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Abstract
With improvements in video shoreline measurement, and the introduction of Structure-fromMotion (SfM) surveying, the spatiotemporal resolution of beach monitoring data has
increased dramatically over the last 30 years. Beach equilibrium modelling has also brought
prediction of weekly to multiyear shoreline change seemingly within reach. However,
although the accuracy of both video monitoring and equilibrium models has been
demonstrated on intermediate beaches, neither method has been thoroughly assessed at
dissipative sites. Similarly, despite rapid uptake of SfM, its reliability for surveying
on uniform sand surfaces (e.g. fine-grained dissipative beaches) has not been
investigated. In response, this thesis evaluates the efficacy of video monitoring, SfM
and equilibrium modelling by applying the methods on a highly dissipative beach.
Ngarunui Beach, Raglan, in Aotearoa/New Zealand was selected because of its low
gradient, fine black sand, and underutilised archive of Cam-Era video imagery. A new
shoreline detection method was applied to video imagery to produce the first multiyear
shoreline record for the site. Findings revealed long-term erosion and substantial interannual variability over a six-year period, but various sources of error, compounded by
the low gradient, ultimately prevented the measurement of change for timescales shorter
than monthly. Repeat biweekly SfM surveys, however, successfully captured centimetrescale volumetric losses, supplementing the record of larger-scale change provided by
video. Previous studies have raised concerns with applying SfM on smooth sand beaches.
For the first time, results from this research revealed spurious surface model roughness in
intertidal areas, indicating SfM is only reliable on the upper beach. Lastly, the efficacy of
the ShoreFor equilibrium model was assessed. When fully

calibrated,

ShoreFor

reproduced inter-annual variability and trends, revealing equilibrium behaviour at
the southernmost of three locations. For parts of the beach that are proximal to a large
ebb-tidal delta, ShoreFor failed to replicate shoreline variability. Observations of
migrating sand waves adjacent to the delta imply that variability in sediment flux to the
beach may be important. Analyses of shoreline response to wave forcing showed no
relationships, due to observational error and, critically, because variability in sediment
supply is not considered by simple forcing-response or equilibrium models. Overall, the
findings suggest that when applied individually, these methods lack reliability at sites
like Ngarunui. The thesis proposes a new multi-method framework for complex
dissipative beaches in which SfM is combined with video and satellite imagery to
monitor change at scales ranging from centimetres to kilometres, and days to decades.
v
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1. Introduction
1.1 Background
Globally, coastal erosion is a central contributing factor to present and future coastal
hazards. Beaches are particularly vulnerable, with the majority around the world
experiencing some degree of long-term retreat (Bird, 1985). Rising sea levels, changing
wave climates, and potentially increased storminess as a result of climate change are likely
to exacerbate the erosion of many beaches (Wong et al., 2014). This is why the goals of
many coastal scientists, managers, and engineers are underpinned by a need to understand,
and ultimately predict, future change to sandy shorelines. Due in large part to the wide range
of spatial and temporal scales over which beaches change, such a task is non-trivial.
Complex interactions between the drivers of this change, including variable wave energy
and sediment supply, increasing sea levels, and human interference, complicates the task of
forecasting beach response. Different beaches can also exhibit markedly different responses
to the same forcing, making generalisable models difficult to create. The problem is not one
purely of poor models however, often it is the general dearth of observational data on beach
behaviour that hinders understanding (Holman and Haller, 2013). For this reason, the
Intergovernmental Panel on Climate Change (IPCC) advocates for more comprehensive
beach monitoring programmes, to help understand the changes affecting dynamic and
diverse coastal landscapes (Wong et al., 2014). In particular, monitoring regimes that
measure shoreline behaviour over a wide range of spatiotemporal scales are needed,
including those that capture storm responses, seasonal cycles, and longer term trends.
Over the history of coastal science there have been a variety of techniques applied to the
task of monitoring the coast. Traditionally, repeat profile surveying was used to measure
beach elevation along cross-shore transects. Due to its simplicity and relative low cost of
execution, such surveying techniques remain in use today, albeit normally employing
sophisticated electronic levels or total stations. The development of high-accuracy Real
Time Kinematic GPS (RTK-GPS) allowed for more rapid profile measurements, and even
the construction of full-beach 3D digital surface models (DSM). However, both traditional
and RTK-GPS surveying can be labour intensive and, as such, a compromise usually must
be made between the speed of field campaigns and the number of profiles measured. The
alongshore spatial resolution of the profile approach is thus often limited, and interpolations
1

to the beach scale can be problematic depending on the degree of alongshore variability. The
amount of labour involved can also limit the frequency of field campaigns which impacts
on the timescale of changes that can be resolved. For example, unless dedicated pre- and
post-storm surveys are carried out, it is common for long-term profile monitoring to only
capture changes on the order of months or longer (Harley et al., 2011).
Over the last 30 years a range of newer monitoring techniques have emerged that, together,
signal a step-change in the temporal and spatial resolution of data that is available to coastal
researchers. For example, the development of video-based beach monitoring, pioneered in
the late 1980s, allowed for ongoing monitoring at unprecedented temporal resolution
(Lippmann and Holman, 1989). Consisting of one or more cameras mounted high above the
coast, for example on a nearby building, video monitoring systems like Argus (Figure 1.1)
capture a continuous series of oblique images of the beach and nearshore. Various image
outputs are produced by video systems, but the primary product used for shoreline
measurement is the ‘timex’ image. Timex images consist of pixel values that are the mean
of those from hundreds of frames captured over a period of, for example, 10 minutes. The
average location of features such the shoreline or bar thus become more obvious as the
appearance of individual waves is smoothed out. If images from the same tidal stage are
selected, movements of the shoreline due to erosion or accretion can be isolated from that
caused by the changing water level. The image outputs of monitoring systems are produced
largely automatically, allowing for dense and potentially very long observational datasets to
be recorded with comparatively minimal effort or cost. This is clear advantage over the
typically coarse temporal resolution offered by traditional surveying.

Figure 1.1. Argus video monitoring installation in Noordwijk, the Netherlands. Five fixed cameras monitor
the beach continuously, transmitting image outputs via a connected computer for further analysis. From
Holman and Stanley (2007, p.478).

2

In the last two decades the spatial resolution available to coastal researchers has also seen a
step-change compared to traditional surveying. Laser-based techniques such as airborne
Light Detection and Ranging (LiDAR) and terrestrial laser scanning (TLS) have made
highly-accurate change detection at the centimetre scale possible. For most coastal
researchers, however, a key limiting factor of both these techniques remains the relatively
high cost of airborne campaigns in the case of LiDAR, and of TLS equipment. Furthermore,
TLS typically has an effective range of only a few hundred metres, and the data it produces
is susceptible to gaps caused by topographic highs and lows that block its laser pulses
(Ghilani and Wolf, 2012). Over the last five years the availability of low-cost Remotely
Piloted Aerial Systems (RPAS), or drones, combined with new photogrammetry techniques
has made LiDAR-level resolution and accuracy more accessible. Known as Structure-fromMotion (SfM), this photogrammetric process employs automatic feature detection and
virtual camera alignment to generate very high-resolution point clouds from a series of
overlapping images (Fonstad et al., 2013). The use of RPAS for image acquisition means
the technique is more flexible than TLS, allowing for topographic surveys that cover
anywhere from a few meters to several kilometres of beach. As such, RPAS surveying and
SfM have seen rapid adoption in beach monitoring research (see, for example, Mancini et
al., 2013; Drummond et al., 2015; Casella et al., 2016; Brunier et al., 2016). From this point,
the combined use of these tools will be referred to as ‘RPAS/SfM’.
The task of predicting change on beaches has also progressed significantly in the last decade,
particularly with the development of equilibrium shoreline models. Such models have
shown remarkable skill at hindcasting shoreline change over periods ranging from weeks to
several years, key timescales of interest for coastal communities faced with erosion hazards.
Being partly data-driven, equilibrium models typically require multi-year datasets of highfrequency shoreline observations for calibration. Early work utilised profile data (Miller and
Dean, 2004) or RTK-GPS surveys (Yates et al., 2009) for this purpose, but datasets of
sufficient length and resolution are globally rare. More recent models like ShoreFor
(Davidson et al., 2013; Splinter et al., 2014) have thus benefitted from the high-frequency
measurements provided by video monitoring systems. There are even indications that
ShoreFor could have potential as a general tool that can be applied to sites where long
calibration datasets are absent (Splinter et al., 2014). The installation of video monitoring
systems at beaches all around the world, and the impressive results demonstrated by
equilibrium models, suggests that operational prediction of shoreline change is near at hand.
3

1.2 Thesis problem statement
Video monitoring combined with state-of-the-art equilibrium models offer much promise
when it comes to predicting shoreline change. However, these methods have largely been
developed and tested at a small number of beaches, raising questions about how applicable
they are in diverse settings. For example, video-based shoreline measurement was pioneered
on the intermediate beach at Duck, in North Carolina (NC). The relatively steep intertidal
zone there (1:13) produces a well-defined shore-break, aiding the detection of the shoreline
in timex images (Lippmann and Holman, 1989). Other sites where the technique has been
deployed to produce long records, such as Narrabeen in New South Wales (NSW), and
Tairua in Aotearoa/New Zealand, also have the advantage of fairly steep beach faces (1:8
and 1:17, respectively). The method has proven more difficult on dissipative beaches,
however, where low gradients mean indistinct shore-breaks are more difficult to detect,
leading to greater uncertainties in shoreline position measurements (Plant et al., 2007).
Nevertheless, video monitoring systems have been deployed at dissipative beaches,
including at Noordwijk, the Netherlands; North Head, Washington (WA); and Raglan,
Aotearoa/New Zealand, indicating the confidence placed in such systems as a versatile
monitoring tool.
The efficacy of equilibrium modelling has also been demonstrated at very few study sites,
many of them the same locations as where video monitoring has been ongoing the longest.
These sites often have characteristics that make them ideal for this sort of shoreline
modelling. For example, the successes of Yates et al. (2009) and Davidson et al. (2010)
were par ia

d

to the clear seasonal signal in the shoreline records at Torrey Pines,

California (CA) and the Gold Coast (QLD) respectively. Subsequent improvements to
the work of Davidson et al. (2010) led to the ShoreFor model, which was able to
predict both storm-driven and seasonal changes at Narrabeen with reasonable skill
(Davidson et al., 2013). However, modelling efforts at Narrabeen have benefitted from
a largely closed system, where sediment transport is dominated by cross-shore
movement, an important condition for equilibrium modelling success (Splinter et al.,
2013). The ShoreFor model also displayed significant skill when applied at several other
sites, including North Head; Truc Vert, France; and Ocean Beach, CA (Splinter et al.,
2014). However, only one of the beaches is highly dissipative (North Head), with all other
test sites either classified as intermediate, or
4

occupying the boundary between the two beach states. The applicability of models such as
ShoreFor in dissipative settings, or on beaches with changing sediment supplies, therefore
remains underexplored.
RPAS/SfM has been eagerly adopted by coastal scientists and engineers for measuring beach
elevation change at very high resolution, however, there remains unanswered questions
regarding its reliability on smooth sand surfaces. This is related to the fundamental way in
which SfM works, triangulating between points identified and matched across multiple
images. In particular, very smooth, uniform surfaces do not provide the image texture
necessary for SfM to accurately identify unique features. This issue has long been noted and
has even been highlighted specifically in the context of surveying on sand (Westoby et al.,
2012; Fonstad et al., 2013; Mancini et al., 2013). To date, however, the problem has never
been investigated, and its effects on the quality of SfM’s primary output, the DSM, remains
unknown. The lack of scrutiny of this issue represents a potentially critical shortcoming for
the technique, especially for the growing number research projects applying it to beaches.
RPAS/SfM surveying and video monitoring represent the cutting-edge in coastal science for
measuring beach change over timescales ranging from days to years. If these monitoring
techniques are to be increasingly used, in particular on beaches for which they have not been
well tested (dissipative, low-gradient), it is important to determine whether quality
measurements are achievable. This is largely unknown at present. Equilibrium models share
a lack of testing in diverse settings, therefore it is yet to be established if or how well they
would function for sites that are a) highly dissipative, and b) subject to potentially variable
sediment fluxes.

