Island are depicted by the SCE (blue line) and NSM (red line) indexes.
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Analyzing Ogurja Island’s shoreline changes in response to the Caspian Sea water ...

cates that the changes in most shorelines have been linear,
except for box h. Therefore, it can be concluded that the
short-term changes (2015-2023) in Ogurja Island align
completely with the trend of the CSL. The southern nar-
row strip of the island (box a) exhibits the highest rate of
change, reaching up to 80 m/year. Following that, in box f,
located in the north of the island, the rate is approximately
50 m/year; this area is shallow and estuarine. In box b,
changes occur at a rate of around 35 m/year, indicating
that alterations in this area result from successive cycles
of erosion and accretion (refer to the northern and south-
ern parts of box b in Figure 6D). The extensive range of
box h also experiences changes at a rate of 25 m/year; in
the nearshore section of this box, there exists a shallow
area (refer to Figure 1C). Therefore, in conclusion, short-
term shoreline changes on the island are influenced by
the decrease in the water level, although in some areas,
hydrodynamic mechanisms and geomorphic features play
a more significant role.

Different factors and origins in each aquatic environ-
ment can lead to distinct shoreline changes. For instance,
the eruption of the mud volcano on Dashli Island in the
CS caused significant alterations to the island within a few
days (Ghaderi and Rahbani, 2022). Similarly, severe storms
can have an immediate impact, as observed in Mishra et al.
(2024), while natural disasters such as earthquakes can
reshape the shoreline in less than a day, as demonstrated
by Rahbani et al. (2023b). However, in the CS, the primary
concern is the decline in CSL, which has led to long-term
shoreline changes, predominantly in the form of accretion
(seaward movement). As reported in our study, the short-
term decline in the CSL (2015-2023) has resulted in the
seaward movement of the shoreline (accretion), posing en-
vironmental risks to the region. Additionally, Haghani et al.
(2016) study on the Sefidrud Delta (southern CS coast) has
highlighted sediment accumulation. Other studies, such as
Lahijani et al. (2023a), Kakroodi et al. (2014), Rezaee et al.
(2022), and Isaie Moghaddam et al. (2021), which focus
on the southern CS coast (Figure 1A), have also reported
seaward movement of the shoreline.

Ogurja Island, influenced by declining water levels, has
exhibited shoreline changes of up to 260 m (in the SCE
index). These findings emphasize the significance of shore-
line type and dominant environmental processes in de-
termining the magnitude of shoreline modifications. This
level of shoreline change may be observed in estuarine
environments, such as Rahbani et al. (2023a), even though
the CS is an enclosed body of water, it experiences high
rates of accretion. Currently, due to SLR, most coastlines
adjacent to oceans are facing the threat of erosion, which
has garnered significant attention due to its direct impact
on human communities and socio-economic interests, as
highlighted in studies by Mariotti and Hein (2022) and
Weerasingha and Ratnayake (2022). However, the situa-
tion in the enclosed CS is quite different, with a serious
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decline in water levels. In this context, the seaward ad-
vance of the shoreline poses a potential threat, the socio-
economic and environmental impacts of which may not
become immediately apparent. This warrants special at-
tention from coastal managers and policymakers.

3.2 Analyzing the future of the island’s shoreline
Due to the findings from the analysis of indexes, which
have shown linear alterations in most of Ogurja Island’s
shoreline, the shoreline’s position has been forecasted for
the upcoming decade employing the Kalman filter model.
The comparison between the position of the shoreline in
2033 and those in 2015 and 2023 is shown in Figure 9. The
position of the 2033 shoreline is estimated based on the
assumption of linear changes in the shoreline from 2015 to
2023. Therefore, if the decline in the CSL continues under
the current conditions, the findings presented regarding
the future shoreline forecast and the estimation of CSL
changes can be considered reliable. As Yan et al. (2021)
have noted, the Kalman filter, which is based on statistical
methods, requires a set of linear regression rates for ini-
tialization in order to accurately predict future shoreline
positions. Therefore, if past shorelines are provided with
sufficient precision, the performance of the Kalman filter is
expected to be reliable. This approach has been employed
in studies such as those by Alharbi et al. (2023), Murray et
al. (2023), and Khakhim et al. (2024). Shoreline forecast-
ing performance is inherently associated with uncertainty
(Khakhim et al., 2024; Yan et al,, 2021). In this study, the
uncertainty was found to be lower than the spatial reso-
lution of the satellite pixel data. Therefore, despite the
possibility that environmental factors may alter the linear
process of shoreline changes in the future, the forecast
uncertainty remains within an acceptable level. Hence, it
can be concluded that over the next decade, the shoreline
of the island will undergo changes of up to 300 m (or 30
m/year), and the land features will continue to emerge.
The most significant changes are observed in boxes b, d,
and h (Figure 10). In box ¢ and the northern and southern
parts of box b, changes occur in a landward manner, with
a maximum amount of 150 m (or 15 m/year).

