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Abstract

Coasts are constantly under the pressure of hydrodynamic conditions such as waves, tides, and storms. In
the Netherlands, sand nourishments are executed every few years in order to maintain the country’s sandy
beaches for purposes of safety, recreation, and ecology. In order to determine where to carry out these
nourishments, the whole sandy coastline of the Netherlands is measured annually by Rijkswaterstaat. This
annual survey, called JAarlijkse KUStmetingen (JARKUS), monitors where (increasing) erosive trends appear
or persist and, due to its timespan (dating back to 1843), is a valuable dataset to understand the evolution of
the Dutch coast. However, this measurement survey is restricted to its annual frequency and is costly. The
use of optical satellite imagery for measuring land cover types and geographic features is rapidly becoming
more popular due to their high temporal frequency and relatively low costs (due to the public availability of
some satellite missions, such as NASA’s Landsat and ESA’s Sentinel-2 missions). This research studied the
possibilities of using optical satellite imagery for measuring beach width dynamics in addition to the existing
measurement campaigns.

In this study, we derived the Satellite-Derived Beach Width (SDBW) as the cross-shore distance between the
Satellite-Derived Shoreline (SDS) and the Satellite-Derived Vegetation line (SDV). We adopted a widely used
and validated method for SDS detection and adapted this method to establish the SDV detection method.
The SDS and SDV are derived from optical satellites by deriving vectors from the border between two
contrasting land cover types that are identified by differences in (sun)light reflectance values. The SDS and
is derived from the contrast between water and land, the SDV from the contrast between and sand/sediment
and vegetation. The SDBW data was measured from both composite and individual satellite images. The
different techniques are suited for different applications, and both have their advantages and disadvantages.
A composite image is an image that is composed of a sequence of individual satellite images available within
a set window. E.g., a composite is the average image of all those images. Recent research showed that, at
the cost of temporal resolution, composite images are suited for analysis of long-term (structural) shoreline
trends since they mitigate certain factors influencing image quality (such as clouds and cloud shadows, waves
and tides, and satellite instrument errors). Individual images are better suited for analyses of short-term
dynamics since they provide instantaneous measurement data. However, they are hampered more by the
factors mentioned above, and hence need to be screened before use.

In order to assess the performance of the SDBW, we compared the results of up to 34 years of satellite data
(Landsat 5, Landsat 8, and Sentinel-2) with JARKUS data at the sandy beach located on the northern coast
of the island of Ameland. This island is located at the interface of the Wadden Sea and the North Sea in the
north of the Netherlands. The island is characterized by a dynamic western area subject to strong currents
due to its neighbouring tidal inlet and the landing of an offshore sandbank several decades ago. The larger
eastern part of the coast (the uniform area) is less dynamic and is mainly influenced by the eastward
spreading of the landed sandbank.

We compared the offsets, standard deviations, and dynamics of the SDV with the Dunefoot, the SDS with the
Mean Low Water (MLW) and Mean High Water (MHW) and the SDBW with the Total Beach Width and Dry
Beach Width. The Dunefoot, MLW and MHW are parameters defined as certain elevation levels that intersect
elevation-based cross-shore beach profiles (transects). Here, the Dunefoot is defined at the +3m NAP
elevation level, estimated to represent the approximate location of the break-in-slope between the flat beach
and steep foredunes in the Netherlands. The MLW and MHW represent the positions of the mean low and
mean high water elevation levels at the cross-shore profile. The distance between the MLW and Dunefoot is
called the Total Beach Width, and the distance between the MHW and Dunefoot is called the Dry Beach
Width. The Total Beach Width is the sum of the Dry Beach Width and the Wet Beach Width (e.g., the area
between MLW and MHW or the intertidal area). Hence, it should be taken into account that the compared



parameters are physically not identical, but the comparison with JARKUS was nonetheless expected to
provide an excellent first impression of the SDBW’s performance.

The comparison between the SDBW with the JARKUS data gave a lot of insight and confidence in the
performance of the SDBW detection method. Overall, we found that the SDBW size and dynamics are (much)
more similar to the Dry Beach Width than the Total Beach Width. We relate this to the degree of
correspondence of the SDS with MHW. An important remark when looking at the results is that there are
considerable differences between the offsets and dynamics measured at the dynamic and uniform areas of
the Ameland beach. The data from both composite and individual images showed that, on average, there is
a consistent offset between the SDV and Dunefoot of 40 to 50 meters at the uniform area, where there is a
typical beach-dune profile. This offset is primarily related to the actual in-situ distance between the two
parameters, with the SDV located landward of the Dunefoot, rather than the method’s accuracy. The SDS is
located, on average, between MLW and MHW (following the tidal variation) and has a strong bias towards
MHW. This bias is likely related to (a combination of) wave run-up, soil moisture of the beach and the local
beach profile (slope). This bias is particularly apparent at the uniform area where the longshore averages of
the offsets between SDS and MHW vary between +12 and -37 meters, and the longshore averages of the
offsets between SDS and MLW vary between 120 and 178 meters. The bias towards the MHW results in the
previously mentioned bias of the SDBW towards the Dry Beach Width.

The beach width dynamics were analysed by deriving the trends from the time series of positional data. At
the uniform area, the trends of the SDBW and JARKUS parameters showed strong similarities in trend
direction and order of magnitude. The SDBW and JARKUS parameters showed fewer similarities at the
dynamic area, but some correspondence was definitely noticeable. The SDV and Dunefoot dynamics acted
as a predictor of the other. In other words, at some locations, the most seaward vegetation limit (measured
by the SDV) significantly expanded in seaward direction several years before the position of the +3m elevation
contour (the Dunefoot) caught up with this seaward shift. The latter can be explained by the natural
relationship between sedimentation and vegetation; when (dune or marsh) vegetation gets the chance to
develop in a seaward direction, sedimentation accumulates between the new vegetation, reinforcing the
development of both sedimentation and vegetation. This process works both ways, be it with a certain delay
of the other parameter. The measured SDS dynamics corresponded to the MLW and (mostly) MHW dynamics
mainly in direction (growth or decay) but less in magnitude. Overall, at Ameland, the shoreline dynamics
dominate the SDBW dynamics.

The outcome of this research provides a first impression of the potential functionality of the SDBW
measurement method. This research shows that with the developed SDV detection method, it is possible to
obtain an accurate position of the vegetation line from both composite and individual images, given that the
images are of good enough quality. Based on the Ameland case study results, we conclude that the SDBW,
derived from the SDV and SDS, is a good proxy for measuring beach width and beach width dynamics. At
dynamic beaches, it is less clear how the beach width is defined, and significant differences might be present
between the SDBW and in-situ measurements. It is essential to keep in mind that this is not necessarily
related to the accuracy of the SDBW detection method. In general, we can conclude that the SDBW method
can become a complementary measurement method for assessing data on beach width dynamics in addition
to traditional measurement surveys.

For the SDBW method to be generally embraced as a coastal measurement tool, various actions must be
carried out. First, a direct comparison of the SDBW data from composite and individual images should be
executed with matching study period and satellite image type. Since in this research, a comparison was made
of two datasets with different study periods and satellite image types. Subsequently, additional case studies
in the Netherlands must further validate the tool and assist in optimizing the algorithm settings and
guality/accuracy of the measurement data. Although we are confident about the performance of the SDV, the
accuracy of the SDV detection should be assessed more thoroughly with high-resolution in-situ vegetation
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cover data if available. Since the SDV is a new parameter, it has not yet been validated much with detailed
in-situ data other than this study, in contrast with the SDS which has been validated sufficiently in other
studies. In addition, we suggested several ideas to optimise the detection process and the pre- and post-
processing of the image data by using more advanced alternative algorithms and mathematical techniques.
Lastly, the applicability of the SDBW should be investigated for locations worldwide with different geographic
characteristics and features. We are confident that the SDBW tool has the potential to measure beach width
(dynamics) at sandy beaches of different characteristics all around the world after sufficient validation has
been achieved. The latter will enable countries where traditional measurement surveys are less accessible
or too costly to study the state of local beaches at a very low cost. In time, the pixel resolution and return
period of publicly available optical satellites will improve, resulting in higher spatial and temporal resolution of
the measurement data, overall providing a higher measurement accuracy, and enabling more detailed
research on beach width dynamics.
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1 Introduction

The state of Earth's sandy beaches is vital to a large part of the global population. Primarily because a stable
dune-beach system can ensure safety against the forces of the sea; but also, a clean and wide beach can be
just as vital to business owners that are dependent on sufficient people coming to the beaches near their
businesses; not to mention the importance of a healthy beach to the local biodiversity of a coastal area. The
Netherlands, as one of the most densely populated countries in the world, depends heavily on the health and
stability of its coastal system. The country's coast is divided into three distinct types of coastal zones: the
Wadden Sea barrier islands, the relatively straight coast of North and South Holland and Zeeland’s Delta
Area, known as the Wadden Coast, Holland Coast and Delta Coast, respectively. Most of the country's
population and economic value are located directly behind the beach-dune system of the Holland Coast. For
a long time, especially after the 1953 disaster, Dutch coastal policy mainly focused on flood protection (van
Koningsveld & Mulder, 2004). The implementation of so-called “hard” engineering measures such as sea
dikes, dams and storm surge barriers was common practice. In the late twentieth century, the soft engineering
approach, i.e., widening and raising the beach through sand nourishments, gradually became the new
standard for maintaining the Dutch coast and protecting it against structural erosion. Figure 1 depicts the
sandy beach on the northern coast of the Wadden Sea Island of Ameland and sand nourishments being
carried out on the same beach. In 1990, the Dynamic Preservation program was initiated to provide a
sustainable and environmentally friendly way of battling erosion and maintaining coastal safety (Roelse,
2002). The program proved successful (Roelse, 2002), and its execution was effective and efficient (DHV,
2005).

s %

Figure 1 Sandy beach with vegetated dunes (left panel) and sand nourishments being carried out on the beach through pipes (right
panel) in the context of Dynamic Preservation, on the north side of the Wadden Sea Island of Ameland, The Netherlands. From:
“Kustonderhoud Waddeneilanden”, source: Rijkswaterstaat, n.d. Public domain (CCO0)

In assessing the state of a beach, various indicators are used to quantify relevant parameters of a beach.
The beach width is one example of these so-called Coastal State Indicators (CSI’s). The evolution of the
beach width can provide information on coastal safety, ecology, and recreation. The beach width is essential
for the dissipation of incoming wave energy in case of storm events. Also, de Vries et al. (2011) identified a
positive trend between beach width and dune growth rate by suggesting a supportive relationship between
beach width and dune stability. Furthermore, the beach width in terms of available visitor space is a critical
factor of a beach its "recreational carrying capacity” (Jiménez et al., 2007). With this capacity, one can
determine the recreational (and economic) potential for a beach.

Currently, there are a lot of recurring nourishment operations along various locations on the Dutch coast. On
average, 12 million m® of sand is nourished yearly, either on the foreshore or directly on the beach
(Rijkswaterstaat, 2017). Detailed measurement data in space and time is essential to increase knowledge on
the effects of nourishments and optimise future applications. Apart from a few exceptions, such as the Sand
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Engine mega-nourishment and the nourishments at the Hondsbossche and Pettemer Zeewering (HBPZ),
there is no abundance of intra-annual measurement data on the development of beaches targeted by
nourishments. In the Netherlands, the annual coastal monitoring survey JAarlijkse KUStmetingen (JARKUS)
provides a detailed but fragmentary image of the Dutch coast; the survey does not measure intra-annual
coastal dynamics. In their study on the initial spreading of the Sand Engine, which covered a monthly
monitoring survey, de Schipper et al. (2016) observed that the most significant morphological changes
occurred in the first six months. Valuable insight into these short-term morphological changes or coastal
dynamics due to nourishments (or storms) is therefore not measured for most nourishments along the Dutch
coast. The JARKUS data has proven valuable in understanding the Dutch coastal system and assessing the
need and locations for regular nourishments. Nevertheless, a higher temporal and spatial resolution of coastal
measurement data could further improve our understanding of the coastal system (e.g., short-term coastal
dynamics, such as influences of storms and seasonal variation of the beach) and its response to nourishments
(e.g., alongshore spreading).

From 1984 onwards, an increasing number of satellite missions constantly monitor the Earth. Until recently,
the use of optical satellite imagery for coastal monitoring was hindered by high costs, pixel resolution and
labour intensity of image processing (Boak & Turner, 2005; G. Hagenaars et al., 2018). For a long time,
satellite data was restricted to governments and commercial institutions. Until 2008, when the National
Aeronautics and Space Administration (NASA) and U.S. Geological Services (USGS) made the data
collection of their Landsat satellite program available to the public, covering data of their satellite missions
since 1984 (U.S. Geological Survey, 2015). A few years later, the European Space Agency (ESA) launched
their Sentinel-2 mission, of which the data is also publicly available. These satellites capture images with an
even higher pixel resolution (10m) and with shorter return periods (5 days) than the satellite missions from
NASA (30m and 16 days). Satellites can have multi-spectral imagery of up to 0.31-meter pixel resolution.
With Google Earth Engine™ (GEE) introduced recently, the ever-growing database of more than 37 years of
optical satellite imagery is now easily accessible and processable. Since optical satellite images are freely
available and can be as frequent as once every five days (ESA, 2018), it promises significant bengfits in terms
of temporal resolution relative to the traditional, less-frequent measurement campaigns for beach
assessments. So that (the consequences of) short-term morphological events occurring on sandy beaches
can potentially be captured in much more detail than previously possible.

1.1 Problem Definition

The use of nourishments to stabilise and preserve sandy beach-dune systems is becoming more and more
common (de Schipper et al., 2016). Many morphological effects due to nourishments occur on shorter time
scales than the recurrence window of standard coastal monitoring campaigns. In the Netherlands,
measurement campaigns of higher frequency than the annual JARKUS survey are rare. Additionally,
traditional in-situ and aerial surveys are expensive, time-consuming and they do not provide data of one time
instant but of subsequent segments in time. Monitoring with a higher temporal resolution can prove to be very
valuable to increase the knowledge of short-term morphological effects on beach widths. Furthermore,
increasing quantitative insight into the physical mechanisms behind the natural and forced shore behaviour
responsible for coastal change contributes to scientific and engineering improvements relevant to decision
making and interventions related to coastal safety (Stive et al., 2002).
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1.2 Research Objective

The main objective of this thesis is to explore the possibility of deriving beach width dynamics from optical
satellite imagery in a semi-automated way. Beach width data in terms of position and dynamics will be
compared to available in-situ data to help interpret the Satellite-Derived Beach Width (SDBW), assess its
accuracy, and identify geographic conditions and algorithm settings influencing the detection process of the
measurement method. The final goal is to assess the contribution of the new method to existing (in-situ)
measurement options and to understanding coastal dynamics. This objective leads to the following main
research question:

How can beach width (dynamics) be derived from optical satellite imagery along sandy coasts, and how do
the results contribute to the current options for measuring and analysing beach width (dynamics)?

To formulate an answer to the main research question, we will first answer the following sub-questions:

1. What are commonly used definitions for the beach width, and which are suitable for detection from optical
satellite imagery?

2. How can beach width and beach width dynamics be derived from optical satellite imagery in a semi-
automated way?

3. How does the Satellite-Derived Beach Width (SDBW) compare to beach widths from in-situ measurement
surveys (such as JARKUS)?

4. How does the increased spatial and temporal resolution of the SDBW contribute to the existing (in-situ)
possibilities for measuring and analysing beach width dynamics?

5. How do (local) geographic conditions and algorithm settings influence the detection process of the
SDBW?

1.3 Thesis Outline

The research questions are answered in the following chapters. Chapter 2 gives a literature review of user
functions ascribed to beach width as a coastal indicator, presents commonly used physical definitions and
describes different beach width measuring methods. Chapter 3 describes the methodology we follow for
measuring the Satellite-Derived Beach Width from optical satellite imagery, introduces the case study of
Ameland and presents the approach for comparing the SDBW data with the JARKUS data. Chapter 4
interprets the SDBW data and presents the results from the comparison between SDBW and JARKUS. In
Chapter 5, we reflect on the results from the previous chapter and discuss several topics regarding the SDBW
methodology, such as the method's potential, limitations, and applicability at alternate locations. Chapter 6
concludes this thesis by answering the research questions and presenting suitable recommendations for
future research.
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2 Literature review

This chapter presents relevant background information for the remainder of this research by (partly)
answering research questions 1 and 2 as defined in Chapter 1. Section 2.1 presents functions, physical
definitions, and surveying methods of the beach width. Section 2.2 introduces several core principles for
measuring geographic features from optical satellite imagery. Section 2.3 elaborates on beach width
dynamics and what to expect from the data when measuring beach width dynamics from optical satellite
imagery.

2.1 Beach Width

Section 2.1.1 presents various examples of beach width functions commonly found in literature. In Section
2.1.2, we describe the different physical definitions used for the beach width. Common methods for measuring
the beach width are presented in Section 2.1.3.

2.1.1 Functions

Coastal State Indicators (CSIs) are used to assess, inter-compare, and communicate coastal systems’
dynamic-state and evolutionary trends (Davidson et al., 2007; Giardino et al., 2014). The beach width is one
of these CSls. In literature, beach width is related to user functions such as coastal safety, ecology, and
recreation. Concerning coastal safety, the beach width is used as an indicator for flood risk (Duran et al.,
2016), storm erosion (Harley et al., 2009), and dune development (Damsma, 2009; de Groot et al., 2012; de
Vries et al., 2012; Nolet & Riksen, 2018; van Puijenbroek et al., 2017). Dune development is mainly controlled
by the potential of aeolian sediment transport and the frequency and magnitude of storms (Damsma, 2009;
Keijsers et al., 2014; Nolet & Riksen, 2018). The beach width is used as an indicator for the maximum wind
fetch distance, over which sediment grains accumulate and transport towards the dunes. Additionally, the
beach width is used to predict the amount of wave dissipation, to quantify the resilience against dune erosion
during storms. Dugan et al. (2013) investigated the beach width in relation to ecological features using the
“ecological envelope” concept. This parameter reflects a cross-shore habitat that beach biota (e.g., plants
and animals) use to cope with constantly changing beach conditions. Decisio (2011) and Jiménez et al. (2017)
studied the beach width in relation to recreation. Jiménez et al. (2017) studied the beach width to quantify the
accommodation space for recreational activities under sea-level rise of Catalan beaches. Decisio (2011)
determined minimum and optimum beach widths for different recreational use intensities for beaches in the
Netherlands. They concluded that, depending on the use intensity, a beach requires minimum space for
recreation (up to 50m), pavilions (20 to 30m) and accessibility for emergency services (10 to 20m). In
summary, these studies show that the beach width is a relevant indicator for different user functions in the
coastal zone.

2.1.2 Physical Definitions

Although the beach width is a widely used CSI in many countries, the applied definition is not universal. In its
simplest form, the beach width is defined as the cross-shore distance between a seaward and a landward
boundary. The demarcation of those boundaries varies widely amongst applications and countries. In the
Netherlands, the beach width is often defined as the distance between a type of waterline and the dune foot
(de Vries et al., 2012; Decisio, 2011; Keijsers et al., 2014). Figure 2 depicts a typical beach and foreshore
profile used in Belgium and the Netherlands (Vandebroek et al., 2017). Commonly used demarcations of the
waterline include Mean Sea Level (MSL), Mean Low Water (MLW) and Mean High Water (MHW). Which of
these definitions is most suitable depends on the application. For example, when defining MHW as the
seaward boundary of the beach width, one only looks at the dry beach, which is relevant for beach recreation
(Decisio, 2011). In contrast, when defining MLW as the seaward boundary, one also includes the wet part of
the beach (the intertidal area), which enables the assessment of aeolian transport to the dunes (de Vries et
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al., 2014). Hence, in literature one universal beach width definition does not exist, and the use and definition
of the beach width as a metric depends on the purpose you wish to analyse or quantify.
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Figure 2 Beach and foreshore profile with Dutch definitions. Definitions translated from left to right: section border
(sectiegrens), sea bottom (zeebodem), foreshore foot (vooroevervoet), foreshore (vooroever), beach- and foreshore
surface at present survey (strand- en vooroeveroppervlak bij huidige opname), Mean Low Water (laagwaterlijn), Wet
Beach (natstrand), Mean High Water (hoogwaterlijn), Dry Beach (droogstrand), Dunefoot (duinvoet), Dune (duin).
Adjusted from Vandebroek et al. (2017)

Two commonly used definitions for the landward boundary of the beach width (of a dune-beach system) are
the dune foot (or dune toe) and the vegetation line. The dune foot is defined as a (visible) break in slope
representing the transition between the relatively flat beach to the steep foredunes (Battiau-Queney et al.,
2003; de Vries et al., 2012; Guillén et al., 1999; Ruessink & Jeuken, 2002). This physical definition is referred
to as the (natural) dune foot in this report. The position of this break in slope is somewhat arbitrarily. Therefore,
in the Netherlands, the dune foot is often defined as the most seaward intersection of the cross-shore beach
profile with a fixed elevation level above the local ordnance datum (Nieuw Amsterdams Peil, NAP). We refer
to this definition of the dune foot as the Dunefoot in this report. This elevation level is commonly defined
between 3 and 4 meters above NAP and is assumed to roughly correspond with the natural dune foot
definition for the Dutch coast (Keijsers et al., 2015; Ruessink & Jeuken, 2002). For a study on the U.S. Pacific
Northwest coast, Cohn et al. (2019) demarcate the landward boundary as the dune toe. Like the Dutch
definition, they arbitrarily defined the dune toe at a fixed elevation level (+4m) relative to the local ordnance
datum (NAVDS88).

Another demarcation of the landward boundary of the beach width is the optically discernible vegetation line,
which is defined in this research as the contour of the most seaward extent of high-density dune vegetation.
In their research on the relationship between sedimentation and vegetation, Keijsers et al. (2015) found, at
the sandy beaches of Ameland, that this contour is mainly located at the natural dune foot (e.g., the break in
slope) but in some cases can also be located at a more seaward positioned foredune or embryo dune. In
literature originating outside the Netherlands, the vegetation line is frequently used as a proxy for the shoreline
because it is easily recognizable from aerial photos and it is a good indicator for coastal erosion (Adnan et
al., 2016; Battiau-queney et al., 2003; Boak & Turner, 2005; Mahabot et al., 2017). Rader et al. (2018) used
the vegetation line to quantify dune morphodynamics. Battiau-Queney et al. (2003) and Rader et al. (2018)
mentioned that the vegetation line often coincides with the natural dune foot, suggesting that the vegetation
line might be used as an alternative measure for the dune foot. Bauer & Davidson-Arnott (2003) demarcate
the landward boundary as the dune line, which they simply refer to as either the geographic break in slope or
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the limit of dune vegetation, basically stating they are the same geographic feature. One can, however, argue
whether the latter statement is not too simply put and that it is very dependent on the examined location. In
conclusion, we find that the elevation-based dune foot is often used as the landward demarcation of the beach
width, and we find the optical discernible vegetation line as an alternative (of which the depiction is less
unambiguous throughout literature).

2.1.3 Surveying methods

To quantify the beach width, we require measurements of beach profiles (i.e., elevation measurements),
water levels or tidal datums, and vegetation (i.e., spatial spreading, type and density). The monitoring of
coastal features is traditionally executed with in-situ geographic measurements and aerial photography (G.
Hagenaars et al., 2018; van der Werff, 2019). These survey methods are often time-consuming and costly.
Therefore, extensive monitoring campaigns of high spatial- and temporal resolution are rare. In recent years,
the possibilities in monitoring have widely expanded with the advance of remote sensing techniques, such as
Light Detection And Ranging (LIDAR), Radio Detection and Ranging (RADAR), video monitoring and optical
satellite imagery (Boak & Turner, 2005; Gens, 2010). The ongoing evolution of these techniques has induced
significant improvements for surveying methods in terms of spatial- and temporal resolution, accessibility,
and reduction of costs.

This study is focused on the use of optical satellite imagery to monitor beach width dynamics. Feature
detection through optical imagery is based on contrasts between solar radiation values reflected by different
land cover types. In other words, to detect coastal features, we are looking at differences in the light
reflectance spectrum. The previous section concluded that the beach width is a cross-shore distance between
a type of shoreline and the dune foot or vegetation line. The shoreline can be detected from the difference
between the light reflectance of land and water. The seaward contour of vegetated dunes (or other vegetated
areas), e.g., the vegetation line, can be detected from the differences in solar radiation between sediment
and vegetation. In conclusion, in this research, the beach width will be derived from the distance between an
optically discernible shoreline and vegetation line, further referred to as the Satellite-Derived Shoreline (SDS)
and Satellite-Derived Vegetation line (SDV). The beach width computed from these parameters, as the cross-
shore distance between them, will be referred to as the Satellite-Derived Beach Width (SDBW). In the
remainder of this thesis, these three parameters are sometimes comprehensively referred to as Satellite-
Derived Parameters (SDPs).

2.2 Feature detection from optical satellite imagery

This section describes the current state of the art methods of deriving shorelines and vegetation lines from
satellite imagery to derive beach width. We focus on optical detection methods, particularly optical feature
detection from freely available satellite image data of NASA’s Landsat 5 (1984-2011) and Landsat 8 (2013-
present) missions, and ESA’s Sentinel-2 (2015-present) mission. The images are accessed and processed
with the cloud-based geospatial processing platform Google Earth Engine ™.

2.2.1 Optical satellite imagery and current satellite missions

Optical remote sensing is based on the solar radiation reflected by different land cover types on the earth’s
surface. The radiation is captured in a wide range of wavelengths with multi- or hyperspectral sensors aboard
satellites or other airborne agents. The spectral regions are divided into several bands (or bandwidths),
representing, for example, the visible spectra (red, green, and blue) and invisible spectra (Near Infra-Red
(NIR), Short-Wave Infra-Red (SWIR) and Thermal). Specialized algorithms based on combining variations of
these bands, enable measuring geographic features and land cover types from optical satellite imagery. We
describe the basic principle of two of those Algorithms in the following subsection (Section 2.2.2).
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The NASA and ESA satellite missions carry the following multispectral sensors: the Landsat 5 carries the
Thematic Mapper (TM), Landsat 8 carries the Operational Land Imager (OLI) and Sentinel-2A the Multi-
Spectral Instrument (MSI). Depending on the satellite mission, the number of bands, the resolution at which
the wavelengths are measured, and the designation of band numbers vary. Figure 3 shows the spectral bands
of the multispectral sensors of Landsat 7, Landsat 8, and Sentinel-2. The spectral bands of Landsat 5’s TM
are the same as the bands of Landsat 7’s Enhanced Thematic Mapper Plus (ETM+).

