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The past decade has seen rapid advancements in satellite remote sensing data availability and analysis. In coastal
environments, this has enabled regional to global assessments of shoreline trends, a key practical application for
management and planning. However, coastal zones are inherently dynamic, while instantaneous shorelines only
capture the state of the system at a particular moment in time. This study introduces a novel approach for
monitoring dynamic coastal environments using satellite imagery, adapting the principle from ground-based
video monitoring systems. The SatVar approach presented here uses freely available, medium resolution satel-
lite imagery and Google Earth Engine. The method takes advantage of the increasing availability of cost-free
Sentinel-2 imagery and the flexibility of collections acquired over different time periods to automatically
detect highly dynamic zones through variance composites, image compositing and segmentation to obtain
medium-term trends of coastal dynamics. Natural boundaries are rarely abrupt, so a zone-based (instead of a line-
based) approach provides more nuanced information about transitional zones. The identified highly dynamic
zones correspond to morphological processes described in literature, and are also used for shoreline extraction.
This combined information can enrich understanding of coastal dynamics and overcome some of the limitations
of instantaneous shorelines. The approach is tested at three locations with different morphodynamic charac-
teristics and tidal regimes: Sancti Petri (Spain, mesotidal), Narrabeen (Australia, microtidal) and Sefton (UK,
macrotidal). Potential applications to monitor changes outside the upper shoreface such as coastal dune dy-
namics or back-barrier environments are also discussed.

budget (e.g. Davidson-Arnott and Bauer, 2021). Most methods to extract
satellite derived shorelines (SDS) rely on single-date images and pixel-

1. Introduction

Satellite-based coastal monitoring has mostly focused on coastline
extraction (Splinter et al., 2018; Aghdami-Nia et al., 2022; Chen et al.,
2022; Graffin et al., 2025; Martin-Gallego et al., 2025; Zhang et al.,
2025, Hung and Tsai, 2026). Recently, several coastline extraction tools
have been developed, such as ShorelineMonitor (Luijendijk et al., 2018),
CoastSat (Vos et al., 2019), SHOREX (Sanchez-Garcia et al., 2020),
CASSIE (Almeida et al., 2021), High-tide SDS (Mao et al., 2021), and
SAET (Palomar-Vazquez et al., 2023). Their accuracy varies depending
on beach type and tidal range (Vos et al., 2023), and their use in man-
agement applications such as assessing coastal adaptation to sea-level
rise requires caution because changes to shoreline position reflect a
complex interplay of multiple factors influencing the littoral sediment
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based classification, often aided by spectral indices such as the Mean
Normalized Difference Water Index (MNDWI). Instant waterline posi-
tions refer to a specific moment in time and thus may not be represen-
tative of the shoreline position, because both water levels and beach
morphology vary across temporal scales (from instantaneous swash
movements to seasonal changes to the beach face). Moreover, visually
discernible features such as the wet/dry line can vary daily due to tidal
and weather conditions, potentially leading to inconsistencies in
shoreline position data (Fletcher et al., 2003). Furthermore, individual
satellite images can be affected by cloud cover, whitecaps, or sunlight
that limit the extraction of shorelines. To address these limitations and
account for dynamic changes, the use of composites from multi-date
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During storms, waves may reach the dunes, and the wave breaker line is pushed offshore.

Fig. 1. Simplified beach-dune cross-section to contextualise the “shoreline”, with no intertidal bars, and a medium-sized surf zone. HT: High tide; LT: low tide.

Modified from Davidson-Arnott et al. (2010).

imagery acquired over a defined period has emerged as a robust
approach (Bishop-Taylor et al., 2021; Luijendijk et al., 2018). This
method commonly involves median or percentile compositing of image
collections, construction of spectral indices, and segmentation of the
resulting composite image (Almeida et al., 2021; Bishop-Taylor et al.,
2021; Donchyts et al., 2016; Luijendijk et al., 2018; Mao et al., 2021).

The concept of coastline is highly variable and context-dependent,
reflecting the dynamic and multidimensional nature of coastal systems
and the focus of scientific disciplines, with each definition requiring
appropriate proxies or indicators. Determining the coastline location
and how it changes is a fundamental variable to understand coastal
zones and for management. Coastline movement and its interaction with
dunes is key to understanding coastal sandy system evolution (Short and
Hesp, 1982; Sherman & Bauer, 1993). Coastlines are less dynamic in
cliffs and rocky shores, but their identification is again an important
objective of applied research (Trenhaile, 1987). Coastline location and
dynamism is equally relevant when studying mangrove forests
(Woodroffe et al., 2016), barrier systems (Houser et al., 2008), salt-
marshes (Farris et al., 2019) and other coastal habitats. Consequently,
multiple reference lines can be used to represent average coastline po-
sitions over time. These include geomorphological proxies such as the
cliff edge, dune toe, or vegetation limit (Boak & Turner, 2005; Moore,
2000), and hydrodynamic proxies such as mean sea level, and mean high
or low water level (Pajak & Leatherman, 2002). The performance of
each proxy varies depending on the application. Each proxy and the
methods used to identify them come with their own limitations,
including issues of data availability and inconsistent definitions (e.g.
Boak and Turner, 2005; Smith et al., 2020; Nasir et al., 2022). Addi-
tionally, the representation of a dune toe or shoreline as a ‘line’ is a
necessary abstraction for mapping purposes, but it oversimplifies fea-
tures that are naturally diffuse and spatiotemporally variable.

Regardless of the specific line-based proxy used, this represents just
one of the many dynamic features that can be monitored within the
coastal zone. The definition of ‘coast’ itself varies depending on the
temporal scale considered. For most applications, the coastal zone is
typically defined by the extent of currently active coastal processes
(Fig. 1). The shoreline is the intercept of the water level and the beach
surface that is migrating offshore and onshore with the tide. In addition,
swash motion affects shoreline position at shorter time-scales.