1.3 Aims and objectives
For this research video monitoring, RPAS/SfM, and equilibrium modelling is applied in a
setting where their use has not been properly evaluated - the high energy, very low gradient,
black sand Ngarunui Beach at Raglan, on the west coast of the North Island of Aotearoa/New
Zealand. The first aim is to determine the applicability of the abovementioned beach
monitoring and modelling techniques at dissipative sites like Ngarunui Beach. The second
interrelated aim is to improve our understanding of the nature and magnitude of shoreline
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change at Ngarunui over the last seven years. To support these aims the following objectives
are identified.
1. Implement image-based shoreline detection using video imagery recorded at
Ngarunui Beach to generate a high temporal resolution (daily) record of shoreline
change.
2. Measure beach elevation fortnightly over two months at centimetre-scale resolution
using RPAS/SfM surveying.
3. Relate magnitudes of shoreline changes observed in (1) and (2) to wave energy to
better understand the nature of change occurring at the site.
4. Evaluate the ability of the ShoreFor equilibrium model to predict shoreline change
at Ngarunui Beach using the shoreline observations extracted in (1).
The aims of the research will contribute to two areas: a) evaluations of methods within the
field of coastal science, and b) knowledge relating to the local management of the coast at
Raglan. More specifically, the project will extend our knowledge of the applicability of
promising monitoring and modelling techniques for predicting shoreline change, in
particular on dissipative open coast beaches. Furthermore, it is intended that this research
will provide insight into the observed shoreline variability at Ngarunui Beach and indicate
whether it is possible to for future change to be predicted.

1.4 Thesis outline
The literature review (Chapter 2) that follows describes the evolution of beach monitoring
techniques, covering traditional profile surveying, video-based shoreline monitoring, and
RPAS/SfM. Chapter 2 also includes a detailed review of equilibrium beach concepts and the
development of equilibrium shoreline models. Chapter 3 describes the field setting for the
research, Ngarunui Beach, including its geomorphology and sedimentology, its setting
within the wider littoral system, and the hydrodynamic regime. Rationale for the selection
of this site is also provided. Chapter 4 has four components. It begins by detailing the
methods employed to extract shoreline measurements from video imagery, and then those
to measure beach elevation with RPAS/SfM. Following this it explains the techniques used
to relate the observed beach changes to wave conditions, and lastly, details the equilibrium
model applied to the shoreline data. The first of four results chapters (Chapter 5) presents
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the extracted record of shoreline observations and describes the key patterns of change
therein. Chapter 6 presents the results from tests of RPAS/SfM surveying, in addition to the
elevation change maps created from repeat surveys. The outcome of attempts to relate
shoreline and beach elevation change to wave conditions are provided in Chapter 7. The
final results chapter (8) presents the outputs of ShoreFor equilibrium modelling applied to
the shoreline record. The discussion in Chapter 8 critically evaluates the major results with
respect to the four objectives of the research, and places them within the wider literature
context. Chapter 9 provides a synthesis of the key findings of the study, their implications,
and recommendations for future beach monitoring research.
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2. Literature Review
2.1 Introduction
The monitoring of beaches, in particular the repeat measurement of morphology, is
fundamental to understanding their behaviour. As such, monitoring is central to the
development of both theory and predictive models of beach change. Until the last few
decades approaches to monitoring have remained essentially unchanged, with standard
surveying techniques applied to the measurement of the cross-section, or profile, form of
beaches. Despite the simplicity of profile surveying, the approach to monitoring yielded
many fundamental insights about beach form and behaviour. Over the last three decades,
however, new approaches drawing on technological advances have become increasingly
important in beach research. For example, video-based shoreline monitoring now offers a
low-cost means of recording high-frequency observations that have played a key role in the
development of new predictive models. In the last five years RPAS/SfM surveying has also
generated much interest for the high-resolution topographic data it can provide. This chapter
is divided into four sections. The first part includes an overview of traditional beach
surveying techniques and some of the key insights that have come out of research employing
the approach. The second section will outline the development and application of video
monitoring, with a particular critical focus on its use for measuring shoreline position on
dissipative beaches. Third, the development of SfM, its rapid adoption in coastal research,
as well as both the problems and potential of the technique for beach change studies is
charted. The last part of this review will discuss equilibrium shoreline models along with
the equilibrium concepts behind them.

2.2 Cross-shore profile surveying
Ongoing monitoring of beaches is important for revealing patterns of change, and
understanding the processes driving their behaviour. Monitoring data is thus fundamental to
the development of theory, and the calibration and evaluation of models. In addition to its
importance for scientific endeavours, monitoring is also crucial to coastal managers,
informing decision making on such things as hazard setback zones (Rouse et al., 2016). For
most of the history of beach research, monitoring has been conducted using traditional
surveying techniques to produce two-dimensional cross-shore profiles of beach
morphology. Profile surveys measure the elevation of the beach surface, relative to a known
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benchmark, and in the process can capture the location and form of key features such as the
shoreline, high water mark, dune toe, and berm (Morton et al., 1993). Crucially, by
comparing successive profiles from the same location, quantities of erosion and accretion
can be calculated, as can movements of features such as the shoreline. Traditionally the
approach has employed a stadia rod and standard surveyor’s level, or total station, to
measure elevations along a transect (Figure 2.1). In beach studies the simple Emery (1961)
method was also common, allowing measurement of relative elevations with only two
graduated rods connected by a fixed length of rope.

Figure 2.1. Schematic depicting profile surveying using a surveyor’s level and stadia rods. The relative
elevation differences between points is measured by sighting the graduated stadia through the horizontal level.
From (Ghilani and Wolf, 2012, p.79).

Despite the simplicity of profile surveying, many fundamental theories of beach form and
response have come from research employing the method. For example, the generalised
beach geometry described by Bruun (1954) and Dean (1977) was developed using beach
profile data. Also, the fundamental relationship between wave energy and beach form was
demonstrated using the famous ‘summer’ and ‘winter’ profiles that Shepard (1950) and
Bascom (1953) documented (Figure 2.2). The positive correlation between sediment size
and beach slope was also revealed through the analysis of profiles (Bascom, 1951).
Additionally, profile data is used for testing models of beach response, from the heuristic
wave steepness model of Dean (1973), to state-of-the-art process-based models such as
XBeach (Roelvink et al., 2010). The simplicity and repeatability of the method has been
particularly important in providing the length to observational records that is needed to
understand beach response to long-term climate forcing. For instance, Ranasinghe et al.
(2004) utilised the long-term profile record at Narrabeen to reveal cycles of beach rotation
occurring in response to ENSO driven changes in wave climate.
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Berm - ‘Summer’ profile
MSL

Bar - ‘Winter’ profile

Figure 2.2. Idealised ‘summer’ and ‘winter’ profiles as described by Shepard (1950). During calmer months,
material is transported landward from the bar to form a berm, which is subsequently eroded and moved seaward
again during more energetic conditions.

Profile surveys may be a simple way of measuring beach form, but achieving a high level
of spatial or temporal detail, especially in the longshore dimension, is labour intensive. As
a result, long-term monitoring programmes incorporating high-frequency repeat beach
profiles are limited to a handful of sites worldwide (Table 2.1). Many of the advances in our
understanding of long-term beach response have come from data from profile surveying, yet
our ability to predict beach evolution at smaller temporal and spatial scales has been
hampered by the lack of resolution offered by the method (Harley et al., 2011). The advent
of technologies that allowed for the representation of landscapes as a three-dimensional
surface was thus revolutionary in coastal research. In particular, RTK-GPS (Morton et al.,
1993), LiDAR (Sallenger et al., 2003), and TLS (Pietro et al., 2008) have been influential,
producing a high-resolution view of change that would not have been possible before. In the
last five years, low-cost RPAS photography and SfM have made such high-resolution data
collection accessible to even more researchers (see section 2.4). The development of videobased monitoring has also been revolutionary, allowing for much higher frequency
observations than would be possible with traditional surveying.
Table 2.1. List of key sites where long-term, high frequency beach profile surveys have
been conducted. Adapted from Turner et al. (2016).
Site

Survey frequency/length

Duck (USA)

Biweekly (1981–present)

Rhode Island (USA)

Monthly (1962–present)

Narrabeen (Australia)

Monthly (1967–present)

Moruya (Australia)

Monthly (1972–present)

Noordwijk (the Netherlands)

Annual (1964–present)

Egmond (the Netherlands)

Annual (1964–present)

Lubiatowo (Poland)

Monthly (1983–present)

Hasaki (Japan)

Daily (1987–present)
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2.3 Video-based shoreline detection and measurement
Since the late 1980s video beach monitoring has provided coastal researchers unprecedented
temporal resolution, recording entire shorelines and nearshore areas at sub-hourly
frequencies. The video approach was pioneered by Lippmann and Holman (1989) at the
Army Corps of Engineers Field Research Facility (FRF), at Duck, NC. The authors devised
a novel way of measuring nearshore bar position that avoided the logistical challenges of
physical measurement in the surf zone. The method they designed involves averaging
individual oblique video frames (snapshots) of the beach and surf zone 10 minutes at a time
to create time-exposure, or timex, image (Figure 2.3). Timex images are then geometrically
transformed to create a plan view of the beach and nearshore on which further spatial
analysis can be undertaken. The benefit of using timex images, as opposed to snapshots, to
analyse the surf zone is that effects of individual waves are removed, highlighting more
persistent nearshore features (Plant et al., 2007).

A

B

Figure 2.3. Snapshot (A) and timex (B) images of the beach and nearshore at Duck, NC. The bar and shoreline
position are highlighted by bright bands in the timex image and individual waves are smoothed out. Adapted
from Lippmann and Holman (1989, p.996).