Comparison of Landsat 7 and 8 bands with Sentinel-2
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Figure 3 Comparison of Landsat 7 and 8 spectral bands with Sentinel-2. The spectral bands of Landsat 7’s ETM+ are the same for
Landsat 5’s TM. From “Sentinel-2B succesfully launches”, by NASA, 2017 (https://landsat.gsfc.nasa.gov/article/sentinel-2b-
successfully-launches/). Public Domain.

NASA'’s Landsat 5 and Landsat 8 satellite sensors have a 30-meter pixel resolution for the visible, NIR and
SWIR bands, and ESA’s Sentinel 2 has a 10-meter pixel resolution for the visible and NIR bands (The
European Space Agency (ESA), n.d.; U.S. Geological Survey, n.d.). The sensors installed on the mentioned
satellite missions also measure other spectral bands but at lower pixel resolutions. Furthermore, the Landsat
5 and Landsat 8 missions both have a 16-day return period, and the dual Sentinel 2 satellites have a combined
return period of 5 days (The European Space Agency (ESA), n.d.; U.S. Geological Survey, n.d.). There are
two Sentinel-2 satellites with a 10-day return period

Since the introduction of the Google Earth Engine (GEE) API several years ago, the extraction and pre-
processing of the ever-growing database of publicly available satellite imagery became much more
accessible. The computational power of GEE’s servers significantly reduces computation time by taking care
of pre-processing steps with the cloud computing possibilities provided by the platform. For example, before
extraction of Landsat or Sentinel-2 image collections from the GEE servers, satellite image pixels are
transformed into spectral radiance values, these radiance values are then transformed to Top-Of-Atmosphere
(TOA) reflectance values, and finally, the images are orthorectified, resulting in L1T TOA satellite images (G.
Hagenaars et al., 2018). The resulting reduction of computation time per image decreases the time needed
for obtaining the satellite (and coastal measurement) data and offers additional computation time for
implementing other image-processing steps.

2.2.2 Land cover detection based on Normalised Difference Indices

A popular approach for land-cover detection from multispectral satellite imagery is the use of change indices
that enhance the contrast between two (or more) spectral regions. One of the most commonly used change
indices is the Normalised Difference Vegetation Index (NDVI). The NDVI is a graphical indicator that amplifies
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the reflection of alive vegetation through a mathematical ratio, based on the differences between the Red and
Near Infra-Red (NIR) spectral bands, see Eq. 1. This method builds on the fact that plant leaves effectively
absorb radiation through the visible Red wavelengths and, on the other hand, strongly reflect the radiation
through the invisible NIR wavelengths. The NDVI distributes the image pixels according to their reflectance
values in a histogram ranging between -1 and +1. From these values, positive values represent vegetation.

Anir — AreD Eq. 1
Anir + AreD

The pixels representing a specific land cover type are distinguished from the pixel distribution with supervised
or unsupervised threshold values. The NDVI is thus used to distinguish vegetated areas from non-vegetated
areas. An alternative index applied to multispectral satellite imagery, used to distinguish land and water areas,
is the Normalised Difference Water Index (NDWI). NDWI is based on the differences between the Green and
Near Infra-Red (NIR) spectral bands, see Eq. 2.

NDVI =

Anig — 4
NDW] = ZNIR GREEN Eqg. 2

Anir t+ AGrEEN

2.2.3 Satellite-Derived Shoreline (SDS) — Detection and accuracy

Numerous researchers worldwide have researched the detection of sandy shorelines from optical imagery.
The type of waterline these shorelines represent, together with the detection accuracy, varies for the different
approaches followed.

The most basic definition of the shoreline is the interface between land and water (Dolan et al. (1980), as
cited in Boak & Turner, (2005)). Depending on the hydrodynamic conditions, this interface can represent
various waterlines, as mentioned in Section 2.1.2. Regarding the detection from optical satellite images, the
choice for single images or composites of multiple images determines what the satellite-derived shoreline
physically represents. The shoreline derived from a single image would represent the instantaneous
waterline, corresponding to the hydrodynamic data at the moment of image acquisition. On the other hand,
shorelines derived from composite images represent a wave- and tide-averaged waterline, likely resembling
Mean Sea Level.

A popular approach to derive shorelines from optical imagery is based on the previously introduced NDWI to
derive a threshold that separates the image pixels representing land and water areas. Otsu (1979) developed
an unsupervised classification method to determine an adaptive threshold, which can be used to divide the
NDWI pixel histogram to construct a binary image from the NDWI grey scale image. This binary image shows
a clear separation between land and water, from which the SDS is then extracted as a vector from the border
between the two areas. The latter is demonstrated by Hagenaars et al. (2018), see Figure 4 and Figure 5,
who present a method based on the approach of Kuleli et al. (2011) for automated shoreline detection from
optical satellite imagery extracted from and processed on the GEE servers.
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Figure 4. NDWI greyscale image (left), NDWI histogram (middle) and resulting binary image (right) for a Sentinel 2 image acquired
on 12-03-2015 10:33:27 (GMT). An optimal threshold value of 0.16 classifies the NDWI values into water (blue) and land (green)
pixel. From Hagenaars et al. (2018).

Figure 5 Satellite image acquired by the Sentinel 2 satellite acquired on 12-0-2015

10:33:27 (GMT) for the Sand Motor study site. The derived SDS is plotted in black.
From Hagenaars et al. (2018).

To assess the positional accuracy of the SDS, Hagenaars et al. (2018) compared 143 satellite images with
high-resolution in-situ measurement data of the Sand Motor mega-scale nourishment located along the South
Holland coast in the Netherlands. It was found that the positional accuracy of the SDS (1) depends on the
intertidal beach slope and the pixel resolution of the satellite images, (2) has a seaward bias, and (3) is
adversely affected by the presence of clouds, waves, sensor corrections and georeferencing errors
(Hagenaars et al., 2018). In the same research, Hagenaars et al. (2018) conclude that for ideal conditions,
images without clouds and waves, “the accuracy of the SDS is within subpixel precision (smaller than 10-
30m, depending on the satellite mission)” and for the highest resolution images they found “an average offset
of 1m between the SDS position and the in-situ shoreline in the considered domain.” As such ideal conditions
are seldom the case, Hagenaars et al. (2018) quantified the effect of drivers of inaccuracy. These so-called
drivers of inaccuracy are either related to environmental conditions or the satellite instrument. The SDS
accuracy is affected, foremost, by the presence of clouds and to a lesser degree by the presence of waves,
corresponding to seaward deviations in the order of 200m to 40m, respectively.

Instead of single satellite images, the use of composite images is an established method to reduce or
eliminate the effects of cloud cover, shadows and other disruptions (Gémez et al., 2016). Hagenaars et al.
(2018) used image composites to reduce the effects of the abovementioned drivers of inaccuracy. A
composite image comprises a number of sequential satellite images within a certain time frame. From an
image collection, one creates a composite of each image acquired within a predefined number of days prior
and post the acquisition date of that image. E.g., a composite image with a 180-day window comprises all
images with their acquisition data 90 days prior and post the acquisition data of the “centre”-image. The use
of composite images for shoreline detection provides a sound method for reducing offsets caused by drivers
of inaccuracy, such as clouds, waves, soil moisture and sensor corrections. The composite images reduce
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the temporal resolution and therefore produce shorelines that only show variations on a semi- to bi-annual
scale.

In order to validate the satellite-derived beach width with available beach width in-situ data, it is essential to
be aware of what the detected SDS physically represents. As explained in section 2.1, different water levels
are used for the seaward demarcation of the beach width, e.g., MLW, MSL and MHW. Whether the SDS is
derived from a single satellite image or a composite image is decisive for the type of waterline it represents
or corresponds with most. A waterline derived from a single image, arbitrary in time, represents the
instantaneous waterline. ldeally, a derived SDS on a given date would be validated with the actual water level
retrieved from a historic hydrodynamics database from that same day and time. As such detailed information
is usually unavailable, a validation study with in-situ data needs to take into account the difference in
acquisition timing of the satellite images versus in-situ measurement. Typically, an offset is expected, which
needs to be quantified. Moreover, the use of composite images brings in an additional factor that needs to be
considered in the validation assessment. For example, the shorelines derived by Hagenaars et al. (2018)
from composite images are validated with an in-situ shoreline constructed to represent the Mean Sea Level.

Recent research has shown that a shoreline can be detected from optical satellite imagery in an automated
way and with a promising spatial- and temporal resolution. The accuracy of detected shorelines is dependent
on the presence or occurrence of several drivers of inaccuracy: most importantly, cloud conditions.
Furthermore, the spatiotemporal resolution is dependent on the choice of using either single or composite
satellite images.

2.2.4 Satellite-Derived Vegetation line (SDV)

Since we are looking at beach width detection from optical imagery, we will use the vegetation line as the
landward boundary of the beach width. Studies that measure vegetation and use it to analyse coastal (dune)
processes and morphodynamics often extract the data from small datasets of aerial photographs or LIDAR
(Boak & Turner, 2005; Keijsers et al., 2015; Pollard et al., 2020; Rader et al., 2018; Lalimi et al., 2017).
Vegetation lines are already measured from non-satellite optical imagery (often as a measure for the
shoreline), but a generic method to automatically derive large numbers of coastal vegetation lines from optical
satellite imagery has yet to be presented. In theory, by using a vegetation index (e.g., NDVI) instead of the
NDWI, the approach for SDS detection presented by Hagenaars et al. (2018) can be adopted and adjusted
for the detection of vegetation lines by taking the border between sandy and vegetated areas. In line with the
SDS, we further refer to the vegetation line detected from optical satellite imagery as the Satellite-Derived
Vegetation line (SDV).

Part of this study will assess the relationship between the vegetation line and the elevation-based dune foot
because of the freely accessible and extensive dataset of the dune foot in the Netherlands. However,
measuring elevation data is laborious and expensive and, therefore, infrequent compared to the historical
database of multi-temporal satellite imagery.

Correspondence between the seaward limit of dune vegetation (vegetation line) and features discernible from
the elevation profile (such as the dune foot or dune toe) is implied by various authors; see, for example,
Battiau-queney et al. (2003) and Rader et al. (2018). Wernette et al. (2018) make the notion of the advantage
of defining dune features based on the vegetation cover, whereas temporal dynamics of, for instance,
vegetation lines can be derived from extensive databases of historical aerial (and satellite) imagery. However,
the same researchers also stress that the presence of vegetation cannot always be used to represent dune
morphology, considering the seasonal variation of vegetation and location-specific environmental conditions.
The research of Keijsers et al. (2015), about the relationship between vegetation cover and sedimentation
(involving the seaward vegetation contour and dune foot), also shows there can be a variable offset between
the vegetation contour and dune foot depending on locally varying characteristics and development in time,
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as depicted in Figure 6 and Figure 7. Figure 6 shows the multi-annual development of the vegetation cover,
dune crest and dune foot for one transect located at the beach on the north side of Ameland. Figure 7 shows
the vegetation cover and sedimentation rate (m/year) in 2006 for 27 transects at the same beach at Ameland.
The figures show that the cross-shore offset between the dune foot and seaward vegetation contour can vary
widely within a few kilometres on the same beach or within years along the same transect. For example, at
one location, the vegetation contour and dune foot position coincide with each other, and at hundred meters
alongshore distance, the vegetation contour and dune foot can be tens of meters apart. Hence, since this
research will compare the optically discerned vegetation line with the elevation based Dunefoot, an offset will
be expected between these indicators, regardless of the accuracy of the measurement methods.

2003 2011

Figure 6 Changes in vegetation cover across a foredune. Development of vegetation cover from 2003 to 2011, profile 9.6 (transect
3000960). Dashed lines indicate the seaward limit of vegetation (at least 5% cover). Adjusted from: “Vegetation and
sedimentation on coastal foredunes”, by Keijsers et al., 2015.
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Figure 7. Vegetation map for each profile (transect) with an indication of the amount (of) sedimentation at each measurement point.
Arrows indicate the position of the dunefoot and crest. Sea is located at the top of each image. Data from 2006 aerial photo. Adjusted

from: “Vegetation and sedimentation on coastal foredunes”, by Keijsers et al., 2015.
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2.3 Beach width dynamics
This section describes the dynamics one can observe when measuring beach width (and subcomponents)
over different scales in space and time. Beach width dynamics depend on the dynamics of the seaward and
landward beach boundary and can be related to natural or human-induced causes and factors. Some of these
natural causes and factors are, for example, the seasonal variation of the beach profile, interfered longshore-
currents, sea-level rise and land subsidence, storm erosion or the landing of sandbanks; human-induced
causes or factors can be consequences due to nourishments or the construction of coastal works in the surf
zone (Giardino et al., 2014; Stive et al., 2002).
Stive et al. (2002) inventoried both natural and human-induced causes and factors for typical coastal evolution
trends according to four different scales:

e Verylongterm (time scale: centuries to millennia; spatial scale: 100km and more)

e longterm (time scale: decades to centuries; spatial scale: 10 — 100km)
e Middleterm  (time scale: years to decades; spatial scale: 1 — 5 km)
e Shortterm (time scale: hours to years; spatial scale: 10m — 1km)

We consider that the dynamics of shorelines, dune foot and vegetation line, and thus the beach width
dynamics, can be categorized into the same spatiotemporal scales.

Different underlying causes and factors can influence the beach width variability with varying intensity at
different locations since every shore is unique. When measuring beach width dynamics, one essentially
measures the sum of the dynamics of the seaward and landward beach width boundaries. Whether the
dynamics of the beach width’s subcomponents are somewhat similar or deviate entirely from each other
determines the signal of the beach width dynamics. In their research, Stive et al. (2002) give an example (see
Figure 8) of the temporal and spatial variability of the MLW, MHW and Dunefoot along the Dutch coast (in
their research, all three parameters are considered as an indicator for the shoreline’s evolution). The timelines
in the figure show the evolution of the mentioned parameters for a location (panel a) at the northwest side of
the Schiermonnikoog Wadden island and a location (panel b) at the west side of Goeree in Zeeland. We
observe different evolutions: a slowly prograding and long-term oscillating trend for Schiermonnikoog and a
for a long time retrograding but recently prograding trend for Goeree. The two timelines display that the
evolutions of these shoreline indicators fluctuate with different scales in space and time at different locations
but also vary between parameters among different locations. For example, at Goeree, the three parameters’
evolutions are (almost) synchronized, whereas, at Schiermonnikoog, the three evolutions are not
synchronized, especially the evolution of the Dunefoot deviates from the evolutions of the MLW and MHW.
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Figure 8. Evolution of the (M)LW, (M)HW (based on tide records) and dunefoot since 1880. (a) Northwest location of
Schiermonnikoog. (b) West location of Goeree (The Netherlands). Adjusted from Stive et al. (2002)
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The Total Beach Width and Dry Beach Width, as presented in Section 2.1.2, are defined as the distance
between the MLW and Dunefoot and MHW and Dunefoot. Looking at the evolutions of the parameters in
Figure 8, one can imagine that the beach width’s evolutions at those locations show significantly different
behaviours. Since the Dunefoot’s evolution is relatively static at Schiermonnikoog, the evolution of the Beach
Width will be dominated by the (more heavily) prograding and oscillatory evolution of the MLW and MHW.
However, at Goeree, the beach width’s evolution will show small scale fluctuations but no long-term growth
or decay since the Dunefoot evolves at a similar pace and scale as the MLW and (especially) the MHW.

Hence, significant differences are expected for varying locations between the spatiotemporal evolution of the
beach width and its subcomponents and the underlying relationship between those parameters. Therefore,
these underlying relationships between the parameters representing the seaward and landward beach width
boundaries must be evaluated carefully in every case study at different locations.

2.4 Summarising remarks

This chapter presented a brief overview of Beach Width definitions, functions and dynamics and introduced
optical satellite imagery and optical feature detection techniques relevant to coastal science. We introduced
a proven method for accurately deriving the shoreline from optical satellite imagery, which can analyse (long-
term) shoreline dynamics. Using an alternative Normalized Difference Index (the NDVI), we hypothesize that
the SDS method (using the NDWI) presented by Hagenaars et al. (2018) can be adjusted to detect the
vegetation line from optical satellite imagery. With the SDS and SDV, we can derive a beach width as the
cross-shore distance between those parameters, the Satellite-Derived Beach Width (SDBW). We
occasionally refer to the SDS, SDV, and SDBW as the Satellite-Derived Parameters (SDPs).

Extensive in-situ coastal datasets are globally scarce. In the Netherlands, the whole coastline is measured
annually through the JARKUS measurement survey, containing elevation-based parameters. Coastal
evolution varies with spatial and temporal scale, ranging from meters and minutes to kilometres and centuries.
Beach width dynamics depend on the dynamics of its seaward and landward boundary.

The next chapter will explain the method for deriving the SDBW and elaborate on the assessment of the
SDBW detection and dynamics by comparing the SDBW to the JARKUS measurement data. An essential
part of this assessment will be to investigate what the new parameter SDV represents and how it relates to
the Dunefoot. Since we do not have extensive high-resolution vegetation cover data, we will not perform a
detailed accuracy assessment of the SDV. Since we adapt and augment the SDS detection method of
Hagenaars et al. (2018) for detecting the SDV, we initially assume a similar accuracy for the SDV detection
in this research.
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3 Methods

The previous chapter provided background information on the relevance of (measuring) beach width
(dynamics) and existing methods for deriving coastal state indicators from optical satellite imagery. Section
3.1 elaborates on the overall approach we use in this research to derive beach width from optical satellite
imagery and analyse changes in time and space. Section 3.2 describes the case study and the available data
we use for this research. The computation method for deriving the Satellite-Derived Beach Width (SDBW)
from the satellite-derived shoreline (SDS) and vegetation line (SDV) is explained in Section 3.3, together with
sensitivities relevant to the computation method. Section 3.5 describes how we will analyse the SDBW derived
from composite satellite images and individual satellite images by comparing the SDBW with in-situ
measurement data, and Section 3.4 introduces the data we use for those assessments.

3.1 Satellite-Derived Beach Width — Overall approach

The Satellite-Derived Beach Width (SDBW) detection method determines the cross-shore distance between
a sandy beach’s seaward and landward boundary. This research defines these boundaries as the optically
visible waterline and vegetation line (e.g., visually detectable with optical satellites). This research leaves out
other possible landward boundaries of the beach, such as the built environment or dike revetments. In short,
the SDBW is defined as the cross-shore distance between the positions of the Satellite-Derived Shoreline
(SDS) and the Satellite-Derived Vegetation line (SDV) along a predefined transect on a beach (see Figure
9).
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Figure 9 Cross-shore schematic of a sandy beach profile, including the boundaries of the Satellite-Derived Beach Width, the Satellite-
Derived Shoreline (SDS) as the seaward boundary of the beach and the Satellite-Derived Vegetation line (SDV) as the landward
boundary of the beach. The cross-shore distances of the SDS (Xsps) and SDV (Xspv) are plotted relative to the fixed RijksStrandPalen
(RSP) reference line.

To analyse the SDBW and compare it with in-situ measurements, we will study the sandy coast on the
northern side of Ameland.

The core principle of the SDBW detection method exists of first computing the SDS and subsequently (but in
the same process) computing the SDV. When these indicators are computed, we can derive the SDBW by
simply calculating the cross-shore distance between the SDS and SDV along the transect. We determine the
positions of the SDS and the SDV along the transect relative to a fixed reference point. In Figure 9, this
reference point is represented by the RijksStrandPalen (RSP) (line), which is commonly used in the
Netherlands.

There is a difference between coastal features detected from either composite or individual satellite images

(as mentioned in Section 2.2). Both have their advantages and disadvantages. We know from Hagenaars et
al. (2018) that composite images can be used to detect shorelines and analyse the long-term dynamics of

24



shorelines. We do not yet know whether this will also hold for the SDV and the SDBW. The measurement
data from composite images correspond with the temporal scale of the JARKUS Measurement survey.
Individual images can offer an advantage over the JARKUS Measurement survey and composite images
because of their significantly higher temporal resolution. Depending on the usability of the individual images,
the difference in temporal resolution can be (bi-)weekly for the individual image data versus (semi-)annual for
the JARKUS survey and composite image data. We will study the SDBW, and its subcomponents, computed
from both types of images and separately compare them with in-situ measurements.

To investigate the quality and potential of the SDBW measurement data, we compare it with the in-situ
elevation-based measurement data from JARKUS. Along the JARKUS transects, the MLW, MHW and
Dunefoot positional data are provided as a cross-shore distance relative to the intersection of the RSP line
with the corresponding transect. We project the SDS and SDV vectors over the same transects. In this way,
we can compare the positions of the SDS and SDV with those of the JARKUS parameters. Figure 10 provides
a schematic overview of the relevant parameters and how we expect them to relate to each other spatially.
We compare the SDS with the MLW and MHW, the SDV with the Dunefoot and the SDBW with the Dry Beach
Width and Total Beach width. The analyses and comparisons might show different relationships between the
parameters, as displayed in Figure 10. We know that these parameters are not equal to each other. However,
we expect that analysis of the differences and similarities will provide insight into the validity of the SDBW
detection method and the detection of its components.

Wet (intertidal)

Beach width
MLW — e —m i MLW
N

Satellite-Derived Shoreline (SDS)

MHW ___________________________________________________ MHW

[BI0]51=1 (ol] QR . . /A Dunefoot
Satellite-Derived Vegetation line (SDV)
Satellite-Derived Total Dry
Beach Width Beach width Beach width

(SDBW)

Figure 10 Schematic overview of the indicators of the SDBW and JARKUS beach widths with positions relative to each other

The flow chartin Figure 11 gives an overview of the different steps in the study on the Satellite-Derived Beach
Width. It includes a description of the SDBW detection method and the sensitivities we encounter in the
process (described in Section 3.3) together with the comparison of the SDBW data with in-situ JARKUS data
(introduced in Section 3.4 and Section 3.5) leading to the results in Chapter 4.
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Figure 11. Flow chart of the overall approach of the method to be executed for the research on the Satellite-Derived Beach
Width.

3.2 Case study: Ameland
This section introduces the Ameland case study; we describe the island characteristics, the local morphology,

and the available data. For studying the SDBW following the aforementioned conditions, any sandy beach in
the Netherlands with a natural landward boundary would do. In this research, the island of Ameland was
chosen for the case study because it offers two advantages compared to other sandy shores in the
Netherlands. The first is the dynamic nature of the northern coast of Ameland, so we expect to be able to see
the consequences of past events translated to dynamics in the SDBW. The second is the availability of data
on vegetation cover in the dunes originating from Keijsers et al. (2015), which might say something about the
relation between vegetation cover, elevation, and the satellite-derived vegetation line.

3.2.1 Island description and morphology

The barrier island Ameland is one of the Dutch Wadden lIslands, which separate the North Sea from the
Wadden Sea. Figure 12 displays the island and its location within the Wadden Sea. The island is
approximately 24 kilometres long and has a maximum width of 4.5 kilometres. The island's northern side,
including the eastern and western island heads, exists of a sandy beach-dune system. Dikes and revetments
protect the southern side of the island. Due to local gullies, the Borndiep on the West and the Pinkegat on
the East, the two island heads are subject to different morphological processes. In order to counter erosion
on the western island head, several coastal defence structures have been placed, and nourishments are
regularly carried out. The latter contrasts with the eastern head, where natural dynamics occur without human
interventions (Mastbergen et al., 2018). Between 1980 and 1985, the offshore sandbank “Bornrif’ landed on
the western side of the beach, which has been spreading out and migrating in an eastward direction since
then (Mastbergen et al., 2018). Due to this ongoing migration, the northern beach sees a trend of
sedimentation east of the landed sandbank. Nevertheless, nourishments are applied regularly on the whole
northern coast of Ameland. The development of the Ameland morphology between 1965 and 2016 is
displayed in Figure 13. The landing and spreading of the Bornrif sandbank are well depicted in the figure.
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Figure 12 Wadden Sea overview (OpenEarth — Coastviewer - Vaklodingen, https://www.openearth.nl/coastviewer-static/# ). Zoom-

in Ameland (TripleSat image, 80cm pixel resolution, August 2018, https://www.satellietdataportaal.nl/ ).

27


https://www.openearth.nl/coastviewer-static/#/
https://www.satellietdataportaal.nl/

170 175 180 185 190 195
X [km]
Figure 13. Top view of the morphology of the (northern) island coast of Ameland based on gridded JARKUS data representative of
the period 1965-2016. Reprinted from “Beheerbibliotheek Ameland”, by Mastbergen et al., 2018, p30.
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3.2.2 Data availability

In order to assess the quality and potential of earth observation data to assess beach widths, we compare in-
situ measurement data from the annual coastal survey by Rijkswaterstaat (RWS), also known as JARKUS,
with earth-observation data of coastal features derived from satellite imagery from NASA and ESA. We use
these data collections since they are free of cost and contain extensive data for the whole coast of the
Netherlands.

Beach profile data

We use the JARKUS data (which contains annual measurement data from 1965 to 2021) to compare with
the positional data of the SDS, SDV and SDBW. The measurements are a combination of bathymetry
measurements for the underwater part of the coast and LIiDAR (aerial) elevation measurements for the above-
water part of the coast. The data is transposed as elevation profiles on a system of cross-shore transects
perpendicular to the coast, the JARKUS transects. These transects are oriented towards the national
RijksStrandPalen (RSP) line, which serves as the transect's zero point. The transects have a 5-meter
resolution and are alongshore-spaced every 200 to 250 meters along the Dutch Coast. On average, the
survey measurements are done post-storm season, in late winter or early spring. The dataset contains
positional data of the MLW, MHW and Dunefoot on each transect. The JARKUS dataset provides beach
widths derived from the distances between those features; the Wet Beach Width or Intertidal Area (MLW-
MHW), the Dry Beach Width (MHW - Dunefoot) and the Total Beach Width (MLW — Dunefoot).