The upper shoreface (Fig. 1), including the surf zone and swash zone,
is highly dynamic at short time scales (hours to days). During storms, the
breaker line shifts offshore, and storm surge can inundate the beach and

Fig. 2. Examples of a) a snapshot and b) a sigma image extracted from a video
monitoring station at Victoria Beach vs. ¢) median and d) variance composites
derived from a GEE collection at Sancti Petri sandspit. Both sites are in the
province of Cadiz, SW Spain.

lead to dune scarping by waves. In contrast, under calm conditions, the
surf zone may become negligible, with small waves breaking in the
swash zone. Satellites overpassing the same location over time should
detect these changes, particularly in the upper shoreface where vari-
ability is greatest. A pixel’s spectral signal may vary quickly and
significantly depending on hydrodynamic (wave, tide) and morpholog-
ical (topobathymetrical) conditions; the same pixel can show water with
or without wave breaking, water-saturated sand or dry sand. To capture
this dynamism, we introduce a novel methodology: SatVar. This method
detects high-variability pixels along the coast using medium-resolution
(Sentinel-2) multi-temporal satellite image collections analysed using
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Fig. 3. Overall workflow to detect Hi-Var zones and shorelines from satellite image collections.

Google Earth Engine (GEE; Gorelick et al., 2017), to generate variance
image composites over pre-defined time periods (Fig. 2). The principle is
similar to the use of ‘variance’ images derived from beach video moni-
toring systems (Vousdoukas et al., 2011). Unlike the instantaneous
shoreline position, the band comprising the high variability pixels rep-
resents a highly variable zone within the beach where most activity is
located. This includes the interphase between land and ocean, shaped by

tidal and wave-induced displacements along the beach profile, alter-
nating over time between water-covered areas and exposed land, and
encompasses the area where the shoreline is likely to be located over a
defined time period.

This study addresses the following research questions: i) Can SatVar
be used to identify high-variability (Hi-Var) zones along the coast?; ii)
Do these Hi-Var zones correspond to the upper shoreface, as
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Fig. 4. Study zones: Sancti Petri sandspit (Cadiz, Spain), the Sefton coast (Merseyside, UK), Narrabeen beach (Sydney, Australia) and their locations. Basemap by

CartoDB, under CC BY 3.0. Data by OpenStreetMap, under ODbL.

conceptually illustrated in Fig. 1? In theory, the extracted Hi-Var zones
should encompass the area within which the shoreline fluctuates over
the defined time period, as some of the pixels alternate between water
and exposed sand due to tidal and swash movements. Therefore, iii) Can
SatVar be further applied to extract a representative shoreline from these
Hi-Var zones?; and iv) How does the resulting shoreline compare with
those derived from existing extraction methods?

These research questions support the aims of this study, which are
twofold: 1) To introduce SatVar, a tool designed for the automatic
detection of highly variable zones and shorelines from multi-temporal
satellite image collections on a medium-term scale; 2) To evaluate the
performance of SatVar in three coastal environments with different tide
and exposure conditions by comparing the outputs to SDS derived from
other established shoreline detection algorithms.

2. Methodology
2.1. High-Variability zones and shoreline extraction

SatVar has been developed on GEE, and it uses a large number of
Sentinel-2 satellite images (an image collection) of a study area acquired
over a defined time period. The SatVar GEE code and general user in-
structions can be downloaded from Zenodo (https://doi.
org/10.5281/zenodo.17898098).

SatVar is divided into two modules: the base variance module (MO:
Base — General variance) and module 1 for shoreline extraction (M1:
Shorelines). The MO (base) generates a table with metadata about the
satellite image collection, median and variance composites including all
Sentinel-2 original bands, and the Hi-Var zone as output files. The me-
dian composite and the Hi-Var zone are required as inputs for M1
(shorelines). User input, which introduces subjectivity and bias, is kept
to a minimum.

The MO requires definition of an Area of Interest (AOI), a period of
interest (POI), the Sentinel-2 tile that the AOI falls within (TOI), and a
maximum cloud cover threshold (CCT) for image selection. The input
AOI is used to select the intersecting beach using the European Union’s
coastal zones database (Copernicus Land Monitoring Service, 2021) and
clip it to the overlapping area, as used in other tools (Palomar-Vazquez
et al., 2023). The user may also choose not to employ this database,
allowing the use of SatVar for beaches with particular geomorphological
characteristics, for locations outside of Europe, or for different appli-
cations. The advanced settings let experienced users choose between the
type of clustering method (K-means or K-means++) and the number of
clusters (the default is 2).

Sensitivity analysis to clustering initialization shows statistically
similar results for K-means and K-means+-+, with high stability for K = 2
and K = 3 (Fig. A.5). Clustering is performed on the S2 composite
variance bands, which show similar signals across most bands. There-
fore, the problem is effectively low-dimensional and strongly con-
strained, making a two-cluster framework a natural and physically
meaningful approach to distinguish between low- and high-variability
zones. More complex environments may exhibit more nuanced vari-
ability patterns, and in some cases, a slightly higher number of clusters
(e.g., K = 3) may capture additional structure in the variability signal
and yield marginally improved clustering performance, generally sub-
dividing the high variance cluster, depending on site-specific conditions.

The Sentinel-2 image collection is filtered using the AOI, POI, TOI
and CCT. Any remaining cloud influences are removed using the cloud
correction algorithm CloudScore + and quality assessment bands
(Pasquarella et al., 2023). The collection is then reduced to two com-
posite images using a median and a variance reducer. These reducers
calculate a statistic (median or variance) for each band in each specific
pixel across the dataset, reducing the entire collection to a single image
where the value of each pixel reflects the computed statistic at that pixel
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location. Median composite images are widely used in land cover clas-
sification studies (Almeida et al., 2021; Bishop-Taylor et al., 2021;
Donchyts et al., 2016; Luijendijk et al., 2018; Mao et al., 2021; Marston
et al., 2023). In this study, the variance image is used to capture pixel
reflectance variability and to identify a Hi-Var zone. The Hi-Var zone is
segmented using a K-means -clustering algorithm (Arthur and
Vassilvitskii, 2007), an unsupervised approach that binarizes the vari-
ance image into high and low variability clusters. The vectorised high
variability cluster forms the Hi-Var zone polygon.