Lippmann and Holman (1989) use their timex images to estimate the position of the bar and
shoreline, employing a key assumption that underpins the use of timex images to this day.
They assume that the intensity, or brightness, of pixels in images of the surf zone is
proportional to magnitude of wave dissipation occurring at that point. Given that dissipation
is in turn dependent on the underlying bathymetry, the authors hypothesise that patterns of
light intensity in the images could be used to quantify aspects of the bathymetry, such as the
bar and shoreline. To this end, they record the intensity of individual pixels along crossshore transects and use the location of peaks in the intensity profile to estimate the position
of the bar crest and shoreline. Comparing results to physical surveys they find that, under
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moderate wave energy conditions, the technique is capable of estimating bar–shoreline
distance to within 35 percent of the true value (Lippmann and Holman, 1989). The method
was also found to be very effective (r = 0.92) at estimating the position of shoreline on the
moderately steep beach. The promising results suggested that a potentially accurate, high
temporal resolution method for measuring shoreline position at the beach-scale was now
available.
Video monitoring systems like that pioneered at Duck have continued to be used to
investigate a variety features and processes, including sandbars (van Enckevort et al., 2004),
rips (Bogle et al., 2001), wave runup (Salmon et al., 2007), and beach cusps (Almar et al.,
2008). Wave-breaking signatures in timex images were also recently used to chart the multiyear evolution of Raglan’s Whāingaroa Harbour ebb-tidal delta (Harrison et al., 2017). The
application of interest for the present study is the detection and measurement of shoreline
position. Important developments in this area discussed in the remainder of this section
include the work of Plant and Holman (1997), Alexander and Holman (2004), Aarninkhof
et al. (2003), and Huisman et al. (2011).
Plant and Holman (1997) extend the method developed by Lippmann and Holman (1989)
and present a novel technique for remotely measuring the bathymetry of the entire intertidal
beachface. Again, timex images are used to locate the position of the shoreline via the proxy
of a peak in the cross-shore intensity profile. This peak is termed the shoreline intensity
maximum (SLIM) by Plant and Holman (1997). Crucially, because the position of the
shoreline, and therefore the SLIM, moves across the sloping beach as the water level changes,
any image-derived measurement must apply only to the water level at which it was taken.
The movement of the SLIM is exploited by Plant and Holman (1997), who use it to measure
the shoreline at multiple points throughout the tidal cycle. The resulting sample of beach
contours is used to reconstruct the bathymetry of the beach between the low and high tide
levels. Fundamentally, this method relies on accurate water level estimates, because this is
what provides the elevations for each shoreline contour. The way in which the total water
level is calculated therefore plays an important role in the effectiveness of all such video
approaches. Tide and wave setup are acknowledged by Plant and Holman (1997) as the
primary contributors to water level at the shoreline. They measure tidal level directly, but
wave setup is estimated theoretically in accordance with Bowen et al. (1968). As a proof of
concept, this method of measuring intertidal bathymetry was demonstrated to work,
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although with vertical errors of up to 24 cm caused by inaccuracies in water level estimates
(Plant and Holman, 1997). Despite the progress their work represented, Plant and Holman
(1997) had still only demonstrated the technique on the relatively steep beach at Duck.
Therefore it remained uncertain just how well the method would perform in different
environments, for example on dissipative beaches.
Several other shoreline detection algorithms have been developed since SLIM that exploit
the difference in tone between the wet and dry beach in colour imagery instead of the
intensity of the shore-break (see, for example, Aarninkhof et al., 2003; Coco et al., 2005;
Smith and Bryan, 2007). For Aarninkhof et al. (2003) it was the lack of testing of the SLIM
method in more dissipative settings that motivated the development of a new technique for
use on low-gradient beaches. Importantly, the authors recognised that a key reason for the
effectiveness of the SLIM method in past studies is the narrow, well-defined area of wave
breaking on Duck’s steep beachface. Dissipative beaches however, tend to lack a such a
distinct shore-break due to their low gradients and resulting wide swash zones (Plant et al.,
2007). A new technique was therefore established that uses the boundary between the wet
and dry beach in colour timex images as a proxy for the shoreline. In their technique,
Aarninkhof et al. (2003) convert images from red, green, blue (RGB) to hue, saturation,
value (HSV) format so that the colour components of the image (H and S) can be assessed
independently of the value (V), otherwise known as intensity. When pixel values are viewed
as a histogram within HSV space, the wet and dry parts of the beach form clusters due to
their distinctly different colour and brightness (Figure 2.4). The trough between the clusters
is used as a proxy for the shoreline, and its location in image space denotes the cross-shore
position of the shoreline.

Figure 2.4. Example of the clustering of wet and dry pixels when plotted in hue and saturation (a), and
value/intensity (b) domains. Solid line between the clusters is used as a proxy for the shoreline. From
Aarninkhof et al. (2003, p.278).
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As with prior approaches, this technique is dependent on accurate water level estimates.
Aarninkhof et al. (2003) also calculate water level as the sum of the measured tide and wave
setup (determined theoretically as per Battjes and Janssen, 1978). Acknowledging the
importance that runup has on the water level on dissipative beaches, they also incorporate a
theoretical formulation for swash excursion (following Ruessink et al., 1998). Critically, the
method developed by Aarninkhof et al. (2003) is found to be particularly sensitive to
parameterisations of swash excursion, with this being the major cause of error. The approach
is demonstrated to be capable of predicting shoreline elevations to within around 15 cm of
GPS ground truth surveys (Aarninkhof et al., 2003), an apparent improvement compared
with the SLIM method. Nevertheless, the low gradients of the dissipative beaches studied
resulted in vertical errors being multiplied substantially, to around 6 m, when translated into
the cross-shore dimension. Critically for the present thesis, the authors conclude that given
errors of this magnitude, this technique could realistically only be used to investigate the
sort of beach changes that occur over timescales of weeks or longer.
The applicability of wet-dry line detection methods on dissipative beaches was further
investigated by Huisman et al. (2011) in their study at Ngarunui Beach, Raglan. Methods
such as that demonstrated by Aarninkhof et al. (2003) rely on the fundamental assumption
that the wet-dry boundary is a reliable proxy for shoreline position. However, such
assumptions can be problematic on low gradient beaches where seepage from the water table
can cause the wet–dry boundary to be elevated above the level of the tide (Turner et al.,
1997). If this occurs, then any shoreline determined by detecting this boundary will be
inaccurate. Importantly, Huisman et al. (2011) do not assume equivalence of the shoreline
and wet-dry line, and instead investigate the relationship between the two under different
tidal and rainfall conditions. Similar to Aarninkhof et al. (2003), they transform the colour
images into HSV space, but instead of using all three components, they define the seepage
line simply as the point at which the cross-shore intensity (V) profile passes a set threshold
(Huisman et al., 2011). They use this threshold method to automatically detect the wet-dry
boundary, as a proxy for the groundwater seepage line, and compare this to the manually
determined shoreline position. Their results demonstrate that, at Ngarunui, the shoreline and
seepage line are generally coupled at high tide but tend to decouple during falling tides
(Figure 2.5). Further, the most extreme decoupling was observed after periods of heavy
rainfall elevated the water table, and during such times the vertical discrepancy between the
shoreline and seepage line was up to 2.5 m (Huisman et al., 2011). Such a substantial
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difference has major implications for shoreline detection methods that use the wet-dry
boundary as a proxy for the shoreline on dissipative beaches. In particular, on a low-gradient
(1:70) beach such as Ngarunui, a vertical offset of 2.5 m would induce a landward bias of
over 150 m in the cross-shore position of the shoreline. This is an order of magnitude greater
than the errors reported by Aarninkhof et al. (2003) for other dissipative beaches and
highlights the challenging nature of Ngarunui as a site for video-based shoreline
measurement.

A

B

Figure 2.5. (A) Example of decoupling between the shoreline (solid red) and groundwater seepage line (black
dashes) at low tide on Ngarunui Beach. (B) Plot showing the elevation discrepancy (Δz) caused by decoupling
at low tide, with black circles for the shoreline and triangles indicating groundwater seepage. Adapted from
Huisman et al. (2011, p.1734).

Simarro et al. (2015) also test the methods of Huisman et al. (2011) at Ngarunui Beach, but
are unable to detect the shoreline at all using timex images. They attribute the failure to the
beach’s highly dissipative state and black sand. Their study is notable for another reason,
however, as a new image-based method of shoreline detection is explored. Previous work
has focussed on extracting morphological features from time-averaged images, in which
areas of higher pixel intensity highlight persistent features such as the shoreline. Simarro et
al. (2015) propose that with most video monitoring systems, in addition to computing the
average of multiple images, it is also possible to produce an image from the standard
deviation of pixel values. In such an image unchanging features such as the subaerial beach
appear dark (low standard deviation) while frequently changing areas like the swash zone
appear bright (high standard deviation). Results of their limited tests using timestacks to
calculate standard deviations along individual transects suggest that this technique may be
better suited to the detection of shorelines at Ngarunui (Simarro et al., 2015). Despite the
promising results, full standard deviation images are not an output of the Ngarunui Cam-Era
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monitoring system, and therefore a more extensive test of the technique there is not possible
at this time.
It is apparent from the studies that have attempted the method there, that the reliable
detection of shorelines from timex images at Ngarunui Beach faces two important obstacles.
The first problem is the decoupling between the groundwater seepage line and shoreline that
can cause the shoreline to appear more landward than it is. A potential solution, however, is
apparent from the work of Huisman et al. (2011), who demonstrate decoupling decreases to
a minimum at high tide. It is therefore possible that careful selection of images to coincide
with higher water levels may mitigate against shoreline–groundwater decoupling, improving
shoreline position measurements. Assuming that the problem of decoupling can be
overcome, there remains the issue of reliably detecting the shoreline in timex images.
Huisman et al. (2011) and Simarro et al. (2015) both use a simple threshold pixel value (V
in HSV space) in the cross-shore intensity profile as their shoreline proxy. Both studies also
report difficulty accurately detecting this boundary, with the issue attributed to Ngarunui’s
black sand making the wet-dry line less clear. However, neither investigation evaluated other
thresholds in their detection routines, therefore it is possible that some untested combination
of RGB or HSV values may yield better results on the dark surface. The present research
will explore these potential solutions to video-based shoreline detection in an attempt to
produce, for the first time, a multiyear dataset of Ngarunui shoreline measurements.