The analyses of this case study focus on the reach between transects 3000300 and 3002100, shown in Figure
14. The selected reach is 18 kilometres long and comprises 91 transects, 200 meters apart from each other.
This study site was selected for different reasons, but mainly because we expect to see the effects of the
landing of the Bornrif sandbank and multiple nourishments in the beach width dynamics. Also, we select these
specific transects for ease of programming and data visuality; to have a straight line from West to East.
Therefore, the study site does not include all transects along the Ameland coast. We exclude the transects
at the island heads. These are transects 3000100 to 3000280 and 3004600 to 3004966 at the western head
and transects 3002100 to 3002516 at the eastern head. Also, we exclude the “corner” transects 3000301 to
-304 and 3000401 to -404 to have equal distances between transects. From here on, since we only look at
Ameland in this study, we refer to the transects with their site-specific numbers, without the administrative
numbers referring to the coastal zone (“Kustvak”). For example, we will refer to transect 720 instead of
transect 3000720, and so on.
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Figure 14 Ameland study site, with the RSP line in red. The JARKUS transects (in blue) are labelled every 2 kilometres. Sentinel-2
image (July 2018)

Satellite data

In this research, we use the optical satellite imagery of the Landsat 5, Landsat 8, and Sentinel 2 missions to
detect the SDS, SDV and SDBW. Table 1 gives information about the temporal extent, the pixel resolution
and revisit time corresponding to the used satellite missions. The sizeable temporal extent of the combination
of Landsat 5 and Landsat 8 data allows looking at (relatively) large-scale trends of coastal state indicators.
Whereas the high pixel resolution and short revisit time of the Sentinel-2 data enable research of more
detailed intra-annual dynamics.
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Table 1 Overview of used satellite missions, data extent and spatial and temporal resolution.

Satellite mission

Temporal extent

Pixel resolution [m]

Revisit time [days]

Landsat 5 01/1984 - 10/2011 30 x30 16
Landsat 8 > 04/2013 30 x 30 16
Sentinel 2 > 07/2015 10 x 10 5

3.3 Method for deriving the Satellite-Derived Beach Width

This section describes the method to derive the Satellite-Derived Beach Width. We define the Satellite-
Derived Beach width as the cross-shore distance between the SDS and the SDV. The basic principle of this
method is to extract the SDS and SDV vectors from satellite images using two normalised difference indices
(see Section 2.2.2). First, we use the NDWI index to derive the SDS vector, and subsequently, we use the
NDVI index to derive the SDV vector. The method is an augmentation of the SDS detection method by
Hagenaars et al. (2018) (see Section 2.2.3). Figure 15 presents the main steps of the detection method
through a flow chart. Section 3.3.1 describes the steps (depicted in Figure 15) for detecting the SDS and SDV
and the sensitivities we pay extra attention to during the different processes. Finally, Section 3.3.2 describes
how we derive the SDBW from the SDS and SDV vectors.
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Figure 15 Flow chart displaying the sequence of the main steps for deriving the Satellite Derived Beach Width. Adaptation from
Hagenaars et al. (2018).

3.3.1 SDS and SDV Detection

To derive the SDS and SDV from one satellite image, the raw image data is first prepared on the GEE servers
with several pre-processing steps. For more information on these pre-processing steps, see the studies of
Hagenaars et al. (2018) and Kuleli et al. (2011). Next, the script calculates the NDWI and NDVI indices for
every pixel of the pre-processed satellite image (steps 1a and 1b). With this step, we initiate two separate
loops. We begin with the loop for determining the seaward boundary vector or Satellite-Derived Shoreline.
First, we determine an optimal threshold value (with Otsu’s method), which separates the two dominant pixel
masses of the NDWI pixel distribution (left panel of Figure 16) into two parts: one representing “water” (blue)
and the other representing “land” (green). This pixel partition enables creating a binary image by assigning
the image pixels as either land or water (step 2a), of which an example is depicted in the right panel of Figure
4. The land and water pixels are clustered into two groups (step 3a). The SDS vector is then formed by
contouring the binary image’s land-water border (step 3a/4a).

The second loop is the detection of the Satellite-Derived Vegetation line. We compute the SDV similarly to
the SDS from the water-masked image. First, to obtain the water-masked image, we mask (exclude) the
“water” pixels from the NDVI processed image (step A). Next, we divide the NDVI values of the remaining
“land” pixels of the image (right panel of Figure 16) with another threshold value; a supervised value. The
difference between supervised and automated threshold values is explained in the following paragraph and
Appendix A. The threshold separates the NDVI pixel distribution into “sand” pixels (yellow) and “vegetation”
pixels (green). Next, we create another binary image from the sand and vegetation pixels (step 2b). The SDV
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vector is then formed similarly to the SDS vector: by clustering the sand and vegetation pixels into two groups,
of which the contour between the two groups resembles the SDV. Figure 17 presents an example of an SDS
vector and an SDV vector computed for the Northern coast of Ameland.
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Figure 16 Example of NDWI and NDVI histograms derived from the pixels of a Sentinel-2 image (2016-09-15) within the confines of
a selected area of interest of the northern coast of Ameland. The NDWI histogram on the left shows the partition of all image pixels
into pixels corresponding to either water or land. This partition is done with an optimal threshold value automatically derived with
Otsu's method. The separability value gives an indication of the ease of separating the pixel masses with Otsu's method. The NDVI
histogram on the right shows the partition of the remaining land pixels into pixels corresponding to either vegetated or non-vegetated
(sandy) areas. The masses are divided with a supervised threshold value of 0.15. Pay attention: the vertical axes of the histograms
have different scales.

2016-09-15 10:40:18

Figure 17 This figure shows the SDS and SDV vectors, plotted as black lines, derived from a Sentinel-2 image (2016-09-15) of the
northern coast of Ameland. The computation of the SDS and SDV vector is based on the partition of the pixel distribution in the NDWI
and NDVI histograms shown in Figure 16.

NDVI Threshold selection

We need a particular threshold value to separate the NDWI and NDVI pixel distributions for the SDS and SDV
detection (see Section 2.2). We use Otsu's method to automatically derive an optimal threshold value to
separate the NDWI pixels for shoreline detection. However, for detecting the vegetation line, we found that
Otsu's method does not work very well for deriving an optimal threshold value for the NDVI pixels. The index
values of the image pixels processed with the NDWI and NDVI show that the difference between sand and
vegetation is less distinct than the difference between land and water (see Figure 16). Otsu's (automated)
method requires two easily distinguishable pixel masses to determine the optimal threshold value, possibly
explaining the difficulties the algorithm encounters in determining a suitable threshold value for SDV
detection. Therefore, we assessed whether a supervised threshold value might perform better to detect a
representative SDV than when using an automatically selected threshold value (i.e., derived with Otsu’s
method). Also, we did a sensitivity analysis to assess the most suitable supervised threshold value. Both
assessments can be found in Appendix A.

Based on the results from those assessments, we conclude that a supervised threshold value is best for
separating the pixel masses in an NDVI histogram (of a satellite image of a typical Dutch beach-dune system).
The first assessment showed that, based on visual analyses, the SDVs with supervised threshold selection
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represent the actual (most-seaward) vegetation line best. The SDV with automated threshold selection is
located, on average, 40 to 50 meters landward from the SDV derived with the supervised threshold value
and, hence, has a less realistic representation of the actual vegetation line. Figure 18 shows two SDV vectors
detected from the same satellite image with the two different threshold selection methods; the yellow line
presents an SDV vector detected with an automatically derived threshold value, and the red line presents an
SDV vector detected with a supervised threshold value. The green line presents the JARKUS Dunefoot
position for reference.
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Figure 18 This figure displays two SDV vectors derived from a Landsat 8 image (May 2018) with different threshold selection methods,
to give an example of the positional difference in threshold selection: the red line is a SDV derived with a supervised threshold value
and the yellow line is a SDV detected with an automated threshold value. The green line is the Dunefoot position from the 2018
JARKUS survey. The black and white striped lines are the transects and RSP line respectively.

Although it varies per image, we conclude from the second assessment in Appendix A that, on average, a
supervised threshold value of 0.15 is most suited for detecting the vegetation line for the Ameland case study
(and likely for similar beaches in the Netherlands). Hence, in the remainder of this report, all SDVs are
detected with a supervised threshold value of 0.15.

Following the sensitivity analyses in Appendix A, we conducted a supplementary study to investigate further
which type of NDVI threshold selection resulted in detecting the most accurate (or realistic) SDV vectors. This
study, found in Appendix B, involved a comparison of vegetation cover data from Keijsers et al. (2015) with
the SDV’s derived with either automated or supervised NDVI threshold value. This analysis strengthens the
preferred choice for a supervised threshold value.

Composite images versus individual images

We will analyse the SDS and SDV detected from composite satellite images and individual satellite images.
We know from previous studies that an SDS detected from an individual image represents a different
shoreline than an SDS detected from a composite image. We also expect differences for the SDV, and we
will study what those differences are.

A composite image shows the position of a coastal feature averaged over several images in a predefined
timeframe, as was explained in-depth in Section 2.2. The research of Hagenaars et al. (2018) showed that
with SDS derived from composite images, we can accurately detect large-scale structural shoreline trends.
Based on their results, we decided to use composite images composed of images with less than 60% cloud
cover within a 180-day window (Section 3.4.1). The number of images within a window varies for each
composite because of the variable quality of the images (e.g., due to clouds, sensor distortions) and different
time intervals of the Landsat 5 & 8 missions.

Composite images reduce the temporal resolution of the measurement method and are, therefore, less suited
for studying short-term coastal dynamics. Hence, we also look at individual images (Section 3.4.2). Individual
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images show (the situation of) a selected area of interest in one instant of time (e.g., the acquisition date of
the satellite image). A return period of 5 to 16 days of the satellite image acquisition provides a higher
resolution in time for a collection of individual images than a collection of composite images. In theory, with a
collection of (high quality and cloud-free) individual images, it should be possible to analyse the dynamics of
coastal features on a smaller timescale.

Image quality and usability

When using individual images, clouds, cloud shadows and other drivers of inaccuracy are not (partly)
mitigated, as is the case with composite images. The usability of satellite images is hampered mainly by the
presence of clouds and cloud shadows. The meta-data of a satellite image includes cloud cover percentage.
This percentage describes the cloud cover of the whole satellite image in question. It occasionally happens
that the given value for the whole image does not correspond to the cloud cover above the studied area of
interest. For example, an image may have a low cloud cover percentage, but the small number of present
clouds happen to be located precisely above the area of interest. Alternatively, an image may have a relatively
high cloud cover percentage, but the area of interest is entirely free of clouds and cloud shadows since the
area of interest is often only a small section of the complete satellite image. Therefore, when selecting a
maximum percentage for the cloud cover metadata to filter the satellite images, a satellite image may be
wrongfully omitted from the simulation.

To ensure we include all individual images in the spatial analysis with a visible area of interest, all satellite
images covering our area of interest (and captured within the assigned time window) are included in the
simulations and are screened afterwards for their usability. We use two mathematical algorithms (based on
a similarity principle) to screen and qualify the individual images on their usability. Appendix C elaborates on
these algorithms. By manually selecting a “perfect” image, free of clouds, cloud shadows or technical image
corruptions, and mathematically comparing that image with all other images in a dataset, we filter out the
unusable images from the dataset. Furthermore, we will analyse whether the number of usable images varies
throughout the year. In the Netherlands, there are on average more cloudy days in fall and winter than in
spring and summer. Thus, we expect that there will be more usable images available in spring and summer.
Drivers of inaccuracy related to the satellite instrument or other factors can also influence the quality of
satellite images, as was explained in Section 2.2. These drivers of inaccuracy are more often present with
Landsat 5 and Landsat 8 images than with Sentinel-2 images. In our analysis of individual images, we will
look at the Sentinel-2 images. Therefore, these other drivers of inaccuracy are almost entirely non-occurring
in the analysis.

3.3.2 SDBW Derivation

To derive the beach width from the satellite-derived shoreline and satellite-derived vegetation line, we
calculate the distance between the SDS and SDV vectors. For any location or case study to be analysed by
the SDBW detection method, cross-shore transects of fixed length are defined perpendicular to the coastline.
These transects will preferably be defined equidistant in alongshore direction and have a fixed reference
point. For the Dutch Coast (e.g., the Ameland Case-Study), the earlier introduced system of JARKUS
transects is well suited for this approach. The RSP line functions as the fixed reference line or per transect
as the fixed reference point or zero point. We use the intersections of the SDS and SDV vectors with the
transects as the measurement data for these parameters; an example is displayed in Figure 19. The SDS
vector in blue and the SDV vector in green are plotted along the transects (black-dashed) with the RSP line
as the reference line (white striped). Calculating the difference between the distances of these intersections
relative to the reference line (the zero point) enables the computation (Eg. 3) of the Satellite-Derived Beach
Width per transect, displayed in Figure 9.
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Figure 19 SDS and SDV vectors derived from a Sentinel-2 image (October 2018) plotted over transects 3001080 to 3001200 at
Ameland; SDS in blue, SDV in green. The black and white striped lines are the transects and RSP line respectively. The red arrows
represent the SDBW derived as the cross-shore distance between the intersections of the SDS and SDV vectors along each
transect. (TripleSat image, 80cm pixel resolution, October 2018, acquired from www.satellietdataportaal.nl )

3.3.3 Summarising remarks

This section explained the method for computing the SDBW and its subcomponents and introduced the key
aspects and parameters. In the following two sections, we describe the data we are going to use (Section
3.4) for the assessments (Section 3.5) we will carry out in Chapter 4 on the position and dynamics of the
measured SDBW.

3.4 Data used in the assessment of the SDBW and comparison with JARKUS

This section describes the datasets used to analyse the SDBW derived from Composite satellite images
(Section 3.4.1) and Individual satellite images (Section 3.4.2). As far as possible, a comparison will be made
between the outcomes of the two different analyses. It should be taken into account that this will not be a
direct comparison, as the datasets differ in the considered study period, satellite type (e.g., different pixel
resolution and return period) and image technigue. Nevertheless, we expect the comparison to provide some
insight into the differences and similarities of the performance of the SDBW detection from either dataset.

3.4.1 Description of the composite image dataset

The analyses of the composite data are based on measurements from 477 Landsat composite images
acquired between November 1984 and November 2018. This set of composites consists of 366 Landsat 5
images (1984-2013) and 111 Landsat 8 images (2013-2018). We use the measurement data of 33 JARKUS
surveys between 1984 and 2018.

With 477 satellite images in the selected period and 91 transects on the reach, the dataset would potentially
consist of a total of 43407 data points. However, due to various drivers of inaccuracy, it sometimes occurs
that the SDV and SDS are not, or wrongly, detected for parts of the image or the complete image, see Figure
20. Hence, for some of the images, there are no intersections of the SDV or SDS vector along certain
transects. When this was the case, these points were excluded from the dataset. Furthermore, to exclude
any remaining unrealistic SDV or SDS positions, datapoints that are located further than three standard
deviations from the transect’s temporal mean SDS or SDV positions are also excluded.
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Figure 20. Four types of inaccuracy drivers found on composite satellite images (180-day composites of Landsat 5 and 8 images,
with max 60% Cloud cover). (a) & (b) Satellite instrument errors caused by issues which originate at the overlap of adjacent satellite
swaths. Clouds (c) and Cloud shadows (d) above the area of interest, without being filtered out by the composite of the images.

3.4.2 Description of the individual image dataset

The analyses of individual image data are based on measurements from Sentinel-2 images between 2015-
07-01 and 2019-04-11 and JARKUS surveys between 2015 and 2018. When simulating the results (May
2019), there was no measurement data of the 2019 JARKUS survey (and later). There are 376 Sentinel-2
images available within the selected period. The usability of those images is often reduced by clouds or cloud
shadows since we do not use the composite technique to even those errors out. Other drivers of inaccuracy
do not occur or occur significantly less frequent for Sentinel-2 images than for Landsat images (such as
swath-related issues).

Before analysis, we use two image-processing algorithms to assess the usability of the Sentinel images based
on the principle of image similarity. The methodology of the image quality assessment is further elaborated
in Appendix C. From the assessment, we found 89 out of 376 images to be suited for analysis within the
selected period. Figure 21 shows a timeline with available and usable Sentinel-2 images between 2015-07-
01 and 2019-04-11, the JARKUS survey dates and launch dates of Sentinel-2A and Sentinel-2B. The number
of available images significantly increased after the launch of Sentinel-2B on the 7th of March 2017. Table 2
categorizes the Sentinel-2 images according to the seasons in which they were acquired. We note
significantly more usable images in spring and summer than in autumn and winter, and we assume that this
is related to the weather conditions in the Netherlands.
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Satellite image usability and JARKUS Survey dates
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Figure 21 The black circles in this timeline represent all the Sentinel-2 images that have been acquired since the launch of the
Sentinel-2A satellite in July 2015 up to 04-11-2019. The green crosses display the images from that collection which have been
qualified as usable trough post-processing algorithms. The JARKUS survey dates are depicted as the red diamonds.

Table 2 Inventory of image usability for all Sentinel-2 images extracted between 2015-07-01 and 2019-04-11. The image usability is
assessed for an Area of Interest covering the island of Ameland.

Total Spring Summer  Autumn  Winter
All images 376 80 102 94 100
Usable images 89 33 28 13 15
Percentage 24% 41% 28% 14% 15%

3.5 Methods to analyse the Satellite-Derived Beach Width and compare with JARKUS data
This section describes the methodology for analysing the SDS, SDV, and SDBW derived from composite and
individual satellite images and comparing them with the in-situ measurement data of JARKUS: the MLW,
MHW, Dunefoot, Total Beach Width (MLW - Dunefoot) and Dry Beach Width (MHW - Dunefoot). First, Section
3.5.1 describes how we determine the offsets between the SDV and Dunefoot and the SDS and MLW and
MHW and the differences in size between the SDBW and JARKUS beach widths. Next, in Section 3.5.2, we
elaborate on the dynamics of the measured parameters in both datasets.

3.5.1 Analysing the offsets and differences between the (subcomponents of the) SDBW and JARKUS beach
widths

We determine one SDV and one SDS position per transect from the SDS and SDV vectors derived from each
satellite image. We select the most seaward SDV intersection with a transect as the SDV position to compare
with the Dunefoot and the most landward SDS intersection (the one closest to the RSP line) as the SDS
position to compare with MLW and MHW. Occasionally a satellite image has an SDV/SDS vector that
intersects more than once with a transect. The latter occurs when the SDV or SDS vectors have detected an
actual multitude of geographic features crossing that transect or when the images are hampered by clouds,
cloud shadows or erroneous image data (see Figure 20). The distance between the SDV and SDS positions
gives the SDBW, which we compare with the Total and Dry Beach Widths from JARKUS. The offsets between
the subcomponents of the beach widths assist in interpreting the differences and similarities between the said
beach widths.

We compare the feature data of all the satellite images with the JARKUS data of the survey that is closest in
time to the acquisition date of each specific satellite image. Per transect, we derive the temporal means and
standard deviations of the offsets between the SDV and Dunefoot and between the SDS and MLW and MHW.

In the analysis of the individual satellite images, we do an extra analysis in which we compare the
(instantaneous) SDS positions with the MLW and MHW data of the JARKUS dataset. The positional spreading
of the SDS detected from cloud-free individual images is controlled mainly by the tidal variation and, to a
lesser extent, wave run-up and foam due to breaking waves. In theory, the SDS should be in the intertidal
area. The distance between the MLW and MHW lines is defined as the wet beach width and gives a rough
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estimation of the size of the intertidal area. Hence, we expect that the majority of SDS is located between
MLW and MHW.

We derive the SDS from images acquired in a window spanning 180 days before and after the JARKUS
survey dates of 2016, 2017 and 2018. Table 3 shows the number of available images in the 180 days before
and after the JARKUS measurement dates. Due to the varying dates of the surveys throughout the year,
some images may be in two image collections. Note: the 180 days window is unrelated to composite images.
We exclude the JARKUS surveys of 2015 and 2019 from this analysis. Regarding the 2015 survey, there are
not enough images available within the range of £180 days around the survey date to derive sensible
statistics.

Table 3 Inventory of available Sentinel-2 images 180 days before and after each JARKUS survey, from 2016 to 2018.

Survey date Sentinel-2 images
Image collection Tarkus -180 days +180 days Total
2016 2016-05-05 7 12 19
2017 2017-01-27 8 7 15
2018 2018-02-14 10 30 40

3.5.2 Assessing and comparing the dynamics of the (subcomponents of the) SDBW and JARKUS beach widths
For this analysis, we will compare the (long- and short-term) trends derived from the SDV with the trends of
the Dunefoot. We do the same for the SDS with the MLW and MHW, and the SDBW with the Total and Dry
Beach Width.

We determine the trends with the widely-used linear regression rate-of-change statistic, following the
methodology presented in Digital Shoreline Analysis System (DSAS) User Guide Version 5.1 by Himmelstoss
et al. (2021) and adopted by Hagenaars et al. (2018). This method computes a least-squares regression line
(in short: linear fit) from a time series of indicator measurement data found for a certain transect. These time
series span the temporal extent of the datasets introduced in Section 3.4. If a long enough period (10+ years)
is selected, one could say the linear fit represents a long-term trend. Shorter periods would represent short-
(<1 to 5y) to middle-term (5 - 10y) trends. The trends computed for every transect will be plotted in one graph
to present a reach-wide overview of the trends. We aim to identify the differences and similarities between
the structural trends of the SDBW and the JARKUS Beach Widths and their subcomponents.

The linear fits are computed according to the following equation:
y(t) =at+b Eq. 4

In which:
in case of the SDS, SDV, MLW, MHW and Dunefoot (e.g., the beach width’s subcomponents):
- y(t) [m] represents the distance between the measured indicator and the origin of the transect at
the time instance t;
- b [m] represents the distance between the first measured indicator in the dataset and the origin of
the transect;
in case of the SDBW, Total Beach Width and Dry Beach Width:
- y(t) [m] represents the size of the measured beach width at the time instance ¢;
- b [m] represents the size of the first measured beach width in the dataset;
and overall:
- a[m/y] represents the linear regression rate-of-change value for the considered indicator.
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4 Results

This chapter analyses the detection and dynamics of the Satellite-Derived Beach Width (SDBW) along the
Ameland coast and compares the data with in-situ measurements from the JARKUS dataset (as described in
Section 3.5). The results in this chapter are relevant for answering research questions 3, 4 and 5 (see Chapter
1). SDBW data from composite (Section 3.4.1) and individual satellite images (Section 3.4.2) are separately
analysed and compared with JARKUS data to assess the differences between these two alternate
techniques. Per technique, first, the detection and dynamics of the subcomponents of the SDBW (i.e., the
Satellite-Derived Vegetation line (SDV) and the Satellite-Derived Shoreline (SDS)) are analysed to help to
understand and interpret the detection and dynamics of the SDBW. Section 4.1 presents the results from the
composite image data, and Section 4.2 presents the results from the individual image data. In Section 4.3,
we summarize the key findings from the results.

For ease of reading, the overview of the assessed study site is shown here again in Figure 22. This chapter
frequently refers to the dynamic area (transects 300 to 700) and uniform area (transects 720 to 2100) because
of their contrasting characteristics. This partition is based on the results found in the first analyses concerning
the offset between the SDV and Dunefoot.
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Figure 22 Ameland study site. The JARKUS transects (in blue) are labeled every 2 kilometers. The red line represents the RSP line.
Sentinel-2 image (July 2018). Duplicate of Figure 11 (Section 3.2.2)

4.1 SDBW derived from composite Landsat images

This section analyses the SDV, SDS, and SDBW derived from composite Landsat images and compares
those features with their counterpart JARKUS parameters. Section 4.1.1 and Section 4.1.2 elaborate on the
offset between the SDV and the JARKUS Dunefoot and analyse and compare those parameters' long-term
trends. Subsequently, Section 4.1.3 and Section 4.1.4 follow the same routine, but for the SDS, MLW and
MHW. In Section 4.1.5, the findings of the first four sections come together when we analyse the SDBW and
compare it to the beach widths from JARKUS.

4.1.1 Analysis of SDV detection and comparison with Dunefoot position

Figure 23 shows the temporal mean offset per transect between the SDV and the dunefoot position, where
the temporal mean reflects the mean offset of the (max.) 477 composite images compared to the closest
annual JARKUS survey over the period between November 1984 and November 2018. A positive offset value
corresponds to an SDV that lies landward of the Dunefoot, and a negative value corresponds to an SDV that
lies seaward of the Dunefoot. 92% of the offset values are positive for the total reach, at the dynamic and
uniform areas; this accounts for 77% and 96%, respectively. Figure 24 shows the standard deviation of the
measured offsets per transect. The standard deviation functions as a measure for the variability of the offset
data around the transect its mean. This variability gives an indication of the precision or accuracy of the
measurement tool. The first results indicate that the Dunefoot and SDV overall have a physical offset relative
to each other, with a landward bias of the SDV relative to the Dunefoot, unrelated to the accuracy of the
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detection method. Based on visual inspections of the image data and measured parameters, these offsets
can be in the order of tens of meters, varying per transect.

Temporal mean (u) of the offset between SDV and Dunefoot per transect, with Longshore averages
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Figure 23 The blue bars show the temporal mean of the offset between the SDV and Dunefoot positions, per transect. The green line
shows the longshore average of the temporal means for the total reach, the yellow dashed line for the dynamic area and the red dash-
dotted line for the uniform area. Derived from the dataset of Landsat 5 and Landsat 8 composite images between 1984 and 2018.

Standard deviation (o) of the offset between SDV and Dunefoot per transect, with Longshore averages
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Figure 24 The blue bars show the standard deviation of the offset between the SDV and Dunefoot positions, per transect. The green
line shows the longshore average of the standard deviations for the total reach, the yellow dashed line for the dynamic area and the
red dash-dotted line for the uniform area. Derived from the dataset of Landsat 5 and Landsat 8 composite images between 1984 and
2018. The pixel resolution of the Landsat imagery is plotted as the black dashed line for reference.