The eastern part of the island, which predominantly
has shallower depths, clearly demonstrates being heavily
influenced by the trend of decreasing CSL. Therefore, it
can be inferred that shallow coastal areas of the CS are
entirely susceptible to this declining trend in water level.
According to a study conducted by Isaie Moghaddam et
al. (2021), there has been a significant decrease in the
size of Gorgan Bay and Gomishan Lagoon. Gorgan Bay has
experienced a reduction in its area from approximately
523 km? in 1998 to around 372 km? in 2015, and Gomis-
han Lagoon has decreased from 148 km? in 1994 to ap-
proximately 50.5 km? in 2015. Moreover, Lahijani et al.
(2023a) highlighted in their study that the decline in the
CSL poses a significant threat to the drying of certain areas
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in Gorgan Bay. As a result, the ongoing trend of declining
CSL, particularly in landforms such as bays and lagoons,
poses a significant environmental threat. In a separate
study conducted by Rezaee et al. (2022), an analysis of
the long-term changes in the shoreline of Fereydounkenar
in the southern CS revealed a significant accretion. This
accretion was directly attributed to the decrease in the
CSL, rather than being influenced by hydrodynamic pro-
cesses. Additionally, a study conducted by Toorani et al.
(2021) revealed that the fluctuations in the Tajan region’s
shoreline are influenced by the declining CSL. However,
in the Sefidrud, other hydrodynamics play a more role in
the observed changes. According to a study on the coastal
wetlands in the Sefidrud Delta conducted by Haghani et
al. (2016) sediment deposition and the effects of human
intervention have played a crucial role in shaping the rapid
accretion of the delta.

By comparing the CSL and changes in the shoreline
of Ogurja Island, a clear significant correlation is evident.
In Figure 11, changes in the shoreline of eight selected
boxes of the island from 2015 (as a reference) to 2023 and
the prediction for 2033 are illustrated. Except for box c,
which has moved landward, the rest of the boxes are sea-
ward, essentially responding to the trend of decreasing CSL.
Table 2 includes the correlation coefficient between the an-
nual average water level and the rate of shoreline changes.
Notably, there is a significant correlation in boxes b, d, e,
f, g, and h, indicating a strong relationship. Hence, for
the purpose of gaining a preliminary understanding of the
correlation between water level and shoreline response,
alinear regression equation has been established in this re-
search. Therefore, considering the declining trend of CSL
from 2015 to 2023 and the estimated shoreline change
rates, an attempt has been made to provide an insight into
the extent of future CSL decline. To achieve this, the shore-
line position of the island in 2033 was first estimated using
the Kalman filter. Subsequently, based on the linear regres-
sion between the variables, the future CSL decline was
projected (as shown in Table 2). This estimation suggests
a decline range of 4.8 to 11.4 cm/year. It is worth noting
that the response of the shoreline to CSL fall may exhibit
a time lag, a phenomenon associated with sedimentation
and sediment transport processes (Ataei H. et al,, 2018;
Kakroodi et al., 2014). However, given the absence of com-
plex coastal systems (such as marine structures) in the
Ogurija Island region, this time lag is expected to be negligi-
ble. The more likely range of values is between 9.3 to 11.4
cm/year, as determined by the R-squared value. Zanganeh
and Chaji (2024) have stated that the CSL is projected to
decrease by 4.5 cm by the year 2024, according to the PSO-
ANFIS model. In a study conducted by Chen et al. (2017)
it was found that between 1996 and 2015, the CSL experi-
enced an average annual decrease of approximately 6.72
cm, primarily due to evaporation, which is the main factor
associated with global warming. Also, the linear trend es-
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timates from Hydroweb data indicate an annual decrease
in the CSL of 5.37 cm (Chen et al., 2023).

Future predictions of the CSL have proposed various
approaches, and here, some studies are presented to pro-
vide insight into the future status. A prediction was put
forward by Renssen et al. (2007), suggesting that the wa-
ter level will undergo changes of 4 and 2 m respectively on
centennial and decadal scales. Elguindi and Giorgi made
predictions about the CSL for the 21st century based on
global climate change simulations. Their findings indicate
that increased evaporation at the sea surface causes a 9 m
decrease in the CSL by the end of the century. Prange et
al. (2020), in an effort to highlight the significance of re-
ducing the CSL and the lack of attention from international
policies, published a eport. The figure they presented re-
veals that a 9 m decrease in water level would result in
substantial portions of the northern CS, Kara Bogas Gol,
Gomishan Lagoon, Gorgan Bay, and nearshore areas be-
coming dry. Moreover, if the CSL were to decrease by 18 m,
areas near Turkmenistan’s sea and Ogurja Island would
become completely dry.