2.4 RPAS surveying and Structure-from-Motion
Video monitoring represented a step-change in the temporal density of available shoreline
data. The spatial resolution of topographic data that is accessible to coastal researchers has
also increased substantially in recent years. The advent of LiDAR and TLS have provided
an unprecedented level of topographic detail, but the cost of equipment and aerial surveys
limits the use of the technologies for high-frequency monitoring (Smith et al., 2016). Over
the last five years the combination of RPAS and SfM has made similarly high-resolution
data much more accessible. Emerging out of the field of computer vision in the early 2000s,
SfM was originally applied to the three-dimensional visualisation of buildings, based on
photos retrieved from the internet (Snavely et al., 2006). SfM is now being used in a diverse
range of settings across numerous disciplines, including coastal research. Like video
shoreline detection, however, there are indications that applying SfM algorithms to highly
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dissipative beaches may be problematic, owing to their smooth surfaces. The particular
capabilities of the method in such settings have nevertheless not been thoroughly examined.
At the heart of the SfM technique is a computer algorithm that can convert a disorganised
set of two-dimensional images into a precise three-dimensional model of the object of
interest. SfM is thus similar to traditional photogrammetry, in which topographic
information is extracted from overlapping aerial stereo-images. The key difference with SfM
however, is that it does not require prior information on the position and orientation of the
sensor that captured the images, as does traditional photogrammetry (Westoby et al., 2012).
Instead, camera positions and the geometry of the scene are reconstructed through the
automatic matching of features in each image. Unique features are identified and recorded
in a database and their positions tracked from one image to another, providing tie points that
indicate both general scene geometry, and the alignment of the cameras (Snavely et al.,
2006). The geometry and camera orientation is then refined iteratively using repeated bundle
adjustments as more and more features are identified. In a secondary process called MultiView Stereo (MVS), the initial sparse cloud of tie points is densified to produce a very highresolution, three-dimensional model of the scene or object in being imaged (Harwin and
Lucieer, 2012). Following convention, the entire process, including SfM and MVS, will
subsequently be referred to simply as SfM. An important part of the SfM workflow includes
the transformation of the point cloud into a known coordinate system. This is typically
achieved using coordinates from a series of ground control points measured in the field using
RTK-GPS (Fonstad et al., 2013). The final product of the SfM process can be the
georeferenced point cloud itself, or interpolation can be employed to generate a DSM for
analysis in a geographic information system (GIS). Orthomosaics of the entire survey area
are also a potential output of the SfM process, presenting an advantage over other highresolution survey techniques that do not produce visual information (Elsner et al., 2015).
The primary equipment required for SfM is a camera to capture input images, and in earth
surface studies a RPAS is often used as the platform for this purpose. The scale over which
the survey is conducted can thus be determined through the flying height of the RPAS,
providing a greater level of flexibility than is typically possible with technologies such as
TLS. The spatial resolution of the topographic data produced using this method is largely
dependent on that of the input images, and the amount of time allowed for the point matching
algorithm to run (Smith et al., 2016). Nevertheless, resolutions equal to or greater than TLS
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are readily achievable (Westoby et al., 2012). Owing to its resolution, together with its
flexibility and low equipment cost compared to LiDAR and TLS, RPAS/SfM surveying has
experienced rapid adoption across the earth sciences since its inception.
In coastal research RPAS/SfM has been particularly eagerly embraced for use in
depositional settings, for example, to measure change on beaches or dunes. For instance,
Mancini et al. (2013) explored the utility of the method to survey foredunes experiencing
ongoing erosion on an Italian beach and find the method to be a promising alternative to
LiDAR and other existing survey techniques. Drummond et al. (2015) demonstrate the
method’s ability to be rapidly deployed pre- and post-storm, quantifying storm impacts on
a Sydney beach. Repeated SfM surveys are also employed over several months to reveal the
importance of wave direction, over wave energy alone, in predicting beach erosion on an
Italian beach (Casella et al., 2016). On an embayed beach in French Guiana, Brunier et al.
(2016) employed SfM to assess beach rotation and compute sediment budgets, something
previously done with simpler techniques such as cross-shore profiles (e.g. Ranasinghe et al.,
2004). The technique has also proved useful for monitoring change on gravel beaches
(Elsner et al., 2015; Pikelj et al., 2015), and intertidal mud banks (Fleury et al., 2016). More
recently, the efficacy and applicability of SfM surveying for regular coastal zone monitoring
was assessed (Scarelli et al., 2017). The authors conclude that the technique should prove
attractive to local authorities managing and monitoring coastal areas, due it its high accuracy
and relatively low cost. Most published uses of SfM in coastal areas have been exploratory,
with researchers assessing the applicability of the approach. However, the method is
beginning to be operationalised in beach monitoring, for example with repeat surveys now
conducted at long-term study sites such as Narrabeen (Turner et al., 2016).
Despite its rapid adoption in coastal science, there are unexplored issues with the technique
that are of particular relevance to the study of dissipative beaches. Specifically, multiple
authors suggest that SfM may perform poorly on uniform surfaces, such as sand, because it
lacks the image texture needed for feature matching (James and Robson, 2012; Westoby et
al., 2012; Fonstad et al., 2013; Mancini et al., 2013). For instance, Fonstad et al. (2013) state
that ‘areas of low image texture will yield poor point clouds’ an issue which may affect
‘areas of bare sand, snow, or other highly flat surfaces’ (p.427). However, of those that
mention the issue, only Mancini et al. (2013) directly observe it, with lower tie point
densities achieved on smooth beach areas compared with on more textured dunes (Figure
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2.6). Nonetheless, the authors do not report any negative impacts of decreased point density
on the quality of outputs such as DSMs. It therefore remains uncertain to what extent the
texture of a beach can be expected to affect the reliability RPAS/SfM surveys, or how the
issue might be mitigated. For example, given its relative lack of textural variation, would a
smooth beach of fine sand be expected to yield data that is suitable for assessing change,
and at what scale? And, if detection of surface features is the main issue, could it be
compensated for by capturing images at higher resolution? If so, SfM surveying could
provide a cost effective and accurate means of measuring beach change in very high detail,
thereby complimenting existing high temporal resolution methods like video monitoring.
Without such investigations however, it is difficult to fully evaluate the potential of the
technique for smooth dissipative beaches like Ngarunui.

Figure 2.6. The effect of image texture on SfM point cloud resolution observed by Mancini et al. (2013,
p.6888). Orthomosaic of a beach and dune field that was produced using SfM (left), and the tie point density
achieved on different surfaces (right).

2.5 Equilibrium beach concepts and shoreline models
The abundant, high-frequency data that video monitoring systems could capture became
instrumental in a new generation of shoreline change models based on equilibrium concepts.
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Predicting beach evolution requires successfully modelling changes over a wide range of
timescales, from that of individual storms to decadal trends and beyond. Operating at one
end of the scale are process-based models which address the transport of sediment, largely
across-shore, caused by individual storms (see, for example, SBEACH [Larson and Kraus,
1989] and XBeach [Roelvink et al., 2010]). At the other end of the scale (decadal and
greater), where alongshore transport is the dominant process, are 1-line models such as
GENESIS (Hanson, 1989). It is changes occurring between these two ends of the spectrum,
however, that tend to be the most pertinent to planning and development in the coastal zone.
As such, tools that are able to predict shoreline movements over the timescale of weeks to
years are sought after by coastal scientists, engineers, and mangers alike (Wong et al., 2014).
During the last fifteen years several semi-empirical tools employing equilibrium concepts
have been developed for modelling change over such timescales (Miller and Dean, 2004;
Yates et al., 2009; Davidson et al., 2013; Splinter et al., 2014). Being partly data-driven,
equilibrium models typically require calibration to extensive datasets of shoreline
observations, for instance at monthly or greater frequency spanning several years (Splinter
et al., 2013). Recording shoreline movement at sufficient spatial and temporal resolution
with traditional profiles is not generally practical, but the advent of the video shoreline
monitoring has made the collection of such datasets routine.
At the core of equilibrium beach concepts is the fundamental observation that beaches adjust
their form in response to changes in wave forcing in a way that moves them closer to an
equilibrium with that forcing. For example in theory, an increase in the height of waves
acting on a beach that was previously at equilibrium is likely to erode sediment from the
upper beach, thereby lowering the slope of the beachface. As a result, waves will break
further offshore and the newly adjusted beach will be better able to dissipate the incoming
wave energy, moving it towards a new equilibrium state. A prominent example of the use
of equilibrium ideas to describe beach form is the classic morphodynamic beach state model
of Wright and Short (1984). In the model, there are six morphodynamic states, ranging from
reflective at one end, through four intermediate states, to dissipative at the other. Each state
represents an equilibrium with the modal wave regime and particle settling velocity, with
change thresholds denoted using the dimensionless fall velocity (Dean, 1973):
Ω = 𝐻𝐻𝑏𝑏 ⁄ 𝑤𝑤𝑠𝑠 𝑇𝑇

(1)
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where Hb is breaking wave height, ws is mean sediment fall velocity, and T is wave period.
Changes in state occur as a result of a departure from the modal Ω, with the rate of change
depending on the size of this departure (Wright and Short, 1984). Further extending these
ideas, Wright et al. (1985) present an equilibrium model for predicting change in beach state
in response to varying wave conditions. The model relies on the difference between the
instantaneous and modal Ω (calculated as the weighted average of antecedent Ω values) to
indicate the nature of change. While their model is able to predict the direction of change
(for example, from intermediate to dissipative), a lack of variation in their observational
dataset prevents prediction of the rate of change (Wright et al., 1985).
In addition to changing morphodynamic states, equilibrium concepts have also been
employed to model a variety of beach and nearshore behaviour, including bar dynamics
(Plant et al., 1999) and beach rotation (Turki et al., 2013). However, most research has drawn
on equilibrium concepts to model change in shoreline position. For example, Miller and
Dean (2004) offer a model for predicting rates of shoreline change with the form:
𝑑𝑑𝑑𝑑(𝑡𝑡)
𝑑𝑑𝑡𝑡

= 𝑘𝑘 �𝑥𝑥𝑒𝑒𝑒𝑒 (𝑡𝑡) − 𝑥𝑥(𝑡𝑡)�

(2)

where x(t) is the cross-shore position of the shoreline at time t, and xeq(t) is the equilibrium
shoreline position as determined by the wave forcing (k) at that time. The formulation for k
includes Ω, breaking wave height, and an empirical constant. The rate of shoreline change
(𝑑𝑑𝑥𝑥(𝑡𝑡)⁄𝑑𝑑𝑡𝑡 ) depends primarily on k and the difference between xeq(t) and x(t). It is this
difference that represents the disequilibrium, the sign of which indicates the direction the
resulting shoreline movement will take. The model was found to perform well on beaches
where the pattern of shoreline change was dominated by a strong seasonal signal, but poorly
when shorter timescale changes dominated (Miller and Dean, 2004).
The equilibrium models developed since that of Miller and Dean (2004) share the same
general structure, but differ in their choice of forcing terms, and the way they represent the
shoreline equilibrium. For example, in the model of Yates et al. (2009), the disequilibrium
is defined as the difference between the instantaneous wave energy, and that required to
maintain the shoreline at its observed position. Their model was developed and tested using
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five years of data from four sites in California, were it displayed reasonable skill at three
beaches with similar sedimentology and strong seasonal signals in their shoreline change
record. Nevertheless, like the model of Miller and Dean (2004) it failed to accurately predict
shoreline change at a fourth site, where there was a weak seasonal signal and coarser beach
sediments (Yates et al., 2009).
The ShoreFor model presented by Davidson et al. (2013) was developed and tested using
six years of video-derived shoreline data from two quite different Australian beaches: the
Gold Coast (intermediate-dissipative) and Narrabeen (intermediate). Key differences versus
the model of Yates et al. (2009) include the use of wave power instead of wave energy and,
fundamentally, the way disequilibrium is calculated. Acknowledging the effect that past
morphodynamic conditions can have on shoreline change, Davidson et al. (2013) calculate
disequilibrium as Ωeq - Ω. Similar to the modal Ω of Wright et al. (1985), Ωeq is calculated
as the weighted average of past Ω values. Weighting is controlled by a ‘memory decay’ term
(φ) which differs depending on the typical rate of shoreline response for the beach in
question (Davidson et al., 2013). Critically, this allowed the model to successfully describe
the patterns of shoreline change both at Narrabeen and the Gold Coast, despite response
rates operating on very different timescales, a task previous models have struggled with.
Despite their promise for predicting shoreline change over a range of timescales, equilibrium
shoreline models have several limitations. In particular, all those discussed incorporate
multiple free-parameters that need to be determined through tuning to an extensive
observational dataset. At most beaches however, shoreline data is more limited, so the
question remains as to how generally useful such models are as tools for predicting future
shoreline change. Splinter et al. (2014) attempt to address this by relating the site-specific
free-parameters of the ShoreFor model to more easily measured wave climate and sediment
size variables. To do this they calibrate and test the model on 12 sites with a range of wave
climates, morphodynamic states, sediment sizes, and tidal ranges. The eight sites where the
model performed well were subsequently used to determine a relationship between model
� ). Using this relationship,
free-parameters and the average dimensionless fall velocity (Ω
Splinter et al. (2014) present a model that can, they argue, be transferred to sites without
extensive datasets of shoreline measurements.
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The natural next step in the progression of the equilibrium approach is to evaluate the model
of Splinter et al. (2014) on a broader range of beaches. In particular, only one of the sites
� = 12.4), with a further two
where the model was tested is highly dissipative (North Head, Ω
� = 6.2; and Gold Coast Ω
� = 6.2).
near the intermediate-dissipative boundary (Truc Vert, Ω
ShoreFor, along with the model of Yates et al. (2009), was further tested at Truc Vert by
Castelle et al. (2014). Their key finding was effect that the choice of shoreline proxy has on
predictability, specifically that on a dissipative beach the mean high water contour provided
the best results (Castelle et al., 2014). Apart from these few examples, the ShoreFor model’s
efficacy in high energy dissipative settings has not been assessed. One site that may pose a
challenge for such models is the dissipative Ngarunui Beach, with its high-volume supply
of dense sediment and potentially complicated interactions with a nearby large ebb-tidal
delta. This research will therefore employ shoreline data extracted from the Cam-Era video
monitoring station at Raglan to evaluate the applicability of the ShoreFor model at Ngarunui
Beach.