Looking at the longshore averages of the data, we find a mean offset and standard deviation of 38 + 50 m for
the total reach. For the dynamic and uniform area, we find a mean offset and standard deviation of 29 + 114
m and 40 £ 32 m, respectively. For the uniform area, we observe a relatively stable spatial pattern between
the mean offsets per transect. At the uniform area, the temporal mean offset values are all positive (e.g., the
SDV are located landward of the Dunefoot), and the average (40m) is close to the longshore average of 38
metres. We find the most significant offsets and standard deviations along the transects in the dynamic area.
The offsets in the dynamic area are large and either positive or negative, which has to do with specific local
geographic conditions. The spatial average of the offsets along the dynamic area is not that large because
the positive and negative values per transect partly level each other out. On the other hand, the spatial
average of the standard deviations (114m) measured along the dynamic area is very large and significantly
influences the spatial average of the total reach (50m). Along the uniform area, the standard deviations are
significantly smaller than in the dynamic area. The standard deviation along the uniform area (32m) is
comparable to the satellite image’s pixel resolution (30m). The latter implies that the accuracy of the detection
of the SDV from Landsat composite images is in the order of the pixel resolution for areas where no deviating
geographic features are present. We consider the uniform area of the studied reach to be representative of
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the majority of non-urbanised beach-dune systems along the Holland coast. Site-specific observations of the
dynamic and uniform areas are presented below.

The dynamic area

From Figure 23, along the dynamic area, two areas stand out; the area between transects 300 and 520 with
relatively large positive offset values and the area between transects 520 and 700 with negative (and partly
sizeable) offset values. We attribute these deviations to local geographic features that developed during the
analysed 34-year period. The majority of the SDVs located seaward of the Dunefoot (negative offset values)
can be ascribed to a specific (non-dune like) vegetated area that appears to show characteristics of a salt
marsh, which are rare along Dutch sandy beaches. This salt marsh, named “Het Groene Strand” (the Green
beach), developed between transects 540 and 680 from the year 2000 and onward (Krol, 2019). Over time,
the development of the vegetation (in height and density) provided shelter for sediment to accumulate around
the salt marsh, which provided a suitable habitat for embryo dunes to establish west of the salt marsh
(transects 300 to 520). Hence, due to the accumulated sediment, the elevation-based dunefoot shifted in
seaward position, and later the SDV position followed this seaward shift due to the sequential establishment
of embryo dunes. We zoom in on the development of the SDV and Dunefoot and the relationship between
those parameters at the dynamic area in Section 4.1.2 and Appendix D. The lag in the physical development
of either dune foot or vegetation line relative to each other explains the high offset values between the SDV
and Dunefoot positions at the dynamic area. This is in line with the relationship between sedimentation and
vegetation; at locations where (dune or marsh) vegetation gets the chance to develop (in seaward direction),
sedimentation accumulates around the new vegetation, subsequently reinforcing the development of both
sedimentation and vegetation. This process works both ways, be it with a certain delay of the other parameter.
One could say that when the geographic conditions are right, the SDV and Dunefoot act as predictors of each
other.

The uniform area

Apart from a few outliers, the offset does not deviate much between transects in the uniform area. The SDV
mostly shows a consistent offset with the dunefoot between 25 to 50 meters along the uniform area. Analysis
of the data shows that this represents the actual situation of the beach at the uniform area, e.g., the elevation
contour +3m NAP defined as the dunefoot lies at a distance from the most seaward vegetation contour. Along
the area, several transects, such as transects 1320, 1700 and 1900, show mean offset values that deviate
relative to the adjacent transects and the rest of the uniform area. We attribute these outliers to the presence
of local beach entrances and areas of dune erosion, see Figure 25. At these inlets, the detected SDV vector
bends land-inward, whereas the JARKUS dunefoot is not, or only slightly, affected by the presence of these
inlets and, therefore, the offset between dunefoot and SDV is more significant (50+ m) for those transects
compared to their neighbouring transects.

Additionally, we note various other observations from the images and SDV vectors depicted in Figure 25. As
described earlier, we see a clear physical difference (offset) between the Dunefoot (defined as the +3m
elevation contour) and the vegetation line. For the beach along the transects in Panel (a), you could say that
the SDV represents the landward border of the beach (width) better than the Dunefoot. Whereas, in Panel
(b), you could say it is the other way around. Based on visual inspection of the SDVs displayed in the figure
and their corresponding satellite images, we find that the position of the vegetation line detected by the SDV
detection method can vary per composite image, regardless of the image quality or dynamics of the actual
vegetation contour. The latter aligns with expectations for the SDVs detected from Landsat images because
the Landsat images have a 30-meter pixel resolution.
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(a) (b)
Figure 25 Two sections of the Ameland reach to display the beach inlets and areas with dune erosion. The turquoise dots show the
2018 Dunefoot position, the yellow vector shows the SDV from a 180-day composite image derived from Landsat images 90 days
before and after 23-05-2018, the pink vector shows the SDV from a 180-day composite image derived from Landsat images 90 days
before and after 02-08-2018. Panel (a) shows the reach between transects 1280 and 1360 and Panel (b) shows the reach between
transects 1860 and 1940. (TripleSat image, 80cm pixel resolution, August 2018, acquired from www.satellietdataportaal.nl )

Analysis of the satellite images shows that errors due to swath related issues, such as depicted on panels (a)
and (b) from Figure 20, sometimes hamper the correct detection of the SDV, regardless of the presence of
clouds or cloud shadows. Something appears to go wrong with the overlap of the satellite image swaths.
These errors frequently occur for Landsat 5 images but not for Landsat 8 images. With the introduction of
Landsat 8 in 2013, the errors do not show anymore. Hence, the issue has appeared solved since then. Table
4 provides the longshore averages of the temporal mean offset and standard deviation per transect of all
transects along the uniform area. Overall, the offset and the standard deviation of the Landsat 8 data (33
24m) are smaller than the Landsat 5 data (43 = 32m).

Table 4. Average of the Mean and standard deviation of the SDV-Dunefoot offset per transect for the uniform area, from Landsat 5
and Landsat 8 data.

Uniform area Mean offset Standard deviation
Satellite mission K (m) o (m)
Landsat 5 43 32
Landsat 8 33 24

Figure 26 shows the standard deviation of the offset between the SDV and Dunefoot for each transect along
the uniform area for the Landsat 5 and Landsat 8 data separately. The figure shows that the standard
deviation of the Landsat 8 data is for most transects smaller than the Landsat 5 data. The latter implies that
the measured data from the Landsat 8 has a smaller variability (e.g., a higher accuracy) than data from
Landsat 5. We find exceptions at transects where we see beach entrances and areas of dune erosion. Here
the standard deviation for both satellites is relatively high and comparable to each other, which we relate to
the local physical conditions. It is reasonable to assume that the relatively large standard deviations of the
Landsat 5 data found for the other transects are (partly) explained by the swath related issues. It is also
possible that change of physical conditions during the different periods (1984-2011 versus 2013-2019) might
cause this difference, but from extensive visual analysis of the Landsat images, we conclude from the
frequency of occurrence of the swath related issues that they are the most probable cause of influence.
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Figure 26. Standard deviation of the SDV-Dunefoot offset per transect along the uniform area. Data derived from Landsat 5 (1984-
2011) and Landsat 8 (2013-2019) images separately.

4.1.2 Analysis of SDV dynamics in time in comparison with Dunefoot trends
This section elaborates on the analysis of the SDV dynamics and the comparison of the long-term trends of

the SDV with the long-term trends of the JARKUS Dunefoot. Per transect, we made time series of all the
measured positions of the JARKUS dunefoot and the SDV in the considered period (1984-2018). For
example, Figure 27 shows the time-series of Transect 2000 (at the uniform area), which displays the positional
data and the linear fits derived from the Dunefoot and SDV data. The legend displays the growth and decay
values of the regression lines with the standard error of the regression (or mean). The standard error functions
as a measure for the goodness of the regression line. The smaller the number, the better the goodness of
the fit. Regarding the long-term trends, growth corresponds to a net seaward movement, and decay
corresponds to a net landward movement.
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Figure 27 Time-series of 34 years data of dunefoot and SDV positions along Transect 2000. The linear fits of the Dunefoot and SDV
positions give an indication of the long-term trends. The Dunefoot and SDV positions are relative to RSP, e.g., the origin of the

We note several things from the figure. We observe multiple outliers and a noticeable seasonal variation from
the measured SDV data. It appears the spread of the positional data is broader for data derived from the
Landsat 5 images (1984-2011) compared to the positional data derived from the Landsat 8 images (2013-
2018). The latter confirms the observation in Section 4.1.1 about the difference in SDV detection accuracy
between the two satellite missions. Furthermore, we observe a variable but relatively consistent offset
between the dunefoot and the SDV (e.g., the distance between the regression lines is about 40-50 meters),
as presented in Section 4.1.1.

Another thing we note is a yearly seasonal fluctuation of the SDV position. We observe this from the annual
sequences of seaward moving SDV positions relative to the 34-year trend line. Section 4.2.1 presents a
thorough analysis of this fluctuation based on SDV detected from single images.

42



Figure 28 displays the 34-year long-term trends of the Dunefoot and SDV for all transects along the studied
reach. Apart from a few exceptions, the reach is mainly characterised by growing trends. Hence, over 34
years, we see a nett seaward movement of the Dunefoot and vegetation line. There is a clear difference
between the magnitude of the long-term trends along the dynamic area and uniform area. The transects in
the dynamic area show significantly larger growth values (up to 12 m/y) than the transects in the uniform area,
where the trends do not surpass values of 2.5 meters per year. For the uniform area, we observe that the
SDV and Dunefoot trends are very similar. Per transect, the trends show comparable magnitudes of growth.

Long-term trends of SDV and Dunefoot per transect
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Figure 28 Long-term trends of the Dunefoot and SDV on the Ameland study reach, per transect. The trends are computed as 34-year
linear fits of the Dunefoot and SDV positional data. SDV data derived from Landsat 5 and Landsat 8 composite satellite images,
between 1985-01-01 and 2018-12-31.

The time series of Transect 2000 in Figure 27 illustrates a strong resemblance between the trends of the
Dunefoot and SDV; 0.9 + 0.09 m/y versus 1.1 £ 0.12 m/y. Such a resemblance/correspondence of trends is
common for the transects along the uniform area (transects 700 to 2100), where the magnitude and direction
of the Dunefoot and SDV trends correspond well with each other. Along the dynamic area of the reach, the
Dunefoot and SDV trends show significantly less resemblance with each other. See, for example, the
Dunefoot and SDV trends in the time series of Transect 560 in Figure 29; 7.5 £ 1.35 m/y versus 11.4 + 0.40
m/y. This deviation is explained by the unique geographic characteristics of the area (the salt marsh
introduced in Section 4.1.1 and the “delayed” sedimentary developments surrounding the marsh), to which
we ascribed a certain predictive reciprocal relationship between the SDV and Dunefoot. We elaborate more
extensively on the findings on the Dunefoot and SDV dynamics along the transects of the dynamic area in
Appendix D.
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Figure 29 Time-series of 34 years data of dunefoot and SDV positions along Transect 560. The linear fits of the dunefoot and SDV
position give an indication of the long-term trends. The dunefoot and SDV positions are relative to RSP, e.g., the origin of the transect.

Another finding worth mentioning about the time series of the transects along the Dynamic area is that, due
to the abovementioned geographic characteristics, the SDV and Dunefoot linear fits show trend breaks at
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different locations in time over the considered period. For example, the time series of Transect 560 in Figure
29 shows such trend breaks for the SDV (around 2003) and Dunefoot (around 2012). These trend breaks
make it questionable whether using a 34-year linear fit to represent long-term trends of the SDV and Dunefoot
at the transects along the dynamic area is fit for analysis. For example, the linear fit might give a correct
representation of the relative development of either parameter over 34 years (and predict the position of the
other parameter) but does not correctly display how this feature developed since the trend break occurred. In
that case, it would be more reasonable to look at linear fits of shorter periods. Then the question arises: what
period does one select for the linear fit? The positions in time of the trend breaks vary between transects and
parameters because the development of the Dunefoot and vegetation line vary in space and time. Hence, the
time-series of the transects neighbouring transect 560 show trend breaks of the SDV and Dunefoot at different
positions in time. The latter explains the differences between the SDV and Dunefoot trends along the dynamic
area, as seen in Figure 28.

4.1.3 Analysis of SDS detection and comparison with MLW and MHW positions

Figure 30 and Figure 31 show the temporal means and standard deviations per transect of the offsets
between the SDS and MLW (panel a) and between the SDS and MHW (panel b). In Figure 30, a positive
offset value corresponds to an SDS that lies landward of MLW or MHW, and a negative value corresponds
to an SDS that lies seaward of MLW or MHW.

a) Temporal mean (u) of the offsets between SDS and MLW per transect
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Figure 30 The blue bars in panel a) show the temporal mean of the offset between the SDS and MLW positions, per transect. The
orange bars in panel b) show the temporal mean of the offset between the SDS and MHW positions, per transect. The green line
shows the longshore average of the temporal means for the total reach, the yellow dashed line for the dynamic area and the red
dash-dotted line for the uniform area. Derived from the dataset of Landsat 5 and Landsat 8 composite images between 1984 and
2018
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a) Standard deviation (o) of the offsets between SDS and MLW per transect
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b) Standard deviation (o) of the offsets between SDS and MHW per transect
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Figure 31 The blue bars in panel a) show the standard deviation of the offset between the SDS and MLW positions, per transect. The
orange bars in panel b) show the standard deviation of the offset between the SDS and MHW positions, per transect. The green line
shows the longshore average of the temporal means for the total reach, the yellow dashed line for the dynamic area and the red
dash-dotted line for the uniform area. Derived from the dataset of Landsat 5 and Landsat 8 composite images between 1984 and
2018

Looking at the longshore averages of the SDS-MLW offset, we find a mean offset and standard deviation of
253 + 165 m for the total reach, 519 + 446 m for the dynamic area and 178 + 85 m for the uniform area. For
the SDS-MHW offset data, we find a longshore average of the temporal mean offset and standard deviation
of 57 £ 132 m for the total reach, 216 + 345 m for the dynamic area and 12 + 72 m for the uniform area. One
can immediately observe that the offset between SDS and MHW is much smaller than the offset between
SDS and MLW for every transect, implying the SDS has a bias towards the MHW. Furthermore, the temporal
means and standard deviations of the SDS-MLW and SDS-MHW offsets are relatively high compared to
those of the SDV-Dunefoot offset. The latter is likely related to (a) the tidal variability of the shoreline position,
(b) the landing of the Bornrif sandbank (see Section 3.2.1), and (c) the natural or artificially induced
morphological variability of the shore(line). At Ameland, the distance between the MLW and MHW positions
is frequently in the order of (several) 100 meters, resulting in high variability of the shoreline position, caused
solely by the tidal variation, explaining the overall high offset values. Furthermore, we again observe
significant differences between the offsets found at the dynamic and uniform areas. Note: These differences
are separated less discretely between the confinements of the dynamic and uniform area since the initial
definition of those areas was based on the results of the SDV-Dunefoot offset values (see Figure 23 and
Figure 24). The substantial offset values and standard deviations along the dynamic area are mainly
explained by the landing of the Bornrif sandbank between 1980 and 1985. During the studied period, the
MLW and (to a lesser extent) MHW positions were frequently measured at the location of the offshore
sandbank before it landed onshore, whereas the SDS is derived as the most landward optically discernible
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shoreline position, neglecting the offshore sandbank. This measurement difference resulted in offsets larger
than 1000 meters for several periods, explaining the high mean offsets and standard deviations.

For the standard deviations along the uniform area, we observe a more stable pattern, which for a large share
of the transects is in the order of the pixel resolution (see transects 1100 to 2100 in Figure 31, panel b). The
standard deviations of the SDS-MLW offset and the SDS-MHW offset are more similar to each other than
their temporal means, which makes sense because the core factor in those standard deviations is the SDS,
which is the same for both offset calculations.

We can think of various reasons for the tendency of the SDS towards the MHW. The principal reason is that
we expect that this tendency is related to wave run-up or soil moisture after high water or wave run-up. At
locations where the sand is still wet, the soil can still reflect as if it were water (e.g., the sand pixels show
similar NDWI values as water), although the tide has already lowered. Another reason could be that, since
we look at composites, the most landward located shoreline of the shorelines of the underlying satellite
images might be dominant in the generation of the SDS. To learn more about this, we will analyse the position
of the SDS detected from individual images relative to the MLW and MHW in Section 4.2.2.

4.1.4 Analysis of SDS dynamics in time in comparison with MLW and MHW trends

This section briefly elaborates on the analysis of the SDS dynamics and the comparison of the long-term
trends of the SDS with the long-term trends of the MLW and MHW. Figure 32 shows the 34-year linear fits of
the SDS, MLW and MHW per transect. We see that the trends show similarities in direction (e.g., either growth
or decay) but differences in magnitude. At the most western transects, 300 to 500, magnitudes of the MLW
and MHW trends are much larger than the trends of the SDS. From transect 500 and more eastward, the
trends show more similarities in magnitude as well. Analysis of the trends shows the landing of the Bornrif
sandbank and its eastward migration, e.g., the sandbank landed on the western island tip around or just
before the start of the Landsat-5 mission in 1984. Subsequently, due to the nett eastward sea currents, the
sandbank starts eroding on the western side (Transects 300 to 500) after its attachment, and the sand
migrates eastward. The sediment is widely spread out over the transects east of the western tip (beyond
Transect 500), which can also be seen in Figure 13 in Section 3.2.1, displaying the morphological
development of Ameland.

Long-term trends of SDS, MLW and MHW per transect
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Figure 32 Long-term trends of the MLW, SDS and MHW on the Ameland study reach, per transect. The trends are computed as 34-
year linear fits of the MLW, SDS and MHW positional data. SDS data derived from Landsat 5 and Landsat 8 composite satellite
images, between 1985-01-01 and 2018-12-31

The SDS, MLW and MHW trends are of a larger scale than the trends of the SDV and Dunefoot. For the SDS,
MLW and MHW, the minima and maxima lie between -50 and +25 m/y. Whereas, for the SDV and Dunefoot,
these values lie between -1 and +12,5 m/y. This difference is in line with expectation since the seaward border
of the beach is generally a more dynamic feature than the landward border of the beach. As mentioned in
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Section 4.1.3, the dynamics of the SDS do not precisely follow the confinements of the previously introduced
dynamic and uniform areas but do dominantly occur on the western side of the island.

4.1.5 Analysis of SDBW size and dynamics and comparison with JARKUS beach widths
Now that we know what the SDV and SDS detected from composite Landsat images represent in terms of
position and trends, we will look at the derivation of the two parameters, the size and trends of the SDBW.

SDBW size compared to JARKUS beach widths

Figure 33 shows the temporal means per transect of the difference between the SDBW and Total Beach
Width (panel a) and between the SDBW and Dry Beach Width (panel b). Note: a positive (negative) value
equals an SDBW larger (smaller) than the Total or Dry Beach Width. The figure depicts the longshore
averages of the temporal means for the total reach, the dynamic and the uniform area. The differences
between the SDBW and Total Beach Width and SDBW and Dry Beach Width are -216m versus -19m for the
total reach. These numbers indicate that the SDBW size is more similar to the Dry Beach Width than to the
Total Beach Width. We see that (especially for the Western transects) the offset between the waterline
parameters (up to 700m for SDS-MLW and 400m for SDS-MHW) has a dominant effect on the difference in
beach width sizes, compared to the effect of the SDV-Dunefoot offset (max. £100m). For the uniform area,
the positions of the SDV and Dunefoot have a more significant influence, especially on the Dry Beach Width
size.

a) Temporal mean (u) of the difference in size between the SDBW and Total Beach Width (MLW-Dunefoot), per transect
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Figure 33 The panels in this figure show the temporal means of the difference between the size of the SDBW and Total Beach Width
(blue bars in panel a)), and the size of the SDBW and Dry Beach Width (orange bars in panel b)), per transect. The green line shows
the longshore average of the temporal means for the total reach, the yellow dashed line for the dynamic area and the red dash-dotted
line for the uniform area. Derived from the dataset of Landsat 5 and Landsat 8 composite images between 1984 and 2018.

SDBW dynamics compared to JARKUS beach widths

Figure 34 displays the long-term trends of the SDBW and JARKUS data between 1984 and 2018. The three
panels display the trends [m/y] of the SDV with Dunefoot, SDS with MLW and MHW and SDBW with the Total
and Dry beach widths. From the first two panels in the figure, we observe that the SDS, MLW, and MHW
trends along transects 300 to 1300 are significantly larger than the SDV and Dunefoot trends, apart from the
SDV and Dunefoot trends between transects 500 to 700. Therefore, the magnitudes of the beach width
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dynamics are mainly driven by the shoreline components. The SDBW and JARKUS beach width trends are
similar in direction (e.g., growth or decay) for most transects but less similar in magnitude. For transects 300
to 1000, the SDBW trends correspond most to the Dry Beach Width; for transects 1000 to 2100, the SDBW,
Total and Dry Beach Width trends are more similar to each other (when looking at this scale).
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Figure 34 Long-term trends (34-year linear fits) per transect of the SDV and Dunefoot (panel a), SDS, MLW, MHW (panel b) and
SDBW Total Beach Width and Dry Beach Width (panel c). Derived from the dataset of Landsat 5 and Landsat 8 composite images

between 1984 and 2018 and 1984 to 2018 JARKUS surveys.
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Single transect analysis of the development of the SDBW and subcomponents compared to JARKUS beach widths
Figure 35 displays the time series of Transect 960 with the SDS, MLW, MHW, SDV and Dunefoot positions
in the upper panel and the SDBW, Total and Dry beach width sizes in the lower panel. The annual data points
of the JARKUS CSI’'s are connected through lines to give a (fictive) impression of their intra-annual
development relative to (the multitude of) the satellite-derived CSI’s. The data in the figure gives an overview
of the results from composite images up to now: (1) the SDV has a consistent offset with the Dunefoot and is
positioned landward of the Dunefoot, (2) the SDS is on average positioned close to the MHW with a seaward
bias, (3) the SDBW size lies between the Total Beach Width and the Dry Beach Width with a bias towards
the Dry Beach Width, (4) the spread of the Landsat 8 data (2013-2018) is more narrow (accurate) than the
Landsat 5 data (1984-2011). The extreme outliers of the SDS and (related) SDBW positions noticeable in the
graph are assigned to low-quality Landsat images. On those images, clouds or other errors likely caused the
computation of unrealistic SDS vectors that were not omitted by the data filter set as max. £30 deviation of
the temporal mean position. Since the standard deviation of the SDS position is relatively high for the
transects at the dynamic area, the +30 margin can be pretty wide, which sometimes causes these extreme
outliers to remain unfiltered.

Looking at the time series of the other transects along the study reach, we primarily observe the same traits,
with a few exceptions for the transects along the dynamic area (e.g., the development of “Het Groene strand”).
Analysing the time series of each transect gives much insight into the (morpho-)dynamics of the CSI’s along
the northern coast of Ameland. For example, the landing of the Bornrif sandbank and its subsequent eastward
migration along the Ameland shoreline is easily recognizable from the time series; see the bulge in the
shoreline and beach width parameters on the right side of the time series of Figure 35.
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Figure 35. Time series of the positions of SDS, SDV, MLW, MHW and Dunefoot (upper panel) and the sizes of the SDBW, Dry
Beach Width and Total Beach Width (lower panel) along Transect 960.
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4.2 SDBW derived from individual Sentinel-2 images

In this section, we present the results from the analyses of the SDBW from individual Sentinel-2 images
acquired between 2015 and 2019. Section 4.2.1 elaborates on the offset between the SDV and the JARKUS
Dunefoot and analyses the intra-annual (seasonal) differences of the SDV detection. Subsequently, Section
4.2.2 looks at the offset between the SDS, MLW and MHW and gives special attention to the positional
spreading of the SDS relative to MLW and MHW. Section 4.2.3 analyses the difference in size between the
SDBW and JARKUS beach widths and looks at the SDBW and JARKUS Beach Width trends.

4.2.1 Analysis of SDV detection and comparison with Dunefoot position

In this section, we look at the intra-annual variation of the SDV by looking at SDVs detected from individual
Sentinel-2 images and comparing them with the Dunefoot. Figure 36 and Figure 37 show the offset's temporal
mean and standard deviation between the SDV and Dunefoot per transect, based on the dataset of individual
Sentinel-2 images and JARKUS surveys between July 2015 and April 2019. Both figures display the
longshore averages for the total reach and the two distinct areas. A positive offset value in Figure 36
corresponds to an SDV that lies landward of the Dunefoot, and a negative value corresponds to an SDV that
lies seaward of the Dunefoot. We find a longshore average of the temporal mean offset and standard deviation
of 39 £ 24 m for the total reach. For the dynamic and uniform area, we find a mean offset and standard
deviation of 8 + 52 m and 48 + 16 m, respectively. As for the composites, we again observe a clear distinction
between the dynamic and uniform areas. The dynamic area shows large (positive and negative) mean offset
and standard deviation values per transect, whereas the uniform area shows a stable pattern of consistent
offset values and relatively low standard deviations. Along the uniform area, we only find some outliers relative
to the adjacent transects for transects where beach inlets are present, similar to the findings we presented in
Section 4.1.1.

Temporal mean offset between SDV and Dunefoot per transect
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Figure 36 The blue bars show the temporal mean of the offset between the SDV and Dunefoot positions, per transect. The green line
shows the longshore average of the temporal means for the total reach, the yellow dashed line for the dynamic area and the red
dash-dotted line for the uniform area. Derived from the dataset of individual Sentinel-2 images between July 2015 and April 2019.

The longshore average of the temporal mean offsets derived from the individual Sentinel-2 images (u=39m)
is in the same order as the 180-day Landsat composite images (u=40m). The longshore average offset at the
uniform area is larger for the individual Sentinel-2 images (u=48m) than for the composite Landsat images
(u=40m), where you might have expected it to be the other way around. We do not pinpoint this difference to
one particular reason. However, likely explanations are related to (1) the Dunefoot and SDV simply being
further apart physically in the period from 2015 to 2019 relative to the period from 1984 to 2019, (2) the higher
standard deviation and lesser quality of the measurement data derived from the composites resulting in a
less accurate offset value, or (3) the seasonal variability of the SDV position being averaged out by the
composite technique. The longshore average of the standard deviations is considerably lower for the Sentinel-
2 data (0=24m) than the Landsat data (c0=50m). The latter is in line with expectation because of the difference
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in the pixel resolution of both satellite missions (Sentinel-2 = 10m, Landsat 5 & 8 = 30m). The longshore
average of the standard deviations along the uniform area (16m) is in the order of one and a half times the

pixel resolution.
For the remainder of this section, we analyse the seasonal variation of the SDV position. In this analysis, we
focus on the uniform area; we exclude the dynamic part of the reach because the data is less stable there.