The shoreline extraction module (M1) extracts two types of SDS from
within the Hi-Var zone generated in the MO: a median SDS (or waterline)
and an upper SDS. To obtain these, the median composite is masked
using the Hi-Var zone and segmented using a k-means algorithm to
generate a binary image with two clusters: water and sand/land. A
Normalized Difference Water Index (NDWI) is used to identify and label
each cluster (McFeeters, 1996). Subsequently, the clusters are vectorised
to extract the SDS. The median SDS is the limit between the water and
the sand clusters, which identify a water-dominated area, and a sand-
dominated area. The water-dominated area includes pixels covered by
water in more than half of the images of the collection (i.e., pixels
appearing as water in the median composite); the sand-dominated area
consists of pixels that remain uncovered by water (i.e., they appear as
sand in the median composite). The median SDS consequently repre-
sents the waterline in the median composite image. The upper SDS is the
upper Hi-Var polygon boundary, and it marks the landward transition
from the high variability zone (i.e., the swash zone) to the subaerial
beach surface.

Additional to Hi-Var zones and median/upper shorelines, the tool
outputs relevant metadata such as the number of images filtered into the
image collection, their dates, acquisition times, and cloud cover pro-
portion. This information is key for interpreting results and seasonal
biases in the dataset. Fig. 3 summarises SatVar’s general workflow.

2.2. Test case studies

SatVar was tested at three locations with different morphodynamic
characteristics. For this study, the POI was defined as one calendar year,
in line with previous studies and to reduce the influence of short-term
temporal variability, seasonality and cloud cover in SDS (Almonacid-
Caballer et al., 2016; Hagenaars et al., 2018; Luijendijk et al., 2018). The
analysed years were 2017-2024. A maximum CCT of 25% was adopted,
whereby images containing greater than 25% cloud cover are removed
from the image collection; this threshold is highly case-dependent and
reflects the need to minimize cloud cover while retaining as many im-
ages as possible. Earlier shoreline detection research has used CCTs
ranging from 10% to 50% (Billet et al., 2024; Cabezas-Rabadan et al.,
2024; Curoy et al., 2022). In regions with frequent cloud cover, higher
CCT helps increase the number of usable images, which is important for
statistical significance. Users should be aware, however, that a high CCT
can lead to artifacts in the output variance composite (e.g. with some
pixel locations showing large variability due to frequent cloud cover
instead of landscape changes).

2.2.1. Study zones

SatVar was tested in three locations (Fig. 4): the Sancti Petri sandspit
(Cadiz, Spain), the Sefton coast (Merseyside, UK), and Narrabeen beach
(Sydney, Australia).

Sancti Petri sandspit is a sandy barrier system located in Cadiz, on
the southwestern coast of Spain, extending 7 km alongshore in a NW-SE
orientation. Its tidal regime is semidiurnal and mesotidal, with mean
spring tidal range of 1.20 m and 2.96 m (Benavente et al., 2013). The
spit is sheltered by a discontinuous, shore-parallel submerged rocky
shoal (Fernandez-Montblanc et al., 2018), that becomes shallow enough
to outcrop in the intertidal zone at the northernmost end. There is
extensive availability of previous field and remote sensing data
(Benavente et al., 2013; Del Rio et al., 2012; Montes et al., 2024; Poizot
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et al., 2013; Puig et al., 2016; Talavera et al., 2018,).

The Sefton coast stretches for 36 km in a SW-NE direction in the
Liverpool Bay, in northwest England, with a semidiurnal macro-tidal
regime reaching a mean spring tidal range of 8.2 m in some locations
(Dissanayake et al., 2014). The beach presents complex morphologies in
the intertidal area, like well developed ridges and runnels (Pye and
Blott, 2008; Esteves et al., 2012). This coast hosts the largest coastal
dune field in England, which is subject to erosion and intense human
pressure (Dissanayake et al., 2014; Delgado-Fernandez et al., 2019).

Narrabeen beach is a 3.6 km long sandy beach located in Sydney, on
the southeastern coast of Australia. The tide regime is semidiurnal and
microtidal, with a mean spring tide range of 1.3 m (Ibaceta et al., 2023).
Narrabeen is a well-known coastal monitoring site, with periodic beach
surveying since 1976, and has been used previously in remote sensing
studies (Splinter et al., 2018; Vos et al., 2019; 2023).

2.2.2. Consistency of SatVar performance with other tools

Assessing the accuracy of the detected Hi-Var zones using ground-
truth is challenging, as they do not represent a variable that is directly
identifiable in the field at a particular time due to the use of image
composites. Instead, Hi-Var zones indicate an area of high variability
within which most instantaneous shorelines should be located. Conse-
quently, the representativeness of the extracted Hi-Var zones was tested
by comparison with a set of shorelines extracted using two widely
applied shoreline extraction algorithms: CoastSat (Vos et al., 2019) and
the Shoreline Analysis and Extraction Tool (SAET) (Palomar-Vazquez
et al., 2023). Both algorithms allow for different configurations
depending on the characteristics of the study area and have previously
been applied to beaches similar to those where SatVar was tested,
demonstrating its ability to provide a robust and accurate definition of
SDS (Vos et al., 2019; Cabezas-Rabadan et al., 2024) and to capture
seasonal coastal processes (Vos et al., 2023). An instantaneous SDS point
extracted from any single image (as extracted by SAET/CoastSat)
should, by definition, fall within the Hi-Var zone envelope, but not
necessarily at a fixed position within it. Its exact location depends on the
wave and tide conditions at the time of image acquisition, ranging from
the landward edge of the Hi-Var zone under high energy conditions/
high-runup and tidal range conditions towards more seaward positions
under calm/low tidal range conditions. This means that a high per-
centage of SDS points falling within the Hi-Var zone is the expected
outcome, since the zone is designed to capture the full range of shoreline
positions rather than a single, fixed contour.