2.6 Summary
Increasing our understanding of beach dynamics and developing the ability to reliably
predict change are central goals of coastal research. To achieve this requires the use of
monitoring approaches that capture beach change at sufficient spatial resolution and over a
range of timescales, in particular from weeks to years. It also requires models that are able
to replicate the multi-scale dynamics in a reliable way. This review has explored the promise
that new monitoring and modelling techniques hold, while also highlighting several poorly
explored aspects related to their use on dissipative beaches. Video monitoring has provided
researchers the ability to record beach morphology at unprecedented frequency, leading to
it being applied to a wide range of beach and nearshore problems. Methods devised for
assessing shoreline position have, however, struggled to provide accurate measurements in
more dissipative settings. Ngarunui Beach in particular, with its persistent groundwater
seepage and dark sand has proven problematic for existing detection routines. There are
potential solutions to these problems, however, that have not been explored in existing
research. Restricting shoreline detection to images taken at higher tidal stages, and
employing detection methods other than the simple intensity thresholds used so far may
yield better results. The large observational datasets produced by video shoreline monitoring
programmes have in turn played an important role in the development of a new set of
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equilibrium models that have shown promise in predicting change. The applicability of
equilibrium models has nevertheless not been thoroughly assessed for dissipative beaches
quite like Ngarunui.
Another new technique that has generated substantial interest, in this case as a means of
recording beach topography at very high resolution, is RPAS/SfM surveying. Flexible and
relatively accessible even for modest research budgets, RPAS/SfM has been demonstrated
to rival the precision and accuracy of existing technologies like TLS. There are nonetheless
unanswered questions regarding the ability of SfM to provide reliable results on smooth,
featureless surfaces such as sand. The issue is highly pertinent for beaches like Ngarunui,
where a very low gradient and fine black sand make for an especially smooth beachface.
The actual effect of such poorly-textured surfaces on the outputs of SfM has not been
assessed, nor has the degree to which it can be mitigated, such as through increasing image
resolution. This research will assess the applicability of the above methods for use in
dissipative beach settings by extracting six years of shoreline position observations,
conducting repeat RPAS/SfM surveys, and evaluating the performance of the ShoreFor
equilibrium model.
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3. Field Setting
This chapter provides a summary of key characteristics of the study site, Ngarunui Beach,
Raglan. The geomorphology and sedimentology of Ngarunui Beach is detailed first,
followed by a description of the west coast littoral system of which it is a part. The
hydrodynamic regime and wave climate of the area is also described. Finally a justification
for selecting this site is provided.

3.1 Geomorphology and sediments
Ngarunui is a high-energy, open coast beach near Raglan on west coast of the North Island
of Aotearoa/New Zealand (Figure 3.1). The beach is classed as dissipative (Ω = 11.0)
according to the model of Wright and Short (1984), is approximately 2.5 km in length, and
has a low gradient (1:70) featureless intertidal zone (Huisman et al., 2011). It is backed by
dunes and a steep escarpment and is bounded to the south by the rocky headland of Mt Karioi.
To the north the beach curves into the Whāingaroa Harbour, seaward of which sits a large
ebb-tidal delta. Beach sediment is fine sand (0.2 mm) consisting of large proportions of
dense (3535 kg m−3) iron-bearing minerals, predominantly titanomagnetite (Harrison et al.,
2017).

3.2 West coast littoral system
The west coast of the North Island represents a single large littoral system stretching from
Taranaki 180 km south of Raglan, to Kaipara Harbour 160 km to the north. The iron-rich
sand that dominates the coast near Raglan is largely sourced from the andesitic volcanoes of
the Taranaki region (Brathwaite et al. 2017). Estimates of longshore transport volumes on
the west coast vary widely from 175,000 to 5.0 × 106 m3 /yr (Hicks and Hume, 1996; Hume
et al., 2003), the particular dynamics of which are poorly understood. Studies at other
beaches along the west coast have documented periods of accretion and erosion that are out
of phase or poorly correlated with climatic variability (King et al., 2006; Blue and Kench,
2017). One suspected explanation for this sort of behaviour is fluctuations in the volume of
alongshore drift caused, for example, by the episodic release of sand from the large ebb-tidal
deltas that exist along the west coast. Elsewhere, large volumes of sediment have been
observed being transferred from deltas to adjacent beaches, creating ‘slugs’ of sand that
migrate alongshore causing accretion (and then erosion) as they move along the coast
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(FitzGerald et al., 2000). The paucity of research on the nature of west coast sediment
transport means that the extent that such sand slugs play a role in shoreline change at
Ngarunui Beach is unknown. This makes the site an interesting, but challenging, location on
which to understand patterns of shoreline change.
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Figure 3.1. North Island (A) and its west coast (B) with black arrows depicting direction of net alongshore
transport (Brathwaite et al., 2017). Ngarunui Beach, Raglan (C) with Cam-Era field of view depicted by black
dashed lines (Harrison et al., 2017). Study area used for RPAS/SfM surveying shown by white rectangle. Aerial
imagery from Land Information New Zealand (2017).

3.3 Hydrodynamic regime
The climate along the west coast of Aotearoa/New Zealand is dominated by the prevailing
westerly winds, and ocean swells generated in the Tasman Sea and Southern Ocean (Pickrill
and Mitchell, 1979). Wave hindcast data for 2009–2016 indicates that swell 15 km offshore
(50 m depth) was highly dominated by waves from the south-southwest (Figure 3.2). Mean
significant wave height (Hs) for the period was 2.1 m and average peak period (Tp) was
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12 sec. The maximum wave height was 7.6 m, occurring on 17th September 2010. Large
swell events occur most during winter and spring (June–November) with, for example, an
average of 5 events per year in which Hs surpasses 5 m (Figure 3.3). Tides are semi-diurnal
with ranges of 2.5 to 3.5 m (spring) and 1.2 to 2.0 m (neap).
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height for Ngarunui Beach, 2009-2016.

3.4 Justification for site selection
Ngarunui Beach represents a challenging test case for exploring the limits of video-based
shoreline measurement, RPAS/SfM surveying, and equilibrium models. Video monitoring
has not been thoroughly tested on very low gradient beaches, nor on dark sand such as that
found on the west coast. It is also uncertain what effect the fine sand and smooth beach will
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have on the quality of the SfM-produced data. Such beaches have also not been well
explored as candidates for the use of equilibrium models. Furthermore, although there are
reports of both episodic and ongoing shoreline erosion over the last seven years, there have
been no published analyses of change at Ngarunui Beach. For instance, in 2011 a new surf
lifesaving tower was built landward of the old site due to undercutting of foundations, and
was again threatened by storm erosion in 2015 (Symes, 2015; Thomas, 2015). Since 2007
the beach and nearby ebb-tidal delta have been monitored with a Cam-Era video system
funded by the Waikato Regional Council and managed by the National Institute of Water
and Atmospheric Research (NIWA). The data recorded by this system includes half hourly
timex images of the beach and surf-zone. Datasets of such length are rare worldwide, yet
this one has never been utilised for investigating shoreline change.
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4. Methods
This chapter details the three methods that are being assessed in this research, and is split
into four sections. The first section of this chapter (4.1) details the shoreline measurement
process used. Included is a description of the video data itself, the methods used to calculate
the total water level, and the specific shoreline detection technique applied. Section 4.2
offers a description of the procedures employed to create beach DSMs, including aerial
surveying and ground control planning, SfM photogrammetry, and quality assessment.
Section 4.3 describes the analyses used to relate shoreline change to wave forcing, including
comparisons of storm power to shoreline movement. The final section (4.4) presents the
ShoreFor equilibrium model and details the tests that were undertaken using it.

4.1 Shoreline measurement using video data
The process employed for extracting shoreline information from video imagery was
undertaken in Matlab using and modifying scripts developed at NIWA 1. The process is
depicted in Figure 4.1, and a detailed description of the data sources and key steps is
provided below.

Figure 4.1. Flowchart of the video shoreline detection process.

4.1.1 Cam-Era archive
Fundamental data requirements for video shoreline measurement are images of the beach in
which the shoreline can be detected, and water level information that is concurrent with the
images. The Cam-Era video archive for Ngarunui includes time-stacks of pixel values for

1

Shoreline detection scripts created and supplied by Michael Allis at NIWA
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several cross-shore transects, together with snapshots and timex images of the entire beach,
recorded at 30-minute frequency. This study utilises the timex images, each of which is the
average of 600 snapshots captured over a 10-minute window (for a detailed description of
the full suite image products from similar video systems, refer to Holman and Stanley, 2007).
The Cam-Era system has suffered the occasional outage since it began operating in 2007,
the longest of which was from June 2015 to January 2016. Furthermore, because the wave
data employed for water level calculations (see section 4.1.2) begins January 2009, the total
selection of images analysed in this research covers just the period from 1st January 2009 to
30th May 2015.