Standard Deviation of the offset between SDV and Dunefoot per transect
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Figure 37 The blue bars show the standard deviation of the offset between the SDV and Dunefoot positions, per transect. The green
line shows the longshore average of the standard deviations for the total reach, the yellow dashed line for the dynamic area and the
red dash-dotted line for the uniform area. Derived from the dataset of individual Sentinel-2 images between July 2015 and April 2019.
The pixel resolution of the Landsat imagery is plotted as the black dashed line for reference.

Section 4.1 showed that the SDV position varies over the year. We assume that this is caused by the seasonal
variation of the vegetation greenness related to, among others, photosynthesis and rainfall, causing a
variation of the NDVI pixel values throughout a year (Yang et al., 2017). We find a maximum, most seaward,
position of the SDV in summer and a minimum, most landward, position of the SDV in winter. When taking
the temporal average of the offset between the SDV and the Dunefoot, the seasonal variation of the SDV
position is averaged out. For the following analysis, we focus on the area between transects 720 and 2100.
We exclude the area between transects 300 and 700 because the positional data is less stable there, as we
found in Section 4.1.

Table 5 shows the longshore averages of the temporal mean offsets and standard deviations of the transects
along the uniform area for each astronomical season and the total dataset. For the uniform area, the SDV is
always located landward of the Dunefoot. Therefore, a smaller offset means a more seaward positioned SDV
relative to the Dunefoot. The longshore average of the temporal mean offsets along the uniform area is 48m.
The average offset is the smallest in summer (39m) and largest in winter (63m). As we hypothesised earlier,
this confirms that the SDV is located most seaward in summer and most landward in winter. Furthermore, the
standard deviations per season show that the standard deviation is largest (15m) in spring and lowest in the
other three seasons (12m). The fact that we find the most significant standard deviation in spring is due to
the relatively long transition phase (in spring) from the SDV’s “winter” position to the “summer” position. For
the total dataset (e.g., all images through the seasons combined), the standard deviation is the largest overall
(16m). The latter is due to the seasonal variability of the SDV position throughout the year, which is explained
by the relatively large difference (A=24m) between the average winter and summer positions of the SDV.
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Table 5 This table shows the spatial averages of the temporal mean offset between the SDV and the Dunefoot and of the related
standard deviation for the uniform area of the Ameland study reach. The SDVs are derived from a collection of Sentinel-2 images
between 2015-07-01 and 2019-04-11. The statistics are determined for the total collection and per season. The SDVs are compared
with the Dunefoot of the most recent JARKUS survey relative to the acquisition time of the used satellite images.

Mean offset Standard deviation = Sample Size
SDV Selection p(m) o(m) )
Spring 50 15 33
Summer 39 12 28
Autumn 43 12 13
Winter 63 12 15
Total Dataset 48 16 89

Figure 39 shows the time series of the SDV and Dunefoot in the considered period (July 2015- April 2019)
except for the 2019 JARKUS survey. Figure 38 shows the same data but then accumulated over one year to
highlight the differences in the SDV detection throughout the annual seasons. Analyses of time-series of the
positional SDV data, for example, the time series in Figure 39, help to further understand the behaviour of
the SDV variation throughout the seasons. Along multiple transects, we see that the seasonal variation of the
SDV position (due to the vegetation greenness) shows a somewhat skewed pattern. In spring, the vegetation
starts blooming and gradually becomes greener, which is found in the gradient of the SDV position between
the more landward positions in winter towards the more seaward positions in summer. In early summer, the
vegetation seems to attain a maximum value of greenness. From that moment onward, the detection of the
SDV becomes stable. The SDV remains relatively long on the “summer position”. From October to December,
the vegetation gradually becomes less green, and the SDV position moves to the more landward “winter
position”. The migration of the SDV position from summer to winter position (highest to lowest greenness
value), and vice versa, seems more gradual, or slow, from winter to summer than from summer to winter.
However, since there are fewer data in autumn due to lesser weather conditions, the seasonal evolution of
the positional data could also be less recognisable (for this dataset of only four years).
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Figure 39. Time series of SDV and Dunefoot positions with respect to RSP on Transect 1360. The SDV data is derived from individual
Sentinel-2 images between 01-07-2015 and 11-04-2019. The Dunefoot data comes from the JARKUS surveys of 2015 to 2018.
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Figure 38. SDV and Dunefoot positions relative to RSP accumulated over one year for Transect 1360 to emphasize seasonal variation.
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JARKUS surveys of 2015 to 2018
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4.2.2 Analysis of SDS detection and comparison with MLW and MHW positions

This subsection elaborates on the detection of the SDS from individual Sentinel-2 images and compares it
with MLW and MHW data. Figure 40 and Figure 41 show the temporal means and standard deviations per
transect of the offsets between the SDS and MLW (panel a) and between the SDS and MHW (panel b). The
green lines depict the longshore averages of the temporal means and standard deviations for the total reach.
Looking at the longshore averages of the SDS-MLW offset, we find a mean offset and standard deviation of
145 + 71 m for the total reach, 236 £ 104 m for the dynamic area and 120 + 61 m for the uniform area. For
the SDS-MHW offset data, we find a longshore average of the temporal mean offset and standard deviation
of -37 £ 60 m for the total reach, -36 £ 72 m for the dynamic area and -37 + 56 m for the uniform area. As
with the composite images, we see that the offsets between SDS and MHW are significantly smaller than
those between SDS and MLW. Furthermore, we see that the SDS is, on average, located seaward of the
MHW (negative offset) and landward of the MLW (positive offset); hence, the SDS lies between MLW and
MHW. The standard deviations for both offsets are in the same order size, 71m versus 60m, and relatively
large compared to the pixel resolution (10m). Since we look at individual images, we mainly relate those
relatively large standard deviations to the hydrodynamic (e.g., mainly tidal) conditions, varying per satellite
image.
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Figure 40 The blue bars in panel a) show the temporal mean of the offset between the SDS and MLW positions, per transect. The
orange bars in panel b) show the temporal mean of the offset between the SDS and MHW positions, per transect. The green line

shows the longshore average of the temporal means for the total reach. Derived from the dataset of individual Sentinel-2 images
between July 2015 and April 2019.
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a) Standard deviation (o) of the offsets between SDS and MLW per transect
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b) Standard deviation (g) of the offsets between SDS and MHW per transect

wu
(=]
o
i
e
A
b

350
==== Pixel resolution {10m)
300 1 —— Total reach (60m)
Dynamic Area (72m)
2501 —:— Uniform Area (56m)
— Osps — MHW
£ 200
o
o
t 4
5 150
100 |
50 ] === ———————————————— ———————— —_———— == z
o Tt it R tag ittt el tanyindl RSN AR -

0 I \] 0 \] 0 \\] ‘ 0 0 ‘ Q 0 Q0 0 \] I 0 \\] 0 ; \\] Q ]
30007750008 0005%710006%0 08T, 00087 00097 00007000012 013 gonAY00n9 008 00T 18 o9 gon 000

Transect [-]

Figure 41 The blue bars in panel a) show the standard deviation of the offset between the SDS and MLW positions, per transect. The
orange bars in panel b) show the standard deviation of the offset between the SDS and MHW positions, per transect. The green line
shows the longshore average of the temporal means for the total reach. Derived from the dataset of individual Sentinel-2 images
between July 2015 and April 2019.

The three panels in Figure 42 show the average position per transect of the SDS derived within a 360-day
window (180 days) around the JARKUS survey dates of 2016, 2017 and 2018, accompanied by the MLW
and MHW of the corresponding survey dataset. The turquoise envelope represents the SDS spreading, equal
to two standard deviations (20) seaward and landward of the temporal mean SDS position. We observe that
the mean SDS position, together with the +2c bandwidth, is located between MLW and MHW for most
transects and, in that sense, gives a fair representation of the intertidal area (e.g., the Wet Beach Width). We
see that the SDS line follows the contours of the MLW and especially the MHW quite sharply. Thus, looking
at the annual data collections, we find the SDS biased towards MHW with a spread of the SDS position
representative of the intertidal area.
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Figure 42 In each
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graph the blue line represents the average SDS position per transect derived from all individual Sentinel-2 images

found within a window of 180 days before and after the JARKUS surveys of 2016, 2017 and 2018. The turquoise area shows the
bandwidth of two standard deviations of the SDS positional data w.r.t to the average SDS position, corresponding to approximately

95% of the positio
Water (MHW) line

nal SDS data. The SDS data is plotted against the Mean-Low Water (MLW) line (dash-dotted) and the Mean-High
(dashed) from the JARKUS measurement surveys.
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4.2.3 Analysis of SDBW size and dynamics and comparison with JARKUS beach widths
Now that we know what the SDV and SDS detected from individual Sentinel-2 images represent in terms of
position and trends, we will look at the derivation of the two parameters, the size and trends of the SDBW.

SDBW size compared to JARKUS beach widths

Figure 43 shows the temporal means per transect of the difference between the SDBW and Total Beach
Width (panel a) and between the SDBW and Dry Beach Width (panel b). Note: a positive (negative) value
equals an SDBW larger (smaller) than the Total or Dry Beach Width. The figure depicts the longshore
averages of the temporal means for the total reach, the dynamic and the uniform area. The differences
between the SDBW and Total Beach Width and between the SDBW and Dry Beach Width are -106m versus
-76m for the total reach. The graphs do not show such an evident similarity of the SDBW to one of the
JARKUS beach widths as for the SDBW from compaosite images. The SDBW size is, on average, somewhere
between the sizes of the Dry and Total Beach Width.

a) Temporal mean (u) of the difference in size between the SDBW and Total Beach Width (MLW-Dunefoot), per transect
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Figure 43 The panels in this figure show the temporal means of the difference between the size of the SDBW and Total Beach Width
(blue bars in panel a)), and the size of the SDBW and Dry Beach Width (orange bars in panel b)), per transect. The green line shows
the longshore average of the temporal means for the total reach, the yellow dashed line for the dynamic area and the red dash-dotted
line for the uniform area. Derived from the dataset of individual Sentinel-2 images between July 2015 and 2019.

SDBW dynamics compared to JARKUS beach widths

Figure 44 displays the short-/middle-term trends of the SDBW and JARKUS data between 2015 and 2019.
Important note: the JARKUS trends are derived from (only) four surveys between 2015 and 2018. The three
panels display the trends [m/y] of the SDV with Dunefoot, SDS with MHW and SDBW with the Dry beach
widths. In this figure, the MLW and Total Beach Width trends are left out of the graphs since they were
statistically insignificant and of such a large magnitude (300 m/y) so that the other parameters’ trends were
hardly visible due to the vast difference in scale. Leaving out the MLW and Total Beach Width is a minor issue
for analysing the trends from individual Sentinel-2 images, whereas the SDS and SDBW trends show
significantly more resemblance to the MHW and Dry Beach Width trends. The lower two panels of the figure
clearly show the resemblance in direction and magnitude between the SDS and MHW trends and the SDBW
and Dry Beach Width trends. Another thing to note is the enormous magnitude of the shoreline and beach
width trends relative to the 34-year trends that we derived in Section 4.1. About the upper panel with the SDV
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and Dunefoot trends, we note that the beforementioned embryo dune development explains the significant
Dunefoot trends between transects 420 to 520. Furthermore, the SDV and Dunefoot trends along the uniform
area are in opposite directions but of similar magnitude. The following paragraph gives a possible explanation
for the latter observation.

Short-/Middle-term trends (4-year linear fits) per transect of:
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Figure 44 Short-/Middle-term trends (4-year linear fits) per transect of the SDV and Dunefoot (panel a), SDS and MHW (panel b)
and SDBW and Dry Beach Width (panel c). Derived from the datasets of individual Sentinel-2 images between July 2015 and May
2019 and 2015 to 2018 JARKUS surveys. Note: the MLW and Total Beach Width trends are left out of the figure because they were
statistically not significant.
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Single transect analysis of the development of the SDBW and subcomponents compared to JARKUS beach widths

As for the composites, it is again very insightful to look at the time series of every individual transect. Figure
45 displays the time series of Transect 1000 with the SDS, MLW, MHW, SDV and Dunefoot positions in the
upper panel and the SDBW, Total and Dry beach width sizes in the lower panel. Again, the JARKUS
parameters’ annual data points are connected through lines to give a (fictive) impression of their intra-annual
development. The time series shows how the SDS position varies approximately between the MLW and MHW
positions (the intertidal area) and is slightly biased to the MHW. Also, we see how the SDV has an annual
skewness, with a dominant most seaward position in summer. Foremost, the time series provides insight into
the development of the shoreline and vegetation line beyond the date of the latest JARKUS survey (at the
time of simulating the results in May 2019). For example, we observe signs of erosion for the SDS and SDV
data after the 2018 JARKUS survey. The erosion of the SDS seems to follow a structural shoreline trend and
the erosion of the SDV is likely related to a storm event in January 2019. The Dunefoot, however, shows a
minor growing trend, which is the case for most transects along the uniform area. The latter explains why the
SDV and Dunefoot trends are in opposite directions along the uniform area in Figure 44.
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Figure 45 Time series of the positions of SDS, SDV, MLW, MHW and Dunefoot (upper panel) and the sizes of the SDBW, Dry
Beach Width and Total Beach Width (lower panel) along Transect 1000. The SDS data is derived from individual Sentinel-2
images between 01-07-2015 and 11-04-2019. The MLW and MHW data is from the JARKUS surveys of 2015 to 2018.
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4.3 Summarising remarks

The results in this chapter show that the SDBW, derived from the SDV and SDS, is a good proxy to measure
beach width and beach width dynamics. We compared the SDBW with beach width data from JARKUS. We
first looked at the SDBW detected from composite Landsat images (between 1984 and 2018) and then from
individual Sentinel-2 images (between 2015 and 2019). We found that drivers of inaccuracy frequently
hamper the quality of composite Landsat images and are not adequately filtered out by the composite
technique. Therefore, we screened the individual Sentinel-2 images with mathematical algorithms to ensure
that only proper images were used in the analyses from individual images.

The long-shore averages of the offsets (+ standard deviations) between the SDV and Dunefoot, SDS and
MLW/MHW, and differences between the SDBW and JARKUS beach widths are summarized in Table 6. The
data of the different parameters are allocated according to the composite and individual image datasets and
the different areas of the studied reach. Below, we elaborate on some highlights observed from Table 6
concerning differences found between the data from the different image types, the areas, and parameters. A
table with an overview of the SDBW and JARKUS dynamics is not provided since long-shore averages of
those parameters' dynamics (trends) are considered trivial.

Table 6 Overview of the longshore averages of the temporal mean offsets (including Standard Deviations (SD)) and temporal mean
differences between the SDV, SDS & SDBW, and JARKUS data per transect averaged over the 91 transects of the Ameland study
reach. A positive (negative) offset value corresponds to a landward (seaward) positioned SDS or SDV relative to the compared
JARKUS parameter. A positive (negative) difference value corresponds to a larger (smaller) SDBW than the JARKUS Beach Widths.
The standard deviations of the beach width differences are not included because they are deemed insignificant.

Offset (x SD) (m) Offset (£ SD) (m) Difference (m)
SDBW - SDBW -
DV - Dunef DS - MLW DS - MHW
Dataset Area S unefoot SDS SDS Total BW Dry BW
Composite Total reach 38 (x 50) 253 (+ 165) 57 (+ 132) - 216 -19
Landsat Dynamic area 29 (+ 114) 519 (x 446) 216 (+ 345) -491 - 185
Images Uniform area 40 (+ 32) 178 (+ 85) 12 (£ 72) -138 28
Individual Total reach 39 (+ 24) 145 (£ 71) - 37 (= 60) - 106 76
Sentinel-2  Dynamic area 8 (+ 52) 235 (+ 104) -36 (x72) - 227 44
Images Uniform area 48 (+ 16) 120 (+ 61) - 37 (+ 56) -72 85

Based on the initial analyses on the offset between the Dunefoot and SDV measured from composites (see
Figure 23 and Figure 24), we determined the demarcation of two characteristic areas; the dynamic area
between transects 300 to 700 and the uniform area between transects 700 to 2100. The SDBW detection
method proved able to measure relatively subtle changes of the shoreline, vegetation line and beach width
at the uniform area and highly dynamic changes of the same parameters at the dynamic area. However, at
dynamic beaches, the beach width definition is less obvious and, thus, at the dynamic area, large offsets and
differences were measured between the Satellite-Derived Parameters and JARKUS parameters. The latter
is not necessarily related to the accuracy of the SDBW detection method.

Overall, we found that the SDBW size and dynamics are (much) more similar to the Dry Beach Width (MHW-
Dunefoot) than to the Total Beach Width (MLW-Dunefoot). We relate this to the bias of the SDS towards
MHW. From Table 6, one can read that the SDS position is, on average, located much closer to the MHW
position than to the MLW position (see also Figure 30 and Figure 40). We assume this bias to be related to
(a combination of) wave run-up, soil moisture on the beach and the local beach profile (slope). The SDS is,
on average, located in the Tidal area (e.g., between MLW and MHW); hence, the SDS is mainly located
landward of MLW and seaward of MHW.
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The offset between the SDV and Dunefoot influences the difference between the SDBW and the two JARKUS
beach widths equally since the Dunefoot is a common denominator being the landward boundary of both
beach widths. At the transects where there exists a typical beach dune profile (the uniform area), there is a
consistent offset of around 40-50 meters between the SDV and Dunefoot, with the SDV located landward of
the Dunefoot. The SDV position varies with the annual seasons (A = 23m at the uniform area) and has a most
seaward (and truest) position in summer. Substantial positive and negative offsets were measured at the
dynamic area between the SDV and Dunefoot (see Figure 23 and Figure 36). These large values vary
between -100 and +100 meters for the composites and -300 and +200 meters for the individual image. The
longshore averages in Table 6 (29m and 8m) give a slightly distorted image of the actual situation since they
average out the large opposite offset values. The large offsets are related to the formation of a saltmarsh
called “Het Groene strand” in 2000 and the establishment of embryo dunes next to the saltmarsh a few years
later. For which we saw delays between the seaward development of the SDV and Dunefoot at both locations,
and hence the large offsets.

The measured trends of the SDV and Dunefoot are similar in size and direction along the uniform area. Along
the dynamic area, they are less similar. There, the SDV and Dunefoot alternatively act as a predictor for each
other. E.g., at some locations, the most seaward vegetation limit (measured by the SDV) significantly
expanded in seaward direction several years before the position of the +3m elevation contour (the Dunefoot)
caught up with this seaward shift, and vice versa. The latter is related to the saltmarsh development
mentioned above.

The SDS, MLW and MHW trends have similar directions (e.g., growth or decay) along the whole study reach.
The SDS trends are most similar to the MHW trends (see Figure 32 and Figure 44). The trend magnitudes
deviate significantly along the western transects but gradually become more similar towards the transects on
the east. As for the shoreline parameters, the SDBW trend directions are similar to those of the JARKUS
beach widths’ trends. Also, the magnitudes of the SDBW and JARKUS beach widths’ trends are less similar
along the dynamic area but gradually become more similar towards the transects on the east. The size but
mainly the dynamics of the beach widths are predominantly determined by the (developments of the) positions
and trends of the shoreline parameters because (in this case study) the shorelines are generally more
dynamic parameters than the SDV and Dunefoot.

Analysis of single transects’ time-series provides valuable insight on developments of coastal parameters
locally. Regarding data of recent satellite images, the positional data (and derived trends) of the SDS and
SDV present insight into developments of the shoreline and vegetation line months in advance compared to
the latest JARKUS measurement survey.

Comparing the results from the composite Landsat images and individual Sentinel-2 images

When comparing the data from the Landsat composites with the Sentinel-2 individual images, we see that
the more refined pixel resolution of Sentinel-2 (10m compared to Landsat’s 30m) results in smaller standard
deviations of the offsets, but not in smaller offsets. We found that the measured offsets are primarily related
to actual physical offsets between the parameters regardless of accuracy. Irrespective of the actual change
of the parameters’ positions, the detection of the SDPs is influenced by several variable natural processes,
such as seasonal variation of the vegetation greenness, tidal variation, and hydrodynamics.

At the dynamic area, the SDS-MHW and (especially) SDS-MLW offsets are much larger for composites than
for individual images. This is because the studied period for the composite images (1984-2018) is different
(and longer) than for the individual images (2015-2019). During the period used for the composite Landsat
images, significant morphodynamics occurred at the dynamic area caused by the landing of the offshore
sandbank Bornrif between 1980 and 1985 and its subsequent eastward spreading in the years after. Resulting
in very large offsets between the SDS, MLW and MHW, sometimes up to and over 1000 meters, related to
differences in definition/measurement of the SDS and MLW/MHW. The analysis of the individual image data
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shows that the offsets between SDS and MLW and (especially) between SDS and MHW become much more
stable and uniform for the whole reach (see Figure 40 and Figure 41) when most significant dynamics related
to the Bornrif landing have long passed.

The longshore averages of the SDS-MHW offsets are positive for the composite images (57, 216 and 12m)
and negative for the individual images (-37, -36, and -37m). For the longshore averages of the composite
images, this is a somewhat distorted image of the actual situation, which is related to the demarcation of the
dynamic and uniform areas. Looking at Figure 30 and the longshore averages of the SDS-MLW and SDS-
MHW offsets for the composites, one could argue that a different definition of the dynamic and uniform area
(with the border at transect 900, for example) would have been more appropriate to represent the longshore
averages of both the SDS and SDV for the two characteristic areas. As you can see in Figure 29, the SDS-
MHW offsets for transects 900 to 2100 are negative, indicating an SDS positioned seaward relative to MHW,
more in line with the overall SDS-MHW offsets for the individual images, see Figure 40.

The SDV-Dunefoot offset is higher at the uniform area for the individual images (48m) than the composite
images (40m), where one might expect differently because of the more refined pixel resolution of Sentinel-2
images compared to Landsat images. This is most likely explained by the dunefoot and vegetation line simply
lying further apart physically in the period 2015-2019 compared to the period 1984-2019. Alternatively, it might
be related to the less refined pixel resolution and lesser quality of the Landsat images (caused by, for
example, satellite sensor errors that do not occur as frequently for the Sentinel-2 images), resulting in less
accurate SDV positions and offset values. The standard deviations found for the individual images are about
half the size of the standard deviations found for the composite images, indicating the higher accuracy of the
Sentinel-2 images compared to the Landsat images.
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5 Discussion

This chapter discusses the results and insights obtained from this study. The results demonstrate that the
Satellite-Derived Beach Width, defined as the cross-shore distance between the Satellite-Derived Shoreline
and Satellite-Derived Vegetation line positions, is a suitable option for beach width detection from optical
satellite imagery. This study showed that the SDBW can be used to analyse the beach width dynamics on
different time scales: interannual (longer term) and intra-annual (seasonal or short-term) trends. We
sometimes refer to the separate parameters comprehensively as the Satellite-Derived Parameters (SDPs).

The discussion is subdivided into three parts. First, in Section 5.1, the applicability and future potential of the
SDBW are discussed. Subsequently, considerations and limitations of the method are discussed in Section
5.2 and Section 5.3.

5.1 Applicability and future potential of the SDBW method

This section discusses the applicability and future potential of the SDBW method. In potential, the SDBW
provides insight into (the development of) positional data and dynamics of the beach width, shoreline, and
vegetation line with one press of the button at any location in the world where there is a sandy beach with
vegetated dunes. The SDBW method can provide a valuable first impression of the state of a coast (regarding
coastal safety, recreational potential, and ecosystem services) at sandy beaches worldwide, which can prove
especially valuable where there are little to no data available.

5.1.1 Worldwide applicability for SDBW detection

This study analysed the beach width by assessing the dynamics of the sandy shoreline and the vegetation
line. The results show that (semi-)automated detection methods based on optical satellite imagery are
promising for sandy beaches with vegetated dunes, such as a large part of the Dutch coast. Similar
environments can also be found in Australia, Canada, France, and so forth (Montafio et al., 2021; Moulton et
al., 2021; Walker et al., 2017).

In sandy beach environments without vegetated dunes, the SDV cannot be used as the landward boundary.
Still, our method may be useful if the landward boundary is determined by a fixed line, such as buildings or
(road) infrastructure. In those cases, the beach width dynamics are solely determined by the shoreline
dynamics. Alternatively, the SDV can also be used as an alternative to the SDS at beaches where the
vegetation line is used as a shoreline indicator (Boak & Turner, 2005).

In their aim to classify the world’s sandy coasts by applying pixel-based supervised classification of optical
satellite imagery, Luijendijk et al. (2018) conclude that 31% of all ice-free shorelines worldwide are sandy
(including gravel beaches). Hence, depending on the type of landward boundary, the SDBW method can
potentially be applied to up to 31% of the world’s ice-free shorelines.

In her research on classifying the world’s muddy coasts, Hulskamp (2021) states with an 85% certainty that
12% of the world’s coasts are muddy. In muddy environments, the SDBW method is, however, less suitable
since most muddy coasts do not have typical beach widths as defined in this research, and detecting shoreline
and shoreline dynamics from muddy coasts can be complex due to large horizontal tidal excursions and high
water content (Luijendijk et al., 2018). Then again, in the muddy environments where it is impossible to extract
a sandy shoreline, the local shoreline is likely represented by the most seaward vegetation contour. Hence,
the SDV could be used there as a stand-alone metric for the shoreline. For example, in their study on the
coastal evolution of a muddy coast in French Guiana, Orseau et al. (2020) extracted the shoreline from
satellite images, processed with a soil-adjusted vegetation index, as the delineation between water and
mangrove areas.
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5.1.2 Measuring coastal dynamics at data-scarce environments or with higher spatiotemporal resolutions than
existing measurement campaigns

The SDBW method enables the measurement of coastal dynamics at data-scarce environments and provides
additional measurement data in a spatial and temporal sense compared to existing in-situ measurement data
collections limited by spatiotemporal confinements.

For example, the most acute effects of nourishments on the beach occur in the first six months after
implementation (de Schipper et al., 2016). In theory, from publicly available satellite imagery, the SDBW
method is able to measure those effects on a temporal scale of 5 to 16 days and a spatial scale of 10 to 30
meters in cross-shore and alongshore directions. Most existing in-situ measurement campaigns are unable
to measure those nourishment effects due to their temporal constraints. The JARKUS measurement survey,
for example, is only measured annually. Furthermore, not to forget the vast majority of coastal zones where
no measurement campaigns are carried out at all.