CoastSat was applied using the default settings, with a reference
shoreline and a maximum distance parameter adapted to match Euro-
pean Union’s coastal zones database (Copernicus Land Monitoring
Service, 2021) used by both SatVar and SAET, ensuring comparability
between the different approaches. For the Narrabeen test case, a polygon
with the same characteristics as those in this layer was generated, as it
was not included in the original dataset. The SAET configuration applied
in the three study sites was AWEInsh index with thresholding = 0 and a
3 x 3 kernel size, with an additional erosion morphological filter used
for the Sancti Petri sandspit. This setup was successfully used in previous
studies conducted in nearby areas with similar characteristics to Sancti
Petri sandspit (Cabezas-Rabadan et al., 2024). For Narrabeen and Sef-
ton, the configuration follows previously implemented applications on
the same site or on beaches exhibiting similar characteristics (Vos et al.,
2023). Not all the images used for the extraction of the Hi-Var areas were
used for shoreline extraction with SAET, as the software was unable to
extract the shoreline with the configuration used in some cases.

CoastSat and SAET extract shorelines as both point and polyline
features. The yearly SDS datasets in point format were used for com-
parison with SatVar’s Hi-Var zones. For each year (TOI) considered, the
proportion of SDS points within the Hi-Var zone was calculated,
providing a measure of consistency. Since SatVar’s output is an area
polygon (the Hi-Var zone), the Hi-Var area was also compared with an
envelope polygon including all CoastSat and SAET shorelines to further
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Fig. 6. Median SDS (a) and upper SDS (b) for the Sancti Petri sandspit. The background image corresponds to the median composite for 2024.
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1.5 km

Fig. 8. Median SDS (a) and upper SDS (b) for Narrabeen beach. The background image corresponds to the median composite for 2024.

with the best and most limited scenarios. This results in six years for
assessing the performance of SatVar.

3. Results
3.1. Hi-Var zones, ‘median’ and ‘upper’ SDS

SatVar detected alongshore changes of Hi-Var zones (hotspots of
pixel variance) at the three sites. In Sancti Petri (Fig. 5), most Hi-Var
zones are concentrated in the upper shoreface, which considerably
changed in size alongshore the selected AOI, although some fell outside
the beach (e.g. isolated polygons landwards from the dunes). SatVar
successfully delineated the morphology of the southern end of the spit
throughout the POIL. The inner part of the tidal channel was identified
only in 2017-2019 and 2024. The channel has steep slopes due to pe-
riodic dredging leading to intermittent delineation of narrow Hi-Var
zones. To the north, the area sheltered by the rocky shoal was not
detected as a Hi-Var zone in 2020, 2021 and 2023, preventing the
possibility of obtaining shoreline positions in that location.

SatVar successfully identified both the median and upper SDS for
most POIs in Sancti Petri (Fig. 6). Median shorelines predominantly
appeared within the intertidal zone, without significant anomalous
areas in the backshore, while upper shorelines corresponded to the
upper limit of the Hi-Var zone. In some sectors, upper SDS were dis-
placed landwards and appeared within the marsh behind the barrier.

Likewise, SatVar successfully delineates the upper shoreface in
Narrabeen beach (Fig. 7). This appears as a Hi-Var zone that is coherent
alongshore throughout the selected POI (2019-2024), reflecting a
temporally variable surf zone where regular changes to wave breaking
facilitate extraction of high variability pixels from variance composites.
Years 2017 and 2018 were excluded from the analysis, as their collec-
tions had less than 10 images, being unsuitable to derive a significant
variance. Coherent Hi-Var zones lead to effective extraction of the me-
dian and upper shorelines (Fig. 8). Similar interannual and spatial
variability has been observed using modelling (Ibaceta et al., 2023;
Splinter et al., 2014) and field techniques (Harley et al., 2011) at Nar-
rabeen. The interannual variability has been also successfully correlated
with large scale climate indices (Harley et al., 2009).

SatVar produces Hi-Var zones that are compartmentalised both
cross-shore and alongshore at Sefton (Fig. 9). The irregular variance
signal partially reflects a complex, macro-tidal environment where large
tidal excursions shift the upper shoreface landwards and seawards by
hundreds of meters every day. This generates a segmented variance
response as the intertidal zone is inundated and drained, and as waves
break on nearshore and intertidal bars at different positions cross-shore.
These sandbars are known to generate pixels of changing reflectance due

to waves breaking over them (Frugier et al., 2025). The irregular vari-
ance signal at Sefton can also be related to dune mobility. Significant
dune trampling creates hotspots for variability within the dune area
(Delgado-Fernandez et al., 2019), with variance composites picking up
signals related to changes to dune landforms, aeolian processes, and the
burial and growth of vegetation over time. The interaction between
large tidal ranges and dune changes leads to irregular Hi-Var zones
(Fig. 9) that limit the possibility of extracting a ‘shoreline’ (Fig. 10). This
limitation also affects other SDS extraction algorithms, which yield high
error in macrotidal environments (Graffin et al., 2025). In addition, an
instantaneous shoreline extracted in a complex tidal area has a different
geomorphological significance than in a microtidal coast (Pardo-Pascual
et al., 2012). Hi-Var patterns in complex coastal environments such as
Sefton, where a zonal approach might be more appropriate, should be
explored in future studies.