4.1.2 Water level calculation and image selection
On a low-gradient beach the position of the shoreline changes substantially as the water level
moves up and down the beachface. For instance, a typical beach gradient at Ngarunui is 1:70,
and with spring tidal ranges of 2.5–3.5 m the shoreline can thus move up to 250 m over a
tidal cycle. Therefore, in order to track shoreline changes over the long term, it is necessary
to know the water level at the time that each measurement is made. In particular, the water
level must be the same for every shoreline observation in order to provide a record of
shoreline changes due to erosion or accretion. The water level at the shoreline is the sum of
several factors, notably tidal fluctuations, wave breaking induced setup, swash runup, and
barometric pressure induced storm surge. While it is common to directly measure offshore
water level and waves, assessing wave setup and swash excursion is more difficult, and
theoretical estimations are often used instead (see, for example, Plant and Holman, 1997 and
Aarninkhof et al., 2003). At many sites, particularly in Aotearoa/New Zealand, long-term
water level records are rare, therefore this research instead uses wave and tide hindcast
models. The total mean water level (TMWL) is calculated as the sum of the tidal stage and
wave setup. Tide data is modelled for a grid point 750 m directly offshore, and a wave
hindcast for 14 km offshore (50 m depth), covering the period 2009-2016, is provided by
NIWA 2 . Wave setup (𝜂𝜂) is calculated using the formula of Stockdon et al. (2006) for
dissipative beaches:
𝜂𝜂 = 0.016(𝐻𝐻0 𝐿𝐿0 )1/2

(3)

2
Wave hindcast produced by Richard Gorman, as a part of the NIWA wave and storm surge projections
(WASP) project.
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where H0 and L0 are deep water wave height and wavelength, respectively. Neither storm
surge nor swash excursion are considered in calculations of total water level, which is a
limitation of the present research.
Previous research has highlighted the difficulty groundwater seepage poses for accurate
detection of the shoreline at Ngarunui (Huisman et al., 2011; Simarro et al., 2015). In
particular, Huisman et al. (2011) found that as the tide falls the shoreline and groundwater
seepage line tend to decouple, resulting in potential landward biasing of measurements that
use the wet-dry boundary as a proxy for the shoreline. Eliminating the issue of decoupling
would require using only images taken at high tide, when the seepage–shoreline difference
is zero. However, the difference between spring and neap high tides can be large (up to
1.2 m), which poses a problem for monitoring the mean shoreline position. The compromise
employed in this investigation is to use images that coincide with a water level of 0.5 m on
the rising tide only, which Huisman et al. (2011) indicate should keep decoupling to close
to the minimum. This sampling frequency is able to provide up to daily observations from
which shoreline change could potentially be assessed at a range of timescales.

4.1.3 Shoreline detection
Automated shoreline detection was attempted on all timex images taken within 15 minutes
of the target water level. First, the oblique images were georectified into planform view and
rotated 59° so that alongshore and cross-shore distances aligned with x– and y–dimensions
respectively. Detection methods that rely on peaks or threshold in the cross-shore pixel
intensity profile perform poorly on Ngarunui’s dark sand (Huisman et al., 2011; Simarro et
al., 2015). Other image proxies for the shoreline include the trough between clusters of
pixels in the HSV domain (Aarninkhof et al., 2003), and the sudden change in the ratio of
red to blue light emitted by sand compared to water (Smith and Bryan, 2007). The method
used in the present research detects the boundary between the wet and dry beach using a
threshold of 20 percent of the range of the product (P) of red, green, and blue (RGB) pixel
values along a cross-shore transect. For example, for a given transect the shoreline is
considered to be found if:
𝑃𝑃 ≤ 0.2(𝑃𝑃𝑚𝑚𝑚𝑚𝑑𝑑 − 𝑃𝑃𝑚𝑚𝑚𝑚𝑚𝑚 )

(4)
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where P = R×G×B and Pmax and Pmin are the maximum and minimum values to occur along
that transect. In a series of trial and error tests the technique was found to perform more
consistently on the dark sand than ratios or other combinations of RGB values (M. Allis,
personal communications, 16th February, 2017). The detection algorithm is applied to the
rotated image matrices, identifying the first pixel in each column to pass the threshold as the
location of the shoreline at that point (Figure 4.2). The detected shoreline is smoothed
alongshore, and outlier positions removed using a 100 pixel moving average filter, then
manually checked and edited to correct remaining spurious detections. The final shoreline
contour is recorded in meters across-shore from an arbitrary datum, in this case the bottom
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Figure 4.2. Illustration of shoreline detection using a threshold of the product of RGB pixel values. White
lines highlight example columns in which the threshold search is conducted, and the other vertical lines denote
the magnitude to RGB pixel values and their product along those columns. Orange line is combination of
detected shoreline pixels in every column.
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4.2 RPAS surveying and Structure-from-Motion
The workflow used for RPAS/SfM surveying (Figure 4.3) is adapted from Westoby et al.
(2012). The following paragraphs describe in detail the steps involved.

Figure 4.3. RPAS/SfM workflow, from field campaign planning to DSM output.

4.2.1 Aerial photography campaigns
A potential issue with applying SfM at Ngarunui is that its fine dark sand and smooth
beachface can make for a relatively featureless surface. Indeed, initial test flights in the early
stages of this research produced point clouds and DSMs with spurious noise and localised
distortion, or doming, of the surface models in the areas between GCPs (Figure 4.4).
Therefore the RPAS/SfM portion of this project was divided into two stages. The first stage
consisted of a series of aerial campaigns conducted at different flying heights in order to
evaluate SfM performance and determine whether the above quality issues could be
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Figure 4.4. Initial SfM-derived surface model displayed in shaded relief (A) with poor quality area highlighted
with red dashed line. Note the position of the GCPs (white circles) within this area, and the doming
effect visible as patches of red or blue in
ai
a
ap (B).
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In practice, the ability of SfM software to detect surface features is largely dependent on the
ground resolution, or ground sampling distance (GSD), of the input images (Agisoft, 2015).
A potential issue arises when using the technique on more uniform beaches, where surface
features may be smaller than the GSD and therefore would not be resolvable. In theory, the
issue is mitigated by employing a lower flying height, ensuring the necessary image texture
for SfM to operate reliably. However, lowering the flying height also reduces coverage,
making surveys of large areas logistically challenging given limited RPAS battery capacity.
Thus for most research campaigns, a compromise between resolution and coverage area
must be made. To determine the optimum flying height for Ngarunui Beach, three test flights
were conducted (at 40, 50, and 60 m) to explore the quality of the DSMs that could be
produced using different flying heights. Informed by these tests, the second stage of this
portion of the research involved a series of four repeat surveys were conducted to monitor
beach change over a seven week period in July and August 2017.

4.2.1 Ground control
For each RPAS flight 15 high-contrast canvas GCPs were evenly distributed across survey
site (Figure 4.5) and surveyed with a Trimble R10 RTK-GPS using New Zealand Transverse
Mercator 2000 (NZTM2000) projected coordinate system. GPS surveys were calibrated
using four benchmarks surrounding the survey site. In addition to GCPs, for the test flights
28 check marks and 5 cross-shore profiles were also surveyed for the purpose of assessing
the accuracy of the SfM generated DSMs.
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Figure 4.5. Survey area (black rectangle) and layout of ground control marks, check marks, and transects.
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4.2.2 Structure-from-Motion process
The SfM software Photoscan Pro, by Agisoft, is employed for producing point clouds and
DSMs from the photo datasets. The key steps employed here as a part of this workflow are
as follows (for a detailed description, see Casella et al., 2016).
1. Photo quality control, including removal of blurred images and masking of swash.
2. Camera alignment, in which initial tie points are detected and internal and external
orientation are calculated via bundle adjustments.
3. Removal of low accuracy tie points and optimisation of camera alignment.
4. Georeferencing and re-optimisation of camera alignment using GCP coordinates.
5. Dense point cloud generation (uses Multi-View Stereo).
6. Removal spurious points and export of DSM.

4.2.3 DSM quality assessment
Both quantitative and qualitative assessments were conducted to evaluate the quality of
DSMs generated from the surveys at different flying heights. The quantitative method is
based on that of Barry and Coakley (2013), central to which is the use of check points that
have not been employed in the optimisation of the SfM point cloud. Surveyed check point
elevations are compared with those extracted from the output DSM to compute residuals.
The overall vertical root-mean-squared-error (RMSE) for residuals is calculated using:

2
∑𝑛𝑛
𝑖𝑖=1 𝑟𝑟𝑖𝑖

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �

𝑚𝑚

(5)

where ri denotes the residuals and n is the number of check points used. The key limitation
of this method is that does not represent the amount of absolute error in the elevation model,
but the amount relative to the measured GPS coordinates.

4.2.4 Repeat survey DSMs-of-Difference
Repeat surveys were assessed for morphological change using DSMs-of-Difference (DoD)
produced with the Geomorphic Change Detection (GCD) add-on for ArcMap 10.3.1
(Wheaton, 2015). A simple minimum level of detection threshold, based on the sum of
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squared RMSE values for each DSM input, was used to reveal only changes greater than the
overall level of error.

4.3 Relating shoreline changes to wave conditions
Analysis of shoreline change over a range of timescales (from daily to seasonal) and its
relationship to wave conditions was completed using Matlab. Daily to weekly changes
resulting from storms was undertaken following the methods of Masselink et al. (2014). An
extension of a simple peaks over threshold approach, the method is designed to account for
multi-peaked storms and storm clusters. Two wave height thresholds are used, an upper one
that defines storms of interest, and a lower one, the crossing of which indicates the start and
end of each event (Figure 4.6). For this research the lower threshold was defined as the 75th
percentile of Hs, 2.6 m, while multiple upper thresholds from 3 to 6 m were explored.

6
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4
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Storm duration

2
1
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Jun 23

Jun 26

Jun 29

Jul 02
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Jul 08

Jul 11

Jul 14

Jul 17

Date

Jul 20
2011

Figure 4.6. Dual threshold approach to storm detection applied to a multi-peaked storm in July 2011. Where
Hs rises above and falls below the lower threshold defines the start and end of the storm, respectively. The July
storm is therefore considered a single event, despite multiple peaks above the upper threshold (6 m). Events
that do not exceed 6 m (e.g. June 25-27, June 29) are excluded.

The method also specifies a minimum time that must separate storms for them to be
considered independent events, thereby grouping closely clustered events. Other research
has employed minimum separations ranging from 30 hours (Almeida et al., 2012) to 72
hours (Mendoza et al., 2011). As a middle ground, 48 hours was used in this analysis. To
account for the influence of both wave height and the storm duration, the magnitude of each
event is calculated as storm power index (Ps), following Karunarathna et al. (2014):
𝑃𝑃𝑃𝑃 = 𝐻𝐻𝑠𝑠 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚2 𝐷𝐷

(6)
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where Hsmean is the mean significant wave height for the storm, and D is its duration in
hours. To minimise the effect of individual shoreline measurement errors, pre- and poststorm shoreline positions were defined as the mean of the three observations nearest to, but
not during, each storm.
Relationships between shoreline change and wave conditions over timescales both shorter
and longer than individual storms were also considered. Magnitudes and rates of change
were calculated between individual shoreline observations (~daily), month to month, and
from one season to the next. Shoreline changes were then compared with various measures
of wave conditions across the same period, including average Hs, wave energy, and
longshore wave energy flux. All tests were repeated for three different 300 m sections of
beach for which shoreline positions were averaged alongshore to remove variability (Figure
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Figure 4.7. All analyses of shoreline change conducted on data that was first averaged alongshore for three
300 m sections (south, central, and north).