5.1.3 Emerging optical satellites and remote sensing techniques

The database of satellite images currently available to the public is ever-expanding and increasing the amount
of coastal measurement data by the day. Currently, the highest spatial and temporal resolution of the publicly
available satellite images is limited to ESA’s Sentinel-2 10-meter pixel resolution and 5-day return period. The
range of spatial and temporal resolution of advanced commercial satellites varies from 10 to 0,31-meter pixel
resolutions and from 6 days to sub-daily return periods (Turner et al., 2021). It is a matter of time before
satellites are launched that provide publicly available images with similar pixel resolutions and return periods.
These improvements would not only enhance the spatiotemporal resolution of the measurement data but also
provide additional measurement techniques.

One of those techniques is the creation of high-resolution Digital Elevation Models (DEM) based on
stereoscopic images created by combining two (high spatiotemporal resolution) optical satellite images that
cover the same (coastal) area with a different angle and a short-time-interval between both consecutive
images (Almeida et al., 2019; Bergsma et al., 2021). Another technique is the creation of detailed near-shore
bathymetry derived from waves that are measured from sequences of 12 high-resolution satellite images with
0,5-meter resolution and taken 8 seconds apart (Almar et al., 2019). Turner et al. (2021) even demonstrate
the combination of the two abovementioned measurement techniques by generating a highly detailed topo-
bathymetry derived for the Collaroy-Narrabeen beach in Australia from tri-stereo high-resolution optical
satellite imagery.

5.1.4 Constantly developing and increasing numbers of image processing and feature detection algorithms
As we will discuss in Section 5.2, several limitations of the SDBW method hamper the detection process.
New and improved algorithms could potentially mitigate the influence of some of those limitations. The review
of potentially beneficial algorithms is outside the scope of this research, but exciting developments take place
in neighbouring fields.

5.2 Limitations of the SDBW detection method and analyses in this research
This section discusses four key limitations of the SDBW detection method or of this research.

5.2.1 Lack of extensive SDV validation

One limitation of this research is the absence of a thorough validation of the method to derive the SDV, since
we lacked sufficient validation data for different environments. The accuracy of the method to derive the SDS
was assessed by Garcia-Rubio et al. (2015), Hagenaars et al. (2018) and Luijendijk et al. (2018). Since the
case study of Ameland has similar geographic characteristics compared to the case studies in these studies,
we are confident about the validity and accuracy of the detected SDS in this research as well.

The SDV, however, is a newly introduced parameter and, although there are similarities in the detection
method, the detection of the SDV is subject to different sensitivities than the SDS. Hence, the accuracy of the

63



SDS cannot be adopted blindly for the SDV. The data of Keijsers et al. (2015) on vegetation cover along
Ameland’s northern coast facilitated a first glance on the performance of the SDV detection, but the dataset
was not extensive enough to make an elaborate validation (see Appendix C). Extensive accuracy
assessments of the SDV with detailed in-situ vegetation data would support the validity of the SDV detection
and, thus, of the SDBW method.

5.2.2 Limitations regarding NDVI threshold selection in the context of SDV detection

This research found that a supervised NDVI threshold value of 0.15 resulted in more realistic SDVs than the
automated threshold selection. To detect the SDS, we used Otsu’s method for automated threshold selection
for separating land and water pixels in the NDWI histogram. However, for detecting the SDV, Otsu’s method
did not work as well for automatically selecting a threshold to separate sand from vegetation pixels in the
NDVI histogram. The latter has to do with the fact that for Otsu’s method to work correctly, the area of interest
(e.g., a polygon of the studied coastal zone) needs to be selected in such a way that the image has an
approximately equal share of pixels of two contrasting land cover types (e.g., land and water, or sand and
vegetation). In the SDBW detection method, first, the SDS is derived, hence, an area of interest is selected
with approximately equal parts of land and water pixels. The latter is shown in Figure 16 and Figure 17. Then,
after the water pixels are masked from the original image, the SDV is derived from the contour between sand
and vegetation areas of the remaining land pixels. However, in many cases (e.g., that of the Ameland case
study), the share of the sand and vegetation pixels of those remaining land pixels is not equally divided.
Typically, the remaining land pixels contain much more vegetation than sand pixels; this can also be seen in
Figure 16. The threshold computed with Otsu’s method is therefore inconveniently biased towards the
vegetation pixel mass, resulting in an SDV located land-inward with respect to the actual vegetation line (see
the green vector in Figure 52).

The supervised NDVI threshold value determined in this research is applicable to Ameland and likely to
beaches with similar geographic characteristics. We expect that other threshold values will be more suitable
for separating the sand (or sediment) and vegetation pixels at locations with different sediment and vegetation
characteristics. In order to optimize the SDV detection process and prevent having to determine new
supervised NDVI threshold values for every other studied coastal zone, an automated threshold selection
method is preferable for separating the sand and vegetation pixels.

When looking at the NDW!I histogram in Figure 16, one can imagine the potential significance of an automated
multi-threshold selection algorithm that can adequately separate the three distinguishable pixel masses,
representing water, sand, and vegetation. The implementation of such an algorithm could benefit the
optimization of the detection process.

5.2.3 Composite images including corrupted images for sequences of composites

Based on the research of Donchyts et al. (2016) and Hagenaars et al. (2018), which showed promising results
for the use of composite satellite images for the study of (long-term) shoreline dynamics, we started the
analyses of the SDBW method with composite images (see Section 4.1). We experienced a significant flaw
in the composite image technique when using the 34-year dataset of Landsat 5 and Landsat 8 images
available above the Ameland area. Composite satellite images frequently included at least one image that
had a certain amount of (undetected) cloud cover or was corrupted by satellite-instrument errors, reducing
the quality of a sequence of compaosite images that all included that particular false image and were, therefore
(partially) unusable (see Figure 46). These errors frequently hampered the quality of the measurement data.
If the images used for composites are screened and filtered before composition, this would prevent the
significant quality loss of these sequences of composite images and improve the measurement data.

64



2017-08-24 10:33:32 2017-08-31 10:39:44 2017-09-16 10:39:45

2017-10-27 10:33:45 2017-11-19 10:39:51 2017-11-28 10:33:36

2017-12-14 10:33:37 2018-02-16 10:33:15

Figure 46 Sequence of eight composite Landsat 8 images extracted between 2017-08-24 and 2018-02-16 with possibly one singular
image with cloud cover adversely influencing the quality of the other seven composite images.

5.2.4 Quality control of satellite images

In the previous subsection, it was mentioned that cloud cover strongly influences the usability of satellite
images for detecting the SDS and SDV. In this research, two image filtering methods were applied to filter
images from the individual image dataset of which the quality was too badly influenced by cloud cover or
other drivers of inaccuracy.

When extracting satellite images from the Google Earth Engine™, a maximum cloud cover percentage can
be selected for the images to extract. A studied area of interest is often smaller than the complete satellite
image (part of the satellite “swath”) to which the cloud cover percentage is assigned. Hence, an image can
sometimes be assigned only 10% cloud cover percentage, but the cloud cover appears to be precisely above
the area of interest. Alternatively, a satellite image can be assigned 90% cloud cover, but the area of interest
lies precisely in the 10% cloud-free area. Therefore, when selecting a maximum cloud cover percentage of,
say, 60% for your satellite images, useable images can be wrongfully omitted, and non-useable images can
be wrongfully included.

In the analysis of the SDBW from individual images, we decided to use satellite images with up to a 100%
cloud cover and screen them afterwards on usability with two algorithms based on image similarity (see
Appendix B) to filter all images to ensure that we include all usable images and exclude all non-usable images.
The image filtering starts with the selection of a clear cloud-free satellite image that is used as a baseline.
Other satellite images are subsequently compared to this image through both similarity algorithms. When the
differences exceed a certain threshold, the satellite images are removed from the analysis. This algorithm
was applied to satellite images that were already fixed on the area of interest. Therefore, this algorithm did
not suffer from the limitations described in the previous paragraph.

However, even with the application of these algorithms, useful data points can be excluded from the analysis
since some parts of the omitted satellite images may not be entirely covered by clouds (or other drivers of
inaccuracy). Figure 47 depicts an example of a satellite image that was excluded from the analysis after
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applying the image similarity algorithms (with an SSIM score of 0.79 being smaller than the 0.80 threshold
value). The cloud-covered area of this image is indeed not usable for analysis because they locally hamper
a correct SDS and SDV detection. However, the majority of this image's SDS and SDV data could easily be
included but was removed from the analysis.

2017-08-09 10:55:46

P w S

CC:40,27% SSIM: 0,79 Diff: 7,13%

Figure 47 Sentinel-2 image of 2017-08-09 with a 40,27% Cloud Cover (in the Metadata) filtered from the analysis because SSIM
score was below threshold value 0,80

A possible solution to the above-described limitations could be to apply a comparable quality screening per
individual transect after the SDS and SDV vectors have been generated from a satellite image (individual or
composite). For example, when part of the area of interest is covered with clouds but the rest is not, data
points on those transects not covered by clouds can be included for further analyses.

This concept could lead one to think about optimizing the method used for selecting the correct positions from
the SDS and SDV intersections along a transect. The selection method used in this research (also discussed
in Section 5.3.3) makes use of certain thresholds to exclude unrealistic positions. Much thought was already
put into configuring this method for selecting the right SDS and SDV positions. However, since the SDS and
SDV data at Ameland sometimes showed large actual change values (of over 1000m), it appeared very
difficult to configure thresholds to exclude faulty positions caused by clouds or other drivers of inaccuracy
(that were located closer to the SDS or SDV than the selected threshold of 1500-2000m). We deem it
worthwhile to look deeper into optimizing this selection method and investigate the possibilities of solving this
complex issue.

In theory, with a transect quality screening method and an improved data selection method, part-faulty images
would not need to be omitted when one can just use the SDS and SDV data overlying the transects in the
non-spoiled areas.

5.3 Considerations of the SDBW detection method and analyses in this research

In this section, we discuss four key considerations about the outcome of this research and the SDBW
detection method, which are important to note but are not considered limitations of this research nor the
detection method.

5.3.1 Comparison of different physical parameters

The comparison of the SDBW to the JARKUS beach widths (Total and Dry Beach Width) is restricted to
comparing the SDS to the MLW and MHW and the SDV to the Dunefoot, which represent different
geophysical features. The satellite-derived features are based on optimal-discernible features, and the
JARKUS features are elevation-based. Hence, although these comparisons provide valuable insight into the
performance of the SDBW detection and the behaviour of the separate SDPs, they do not provide a detailed
accuracy assessment of the SDBW data. In conclusion, it is important to note that offsets between the
analysed parameters can be related to the actual physical distance between the compared parameters or the
accuracy of the detection method. The physical differences make that the SDBW and JARKUS beach widths
will deviate from each other regardless of the accuracy of the detection method.
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The SDS is mostly located between MLW and MHW (e.g., within the intertidal area) and biased towards
MHW. This bias of the SDS towards MHW is likely related to (a combination of) wave run-up, soil moisture of
the beach and the local beach profile (slope).

Regardless of detection from individual or composite images, for the Ameland case study, we found an
average offset of 40 to 50 meters between the SDV and the Dunefoot, with the SDV lying landward of the
Dunefoot. The offset between the Dunefoot and SDV is expected to vary for other beaches with similar
characteristics. Based on the offset data measured at the relatively static (uniform) part of the Ameland case
study, we expect to see a higher correlation between the Dunefoot and SDV, and thus smaller offsets, at
other sandy beach-dune systems in the Netherlands, most likely at the Holland Coast.

Regardless of the physical difference (and offset), the SDV and Dunefoot certainly show a degree of
correspondence to each other, depending on the local geographic situation. We found the trends of the
Dunefoot and SDV to be very similar at the uniform area, where we found slow but measurable changes in
time. At the more dynamic area, the trends of the parameters were less similar but nevertheless showed a
relationship in the sense that one parameter is “predicting” the future position of the other, and vice versa.
Which is in line with the following relationship described in literature; the development of dunes
(sedimentation) on a beach is, among others, controlled by vegetation on the beach; alternatively, vegetation
may establish due to accumulating sediment (Keijsers et al., 2015).

5.3.2 Importance of independently studying SDS and SDV dynamics when analysing SDBW dynamics

The results of Chapter 4 showed that the measured SDS, SDV and SDBW give a sound impression of the
dynamics of their respective physical parameters. The change of the SDS or SDV positions with respect to
each other can vary significantly in magnitude and in a spatial and temporal sense. When studying the SDBW
data, it is therefore always necessary to investigate the dynamics of its subcomponents. The signal of the
SDBW can be dominated by the dynamics of either one of SDS or SDV. For example, at the western part of
Ameland, the beach width dynamics were sometimes dominated by very large shoreline dynamics. If any
interesting (small-scale) SDV dynamics had co-occurred, they would be difficult to remark when only looking
at the SDBW.

Hence, apart from providing insight into the development of the SDBW, separate analyses of the SDS and
SDV (as a proxy for the shoreline) can mutually reinforce each other and contribute to the understanding of
sandy coasts, such as for example done by Pollard et al. (2020) who use five shoreline proxies to study
spatiotemporal barrier island dynamics.

5.3.3 Multiple intersections (measurement data points) along transects

Multiple SDS or SDV vectors can be detected from satellite imagery, e.g., when a (temporarily submerged)
sandbank or spit is located seaward of the shoreline or when a vegetated area (such as embryo dunes or
other kinds of vegetation) is located seaward of the vegetation line (at the foredunes). When more than one
vector intersects with a transect, only one position for either parameter is used as measurement data for that
specific transect. The preference of selection is different for both parameters: for the SDS, the most landward
intersection is selected, and for the SDV, the most seaward intersection is selected. These selection choices
do not always result in the best option for the SDS or SDV but, based on the results, we believe that, on
average, they provide the best representation of either parameter. We encountered several noteworthy
circumstances that debate the selection choices, and there will likely exist more. For example, along the
Ameland coast, a spit formed at the western island head in an eastward direction after the landing of the
Bornrif sandbank (see, for instance, the 1995 and 2000 panels in Figure 13). Subsequently, the spit developed
into an intertidal area and created a small “inland” lake. During these morphological processes, for each
image instance, the most landward SDS intersection was selected as the measurement data for further
analysis, which at some transects in the dynamic area diverged up to around a thousand meters from the
MHW and MLW. One can strongly argue whether the selected SDS positions, in that case, are the right choice
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under those circumstances. Then again, the relevance of the selected SDS intersection might also vary with
the considered purpose of the beach width. In terms of coastal safety, when selecting the most seaward SDS
intersection in case of a spit bordering the beach, the selected SDS might give the best representation of the
beach its capacity to reduce wave impact, but it might give a less proper representation of the beach its
recreational carrying capacity.

For the SDV, comparable circumstances can be present along a transect. When a beach width is large
enough, embryo dunes can develop at a sizeable distance from the primary foredunes. Dependent on the
density, and to a lesser extent the greenness, of this vegetated area, the detection method will detect an SDV
intersection at the border of this area. This intersection is selected as the SDV measurement data since it lies
most seaward at the local transects. In the case of the “Groene strand” at Ameland, a vegetated area
(significant in size) even grew several hundred meters seaward of the primary dune’s vegetation (and
Dunefoot position), resulting in an SDV intersection at the border of this Groene strand. As is the case for the
SDS, the relevance of the selected SDV varies for its purpose; the SDV positioned at the primary foredune
(near the Dunefoot) might fit better as an indicator for coastal safety, whereas the SDV positioned at the
seaward border of the external vegetated area might fit better as an indicator for the recreational capacity of
the beach.

5.3.4 Deriving and analysing signals from optical satellite data

In this research, we analysed the dynamics of the studied coastal parameters by looking at trends in the data
of the measured parameters. We computed these trends per transect by deriving linear fits from the
parameters’ positions measured in a certain period. We interpreted these linear fits as an indication of the
dynamics of the parameters. The representation of the trend logically depends on the selected period of time.
When selecting more extended periods, the chance increases that a trend break will be present in the data.
For several transects along the Ameland coast, trend breaks were found in both SDS and SDV trend data
(see Figure 29 and Figure 35), resulting in trend breaks in the SDBW data since the SDBW is a product of
the two. Depending on the period selected for the trend derivation and the geographic circumstances of the
location in question, the outcome of a computed trend can vary significantly for just one transect. For example,
the landing of the Bornrif sandbank on the western island head results in accreting SDS trends for multiple
transects in the area when using an extended period (30+ years) to compute the linear fit, whereas when
computing a linear fit from the last ten years of data, the results show eroding SDS trends for (the majority of)
those transects. The eroding SDS trends correspond to the erosion (or lateral spread) of the previously landed
sandbank. Hence, when analysing trends derived from the SDS, SDV or SDBW, attention should be paid to
the development of the parameter’s data points in space and time for the considered trend period to see
whether trend breaks occur for the studied parameter during that period. This extra step in the data analysis
is necessary for correct interpretation of the dynamics and might lead to selecting different periods from which
the trends are computed.

A simple regression line equation was used as a default to determine the SDBW dynamics/trends. The use
of, for example, the Weighted Regression Line (WRL) or another more advanced technology might improve
the accuracy or value of derived trends.
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6 Conclusions and
recommendations

This research investigated the possibilities of deriving beach width dynamics from optical satellite imagery in
a semi-automated way and compared the results to existing in-situ measurement data. This chapter presents
the conclusions of the research results and provides recommendations for optimising the detection method
and suggestions for future research.

6.1 Conclusions

The beach width is used to quantify the capacity of a beach section to provide for safety, recreation, and
ecology. Using optical satellite imagery to derive the beach width has potential added value in terms of lower
costs and increased temporal and spatial resolution of measurements compared to traditional in-situ survey
methods. The main goal of this study was to examine the possibilities of detecting beach width from optical
satellite imagery to expand the existing (in-situ) options for measuring beach width and beach width dynamics.
We explored these possibilities by analysing the case study of Ameland in the Netherlands. This is a dynamic
beach for which a substantial amount of in-situ beach profile measurements (i.e., JARKUS) are available to
verify the method presented in this research.

We form the conclusions of this thesis by answering the main research question:

How can beach width (dynamics) be derived from optical satellite imagery along sandy coasts, and how do
the results contribute to the current options for measuring and analysing beach width (dynamics)?

The answer to the main research question is formed by answering the sub-questions below.

1. What are commonly used definitions for the beach width, and which are suitable for detection from optical
satellite imagery?

In its simplest form, a beach width is defined as the cross-shore distance between the beach's seaward and
landward border. Along sandy coasts, the seaward border can be a type of shoreline determined as a certain
water level (e.g., MLW, MSL or MHW) intersecting with the cross-shore elevation profile of the beach or an
optically discernible shoreline. The landward border can consist of (vegetated) dunes or man-made
structures, such as built environment or dikes and revetments. In this study, we consider beaches that are
bordered by vegetated dunes. This border is commonly defined as the dune foot, of which the physical
definition is the break in slope between the relatively flat beach and the steep foredunes. In the Netherlands,
this parameter is considered to be located at the most seaward crossing of the NAP +3m elevation contour
with the cross-shore beach profile, which we refer to as the Dunefoot in this report. An alternative measure
for the landward border is the optically discernible vegetation line, defined as the most seaward contour of
dune vegetation. Hence, several methods exist to measure beach widths and their subcomponents based on
different measurement techniques (i.e., elevation-based or optically discernible features), and thus beach
widths derived with different measurement methods will likely have different physical dimensions.

To detect the beach width’s subcomponents from optical satellite imagery, we use Normalized Difference
Indices, and therefore we look at strongly contrasting land cover types that are optically discernible. Hence,
we looked at the border between water and land, the shoreline, and the border between sand and vegetation,
the vegetation line. The Satellite-Derived Beach Width (SDBW) is defined as the cross-shore distance
between the Satellite-Derived Shoreline (SDS) and the Satellite-Derived Vegetation Line (SDV). We
sometimes refer to these parameters comprehensively as the Satellite-Derived Parameters (SDPs).
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2. How can beach width and beach width dynamics be derived from optical satellite imagery in a semi-
automated way?

We derived a method for detecting beach width from optical satellite imagery based on the Normalized
Difference Indices, such as the NDVI and NDWI. With these indices, the pixels of an optical satellite image
are partitioned into two (or more) contrasting land cover types. After several image pre-processing steps, the
SDBW method produces a binary image of the land and water pixels derived from a satellite image with the
NDWI. The border between those two land cover clusters is contoured, smoothened, and subsequently made
into a vector representing the SDS. In a simultaneous process, the water pixels of the NDWI image are
masked, and the NDVI is applied to the remaining land pixels. In this way, the sand and vegetation pixels can
be partitioned from the water-masked image. Then the SDV can be derived from the border between the sand
and vegetation pixel clusters, in the same way as for the SDS. Subsequently, the SDBW is computed by
taking the cross-shore distance between the SDS and the SDV along (predefined) cross-shore transects.
The SDBW method can generate short- and long-term beach width variations per transect by computing a
linear regression line of the SDBW sizes derived over a certain period. Separate analyses of the SDS and
SDV dynamics are essential for interpreting the SDBW dynamics.

The SDBW detection method is semi-automated. After selecting an area of interest, the preferred satellite
data, a time window, cloud cover percentage, and some simulation settings, the computation of the SDS and
SDV runs independently, and the data is contained in geographic datafiles. When the SDS and SDV vectors
are derived from the satellite data, the data is post-processed to derive the SDS and SDV positions, and so
the SDBW size for each predefined transect along the studied coastal area. Subsequently, the dynamics can
be derived from the acquired data.

3. How does the Satellite-Derived Beach Width (SDBW) compare to beach widths from in-situ measurement
surveys (such as JARKUS)?

We compared the SDBW with the Total Beach Width (MLW to Dunefoot) and Dry Beach Width (MHW to
Dunefoot) from JARKUS. To help interpret the outcome of those comparisons, we first compared and
analysed the beach width’'s subcomponents: the SDV with the Dunefoot, the SDS with the MLW and MHW
and afterwards, the SDBW with the Dry and Total Beach Width. The results are summarized in Table 6 by
presenting the longshore averages of the offsets (+ standard deviations) and differences measured between
the SDP’s and JARKUS parameters.

The comparison of the SDBW with JARKUS showed that the SDBW is an excellent proxy to measure beach
width and beach width dynamics. However, to compare these different measurement methods is to compare
coastal parameters based on elevation levels (JARKUS) with coastal parameters based on optically
discernible vectors (SDBW), e.g., borders separating different land cover types. The preceding means that
the parameters differ in their positional data regardless of the accuracy of the measurement method. For
example, at Ameland, there simply exists an actual physical distance between the +3m elevation contour and
the most seaward vegetation contour. The measurement data showed that the SDV has a pretty consistent
offset of 40 to 50 meters landward of the Dunefoot position, which, confirmed by visual observations of the
data, is mainly related to the mentioned physical distance between the two parameters. The SDS lies, on
average, between the MLW and MHW (the intertidal area) and has a strong bias towards the MHW position.
Regardless of the differences between the two measurement types, and the resulting indicators for the
seaward and landward borders of the beach, the compared beach widths show many similarities. We found
that the SDBW shows the most similarities to the Dry Beach Width in terms of beach width size (see Table
6), trend magnitude, and direction (e.g., growth or decay). This can be explained by the relative bias of the
SDS toward the MHW.

For a large part of the studied reach, the evolution of the size and especially the dynamics of the SDBW (and
JARKUS beach widths) are dominated heavily by the evolution of the SDS (or JARKUS shoreline
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parameters). Long-shore averages of the dynamics (trends) are regarded insignificant; hence, no overview
is presented in a Table.

The trends measured from the SDP’s and JARKUS parameters are most similar to each other at the so-called
uniform area (transects 700 to 2100), which is a relatively static area in terms of dynamics compared to the
so-called dynamic area (transects 300 to 700). At the dynamic area, where a lot happens in a geographical
and morphological sense, the SDPs show less correspondence to the JARKUS parameters but still resemble
pretty well in terms of trend direction (see Figure 34 and Figure 44). The SDV and Dunefoot seem to act as
predictors in relation to each other at the dynamic area. In other words, at some locations, the most seaward
vegetation limit (measured by the SDV) significantly expanded in seaward direction several years before the
position of the +3m elevation contour (the Dunefoot) caught up with this seaward shift. This can be explained
by the natural relationship between sedimentation and vegetation; when (embryonal) dune vegetation gets
the chance to develop in a seaward direction, sedimentation accumulates between the young dune
vegetation, reinforcing the development of both sedimentation and vegetation. This process works both ways,
be it with a certain delay of the other parameter.

In conclusion, the comparison of the SDBW with JARKUS data provided a decent first impression of the
performance and accuracy of the SDBW detection method and its capability to measure beach width and
beach width dynamics.

4. How does the increased spatial and temporal resolution of the SDBW contribute to the existing (in-situ)
possibilities for measuring and analysing beach width dynamics?

The SDBW contributes to existing options for measuring and analysing beach width dynamics in several
ways. This research shows that with the developed SDV detection method, it is possible to obtain an accurate
position of the vegetation line from both composite and individual images, given that the images are of good
enough quality. From the Ameland case study, it can be concluded that the SDBW, derived from the SDV
and SDS, is a good proxy to measure beach width and beach width dynamics. In this sense, the SDBW
method can contribute to existing studies of beach width dynamics since the satellite data is free-of-cost,
whereas the JARKUS survey (or other in-situ measurement campaigns) is very costly.

Furthermore, from the publicly available optical satellite imagery, SDBW data can be derived on a (bi-)weekly
basis, provided that the satellite images are of good quality. Compared to the JARKUS measurement surveys,
this provides high-resolution data available between the annually measured JARKUS surveys and up to a
year after the most recently executed JARKUS survey. Furthermore, with those satellites, the SDBW can be
measured every 10 to 30 meters in between the cross-shore JARKUS transects that are alongshore-spaced
every 200 to 250 meters, be it with a lesser cross-shore resolution.

The high-resolution of the SDV enables measurement of short-term (intra-annual) dynamics of the in-situ
vegetation contour, such as dune erosion due to storm events or gradual expansion of vegetated dunes.
Furthermore, at a location with unique geographic characteristics, the SDV could predict, on an intra-annual
scale, where the Dunefoot position (defined at +3m NAP) might develop towards months in advance of the
following JARKUS survey. Also, the SDV might, in some situations, be better suited for measuring dynamics
of the landward border of the beach since they are optically measured and unrelated to the (sometimes
limited) elevation-based definition of the Dunefoot fixed at +3 m NAP.