3.2. Consistency of SatVar output with other tools

The location of SAET and CoastSat shorelines relative to Hi-Var zones
is presented in Figs. 11 and 12 respectively, with a summary of
comparative results between SAET/CoastSat and SatVar included in
Table 1. The performance assessment was done for the years with the
largest and smallest GEE image collections. SAET was able to extract
shorelines in 91.44% of the images used by SatVar (235 vs 257 images,
respectively). Conversely, CoastSat extracted shorelines on 303 images.
On average, 46.52% of the yearly SAET shoreline points were located
within the Hi-Var area polygons, with standard deviations ranging from
12.90 to 39.29 (Table 1). These values were generally lower for Coast-
Sat, with an average of 37.71% of the yearly CoastSat points within the
Hi-Var polygons, and 10.12-26.54 standard deviations. To complement
the performance assessment, the Hi-Var zones were compared with an
envelope polygon including all yearly SAET/CoastSat shorelines
(Figs. A.1 and A.2). Over 90% of the Hi-Var zone overlapped the SAET/
CoastSat envelopes in most years, reaching 99% in Narrabeen with SAET
and Sefton with CoastSat (Table A.1). Consequently, the commission
error is very low in all years for the extracted Hi-Var zones. Conversely,
the omission error is consistently very high. The proportion of SAET/
CoastSat SDS points within the Hi-Var zone indicates good consistency
between SatVar and the reference shoreline datasets, since it confirms
that the observed range of shoreline positions falls within the envelope
of high variability identified by SatVar. Points located outside the zone
are more likely to result from (i) SDS extraction errors, particularly at
the meso-macrotidal sites, or (ii) an incomplete representation of the full
range of conditions within the image composite used to derive the Hi-
Var zone, rather than indicating that the shoreline is systematically
located outside the zone that SatVar is designed to capture.
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Fig. 9. Hi-Var zones for each year related to the variance image used for the
extraction in Sefton.

The saltmarsh area landward of Sancti Petri (see Fig. 4 for context)
was consistently detected by SAET and CoastSat but omitted by SatVar in
most years. Since SatVar is based on the variance of the pixel reflectance
over a POI, and the reflectance of marsh vegetation pixels does not
change as much as the upper shoreface, lower variance marsh pixels are
masked out by other pixels in the segmentation. Another difference
between the two methods can be observed to the north of Sancti Petri,
where SAET and CoastSat extract multiple shorelines exhibiting com-
plex spatial patterns, likely as a result of the presence of the rocky shoal.
In Sefton, there are large differences between the two analysed image
collections, showing a high sensibility to image availability in SatVar. In
2018, the year with the most images in the collection (41 images), the
Hi-Var zone is constrained to the coastal area, while SAET identified the
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shorelines on seaward positions. In 2023, the year with the smallest
collection (21 images), SatVar adjusted the Hi-Var zones to the complex
morphologies present in the intertidal area, also identifying patches on
seaward positions, showing a behaviour similar to SAET. For both years,
CoastSat extracts a complicated pattern of shorelines following the
complex patterns of the intertidal area and even the dune area. Narra-
been shows a similar behaviour in both years for SAET, with slight dif-
ferences in the upper part of the beach, where SAET shorelines reach
landward positions. For both analysed years, SAET exhibits a double
shoreline seaward in several cases, due to the combination of the
selected water index and threshold. This is an artifact that diminishes
the number of points inside the Hi-Var zones and increases the value of
SatVar’s omission error, but it could be corrected by filtering SAET’s
output. CoastSat consistently delineates the northernmost part of Nar-
rabeen beach, where a creek is present. This is not detected by SatVar as
it is a sheltered area. Finally, there are other artifacts that generate
seawards shorelines in Sancti Petri and Sefton due to the presence of an
intertidal rocky platform causing shoreline misinterpretations as a result
of tidal and wave oscillations in Sancti Petri, or the large tidal excursion
and sandbars in Sefton. This increases the omission error in both sites, as
can also be observed in the comparison with the envelope polygon
(Figs. A.1 and A.2).

4. Discussion
4.1. Hi-Var zones and SDS with SatVar

Shoreline positions extracted with SatVar require an image collection
reduced into a single composite. Therefore, SatVar’s median and upper
SDS are not intended to analyse short-term changes such as storm im-
pacts. The upper SDS marks the dominant annual transition from the
high variability zone (i.e., the swash zone) to the more stable part of the
AOI over each analysed year (i.e., the subaerial beach surface). The
median SDS constitutes the dominant shoreline position (land-water
boundary) over each analysed year. These composite-based SDS ex-
tractions eliminate short-term shoreline variability and provide useful
information for mid-term shoreline evolution monitoring (Luijendijk
et al., 2018; Bishop-Taylor et al., 2021). Due to the limited historical
archive of Sentinel-2 imagery (less than 10 years), a mid-term analysis is
not possible. Future work should investigate the use of SatVar on
Landsat data to enable a multi-decadal assessment of shoreline (and Hi-
Var zone) trends. Annual Hi-Var zones are consistently detected in
coastal sites and are useful to identify high variability zones and assess
inter-annual variability (research question i). With the limited historical
archive of Sentinel-2, this analysis can only be performed from 2017
onwards (2016 if the POI is not a calendar year). Using the Landsat
archive would allow including earlier years in the assessment; however,
the lower spatial and temporal resolution of Landsat may limit the ac-
curacy and applicability of the method. Available methods to produce
sub-pixel resolution SDS contours could be explored to partially over-
come this limitation. Earlier studies have shown that sub-pixel contours
obtain better results when mapping linear features such as SDS (Vos
et al., 2023). However, this requires advanced processing that is not
efficient to implement in GEE. Further work could adapt SatVar M1
(shorelines) to include smoothing filters.