4.4 Equilibrium modelling
Recent progress in equilibrium modelling has demonstrated it to be relatively effective at
hindcasting shoreline change over weekly to multi-year timescales. In particular, the
ShoreFor model (Davidson et al., 2013) was demonstrated to work on beaches dominated
either by seasonal change (Gold Coast) or storm response (Narrabeen). Furthermore,
ShoreFor displayed significant skill (Table 4.2) when applied at a range of beaches with
different morphologies, tidal ranges, and wave climates (Splinter et al., 2014). Because of
the accuracy demonstrated, and the availability of a graphical user interface (GUI), the
ShoreFor model is employed in the present research.
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Table 4.1. Accuracy assessment results for the ShoreFor model for multiple beaches. Adapted from Splinter
et al. (2014)
Site

Exposure

Ω

Tide range (m)

d50 (mm)

BSS

North Head, WA

Open coast

12.4

2.3

0.2

0.85

Truc Vert, France

Open coast

6.2

3.7

0.3

0.83

Gold Coast, QLD

Open coast

6.2

1.5

0.25

0.80

Ocean Beach, CA

Open coast

5.2

1.83

0.3

0.80-0.81

Duck, NC

Open coast

5.1

1.2

0.2-0.3

0.68

Semi-embayed

3.1-4.1

2

0.4

0.70-0.78

Narrabeen, NSW

Note. Results are for model runs whereby calibration was performed using entire datasets. Brier Skill Score
(BSS) definitions: 0.0-0.3 = Poor, 0.3-0.6 = Fair, 0.6-0.8 = Good, and 0.8-1.0 = Excellent.

Unlike the simpler forcing-response analyses described in section 4.3, equilibrium models
like ShoreFor consider the previous state of the beach in their predictions. In particular, the
rate and direction of shoreline change is calculated as the product of the continuously
varying wave forcing, and evolving disequilibrium between instantaneous and average state
of the beach:
𝑑𝑑𝑑𝑑
𝑑𝑑𝑡𝑡

= 𝑏𝑏 + 𝑐𝑐 ± 𝑃𝑃0.5 �Ω𝑒𝑒𝑒𝑒 (𝑡𝑡) − Ω(𝑡𝑡)�

(7)

where dx/dt is the time-varying shoreline position, P is incident wave power (the key forcing
term), c is a model free parameter that sets the shoreline response rate for deposition (c+)
and erosion (c-), and b is a linear trend term used to account for any long-term processes not
considered directly by the model. Ω(t) is the time-varying dimensionless fall velocity, and
Ωeq(t) is the equilibrium term, which is the weighted average of antecedent Ω values:

(8)

where φ is the ‘memory decay’ parameter. The varying response rates exhibited by different
beaches are accounted for in Ωeq(t) by the inclusion of φ, which controls how antecedent Ω
values are weighted when averaging. All free parameters (b, 𝑐𝑐 ± , 𝜑𝜑) are determined during
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calibration using a least squares optimisation. In the present thesis the ShoreFor model was
applied to alongshore averaged shoreline positions for the same three sections of beach as
the previous analyses. Two calibration modes were used, first calibrating to the full data
from each section to provide an overall picture of the model’s skill, and secondly, calibrating
to the first half of the data only to test the model’s ability to predict change.
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5. Video Shoreline Detection Results
This chapter presents the results of the video shoreline detection undertaken for Ngarunui
Beach. Section 5.1 details the data that was extracted and presents the resultant multi-year
shoreline record, highlighting key features and patterns that are evident. Sections 5.2 and
5.3, respectively, explore the patterns of short-term (daily-weekly), and medium- to longterm (monthly-seasonal) change revealed by the record. Lastly, a summary of the key
findings for this this chapter is provided in section 5.5.

5.1 Shoreline position record
The Ngarunui Beach Cam-Era system captured 55,038 timex images between January 2009
and May 2015. Of those images, 1,969 were within 15 minutes of the target water level of
0.5 m above MSL (rising tide only). Poor visibility due to inclement weather, and occasional
camera outages reduced the number of successfully extracted shorelines to 1,691 (Table 5.1).
The automatic routine by itself was only partly reliable, with the majority of shorelines
requiring some degree of manual correction to remove spurious detections. Overall,
shorelines were extracted from 91 percent of images with, on average, one observation every
1.4 days. The complete shoreline record is presented in Figure 5.1. The extracted shoreline
record reveals several important features, such as an overall erosional trend and substantial
inter-annual and alongshore variability. From 2009 to 2012 the beach was largely in an
accreted state relative to the long-term mean, after which there was a general shift towards
more eroded positions. The pattern of change at Ngarunui is not alongshore uniform,
however, with the northern and southern ends experiencing net erosion of approximately
80 m, whereas the middle of the beach has eroded by around 50 m.
Table 5.1. Summary of timex images captured and shorelines extracted from 2009–2015.
Year

Images processed

Shorelines extracted

Success (%)

2009

283

254

90

2010

294

275

94

2011

309

282

91

2012

262

219

84

2013

292

281

96

2014

284

259

91

2015 (Jan–May)

127

121

95

Total

1851

1691

91
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Figure 5.1. Surface plot (A) displaying the 2009–2015 shoreline position record in two dimensions, with each
coloured vertical line representing a single observation. Hot colours indicate more seaward (accreted) positions
relative to the long-term mean, and cold colours more landward (eroded). Area within the black rectangle is
shown in greater detail in Figure 5.2. Dashed lines indicate alongshore ranges that were averaged to create
one-dimensional time series (B–D), in which grey lines are the raw positions and black lines provide a 120observation moving average. Offshore significant wave height (Hs) is displayed in (E).
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5.2 Sand pulses and migrating waves
Critically, the results also reveal the presence of alongshore migrating ‘waves’ in the
shoreline that appear as diagonal bands of colour in surface plots. To highlight these waves
a low-pass filter (40-day moving average) is applied to the shoreline record along the time
dimension. In the resulting shoreline dataset (Figure 5.2) short-term variability is removed,
while preserving alongshore variability, thereby highlighting the progression of waves
alongshore. One such wave, several hundred meters in length, can be clearly seen moving
northward from around the 1400 m point at approximately 4 m/day in 2010 (see inset, Figure
5.2). Most waves first appear on the northern half of the beach, nearer to the ebb-tidal delta,
before slowly dispersing while propagating northward, in line with the direction of
longshore drift.
The southern half of the beach also exhibits fluctuations in shoreline position, but mostly
these are larger, longer-term patterns. For example, two large accretionary events spanning
several hundred metres alongshore occurred during the summers of 2009/2010 and
2010/2011. In 2012 there is a change to an overall eroded state at the southern end, after
which a large erosive feature can be seen moving back and forth alongshore. The presence
of localised pulses and waves in the shoreline record is important for understanding the
behaviour of Ngarunui Beach. Specifically, it indicates that shoreline change occurs not only
in response to wave forced cross-shore sediment transport, but also fluctuating sediment
supply and alongshore transport. The effects of such sediment dynamics are addressed in
Chapter 7, in which changes in the shoreline are related to wave conditions.
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Figure 5.2. Alongshore migrating sand waves at Ngarunui Beach. Complete record (A) after temporal
smoothing (40-observation moving average) applied. Arrows highlight the direction of several waves. Inset
(B) displays an example wave migrating northward along the beach from January to June 2010, with black
dashed lines indicating selected observations plotted in planform view (C).
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5.3 Shoreline seasonality
In addition to the short-term shoreline movements, there are fluctuations that appear
seasonal in scale, superimposed on a long-term erosive trend. Accumulating and averaging
shoreline positions by month for the entire period reveals a weak seasonal signal that varies
depending on alongshore location (Figure 5.3). To the north an accreted state tends to occur
from summer until winter, followed by erosion in spring. Meanwhile the south accretes
through summer and autumn, then erodes through winter and spring, largely in coherence
with the seasonal wave climate. Critically however, the summer–winter difference in
position is generally small (< 10 m) compared to monthly standard deviations of 10-40 m,
indicating a very subtle seasonality that is overshadowed by higher frequency variability.
The monthly standard deviations also reveal greater variability in the north (S.D. 30-40 m)
and south (S.D. 20-30 m) compared to the more stable central beach (S.D. 10-20 m). At both
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Figure 5.3. Surface plots of monthly mean shoreline positions (A) and standard deviations (B). Hot colours
indicate more seaward (accreted) positions and cold colours more landward (eroded), relative to the long-term
mean. Note the different colour scales for mean and standard deviation. Significant wave height monthly means
and standard deviations also shown (C).
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5.4 Short-term (daily-weekly) variability
In addition to alongshore variability, the data highlights substantial temporal fluctuations at
daily-weekly timescales. This is most evident when viewing the data as a one-dimensional
time series (as in Figure 5.1, plots B-D). Understanding the nature of these fluctuations, and
whether they represent genuine change, or some form of error, is important if relationships
to wave forcing are to be investigated. Some variability could be due storm response,
however, its presence during relatively calm periods suggests that error is also an important
factor. For instance, Figure 5.4 shows daily-weekly fluctuations of 10-20 m throughout
February 2012, during which wave heights remained low (Hs ≈ 1 m ).
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Figure 5.4. Example of typical short-term variability in the shoreline record (south section) during a period of
relatively low wave energy.

Power spectral density (PSD) analysis of the shoreline data reveals that some fluctuations in
position occur at consistent frequencies (Figure 5.5). The highest power values occur at low
frequencies (< 3 cycles/year) and represent large events and longer-term changes such as the
possible seasonality described in section 5.3. There are also two smaller, yet prominent,
peaks at approximately 13 and 25 cycles/year. This corresponds to periods of around 2 and
4 weeks, respectively, and is consistent with the major fortnightly and monthly fluctuations
in the tidal cycle. The existence of such signals in the shoreline record is important as it
suggests a potential tidal bias in the shoreline measurements.
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Figure 5.5. Spectra of alongshore-averaged shoreline position and Hs (A), and an example of coherence
between the spring-neap tidal cycle and shoreline position (B). Spectra has been smoothed using a low-pass
filter to highlight major peaks such as those at 13 and 25 cycles/year (periods of 28 and 14 days, respectively).

There is also a general coherence between the shoreline and wave height spectra, and while
some similarity would be expected given that wave forcing is a fundamental driver of
shoreline change, it is possible that other biases are at play. This is further examined by
comparing shoreline positions to Hs values for the exact same times, which reveals a clear
tendency for more landward (eroded) shoreline positions when wave height is high (Figure
5.6). However, shoreline movement due to erosion should lag changes in wave height, so a
correlation between instantaneous Hs and position would not ordinarily be expected
(Alexander and Holman, 2004). This suggests that high waves are causing the shoreline
appear more eroded than it is, possibly as a result of wave setup induced water level increases
not being well accounted for.
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Figure 5.6. Shoreline positions versus instantaneous significant wave height for three alongshore-averaged
sections of beach. Positions are consistently landward whenever wave height is high, indicating a potential
bias in the shoreline record.