3.3 Limitations and future research directions

Identifying the limitations of this study provides valuable
insight into its constraints while highlighting potential di-
rections for future research to advance knowledge in this
field. One of the primary limitations of this research is the
lack of access to high-resolution aerial imagery. Sentinel-2
satellite data was utilized as the best available option due
to its extensive temporal coverage. However, the spatial
resolution of these satellite products introduces uncer-
tainties in shoreline identification, particularly in areas
experiencing small-scale and dynamic shoreline changes.
Moreover, the shoreline forecast method employed in this
study relies solely on a linear approach based on histori-
cal shoreline data. This method does not incorporate hy-
drodynamic processes, hydro-morphological changes, or
climatic factors, which play a crucial role in shoreline dy-
namics. Future studies could integrate numerical models
to achieve more precise shoreline forecasts, provided that
key environmental data, such as the rate of CSL decline, are
accurately modeled. However, these projections are also as-
sociated with uncertainties arising from climatic modeling
efforts. Additionally, alinear regression approach was used
to establish the relationship between shoreline changes
and the CSL decline. While effective, this method could be
further refined by employing advanced techniques such as
deep learning models, which may provide higher accuracy.
However, deep learning models require larger and more
comprehensive datasets. Future research is encouraged to
incorporate all suitable Sentinel-2 images, available every
five days, alongside daily CSL data as inputs for training
deep learning models. This approach would ensure the in-
clusion of seasonal fluctuations in CSL, which were not fully
accounted for in the current study. Recognizing these limi-
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Table 2. Statistical information on the relationship between the average shoreline changes and the annual average CSL,
and the linear regression forecasting of the water level in 2033.

box Correlation Regression R2 CSL
coefficient Linear Formula 2033 (m) rate (cm/year)

a —-0.61 y =-—0.0066x—27.589 0.41 —28.83 —4.8

b —0.98 y =-0.004x—27.317 0.94 —29.50 -11.4

c 0.79 y =0.0074x —27.264 0.60 —28.99 -6.4

d -0.95 y =-—0.0042x —-27.38 0.91 —29.43 10.7

e —0.98 y =-0.006x —27.577 0.95 —29.47 -11.2

f —0.98 y =-0.0078x —27.756 0.84 —29.28 -9.3

g —0.94 y =-0.0271x —27.519 0.89 —29.32 -9.7

h —0.96 y =-0.0057x—27.793 0.77 —29.08 -7.3

tations provides a framework for refining methodologies
and offers a roadmap for future investigations to improve
the precision of shoreline change and CSL predictions.

4. Conclusions

This study investigates the use of RS images, specifically
Sentinel-2 satellite data, to analyze shoreline changes around
Ogurja Island in response to the declining CSL. The re-

be acknowledged. The spatial resolution of Sentinel-2 im-
agery, although high for many applications, introduces un-
certainties, particularly in areas experiencing small-scale
and rapid shoreline changes. Additionally, the reliance on
linear models, such as the regression analysis used in this
study, may not fully capture the complex hydrodynamic
processes, morphological changes, and climatic factors
that influence shoreline dynamics. Looking forward, inte-
grating RS data with more advanced models that account

search focuses on understanding short-term shoreline changesfor these factors could improve the accuracy of shoreline

and assessing how these changes correlate with water level
fluctuations. Sentinel-2 data, with its extensive temporal
coverage, has provided valuable insights into shoreline
dynamics, allowing for the detection of significant shore-
line shifts, including seaward movements with maximum
changes reaching up to 80 m/year. The results reveal
a strong correlation between shoreline changes and the
decline in the CSL, with some areas showing a negative cor-
relation of —0.98. This demonstrates the potential of using
RS technology to track shoreline dynamics in response to
environmental changes such as sea level decline. The DSAS
tool further facilitated the quantification of these changes,
offering a precise measure of both the rate and extent of
shoreline movement. In terms of future projections, the
Kalman filter model, based on a linear extrapolation ap-
proach, has been used to forecast shoreline changes up to
2033, based on observed trends from 2015 to 2023. These
predictions provide important insights for understanding
the potential future impacts of water level fluctuations on
the shoreline of Ogurja Island. When shorelines face sig-
nificant vulnerability — such as in the enclosed Caspian
Sea — having rapid and accessible approaches, even with
approximate estimations, is crucial for informing policy-
makers and coastal managers about potential risks. There-
fore, based on the observed shoreline response from 2015
to 2023, we anticipate that CSL will decline by at least
4.8 to 11.4 cm/year over the next decade. Notably, this
projected decline is consistent with findings from statis-
tical analyses and other climate modeling studies. While
RS images provide a cost-effective and timely method for
monitoring shoreline changes, several limitations must

change predictions. The Kalman filter model used to fore-
cast shoreline changes up to 2033 is a step in this direction,
but future studies should explore the potential of combin-
ing satellite imagery with numerical hydrodynamic models
to better capture the multifaceted nature of shoreline re-
sponses. In conclusion, while RS images, particularly from
Sentinel-2, offer a powerful tool for analyzing shoreline
changes and understanding the effects of CSL decline, the
approach could benefit from further refinement. Future re-
search should explore the integration of higher-resolution
imagery, advanced modeling techniques, and more com-
prehensive environmental data to enhance the accuracy
and reliability of shoreline change predictions.
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