Single date images provide temporal snapshots of the shoreline po-
sition, with the effect of instantaneous water levels and landward offsets
due to wave conditions often cited as limitations for improving the ac-
curacy of SDS (Vos et al., 2023). The use of image collections and me-
dian or percentile composites introduces a seaward offset in SDS due to
wave breaking (Hagenaars et al., 2018). However, as explained in
section 1, the ultimate goal of delineating features such as shorelines (or
dune toes) on a map leads to reduction and simplification. First, because
of all the variability in coastal zones, the shoreline is one of the many
dynamic aspects that can be monitored (Fig. 1). Second, because the
identification of a shoreline assumes a level of artificial precision that
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Fig. 10. Median SDS (a) and upper SDS (b) for the Sefton coast. The background image corresponds to the median composite for 2024.

may not reflect the natural variability of these features in the field
(Smith et al., 2020). These ‘lines’ often occupy zones rather than discrete
positions, existing as transitional areas with a spatial and temporal
variability that cannot be fully captured by a linear feature. In other
words, the accuracy implied by drawing a sharp line on a map often
exceeds the uncertainty of defining the position of the shoreline in the
field. In addition, shoreline changes lead to a landscape reconfiguration
of the surrounding land covers (beach, marsh, coastal forest) following
complex patterns (Chen & Kirwan, 2022). Presenting this shoreline
change as a zone change may help understanding these landscape pat-
terns in coastal ecosystems.

Because of this ‘fuzziness of natural boundaries’, SatVar favours
zonation vs. linear approaches. The variance of pixel values in a time
series of Sentinel-2 images over a beach captures changes in reflectance
caused by the alternating presence of calm water, wave breakers,
exposed land, etc. Sentinel-2 images also capture turbidity and high
energy conditions, but if these only appear in a limited number of im-
ages, their contribution to the variance of the composite is softened. In
addition, in many places, storms are associated with cloudy conditions,
preventing the use of images coinciding with these events (Vitousek
et al.,, 2023). Instead, Hi-Var zones will include pixel values that
change frequently throughout the year due to tides, storms, wave run-up
and breaking. This corresponds with the upper shoreface in Sancti Petri
and Narrabeen, confirming the research question ii. For Narrabeen, the
Hi-Var zone coincides with areas of high vertical profile variability that
extends below mean sea level, supporting the identification of the land-
sea boundary. The Hi-Var peak is located further offshore, towards the
breaking zone, in more dissipative profiles and shifts landward towards
the lower intertidal zone in more reflective profiles (Figs. A.6 and A.7).
However, Hi-Var zones are statistical descriptors that are subject to site-
specific interpretation of the results. Our approach to extracting shore-
line positions assumes that Hi-Var zones group the different shorelines
for that location over the POI. From this point, the two types of shore-
lines presented in this article, median and upper SDS, can be extracted
(research question iii). Even though Hi-Var zones provide information
about coastal processes and allow a better understanding of coastal
evolution, shorelines are also extracted for compatibility with other
widely applied methods or for management purposes.

Earlier SDS studies employing image collection composites have

generated global and continental datasets and have focused on assessing
medium-term coastal changes (Luijendijk et al., 2018; Bishop-Taylor
et al.,, 2021; Mao et al., 2021). Using image collections dampens the
effect of seasonality and tides in the detected shorelines (Luijendijk
et al., 2018), especially if the dates of the images are well distributed
throughout the study period. Hence, SatVar does not require additional
information to correct the effects of tides or wave influences. The sta-
tistical compositing of the image collection using the variance and our
approach using a shore zone instead of a line is new, and overcomes the
main limitation of satellite- derived shoreline studies (i.e. the continuous
variability of such line) by shifting the focus from a line to a zone of
variation.

Testing the accuracy of SDS and Hi-Var zones is complicated due to
the lack of appropriate ground-truth data. Systematic, large scale field
surveys synchronized with the passing of Sentinel-2 during a sufficiently
long POI would be required for direct field validation of the results of an
analysis using image collection composites. SatVar’s outputs, being
statistical in nature, do not have a direct physical correlation in the field
at a particular moment in time, as Hi-Var zones reflect the variation
(variance) of pixels over a time period. Consequently, this study has
evaluated the approach by comparing SDS extracted from Hi-Var zones
with SDS extracted from SAET and CoastSat (research question iv).
Results suggest that SatVar is capable of differentiating between the
upper shoreface and the subaerial beach. Furthermore, SatVar could be
integrated in workflows with SAET, CoastSat or other shoreline extrac-
tion methods for various purposes, such as filtering out spurious results
(see Fig. 11), identifying the area of interest, and helping select
configuration parameters. Relatively large omission errors obtained
from comparing SatVar’s Hi-Var areas with SAET and CoastSat
(Table A.1) point to the main difference between SatVar’s approach and
that of other SDS algorithms. SatVar limits the shoreline extraction to the
most dynamic part of the beach, while other algorithms use the whole
beach. This decreases the detection of false shorelines in tidal environ-
ments, while making our approach less sensitive to extreme shoreline
locations. Future studies should explore alternative approaches to
variance thresholding, including the possibility of using fixed variance
values instead of the current automatic segmenting technique. This
could help focusing the variance signal on the upper shoreface instead of
showing Hi-Var zones in other places such as marshland, but it could



P. Martin-Gallego et al.

Sancti Petri
2017

2019

Sefton
2018

2023

Narrabeen
2019

2022

0.5 0

International Journal of Applied Earth Observation and Geoinformation 154 (2026) 105630

[ Hi-var zone
SAET points:
e Qutside Hi-Var zone
e Inside Hi-Var zone

1 1.5 km

Fig. 11. Comparison between SAET SDS points and Hi-Var zones for performance assessment in the three study sites.

also limit automation. The application of alternative dispersion statistics
such as range or interquartile range could also be explored further, as
these could improve results on beaches with different hydrodynamic
conditions.