5. How do (local) geographic conditions and algorithm settings influence the detection process of the
SDBW?

Geographic conditions and algorithm settings influence the quality of SDBW detection in several ways. We
learned that the following factors influence the SDV and SDS detection and, therefore, the SDBW detection.
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Supervised NDVI threshold value for SDV detection
The detection of the SDV position depends on the selection of a threshold value for separating the pixel

masses in the NDVI histogram corresponding to sand and vegetation land cover areas. A supervised
threshold value (0.15) was determined for detecting the SDV from Ameland’s sandy beach with vegetated
dunes. This value is expected to be applicable for SDV detection at other beaches with vegetated dunes, with
similar characteristics such as sediment and vegetation types. Additional case studies have to assess
whether we can use the same or need a different threshold value at beaches with other sediment or vegetation
characteristics.

SDV seasonal variation is related to the variability of vegetation greenness
The detection of the SDV position is influenced by the seasonal variability of vegetation greenness. During

the year, reflection values of vegetation pixels vary in strength due to natural processes (e.g., photosynthesis
and rainfall). This seasonal variability of the SDV position is unrelated to actual movement of the (most-
seaward) vegetation contour. Based on analyses from individual images, this seasonal fluctuation is 23
meters within one year. The SDV position in summer is most representative of the actual most seaward
vegetation contour. It could be worthwhile to investigate whether there is a way to filter this variation in the
detection process or from the data by post-processing.

SDS variation related to tidal and hydrodynamic variability
The detection of the SDS position is influenced by the tidal and hydrodynamic variability of the shoreline,

which is not related to the actual shoreline and, therefore, beach width change. This is already extensively
discussed in previous work of, among others, Hagenaars (2017) and Hagenaars et al. (2018).

Availability of usable images during the year
In line with expectation, we found that there were more usable images available (approximately twice as

much) in Spring and Summer than in Autumn and Winter, based on four years of Sentinel-2 data. Hence,
analysis of SDBW data is of higher temporal resolution in Spring and Summer. When using composite images
or when looking at, for example, (multi-annual) temporal averages of the offset between SDS, SDV and
JARKUS parameters, the SDS and SDV data might be biased towards a Spring/Summer position due to the
higher density of usable images in those seasons.

Quality of composite images

The use of composite images over single images is suggested in literature to reduce the negative influence
of optical satellite-related drivers of inaccuracy, such as clouds (and cloud shadows), hydrodynamic
conditions, and technical errors at the cost of temporal resolution of the measurement data. However, for the
composite image data used for the Ameland case study, it frequently occurred that single erroneous or faulty
images negatively influenced a sequence of composite images. Hence, the quality of the composite images
influences the detection process of the SDBW.

6.2 Recommendations

This research provided a first impression of the possibilities and limitations of the SDBW detection method.
In this section, we give recommendations towards utilizing the potential of the detection method, which in our
opinion could optimize the detection process of the SDBW and its subcomponents, give a better estimation
of the accuracy of the detected SDBWSs and increase our insight into the dynamics and variability of beach
widths along sandy beaches around the world.

It is just a matter of time before publicly available satellite missions will be launched with finer pixel resolutions
(< 1m) and shorter revisit times (<1 day) compared to the current Landsat and Sentinel 2 satellite missions.
Higher-resolution satellite imagery will naturally improve the spatiotemporal accuracy of the satellite-derived
measurement data. However, the development of satellite sensors is out of the coastal researcher its control.
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In the meantime, we present seven recommendations here that we deem relevant for further validation of the
SDBW method, optimization of the SDBW detection process, expanding the method’s applicability
(worldwide), and improving analyses of the measurement data.

1. Perform a direct comparison between SDBW data derived from composite and individual images with exactly
the same research periods, algorithm settings and satellite data source. The analyses done in this research
with composite and individual images have, besides the used image types, two significant diverging factors
that influence the validity of the comparison. These factors are (1) the satellite type (Landsat 5 & 8 vs Sentinel-
2) and hence the pixel resolution, and (2) the studied period (1984-2018 vs 2015-2019), and thus strongly
diverging (morpho-)dynamics. Hence, it is recommended to derive SDBW data from composite and individual
images of the same satellite type and the same period, in particular from Sentinel-2 images between 2015 and
2022 and make a similar comparison of the SDBW and JARKUS data as was done in this study. This direct
comparison should give a better impression of the performance of composite and individual images for
measuring SDBW (and SDS and SDV) and also of the preferred cloud cover and algorithm settings.

2. Perform extra case studies to validate the SDBW method for other beaches in the Netherlands (or elsewhere)
with geographic characteristics similar to the uniform area at Ameland’s northern coast. Thus, focussing on
sandy beaches bordered by vegetated dunes. Regarding dynamics, it is preferred to look at a more static beach,
since the large offsets and high change rates of the coastal parameters measured at the dynamic area
complicated a decent accuracy assessment. By first studying beaches comparable to Ameland’s uniform area,
we aim to establish confidence in the performance of the SDBW method and increase insight into the dynamic
behaviour of the SDBW, SDS and SDV, and the relationship between those parameters. For example, one could
assess if there is a comparable relationship between the SDV and Dunefoot (e.g., the consistent offset) or that
the SDS also displays a bias towards the MHW at other locations with similar geographic characteristics.
Additionally, it should be assessed whether the supervised NDVI threshold value of 0.15 determined in this
study is also suited for SDV detection at other locations or whether other values might fit better.

3. Execute a thorough accuracy assessment of the SDV detection, preferably with high-resolution in-situ
vegetation cover data. In this research, we assumed the detection accuracy of the newly introduced SDV to be
in the order of the SDS’s accuracy mentioned by other researchers in recent studies. For the SDBW method to
be broadly adopted, a better valuation of the SDV’s accuracy is necessary. This might appear contradictory
because of the large offsets found between the SDS and the MLW and MHW (especially at the dynamic area),
but since the SDS has been validated sufficiently in other studies, we believe that those offsets are more related
to physical differences between the compared parameters (SDBW vs JARKUS) or the hydrodynamic conditions.

4. After the SDBW method is sufficiently validated at beaches similar to Ameland’s uniform area, the method
should be tested at beaches with different types of sediment and vegetation (and potentially other beach
characteristics) to see how the SDS and SDV detection perform under alternative circumstances. This would
expand the measurement possibilities of the SDBW detection method to other geographically characterized
beaches.

5. The pre-processing steps could be optimized by, for example, pre-screening the satellite images used to
construct a composite image on their quality. This would prevent sequences of composite images from being
compromised by one faulty image occurring in the composite window (e.g., 180 to 360 days) of multiple
composite images. The exclusion of those faulty images would significantly increase the quality of composite
measurement data. In composing composite satellite images, filter the Cloud Cover data of the satellite images
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for the Area of Interest instead of the complete swath of the satellite images. After implementing these
improvements, the optimum settings for composing composite images should be reassessed.

Optimize the detection method by implementing more advanced image-processing algorithms or other
relevant mathematical algorithms to reduce computation time in the detection process. For example, one
option could be applying a method for automated (instead of supervised) NDVI threshold selection that
correctly separates sand and vegetation pixels for SDV computation. Better yet, if possible, a multi-threshold
selection method for separating water, sand, and vegetation pixels masses from one single Normalized
Difference Index would enable detection of the SDS and SDV in one single process instead of two parallel
processes which would substantially reduce computation time.

Optimize the post-processing steps presented in this research by looking for more innovative methods to
improve usability and get the most out of the measurement data. This could, for example, be done by focusing
specifically on image quality (usability) above individual transects. Hence, a filter could be created to screen
images in the post-processing phase only to include measurement data from the transects that are
unhampered by clouds or other drivers of inaccuracy. In that way, all individual satellite images (with any
amount of cloud cover) in a studied period can be included in the analyses, and no valid data is lost. For
example, if you have five completely visible transects on an image almost entirely covered with clouds, the
measurement data from those particular transects will not be omitted.

A different approach, but in the same line of thought as recommendation 7, could be creating time-stacks of
satellite snapshots of polygons fixed specifically on single transects. E.g., by creating a polygon that covers the
complete length of a transect and is, for example, 10 meters wide, a time-stack of very narrow transect satellite
images can be generated. From those time-stacks, the faulty images can very easily be filtered on a local
(transect) scale. In theory, if sensible measurement data can be extracted from these narrow polygons, this
would result in the cleanest data per single transect. Logically, long-shore analyses require time-stacks of a
multitude of adjacent transects. The generation, post-processing, and analyses of these sequences of transect
time-stacks might require increased computation time, but the extraction of the data could, on the other hand,
reduce computation time since satellite images of (a limited number) of very small polygons (transect size)
need to be extracted from the GEE’s servers. Those transect size polygons are tremendously smaller than the
area of interest of a whole coastline, such as, for example, the area selected for the Ameland case study.

Regarding the analyses in this research about the trends measured from the SDBW, SDS and SDV, several ideas
or improvements can be thought of for additional or more sophisticated research. Applying a more advanced
method than the linear regression line might improve the accuracy of the measured coastal trends, such as
the Weighted Regression Line (WRL). In this research, we restricted to measuring SDBW data along the 200 to
250m alongshore-spaced (RSP) transects used in the JARKUS survey. Whereas with the SDBW method, we can
measure in between those transects, providing higher spatial resolution measurement data that enables more
sophisticated analyses in the spatial sense.
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FIGURE 12 WADDEN SEA OVERVIEW (OPENEARTH — COASTVIEWER - VAKLODINGEN,
HTTPS://WWW.OPENEARTH.NL/COASTVIEWER-STATIC/#/ ). ZOOM-IN AMELAND (TRIPLESAT IMAGE, 80CM PIXEL
RESOLUTION, AUGUST 2018, HTTPS://WWW.SATELLIETDATAPORTAALNL/ ). cvvevevreeeeeereseeseeeeeeeeeeeeesessessesseseeesseesessesseneens 27

FIGURE 13. TOP VIEW OF THE MORPHOLOGY OF THE (NORTHERN) ISLAND COAST OF AMELAND BASED ON GRIDDED JARKUS
DATA REPRESENTATIVE OF THE PERIOD 1965-2016. REPRINTED FROM “BEHEERBIBLIOTHEEK AMELAND”, BY MASTBERGEN
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FIGURE 14 AMELAND STUDY SITE, WITH THE RSP LINE IN RED. THE JARKUS TRANSECTS (IN BLUE) ARE LABELLED EVERY 2

KILOMETRES. SENTINEL-2 IMAGE (JULY 2018) .....utiiiiiiiiiiiiiiieiie ettt sttt ettt be s e saas e sine e sne e 29
FIGURE 15 FLOW CHART DISPLAYING THE SEQUENCE OF THE MAIN STEPS FOR DERIVING THE SATELLITE DERIVED BEACH WIDTH.

ADAPTATION FROM HAGENAARS ET AL. (2018)....cciuiiiiiiiiiieirieitie ettt ettt sba e sane e st e s be s s sna s e saneesane e 30

FIGURE 16 EXAMPLE OF NDWI AND NDVI HISTOGRAMS DERIVED FROM THE PIXELS OF A SENTINEL-2 IMAGE (2016-09-15)
WITHIN THE CONFINES OF A SELECTED AREA OF INTEREST OF THE NORTHERN COAST OF AMELAND. THE NDWI
HISTOGRAM ON THE LEFT SHOWS THE PARTITION OF ALL IMAGE PIXELS INTO PIXELS CORRESPONDING TO EITHER WATER
OR LAND. THIS PARTITION IS DONE WITH AN OPTIMAL THRESHOLD VALUE AUTOMATICALLY DERIVED WITH OTSU'S
METHOD. THE SEPARABILITY VALUE GIVES AN INDICATION OF THE EASE OF SEPARATING THE PIXEL MASSES WITH OTSU'S
METHOD. THE NDVI HISTOGRAM ON THE RIGHT SHOWS THE PARTITION OF THE REMAINING LAND PIXELS INTO PIXELS
CORRESPONDING TO EITHER VEGETATED OR NON-VEGETATED (SANDY) AREAS. THE MASSES ARE DIVIDED WITH A
SUPERVISED THRESHOLD VALUE OF 0.15. PAY ATTENTION: THE VERTICAL AXES OF THE HISTOGRAMS HAVE DIFFERENT
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FIGURE 17 THIS FIGURE SHOWS THE SDS AND SDV VECTORS, PLOTTED AS BLACK LINES, DERIVED FROM A SENTINEL-2 IMAGE
(2016-09-15) OF THE NORTHERN COAST OF AMELAND. THE COMPUTATION OF THE SDS AND SDV VECTOR IS BASED ON THE
PARTITION OF THE PIXEL DISTRIBUTION IN THE NDWI AND NDVI HISTOGRAMS SHOWN IN FIGURE 16........c.ccoovvuiininnnnnnn. 31

FIGURE 18 THIS FIGURE DISPLAYS TWO SDV VECTORS DERIVED FROM A LANDSAT 8 IMAGE (MAY 2018) WITH DIFFERENT
THRESHOLD SELECTION METHODS, TO GIVE AN EXAMPLE OF THE POSITIONAL DIFFERENCE IN THRESHOLD SELECTION: THE
RED LINE IS A SDV DERIVED WITH A SUPERVISED THRESHOLD VALUE AND THE YELLOW LINE IS A SDV DETECTED WITH AN
AUTOMATED THRESHOLD VALUE. THE GREEN LINE IS THE DUNEFOOT POSITION FROM THE 2018 JARKUS SURVEY. THE
BLACK AND WHITE STRIPED LINES ARE THE TRANSECTS AND RSP LINE RESPECTIVELY .....cccooviimiiiiiiiiiiiiiiiiiieeen, 32

FIGURE 19 SDS AND SDV VECTORS DERIVED FROM A SENTINEL-2 IMAGE (OCTOBER 2018) PLOTTED OVER TRANSECTS 3001080
TO 3001200 AT AMELAND; SDS IN BLUE, SDV IN GREEN. THE BLACK AND WHITE STRIPED LINES ARE THE TRANSECTS AND
RSP LINE RESPECTIVELY. THE RED ARROWS REPRESENT THE SDBW DERIVED AS THE CROSS-SHORE DISTANCE BETWEEN THE
INTERSECTIONS OF THE SDS AND SDV VECTORS ALONG EACH TRANSECT. (TRIPLESAT IMAGE, 80CM PIXEL RESOLUTION,
OCTOBER 2018, ACQUIRED FROM WWW.SATELLIETDATAPORTAALNL ) ..eiiiiiiiiiiiieeeiie ettt 34

FIGURE 20. FOUR TYPES OF INACCURACY DRIVERS FOUND ON COMPOSITE SATELLITE IMAGES (180-DAY COMPOSITES OF
LANDSAT 5 AND 8 IMAGES, WITH MAX 60% CLOUD COVER). (A) & (B) SATELLITE INSTRUMENT ERRORS CAUSED BY ISSUES
WHICH ORIGINATE AT THE OVERLAP OF ADJACENT SATELLITE SWATHS. CLOUDS (C) AND CLOUD SHADOWS (D) ABOVE THE
AREA OF INTEREST, WITHOUT BEING FILTERED OUT BY THE COMPOSITE OF THE IMAGES. ........occoiiiiiiiiiiiiiiiiineen, 35

FIGURE 21 THE BLACK CIRCLES IN THIS TIMELINE REPRESENT ALL THE SENTINEL-2 IMAGES THAT HAVE BEEN ACQUIRED SINCE
THE LAUNCH OF THE SENTINEL-2A SATELLITE IN JULY 2015 UP TO 04-11-2019. THE GREEN CROSSES DISPLAY THE IMAGES
FROM THAT COLLECTION WHICH HAVE BEEN QUALIFIED AS USABLE TROUGH POST-PROCESSING ALGORITHMS. THE JARKUS

SURVEY DATES ARE DEPICTED AS THE RED DIAMONDS........cuttiiiiiiiiiiiiiiiie ittt iaraa s 36
FIGURE 22 AMELAND STUDY SITE. THE JARKUS TRANSECTS (IN BLUE) ARE LABELED EVERY 2 KILOMETERS. THE RED LINE
REPRESENTS THE RSP LINE. SENTINEL-2 IMAGE (JULY 2018). DUPLICATE OF FIGURE 11 (SECTION 3.2.2) ...covvvienieenireenneens 38

FIGURE 23 THE BLUE BARS SHOW THE TEMPORAL MEAN OF THE OFFSET BETWEEN THE SDV AND DUNEFOOT POSITIONS, PER
TRANSECT. THE GREEN LINE SHOWS THE LONGSHORE AVERAGE OF THE TEMPORAL MEANS FOR THE TOTAL REACH, THE
YELLOW DASHED LINE FOR THE DYNAMIC AREA AND THE RED DASH-DOTTED LINE FOR THE UNIFORM AREA. DERIVED
FROM THE DATASET OF LANDSAT 5 AND LANDSAT 8 COMPOSITE IMAGES BETWEEN 1984 AND 2018........cccccovvvvnrineeneennn. 39

FIGURE 24 THE BLUE BARS SHOW THE STANDARD DEVIATION OF THE OFFSET BETWEEN THE SDV AND DUNEFOOT POSITIONS,
PER TRANSECT. THE GREEN LINE SHOWS THE LONGSHORE AVERAGE OF THE STANDARD DEVIATIONS FOR THE TOTAL
REACH, THE YELLOW DASHED LINE FOR THE DYNAMIC AREA AND THE RED DASH-DOTTED LINE FOR THE UNIFORM AREA.
DERIVED FROM THE DATASET OF LANDSAT 5 AND LANDSAT 8 COMPOSITE IMAGES BETWEEN 1984 AND 2018. THE PIXEL
RESOLUTION OF THE LANDSAT IMAGERY IS PLOTTED AS THE BLACK DASHED LINE FOR REFERENCE. ........cccccoevviiiiiiinnnnnnn, 39

FIGURE 25 TWO SECTIONS OF THE AMELAND REACH TO DISPLAY THE BEACH INLETS AND AREAS WITH DUNE EROSION. THE
TURQUOISE DOTS SHOW THE 2018 DUNEFOOT POSITION, THE YELLOW VECTOR SHOWS THE SDV FROM A 180-DAY
COMPOSITE IMAGE DERIVED FROM LANDSAT IMAGES 90 DAYS BEFORE AND AFTER 23-05-2018, THE PINK VECTOR SHOWS
THE SDV FROM A 180-DAY COMPOSITE IMAGE DERIVED FROM LANDSAT IMAGES 90 DAYS BEFORE AND AFTER 02-08-2018.
PANEL (A) SHOWS THE REACH BETWEEN TRANSECTS 1280 AND 1360 AND PANEL (B) SHOWS THE REACH BETWEEN
TRANSECTS 1860 AND 1940. (TRIPLESAT IMAGE, 80CM PIXEL RESOLUTION, AUGUST 2018, ACQUIRED FROM

WWW.SATELLIETDATAPORTAALNL ) 1.ttt ettt ettt ettt et e r et e r e r e r e r e reenr e e s reenn e e sreesreenreenreenreenreenreens 41
FIGURE 26. STANDARD DEVIATION OF THE SDV-DUNEFOOT OFFSET PER TRANSECT ALONG THE UNIFORM AREA. DATA DERIVED
FROM LANDSAT 5 (1984-2011) AND LANDSAT 8 (2013-2019) IMAGES SEPARATELY . ....eoiviiiireeneereeneenet s 42

FIGURE 27 TIME-SERIES OF 34 YEARS DATA OF DUNEFOOT AND SDV POSITIONS ALONG TRANSECT 2000. THE LINEAR FITS OF THE
DUNEFOOT AND SDV POSITIONS GIVE AN INDICATION OF THE LONG-TERM TRENDS. THE DUNEFOOT AND SDV POSITIONS
ARE RELATIVE TO RSP, E.G., THE ORIGIN OF THE TRANSECT .....cutiiiiiiiiiiiiiiiii it 42
FIGURE 28 LONG-TERM TRENDS OF THE DUNEFOOT AND SDV ON THE AMELAND STUDY REACH, PER TRANSECT. THE TRENDS
ARE COMPUTED AS 34-YEAR LINEAR FITS OF THE DUNEFOOT AND SDV POSITIONAL DATA. SDV DATA DERIVED FROM
LANDSAT 5 AND LANDSAT 8 COMPOSITE SATELLITE IMAGES, BETWEEN 1985-01-01 AND 2018-12-31......ccccoeviiiiiniiinnnnnnnn. 43
FIGURE 29 TIME-SERIES OF 34 YEARS DATA OF DUNEFOOT AND SDV POSITIONS ALONG TRANSECT 560. THE LINEAR FITS OF THE
DUNEFOOT AND SDV POSITION GIVE AN INDICATION OF THE LONG-TERM TRENDS. THE DUNEFOOT AND SDV POSITIONS
ARE RELATIVE TO RSP, E.G., THE ORIGIN OF THE TRANSECT ......ottiiiiiiiiiiiiiiiiiic i 43
FIGURE 30 THE BLUE BARS IN PANEL A) SHOW THE TEMPORAL MEAN OF THE OFFSET BETWEEN THE SDS AND MLW POSITIONS,
PER TRANSECT. THE ORANGE BARS IN PANEL B) SHOW THE TEMPORAL MEAN OF THE OFFSET BETWEEN THE SDS AND
MHW POSITIONS, PER TRANSECT. THE GREEN LINE SHOWS THE LONGSHORE AVERAGE OF THE TEMPORAL MEANS FOR THE
TOTAL REACH, THE YELLOW DASHED LINE FOR THE DYNAMIC AREA AND THE RED DASH-DOTTED LINE FOR THE UNIFORM
AREA. DERIVED FROM THE DATASET OF LANDSAT 5 AND LANDSAT 8 COMPOSITE IMAGES BETWEEN 1984 AND 2018 ....... 44
FIGURE 31 THE BLUE BARS IN PANEL A) SHOW THE STANDARD DEVIATION OF THE OFFSET BETWEEN THE SDS AND MLW
POSITIONS, PER TRANSECT. THE ORANGE BARS IN PANEL B) SHOW THE STANDARD DEVIATION OF THE OFFSET BETWEEN
THE SDS AND MHW POSITIONS, PER TRANSECT. THE GREEN LINE SHOWS THE LONGSHORE AVERAGE OF THE TEMPORAL
MEANS FOR THE TOTAL REACH, THE YELLOW DASHED LINE FOR THE DYNAMIC AREA AND THE RED DASH-DOTTED LINE FOR
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FIGURE 76 POSITION AND LONG-TERM TRENDS OF THE DUNEFOOT AND SDV ALONG TRANSECT 680
FIGURE 77 POSITION AND LONG-TERM TRENDS OF THE DUNEFOOT AND SDV ALONG TRANSECT 700
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Appendix A — NDVI Threshold
selection for SDV detection

This appendix presents the results of two assessments for the NDVI threshold selection in detecting the
Satellite-Derived Vegetation line. In Section A.1, a comparison is made between SDV detected with an
automated threshold value and SDV detected with a supervised threshold value. Section A.2 presents a
sensitivity analysis of different values of the supervised threshold value, with the aim to find the most suited
supervised threshold value. Both analyses are based on comparing the SDV position with the Dunefoot
position on a number of transects. We expect the SDV not to correspond precisely to the Dunefoot. However,
we expect that the offset between the two indicators might provide valuable insight into the performance of
the SDV and the relationship between the two indicators.

Table 7 and Table 8 list the datasets we use for the analyses in this Appendix. The datasets differ in the
manner of threshold value selection (Section A.1) and the variety of supervised threshold values (Section
A.2). The other parameters in the datasets are the same for all datasets, e.g., we use Composite satellite
images made from Landsat 5 & Landsat 8 images acquired between November 1984 and November 2018.
We compose the composite images with satellite images acquired within a 180 window and less than 60%
cloud cover. These datasets are focused on the case study of Ameland. More details of the datasets are
given in the specific sections.

Table 7. Datasets used in Section A.1 for the performance analysis of SDV detection with different NDVI threshold value selection;
Automated versus Supervised threshold selection.

Run Satellite Temporal extent Threshold  Threshold Composite  Cloud

mission(s) selection value window cover
Al Landsat5 & 8 11-1984 - 11-2018 Automated [-] 180 days <60%
S1 Landsat5 & 8 11-1984 - 11-2018 Supervised 0.15 180 days <60%

Table 8. Datasets used in Section A.2 for the sensitivity analysis on the performance of SDV detection, with 5 different values of
Supervised NDVI threshold values

Run Satellite Temporal extent Threshold  Threshold Composite  Cloud

mission(s) selection value window cover
Si1 Landsat5 & 8 11-1984 — 11-2018 Supervised 0.15 180 days <60%
S2 Landsat5 & 8 11-1984 — 11-2018 Supervised 0.14 180 days <60%
S3 Landsat5 & 8 11-1984 — 11-2018 Supervised 0.13 180 days <60%
S4 Landsat5 & 8 11-1984 — 11-2018 Supervised 0.12 180 days <60%
S5 Landsat5 & 8 11-1984 — 11-2018 Supervised 0.11 180 days <60%

For the analyses in this Appendix, we use the satellite composite images of which their acquisition date is
closest to the measurement dates of the JARKUS survey. Figure 48 presents the JARKUS survey dates,
together with the acquisition dates of all available composite satellite images between 1984 and 2018 and
the images selected for comparison. The 2003 JARKUS survey is excluded from the assessment because it
misses most of the measurement data. Hence, we compare 33 years of JARKUS data with measurements
of 33 composite images. The temporal gap between the JARKUS measurement dates and satellite image
acquisition dates varies between 0 and 35 days, with one exception of 122 days for the year 2012. The
number of satellite images used for the composite images varies between 3 and 12, with an average of 8
images per composite.
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Figure 48 This figure shows the dates from all the JARKUS measurement surveys done between 1984 and 2018. The figure also
shows the satellite composite images (180-day window) and a selection of those images acquired closest in time to the JARKUS
dates.

A.1 Comparison of Automated versus Supervised threshold selection

We assess the performance difference between the SDV detected with an Automated and a Supervised NDVI
threshold value. We assess the latter by comparing the SDV-Dunefoot offset data of both methods and
visually inspecting the SDVs plotted on the satellite images relative to the coastal features.