4.2. Test case studies: Hi-Var zone interpretation and SDS

The performance of SatVar in coastal environments with different
characteristics was assessed through the interpretation of the tool’s
outputs and by comparing it with SAET and CoastSat. SatVar is capable
of detecting Hi-Var zones or pixel variance hotspots across different
types of environments, making its potential applications broad and
versatile. These hotspots are located in zones with changing land surface

10

cover. The independent development of the MO module was conducted
based on this premise. For coastal applications, SatVar Hi-Var zones
correspond to a ‘shore influence zone’, as in these environments the
highest variability is typically found in the upper shoreface area, where
pixels rapidly alternate between water with or without wave breaking,
water-saturated sand or dry sand depending on wave, tide and beach
conditions, and where the instantaneous shorelines are likely to be
located over the POI. In turn, the shore influence zone (Hi-Var zone) is
strongly influenced by the hydrodynamic and morphological charac-
teristics of the area. A seasonal behaviour of the beach slope causes the
shore influence zone to expand or contract accordingly. Furthermore,
the presence of rocky platforms also affect the spatial distribution of the
variability, increasing the shore influence area under low-tide and high-
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Fig. 12. Comparison between CoastSat SDS points and Hi-Var zones for performance assessment in the three study sites.

wave conditions.
4.3. SatVar interpretations: Knowing your site

As described in the previous section, SatVar lacks capability to
differentiate between the multiple sources of variability. This article
interprets Hi-Var zones as representing the “upper shoreface” but results
from both Sefton and Sancti Petri show that other processes, such as
sandbars, dune mobility, vegetation dynamics, and saltmarsh

11

variability, can also produce high-variance signals (hence the emphasis
on site-specific knowledge). Future work could explore options to
decrease this ambiguity such as incorporating NDVI time series to
identify vegetation-driven variability, or comparing variance patterns
across different spectral bands (visible vs. SWIR) to distinguish water-
related from vegetation-related changes. In sites with complex mor-
phologies or variability patterns, it might be helpful to explore the
advanced SatVar initialization settings, which offer the possibility of
applying K-means++, optimising the initial placement of centroids for
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Table 1
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Yearly proportion of SAET/CoastSat extracted SDS points that were located within the Hi-Var area. “Number of images Hi-Var” refers to the number of Sentinel-2
images used by SatVar to generate the annual variance composite (i.e. the Hi-Var zone). The discrepancy in the number of images used for SAET/CoastSat and
SatVar arises from differences in data access, preprocessing, and filtering strategies between the Copernicus and GEE catalogues and the pre-filtering of each tool.

Study area  Year Mean SAET points  Standard Mean CoastSat Standard Number of Number of Number of
in Hi-Var zone (%)  deviation points in Hi-Var zone  deviation images Hi-Var images SAET images
(SAET) (%) (CoastSat) zone CoastSat
Sancti 2017 66.26 22.33 49.06 10.12 20 34 35
Petri 2019 54.10 26.58 45.26 17.22 50 47 51
Sefton 2018 33.55 39.29 21.76 26.54 41 23 43
2023 55.93 38.88 39.25 25.04 21 17 31
Narrabeen 2019 43.34 23.21 45.30 19.31 79 70 82
2022 25.92 12.90 25.64 15.75 46 44 61
MEAN  46.52 27.20 37.71 19.00
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Fig. 13. Variance profile of Sentinel-2 bands B2, B3, B4, and B8 (10 m spatial resolution) over a section of Sancti Petri sandspit, clearly showing the limits of the surf

zone (a and b) and a distinct peak in variability associated with the dune area (c).

clustering (Arthur and Vassilvitskii, 2007), and of increasing the number
of clusters, providing more nuanced information about land surface
variability.

To generate the Hi-Var zone, SatVar selects pixels that show large
variability throughout the POI The physical meaning of this variability
needs understanding of the perspective of the satellite viewing the site,
as well the perspective of the algorithm using available images to create
the variance composite itself. The variance reflects both dynamism and
change, with automatic segmentation meaning that the output Hi-Var
zones are always relative to the values within that composite. For
example, when the beach-nearshore system is selected, pixels whose
values change the most will likely be those in the surf and swash zone.
This leads to SatVar performing well when selecting the upper shoreface,
because pixel variability in this area is higher in comparison with pixel
variability elsewhere on the beach over a full year. The transition from
bare sand to a vegetated pixel could, in the absence of waves, become an

12

area of maximum variance and lead to automatic segmentation of a Hi-
Var zone in the dunes. Variability changes on the dune system can also
be observed in composites showing high variance on the surf and swash
zones, although it will be slightly masked by the higher values. This can
be seen in Fig. 13, where, in addition to the clear identification of the
surf and swash zones, a lower peak in variability is observed coinciding
with the beginning of the dune system in Sancti Petri sandspit. Only the
bands at 10 m spatial resolution were used, as they are more sensitive to
fine scale patterns. The variance profile with all Sentinel-2 bands is
shown in Fig. A.3.

The argument above could be applied to other situations, expanding
the applicability of SatVar. However, this requires local knowledge of
the specific AOI, as well as information on the collection and the met-
adata. For example, the variance composite series in Fig. 5 shows Hi-Var
zones landwards of the dune front that correspond to areas of the back-
barrier saltmarshes, and Fig. 9 shows the Hi-Var zone delineating
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complex morphologies typical of macrotidal environments. This opens
the possibility of using SatVar to explore hotspots for variability along
the entire coast, and initiate analyses of the reasons for that relatively
higher variability at segmented locations (e.g., flooding in marshlands).

Similarly, and as mentioned above, exploring the metadata and
image collection characteristics is key to adequate interpretation of re-
sults. Imagery downloaded from GEE was well distributed throughout
the POI in most cases (Fig. A.4). The consistency in both the number and
temporal distribution of images per month supports the inter-annual
comparability of Hi-Var zones.

Finally, the choice of the most adequate Sentinel-2 bands for each
application could be explored in further research, as they could improve
the detection of features of interest depending on their reflectivity and
size or spatial pattern. On its default setting, and to make it as simple and
automatic as possible, SatVar uses all Sentinel-2 bands for the
calculations.

5. Conclusion

Throughout this research, we have introduced SatVar, a Sentinel-2-
based tool that uses a freely available routine in GEE to identify high-
variability (Hi-Var) zones. Although initially conceived and tested for
coastal applications, SatVar’s variance approach using GEE image col-
lections (MO: Base) could be applied in other environments or transi-
tional zones subject to land surface variability. SatVar is an exploratory
tool for identifying zones of change, not a deterministic monitoring tool.
The physical meaning of the Hi-Var zone is case-dependent, and requires
appropriate knowledge of the field to be interpreted. Consequently, its
outputs are most valuable when integrated with site-specific knowledge
and, potentially, other data sources. When applied to coastal environ-
ments, in addition to identifying Hi-Var zones that can be translated as
shore influence zones (the most active area within the beach), the tool
also enables the extraction of two types of shorelines (M1: Shorelines):
median and upper shorelines. SatVar was tested at locations with
different morphological and hydrodynamic characteristics. At the meso
and microtidal areas (Sancti-Petri and Narrabeen, respectively), SatVar
is capable of identifying the upper shoreface as the largest pixel vari-
ability area (as conceptually illustrated in Fig. 1). The combination of
large tidal ranges and dune mobility in Sefton leads to segmented Hi-Var
zones. In all cases, the identified Hi-Var zones correspond to morpho-
logical processes described in literature. These may be of interest for
future analyses, as they reflect the fact that dynamic change happens
across the entire coastal profile. SatVar extracted Hi-Var zones that
included most shoreline fluctuations over the POI, as suggested by
comparisons with SAET and CoastSat extracted shorelines.

SatVar requires site-specific knowledge for the correct interpretation
of the output. However, automatic segmentation and the employment of
a relatively user-friendly interface in GEE means that the code can be
freely accessed and run as many times as desired. Adjusting the POI and
AOI are important aspects of the analyses; however, the user should be
aware that this may change the number of images that are ultimately
used in the collection, as well as the relative pixel values in the variance
composite. Although we suggest a POI of 1 year, we argue that the
flexibility of changing it opens future applications to shorter time
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periods (always subject to a sufficiently high number of Sentinel-2 input
images being available).

The use of a shore influence zone, together with more traditional
shoreline representations of the coast, can enrich our understanding of
coastal dynamics. In addition, Hi-Var zones can be used to improve the
identification of shoreline positions provided by other SDS algorithms.
These algorithms typically rely on some form of guidance to define the
search area for the shoreline, such as a manually drawn approximate
shoreline (e.g., CoastSat) or a shapefile delineating the beaches (e.g.,
SAET). Although Sentinel-2 images are only available from 2016,
increasing accessibility of medium-resolution satellite images will allow
future assessment of the landward and seaward migration of Hi-Var
zones. This approach may be particularly useful for understanding
shifts in upper shoreface dynamics, intertidal areas, or even dune
changes, depending on the site and the objectives of the study. Hi-Var
zones in micro and mesotidal environments subject to regular swell
waves (such as Narrabeen and Sancti Petri) reflect a variance signal
derived from dynamic changes in the surf and swash zones. As the Hi-
Var zones also include the submerged part of the beach, new research
opportunities, such as the monitoring of nearshore morphologies like
the sandbars detected at Sefton, open up.
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Fig. A1. Comparison between SAET shorelines envelope polygons and Hi-Var zones for performance assessment in the three study sites.
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Fig. A2. Comparison between CoastSat shorelines envelope polygons and Hi-Var zones for performance assessment in the three study sites.

Table A.1
Yearly overlap between Hi-Var area and SAET/CoastSat envelope polygon, and commission and omission errors when comparing the Hi-Var area with the SAET/

CoastSat envelope polygon.

Study area  Year Overlap Hi-Var Hi-Var zone Hi-Var zone Overlap Hi-Var zone Hi-Var zone Hi-Var zone
zone — SAET commission error omission error — CoastSat envelope commission error omission error
envelope (%) (SAET) (%) (SAET) (%) (%) (CoastSat) (%) (CoastSat) (%)

Sancti 2017 85.14 14.86 79.94 88.01 11.99 81.69

Petri 2019 95.06 4.94 84.24 77.48 22.52 87.18

Sefton 2018 83.42 16.58 69.77 96.98 3.02 85.64

(continued on next page)
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Table A.1 (continued)

Study area  Year Overlap Hi-Var Hi-Var zone Hi-Var zone Overlap Hi-Var zone Hi-Var zone Hi-Var zone
zone — SAET commission error omission error — CoastSat envelope  commission error omission error
envelope (%) (SAET) (%) (SAET) (%) (%) (CoastSat) (%) (CoastSat) (%)

2023 83.63 16.37 54.35 99.86 0.14 74.57

Narrabeen 2019 99.70 0.30 75.43 88.58 11.42 74.91

2022 99.69 0.31 64.16 91.72 8.28 72.34
MEAN 91.11 8.89 71.32 90.44 9.56 79.39
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Fig. A3. Variance profiles of all Sentinel-2 bands over a section of Sancti Petri sandspit (defined in Fig. 13), clearly showing the limits of the surf zone (beginning and

end) and a distinct peak in variability associated with the dune area.
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Fig. A5. Silhouette score for k-means and k-means++ for different values of k for the years used to assess the consistency of SatVar performance with other tools. The
analysis was repeated 50 times for each year and initialization method to assess the sensitivity of the clustering results to initialization.
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include the submerged portion of the beach profiles and may be subject to georeferencing errors.
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Fig. A7. Comparison between field-surveyed cross-shore beach profiles from Turner et al. (2016) and the SatVar Hi-Var zones at Narrabeen for 2019. The dashed red
line (right axis) shows the SatVar normalized variance signal along each profile. The Hi-Var zone was extracted using Kmeans with K = 3 and merging the two
clusters with the highest variability. Note that the in-situ observations do not include the submerged portion of the beach profiles and may be subject to geore-

ferencing errors.

Data availability

Google Earth Engine code and wuser guide: https://doi.

org/10.5281/zenodo.17898098.
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