Table 9 shows the mean and the standard deviation of the SDV-Dunefoot offset for the A1 and S1 datasets.
The datasets comprise the Dunefoot and vegetation line positions relative to the RSP line for all transects
and all years combined, thus averaged in space and time. For example, with 33 years and 91 transects, the
datasets would ideally comprise a total of 3003 data points. However, due to corrupt satellite images,
undetected cloud cover or other errors, it occasionally occurs that no SDV can be detected for specific
Transects or even for the whole reach. Therefore, the resulting datasets comprise less than 3003 data points;
2566 data points for the Al dataset and 2801 for the S1 dataset. Additionally, to exclude extreme residual
values of SDV positions caused by any of the errors mentioned above, the data is filtered so that the remaining
data lie within the absolute range of three standard deviations from the mean. The removed outliers account
for 3.55 % of the total data points for the Al dataset and 3.28% of the S1 dataset.

The removal of the outliers reduces both the mean and the standard deviation of the datasets. Especially the
standard deviations are significantly reduced, approximately 40% for both the datasets. The threshold values
that were automatically derived for the composite images of the Al dataset vary between 0.195 and 0.352.
With an average of 0.27 and a standard deviation of 0.042. The threshold values only vary in the temporal
sense (per image) and not in the spatial sense (per transect) since we compute the threshold values per
composite image. The threshold value statistics mentioned above apply to the dataset with the outliers
removed. The remainder of the data analysis in this section focuses on the datasets from which we removed
the outliers.

What stands out from the data are the significant differences between the mean offset (90 m versus 49 m)
and standard deviation (60 m versus 35 m) of the Al and S1 data sets (Table 9). The data shows that the
SDVs detected with a supervised threshold value of 0.15 show a significantly smaller mean offset and
standard deviation than the SDVs detected with an automatically derived threshold value (u = 0.27). Since all
settings other than the threshold selection are equal for the Al and S1 simulations, we attribute the differences
between the mean and standard deviations to the difference in threshold values.
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Table 9. Mean and standard deviation for the offset between the Dunefoot and SDV positions. The data is derived from Landsat 5 &
8 satellite images with a 30-meter pixel resolution.

Threshold Threshold Data Mean offset Standard deviation
Run selection value Dataset points K (m) o (m)
Al  Automated p=0.27 Original 2566 102 98
Al  Automated pn=0.27 Outliers removed 2475 90 60
S1  Supervised 0.15 Original 2801 56 60
S1  Supervised 0.15 Outliers removed 2709 49 35

The scatter plots depicted in Figure 49 present the positional spreading of the SDV and Dunefoot per transect
and per year relative to the RSP line. It is apparent that the positional data of the SDV-S1 shows a stronger
correlation with the Dunefoot and has a narrower spreading than the SDV-A1 data. Overall, the plots suggest
that the SDV-S1 represents a more seaward positioned vegetation line closer to the Dunefoot than the SDV-
Al. Due to the change in orientation of the positional data relative to the RSP line (x,y = 0), we identify the
two distinct areas along the study reach. In either panel, the widespread (yellow) data points in the upper right
section represent the dynamic hook-shaped area west of transect 700. The lower left section of densely
positioned (green) data points represents the relatively stable and uniform area east of transect 700. We note
that most SDVs are detected landward of the JARKUS Dunefoot position. The exceptions of the SDV
positions located seaward of the Dunefoot, the data points above the 1-on-1 line, can mainly be attributed to
the out of bounds area of vegetation that developed (somewhere in 2004) between transects 520 and 800.
From those data points, one can recognize substantial dynamics of the vegetation line relative to a (near)-
stationary Dunefoot, represented by the sets of vertically aligned data points above the 1-on-1 line in the right
panel.
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Figure 49 These graphs show the spatial spreading of the Dunefoot position versus the SDV position, relative to the RSP Line, for
the SDV detected with an Automated threshold (left panel) and Supervised threshold (right panel).

Figure 50 and Figure 51 show the temporal mean offset and standard deviation per transect along the study
site, from transect 300 to 2100 in a west-east direction.
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Figure 50 Temporal averages of the offset per transect between the SDV and Dunefoot positions The SDV is derived from Landsat
images in the period 1985 to 2018.
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Figure 51 Standard deviation of the offset per transect between the SDV and Dunefoot positions. Relative to the satellite image pixel
resolution of 30 meter. The SDV is derived from Landsat images in the period 1985 to 2018.

The most significant offsets and standard deviations are found in the dynamic area between transects 300 to
700. Interestingly enough, the data of the SDV-Al and SDV-S1 show contrasting anomalies for the transects
along the dynamic area. The SDV-ALl shows relatively large offsets and standard deviations for transects 300
to 520, the SDV-S1 shows larger offsets and standard deviations for transects 520 to 660. Figure 52 gives
an example in which both distinct areas (that cause the anomalies in the data) were detected by the SDV-Al
(green) and SDV-S1 (yellow) vectors from the same composite image (Landsat 5, 2005). When we compare
the SDVs with the 2005 JARKUS Dunefoot positions in the figure, one can see that the offsets can be several
hundred meters wide. We further refer to the deviating area between Transects 300 and 520 as Zone-1 and
the deviating area between transects 540 and 660 as Zone-2, as depicted in Figure 52.

From visual inspection of numerous SDVs, we conclude that Zone-1 is an area that varies in size and shape
per composite image and has specific local characteristics which deviate from the norm, which look like
alternating water bodies and darker vegetation. Furthermore, these characteristics have spectral reflectance
values in a sensitive range of the NDVI pixel distribution. The latter makes that the SDV-A1, with on average
higher threshold values, frequently detects Zone-1 where the SDV-S1 does not, or with less extreme
deviation.

Zone-2 represents an out of bounds area of vegetation which was first detected by the SDV-S1 rather abruptly
somewhere in 2004. Also, in the early stages of Zone-2’s development, its corresponding pixels were in a
sensitive range of the spectral reflection, which we noted from the 4-year delay in detection of the area by the
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SDV-Al. However, since 2004 the detection of Zone-2 has been consistent, and it seems to be expanding
slightly in the alongshore direction.

We find a strong contrast between the two zones; Zone-1 is somewhat arbitrarily detected over the years,
Zone-2 is consistently detected in the years after its emergence in 2004, with a delay between the A1 and S1
SDVs. Furthermore, Zone-1 creates an undesirable SDV since it is a useless landward boundary of the beach.
In comparison, Zone-2 creates a desirable SDV since it is a proper landward boundary of the beach, at least
in terms of recreation. Also, compared with the JARKUS Dunefoot, Zone-1 does not show any relation with
the Dunefoot dynamics. While the SDV detected for Zone-2 appears to be a predictor of the Dunefoot position.
We also look into this latter observation in Section 4.1.2.

Figure 52 Close up of the dynamic area of the reach; Transects (3000)300 to (3000)700. From a 2005 Landsat 5 composite image,
with the SDV-A1 in green (Threshold = 0.23) and the SDV-S1 (Threshold = 0.15) in yellow. The 2005 JARKUS Dunefoot is depicted
by the turquoise circles and the RSP line in red. Zone-1 located between transects 300 and 520, and Zone-2 located between
transects 540 and 640 are depicted by the black-striped ovals.

For the uniform area between transects 700 to 2100, the offsets and especially the standard deviations are
smaller. When looking at the spatially averaged standard deviations for this particular area (see Table 10),
we find a significant decrease for the standard deviations of both SDVs, relative to the total reach, from 60 to
35 m for the SDV-AL and 35 to 24 m for the SDV-S1. On this part of the reach, outliers of the offset can be
identified for transects 1320, 1520, 1700 and 1900 for both data sets (Al and S1), be it with significant
differences in magnitude (see Figure 50). These outliers are explained by the presence of beach inlets, which
result in a landward deviation of the otherwise relatively straight SDV vectors. We expect that the Dunefoot
position is not, or only slightly, affected by the presence of these inlets. Therefore, the offset between
Dunefoot and SDV is more significant for those transects compared to neighbouring transects.

Table 10. Mean and standard deviation for the offset between the Dunefoot and SDV positions, between Transects 3000700 and
3002100, derived from Landsat 5 & 8 satellite images with a 30-meter pixel resolution.

Threshold Threshold Mean offset Standard deviation
Run selection value [-] Section U (m) o (m)
Al | Automated u=0.27 Total reach: 90 60
Al | Automated u=0.27 Uniform area: 79 34
S1 | Supervised 0.15 Total reach: 49 35
S1 | Supervised 0.15 Uniform area: 46 24

Based on the above findings, it is evident that the threshold value is an influential parameter in detecting the
vegetation line. The results show that the SDVs from the Al dataset with an average threshold value of 0.27
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have a significantly larger average offset from the Dunefoot and a larger standard deviation than the SDVs
from the S1 dataset with a fixed threshold value of 0.15. In addition, from visual inspection of SDVs of both
data sets, it can be concluded that the SDV-S1 vectors not only have a smaller offset from the Dunefoot, but
they are also a much better representation of the most seaward vegetation line compared to the SDV-Al
vectors. Finally, we confirm that, in general, there exists a natural offset between the Dunefoot and the
vegetation line, which has to be taken in mind when looking at the offset data. In conclusion, for the remainder
of this research, we detect SDVs with a supervised threshold value.

A.2 Sensitivity analysis of different supervised threshold values

Based on the results of test simulations in an early stage of this research, we selected the value 0.15 for the
first supervised simulations (S1). Having examined multiple SDVs and their corresponding NDVI histograms,
we formed the hypothesis that, within a specific range, lower threshold values could result in the detection of
more seaward positioned SDV vectors. To assess whether those vectors are also more reliable or suitable
representations of the vegetation line, we carried out a sensitivity analysis to assess the influence of small
changes of the threshold value on detecting the SDV. Table 11 lists the additional simulations (S2-S5) that
we do with supervised threshold values, varying from 0.14 to 0.11. For these simulations, all settings other
than the threshold value are the same as simulations Al and S1.

Table 11. Mean and standard deviation for the offset between the Dunefoot and SDV positions for different supervised threshold
values for all transects of the Ameland study reach.

Threshold value Mean offset Standard deviation
Run [] H (m) o (m)
S1 0.15 48.63 35.12
S2 0.14 45.11 31.95
S3 0.13 42.70 32.14
S4 0.12 39.20 29.65
S5 0.11 35.47 30.56

Table 11 shows the mean and standard deviation of the offset between the Dunefoot position and the SDVs
detected with different threshold values. The data shows a gradual decline of the mean and standard deviation
for smaller threshold values. However, visual inspection of the different SDVs shows mixed results. With lower
threshold values, we detect the SDV vectors closer to the Dunefoot, but they become farther away from the
'true’ vegetation line. This works well in a few cases, and wrongly detected gaps in the vegetation line become
smoothened out when using lower threshold values. However, overall, the vegetation lines detected with
lower threshold values represent a less realistic vegetation line and often show irregular protrusions
somewhat seaward from the actual vegetation contour.

Figure 53 displays the S1 and S5 SDVs derived from August 2018 composite images, in yellow and pink,
respectively, with the 2018 JARKUS Dunefoot as the turquoise dots for reference. The SDVs with the most
significant difference in the threshold value, 0.15 vs 0.11, are selected to pronounce the spatial deviations
between them. Figure 54 displays the NDVI histograms derived for both SDVs, from which one can notice
the sensitivity of the threshold selection. Besides the remarkable protrusions, one can observe that the SDV-
S5 vector, on average, shows a slightly better correspondence with the JARKUS Dunefoot but is located
more seaward from the actual vegetation line than the SDV-S1 vector. The latter explains the decrease in the
average offset of the SDVs with lower threshold values. However, it is certainly not an improvement for
detecting the actual vegetation line. Furthermore, the difference between the standard deviations of S1 to S5
is already less prominent for lower threshold values, but when looking at the uniform area of the reach (Table
12), it becomes apparent that there is no notable difference between the standard deviations at all.

91



Figure 53 Example of SDVs with different threshold values; SDV-S1 (Th = 0.15) in yellow and SDV-S5 (Th = 0.11) in pink. The SDV
vectors are derived from Landsat 8 composites of August 2018 and plotted on a Sentinel 2 image of August 2018 (for visibility). The
2018 dunefoot positions are displayed as the turquoise dots and the RSP line is displayed as the red line.
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Figure 54 NDVI histograms corresponding to the SDV vectors displayed in Figure 53; SDV-S1 in the left panel and SDV-S5 in the
right panel. Derived from Landsat 8 composites in the summer of 2018.

Table 12 Mean and standard deviation for the offset between the Dunefoot and SDV positions for different supervised threshold
values, for transects 700 to 2100 of the Ameland study reach (The uniform area).

Threshold value Mean offset Standard deviation
Run [-] M (m) o (m)
S1 0.15 45,68 23.94
S2 0.14 43.21 23.41
S3 0.13 40.61 23.13
S4 0.12 37.70 22.75
S5 0.11 34.56 21.99

Based on the sensitivity analysis results and the visual inspection of the SDVs, we expect the optimum
threshold value for detecting the most realistic vegetation line somewhere between 0.14 and 0.16. However,
the differences between the corresponding SDV vectors are so minor that we can only make a sound
conclusion from comparison with very accurate positional data of the vegetation. Therefore, for the time being,
we consider the SDV-S1 with a threshold value of 0.15 to detect the most realistic vegetation line, be it with
a larger offset from the JARKUS Dunefoot. In conclusion, we use a supervised threshold value of 0.15 for
SDV detection in the rest of this report.
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Appendix B — Relationship of SDV
position with Vegetation cover

The data of the vegetation cover used in this analysis is provided by Dr. Ir. J.G.S. Keijsers, and was initially
used for his research on the relationship between sedimentation and vegetation along the dunes of Ameland
(Keijsers et al., 2015). This analysis aims to see what amount of vegetation cover corresponds with the
positions of the detected SDVs and which type of NDVI threshold selection (Automated or Supervised) results
in the detection of the most accurate (or realistic) SDV vectors. Based on the data used for the assessments
in Appendix A, Table 13 shows the temporal data of the datasets on which the analysis in this section is
focused. The vegetation cover data was extracted from 4 aerial photographs taken in either spring or summer
of 2003, 2006, 2009 and 2011. In order to guarantee a clear distinction between soil and vegetation, the
images were selected according to the following criteria: a suitable place in time (in the growing season), low
amounts of shadow and relatively dry beach sediment (Keijsers et al., 2015). Per aerial image, elevation data
from the JARKUS survey was used one year prior and two years post the capture date of each aerial image.
Per transect, the percentage of vegetation cover is provided every five meters in cross-shore direction, within
a range of 50 meters landward of the 2002 dune crest position and 50 meters seaward of the 2002 Dunefoot
position as defined in the JARKUS survey. A notice has to be made about the shortcomings of the spatial
coverage of the vegetation cover dataset. Since the spatial coverage of the data is fixed around the 2002
JARKUS Dunefoot position, the vegetation data does not adapt to substantial displacements of the Dunefoot
or vegetation line position. This is unfortunate since the transects along the dynamic area of the reach show
interesting dynamics for both the elevation profile and the vegetation that occur outside the spatial coverage
of the data.

Table 13 Vegetation Cover data with selected satellite imagery data, time window of 90 days.

Aerial image JARKUS Time window Satellite Available
Dataset capture date Elevation data imagery SDVs
2003 29 May 2003 2002-2005 14-04-2003 — 13-07-2003 1
2006 3 July 2006 2005-2008 19-05-2006 — 17-08-2006 5
2009 Summer 2009 2008-2011 17-06-2009 — 15-09-2009 4
2011 25 April 2011 2009-2012 11-03-2011 — 09-06-2011 7

In order to reduce uncertainty on the accuracy of the SDV positions and the corresponding vegetation cover
values, for each transect, average positions are calculated out of all SDVs available within a window of 90
days around the capture date of the aerial images. These windows and the number of available SDVs found
therein are depicted in the last two columns of Table 13 and visualized in Figure 55. For the remainder of this
analysis, the 2003 dataset is excluded because of the low amount of available SDVs within the time frame.
In case the position of a certain SDV is not located within the spatial range of the vegetation cover data (50
meters landward from the dune crest to 50 meters seaward from the dune foot), the value of the spatial
boundary of the vegetation data closest to the SDV position is selected to accompany that SDV.
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Figure 55 Available satellite composites within the selected time span of 90 days around the capture date of the aerial images

Figure 56 shows an example of the cross-shore profile of transect 920 in which the vegetation cover is plotted
in green against the elevation profile for the years 2006, 2009 and 2011. Additionally, the corresponding
Dunefoot position and the temporally averaged SDV positions (A1 & S1) are plotted in the figure. Although
these profiles only display the data of one transect, they are exemplary for many transects along the test
reach. It can be observed from the figure that the SDV-A1 is located several tens of meters landward from
the natural dune foot and even further from the JARKUS Dunefoot. Those positions generally correspond to
vegetation cover values of close to or exactly 100%. The vegetation cover for the positions of the SDV-S1
are characterized by lower values and a larger variability compared to the vegetation cover for the SDV-Al
positions. This can be explained by the fact that the SDV-S1 position, on average, is located closer to the
Dunefoot and the most seaward vegetation line, as was demonstrated in Appendix A. In a spatial sense, this
area of the beach profile is very sensitive in terms of vegetation cover. For example, within several meters on
a beach profile, there can sometimes be hardly any vegetation cover around the (natural) dune foot, whereas
the nearby dune front and crest are largely covered with high-density vegetation. Considering the used
satellite missions have a pixel resolution of 30 meters, the detected SDVs fluctuate on a larger spatial scale
than the vegetation cover data. For the SDV-S1, the overall standard deviation of the offset, os1 = 35 m,
relates to the 5 m spatial resolution of the vegetation data. Figure 56 is an illustrative example of the variability
of the vegetation cover data for the temporally varying SDV-S1 positions along transect 920, showing values
of 40%, 20% and 80% for the subsequent years. Which displays the unfortunate drawback of the vegetation
cover dataset in relation to the positional accuracy of the SDVs.
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Figure 56 Vegetation cover on the cross-shore profile of Transect 920. Datasets from 2006, 2009 and 2011. Elevation relative to NAP.

The observations described above are recurring trends for both the SDV-Al and SDV-S1, as can be observed
from the overall data depicted in Figure 57. The figures display the vegetation cover data for 2006, 2009 and
2011 associated with the SDV positions (A1 & S1) on every transect on the study reach. The graphs show
that the vegetation cover values related to the SDV-AL positions, depicted as the red dots, generally show
high values of vegetation cover with little variability. Contrary to the vegetation cover of the SDV-S1 positions,
depicted as the blue dots, which show lower values and more variability. The graphs also display the spatial
averages of the vegetation cover data for reference.
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Figure 57 Vegetation cover per averaged SDV position per Transect. Datasets from 2006, 2009 and 2011
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Appendix C — Image similarity
algorithms

In this research, we use two algorithms to screen individual satellite images on their usability by comparing
all images within a certain dataset with one “perfect” preselected image from the same dataset. These
algorithms, The Structural SIMilarity Index (SSIM) measure and the Difference Percentage measure, work on
the basis of similarity and can be used as an alternative to the well-known quality metric the Mean-Squared-
Error (MSE) (Percentage Difference between Images - Rosetta Code, n.d.; Wang et al., 2004). The measures
are commonly used in photography to compare a specific photograph with distorted or compressed versions
of that same photograph to quantify the amount of quality loss of those alternate variants relative to the original
photograph.

The degree of similarity relative to the preselected perfect image is computed for each image in a used
dataset. The SSIM values range from O to 1.00, the higher the value, the more similar the image to the original,
e.g., the “better” the quality; the Difference Percentage values range from 0% to 100%, for which a lower
percentage value gives a better representation of the original. Figure 58 shows an example of three different
versions of one photograph with corresponding MSE and SSIM index values. One could debate whether the
image in the right panel, with the “high” SSIM index value, represents the original photo well, considering the
significant difference between the background colours. Hence, we use the two metrics simultaneously to
compare both outcomes and make sure an image is not falsely in- or excluded from the dataset. Images are
deemed usable if the image has an SSIM score higher than 0,80 and a Difference Percentage lower than
10%. Images that satisfy neither of the two demands are directly deemed unusable and thus omitted. Images
that satisfy either one of these two demands are manually inspected after the screening.

Original image Image with noise Image plus constant
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Figure 58. Example of three different versions of one photograph, with different SSIM index values. From "scikit-image", n.d.
(https://scikit-image.org/docs/dev/_images/sphx_glr_plot ssim 001.png) © Copyright by the scikit-image development team.

By using this qualitative screening, we filter out images corrupted by undetected or unfiltered cloud cover and
satellite instrument errors. On the satellite images, these errors are primarily of a significantly larger scale
relative to actual changes of, for example, the shoreline and vegetation line. Therefore, this screening method
is not likely to filter out shoreline or vegetation line dynamics. The threshold values for omitting bad images
are set so that morphological changes do not result in unnecessary omittance of good images.

Figure 59 shows the image we selected during the pre-screening of the satellite image dataset used for the
analyses in Section 4.2. Figure 60 displays three examples of satellite images (including SDS and SDV) from
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that dataset with a very low Cloud Cover percentage that we classified as unusable and were therefore
omitted from the analyses. Figure 61 displays three examples of satellite images (including SDS and SDV)
of the same dataset with a (very) high Cloud Cover percentage that we classified as usable and were therefore
included in the analyses. When using composite images with a max Cloud Cover percentage of say 60%, the
unusable images from Figure 60 would be included in the composites and would significantly reduce the
quality of a sequence of composites, whereas the usable images of Figure 61 are excluded from the
composites.

2016-03-12 10:50:37

CC: 20,68% SSIM: 1,00 Diff: 0,0%

Figure 59 "Original" image that was selected as the base image for the screening of individual Sentinel-2 images in the analyses in
Section 4.2

2018-12-04 10:46:02

CC: 1,24% SSIM: 0,71 Diff: 11,19%

2018-08-21 10:40:15

>

CC: 10,37% SSIM: 0,65 Diff: 26,30%

2017-08-06 10:40:21

CC: 13,07% SSIM: 0,75 Diff: 12,94%

Figure 60 Three Sentinel-2 images with very low Cloud Cover percentages that are classified as unusable. From the dataset used
for the analyses in Section 4.2
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2018-04-06 10:53:31

CC: 93,21% SSIM: 0,83 Diff: 9,6%

2018-01-21 10:54:28

CC: 85,56% SSIM: 0,86 Diff: 6,92%

2017-08-14 10:55:17

CC: 67,59% SSIM: 0,89 Diff: 3,55%

Figure 61 Three Sentinel-2 images with (very) high Cloud Cover percentages that are classified as usable. From the dataset used for
the analyses in Section 4.2
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Appendix D — SDV-dynamics along
the dynamic area

To help understand the explanation of the results below, a satellite image of the dynamic area from August
2018 is shown in Figure 62 with a high pixel resolution (4.8m). The figure includes the 2006 and 2018 JARKUS
Dunefoot positions for reference. Figure 63 to Figure 77 show the time series of Transects 420 to 700 further
below in this Appendix. We note several things about the long-term trends of the Dunefoot and SDVs on the
dynamic area of the reach. We observe positive feedback between sedimentation and vegetation growth. The
time series of transects 440 to 520 show the establishment of incipient dunes due to sedimentation, which at
some point in time attain the +3-meter contour and are then recognised as the Dunefoot in the JARKUS data.
These incipient dunes appear around 200 meters seaward from the preceding Dunefoot. From satellite
images shortly after the August 2018 image (summer/fall 2018), we observe young sparsely spread
vegetation patches landward from these incipient dunes and are not always detected by the SDV detection
method.

i

Figure 62 This image shows a close-up of the dynamic part of the study-site, between transects 3000400 and 3000700. With the
RSP line in red and the transects in blue. The JARKUS Dunefoot positions are shown for the year 2006 in orange and for the year
2018 in turquoise. (TripleSat image, 80cm pixel resolution, August 2018, acquired from www.satellietdataportaal.nl ).

Between transects 540 and 680, we observe a reverse process. From the corresponding time series, we
observe a characteristic expansion of the vegetation (the salt marsh “Het Groene Strand”) that appeared in
2004. The time series of the transects for this specific area all show an abrupt change of the SDV position in
that year. In this case, the change of the vegetation line position precedes the sedimentation. For transects
540 and 560, the elevation profile, and the Dunefoot position, catches up with the vegetation between 2010
and 2012. Hence, after a few years, the +3-meter contour transverses towards the new seaward boundary of
the vegetation. At the time the data was simulated and analysed, the elevation profile had not yet caught up
with the vegetation cover for transects 580 to 680.
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These findings show the significant differences between the long-term trends on the western end of the study
site, depicted in Figure 28. The latter holds especially for the transects 580 to 680, where the Dunefoot has
not yet caught up with the vegetation line. Furthermore, it also holds for transects 460 to 520 where (in recent
years) sedimentation resulted in a seaward shift of the +3-meter contour that has not been caught up (yet) by
a more seaward vegetation contour (SDV). These (natural) delays measured between the sedimentation and
the vegetation growth, in either temporal direction, causing the differences between the long-term trends, are
not necessarily a bad thing. An (abnormal) change in the elevation profile observed in the long-term trends
of the Dunefoot could act as a predictor of vegetation growth (embryonal dunes) and vice-versa.
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Figure 63 Position and Long-term trends of the Dunefoot and SDV along Transect 420
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Figure 64 Position and Long-term trends of the Dunefoot and SDV along Transect 440
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Figure 65 Position and Long-term trends of the Dunefoot and SDV along Transect 460
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Transect 3000480
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Figure 66 Position and Long-term trends of the Dunefoot and SDV along Transect 480
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Figure 67 Position and Long-term trends of the Dunefoot and SDV along Transect 500
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Figure 68 Position and Long-term trends of the Dunefoot and SDV along Transect 520
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Figure 69 Position and Long-term trends of the Dunefoot and SDV along Transect 540
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Transect 3000560
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Figure 70 Position and Long-term trends of the Dunefoot and SDV along Transect 560
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Figure 71 Position and Long-term trends of the Dunefoot and SDV along Transect 580
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Figure 72 Position and Long-term trends of the Dunefoot and SDV along Transect 600
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Figure 73 Position and Long-term trends of the Dunefoot and SDV along Transect 620
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Figure 74 Position and Long-term trends of the Dunefoot and SDV along Transect 640
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Figure 75 Position and Long-term trends of the Dunefoot and SDV along Transect 660
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Figure 76 Position and Long-term trends of the Dunefoot and SDV along Transect 680
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Figure 77 Position and Long-term trends of the Dunefoot and SDV along Transect 700
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