5.5 Summary: video shoreline results
The extraction of shoreline positions from Cam-Era imagery yielded a dense record of
change for Ngarunui Beach, from which several important findings have emerged. Firstly,
automated detection of the sort employed is not sufficient on its own for reliably measuring
shorelines at Ngarunui Beach. Frequent partial or complete failure to resolve the wet-dry
boundary meant that manual correction of the shoreline was usually necessary. Second, the
resultant record of shoreline positions revealed substantial change, with around 50-80 m of
erosion overall between January 2009 and May 2015, particularly at the northern and
southern ends of the beach. Third, short-term variability was prevalent throughout the
record, some of which was revealed to be error potentially caused by tidal and wave setup
biases affecting the apparent position of the shoreline. Lastly, despite the error, spatial
variability was clearly evident with large episodic localised changes in the south and
frequent alongshore migrating sand waves in the north.

47

6. RPAS/SfM Survey Results
This chapter presents the results of multiple RPAS/SfM surveys undertaken on Ngarunui
Beach. Section 6.1 examines the results from exploratory surveys conducted to determine
the effect of flying height on the quality of SfM-derived DSMs. The results of
rp i

a

d

i

i

i

r

DoD

for a series of four

repeat surveys, performed over a six week period in July and August 2017, are presented
in section 6.2.

6.1 Flying height tests
As discussed in section 4.2.1, RPAS/SfM surveys were conducted at flying heights of
40, 50, and 60 m. Five RTK-GPS profiles were measured, as were 15 GCPs, and 28
independent check points. A summary of the resolution and accuracy of the resultant
DSMs is provided in Table 6.1. Overall RMS errors, computed from residuals between
check point and DSM elevations, ranged from 1.64 to 2.79 cm. Given the dependence of
SfM on point matching of small textural details between photos it was expected that
lower altitude flights, which yield higher ground resolution images, would have the
lowest error. However, the survey with the lowest RMSE was that with the greatest flying
Table
6.1. Resolution and accuracy of SfM-derived DSMs from exploratory surveys.
height (60
m).
DSM resolution

Check point elevation

Flying height (m)

Image GSD (cm)

(cm)

RMSE (cm)

40

1.71

4.0

1.89

50

2.14

5.0

2.79

60

2.57

6.0

1.64

Note. RMSE values calculated from elevation residuals between RTK-GPS check point
measurements and SfM-generated DSMs.

Check point residuals from all test flights exhibited a spatial pattern, with the individual
errors increasing with lower beach elevations (Figure 6.1). RTK-GPS profile measurements
followed a similar patter to the check points, but with an additional increase in DSM error
(up to 48 cm) in the region of the vegetated foredune. The decrease in DSM quality at lower
elevations is readily apparent as a rougher surface in what should be the smooth intertidal
zone (Figure 6.2). The effect is similar to that observed in the failed initial surveys (see
Chapter 4.2) and while all three DSMs exhibit this issue, it is qualitatively worse overall for
the highest altitude survey.
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Figure 6.1. Check point (A) and profile (B) residuals versus elevation for all three tested flying heights.
Positive values represent DSM elevations higher than those recorded with RTK-GPS. Shaded area indicates
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Figure 6.2. Elevation artefacts in DSMs from 40, 50, and 60 m surveys. Top panels show shaded relief view
of the same cross-shore slice of beach, from dunes to swash limit. Lower panels are a zoomed view of the
artefacts that occur in the intertidal zone, with a colour scale to highlight effect on elevation values.
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6.2 Repeat surveys and DSMs-of-Difference
Four aerial surveys, each approximately two weeks apart, were conducted in July and
August 2017. Flying height was set to the minimum that allowed the entire six hectare study
area to be covered in a single flight (40 m). The resulting images had a GSD of 17 mm,
whereas output DSMs had a resolution of 4 cm. As with the previous test flights, there were
quality issues with the final DSMs, in particular the aforementioned roughness in the lower
intertidal zone. Also, residuals between DSM-derived elevations and those recorded in the
RTK-GPS profiles once again indicated greater error in the vegetated foredunes. Due to
these issues, the subsequent change detection analyses are restricted to the area between the
edge of vegetation and MSL.
DoDs revealed that erosion was the dominant mode of change, both between each survey
and for the study period overall. Total net erosion for the 484 m stretch of beach ranged from
0.7 m3/m to 7.0 m3/m (Table 6.2). There was also considerable alongshore variability in
change with opposite modes dominating at either end of the study area for the first (4-Jul to
19-Jul), and last (5-Aug to 22-Aug) periods (Figure 6.3).

Table 6.2. Volumetric change between SfM-derived DSMs from four surveys.
Total net
3

3

3

Alongshore volume

Period

Erosion (m )

Deposition (m )

change (m )

change (m3/m)

4-Jul to 19-Jul

1,150 ± 301

815 ± 280

-335 ± 412

-0.7 ± 0.9

19-Jul to 5-Aug

3,940 ± 602

559 ± 142

-3,382 ± 618

-7.0 ± 1.3

5-Aug to 22-Aug

1,773 ± 401

1,213 ± 283

-560 ± 491

-1.2 ± 1.0

4-Jul to 22-Aug

5,044 ± 670

520 ± 148

-4,523 ± 686

-9.3 ± 1.4

Note. Last row is the total change across the full study period (between first and last surveys). Margins
of error are based on the proportion of area in each survey for which changes fell below the minimum
threshold of detection (3 cm).
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6.3 Summary: RPAS/SfM survey results
Results from the RPAS/SfM surveys at Ngarunui Beach reveal several important insights,
both about the use of the technique in such a setting, and the nature of change that can occur
there. For example, poor DSM quality in the intertidal zone was unavoidable and worsened
at greater flying heights. Additionally, the method was unable to accurately reconstruct the
topography of vegetated dunes, producing elevations up to 48 cm higher than RTK-GPS
surface measurements. Nevertheless, for the upper beach performance was good, with check
point residuals typically less than 2 cm and minimal discernible surface noise. Repeat
surveys at a flying height of 40 m subsequently provided reliable measurements of elevation
changes ranging from 3–60 cm, at 4 cm horizontal resolution. Erosion was the dominant
mode of change recorded over the six week study period, at up to 7 m3/m alongshore. Change
was often non-uniform across the site, however, highlighting the complexity of sediment
motions occurring even at the relatively small scale examined in these analyses.
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7. Shoreline Response to Wave Forcing Results
This chapter presents the results from a comprehensive investigation of the shoreline change
documented in the previous two chapters, and its relationship to offshore wave conditions.
The first section (7.1) describes the shoreline subsampling procedures undertaken to remove
potential biases from the video shoreline record. The next two sections (7.2 and 7.3) report
on the search for wave forcing/beach response relationships, with short-term (storm-weekly)
changes investigated first, followed by medium- to long-term (monthly-multiyear)
behaviour.

7.1 Shoreline subsampling
In Chapter 5 it was revealed that the shoreline record included likely biases related to the
spring-neap tidal cycle, and wave setup during high energy conditions. Unless taken into
account, these systematic errors would impact on attempts to relate shoreline change to wave
forcing. Therefore, the full record of 1,691 shoreline observations was subsampled to
produce two smaller datasets in order to minimise such error (Figure 7.1). First, the data was
reduced to include only those shoreline measurements taken when the tidal range was within
0.2 m of the long-term mean (2.4 m). As a result, the spectral peaks related to the springneap cycle in the original data are completely removed in the new dataset of 435
observations, indicating that the subsampling process was effective. Following Davidson et
al. (2013), a second subset was created by selecting only the shorelines measured when
Hs < 1.5 m. Comparison of the wave heights with the remaining 627 observations indicates
that this procedure was also successful at removing the previously identified bias. The
following analyses are applied to the full shoreline record in addition to each subsampled
dataset.
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Figure 7.1. Results of shoreline subsampling. (A) Spectra of shoreline positions for original record and
subsampled dataset of observations within 0.2 m of mean tidal range. The peaks at 13 and 25 cycles/year in
the original data have been eliminated in the subsampled data. (B) Scatter plot of shoreline positions (whole
beach) versus instantaneous Hs for subsampled observations corresponding to Hs values under 1.5 m only. (C)
and (D) are time series of shorelines positions from subsampled datasets.
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7.2 Short-term (storm-weekly) shoreline response
The results presented in this section are for analyses of wave/shoreline relationships
operating over timescales ranging from that of individual storms to several weeks. Response
to individual storm events is evaluated by comparing the storm power index (Eq. 6) for each
event to the measured shoreline change that resulted. Tests were repeated for four different
storm thresholds (3, 4, 5, and 6 m) and all datasets (full and subsampled) were analysed.
Results for all storms over 3 m are presented in Figure 7.2. Surprisingly, no overall
relationship between storm power and shoreline change was evident for any beach section
or dataset. Similarly, tests employing other thresholds failed to reveal any correlations (see
Appendix).
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In addition to analyses of individual storm events, shoreline change was also compared to
wave conditions on a ‘per-observation’ basis. The rate of change in shoreline position
between consecutive observations (in metres per day) was compared with mean wave energy
for the equivalent period (Figure 7.3). As with the storm-based analyses, no correlation was
visible, with high-energy conditions seemingly just as likely to result in accretion as erosion.
Likewise, no correlation exists between shoreline change and the directional component of
wave energy, the longshore wave energy flux (Figure 7.4).
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7.2.1 Changes revealed by RPAS/SfM surveying
Fortnightly RPAS/SfM surveys conducted at Ngarunui also captured short timescale
volumetric changes. Mean significant wave height and direction over the whole survey
period (4-Jul to 22-Aug) was 2.2 m (S.D. = 0.8 m) and 260° (S.D. = 32.3°) respectively.
There were two major high-energy events (> 4 m), with one occurring in each of the first
and second periods (Figure 7.5 and Table 7.1). In contrast to the video-derived shorelines,
RPAS/SfM revealed clear volumetric change and a relationship with wave forcing. The
greatest volume of erosion, and net change, occurred during the second period, coincident
with peak Hs, maximum tidal range, and maximum longshore wave energy flux from both
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the north and south. In contrast, the mean significant wave height between surveys was
highest during the third period at 2.4 m.
Table 7.1. Summary of volumetric change and wave conditions between RPAS/SfM surveys.
Alongshore

Peak longshore

volume change

Mean

Peak Hs

Max tidal range

wave energy flux

(m3/m)

Hs (m)

(m)

(m)

(×105 kW/m)

4-Jul to 19-Jul

-0.7 ± 0.9

1.9

4.4

2.5

-0.3/+0.4

19-Jul to 5-Aug

-7.0 ± 1.3

2.1

4.8

3.2

-0.8/+1.5

5-Aug to 22-Aug

-1.2 ± 1.0
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Figure 7.5. Gross and net volumetric change detected between RPAS/SfM surveys (A) in which red bars
indicate negative change (erosion) and blue bars positive (deposition). Time series of significant wave height
and tidal range (B) and longshore wave energy flux with direction (C) for the entire survey period. Wave
energy flux values greater than zero indicate northward directed waves (and sediment transport potential), and
vice versa. Dates of individual surveys are marked with vertical dotted lines.
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7.3 Medium- to long-term (monthly-multiyear) shoreline response
Medium-long term shoreline changes at Ngarunui include variations in position of 10-50 m
that occur over several months, and analysis in section 5.3 indicated a very weak seasonal
signal. To explore the link between seasonal wave height and shoreline movement, change
in position is compared to mean Hs for each season (summer, autumn, winter, spring). In
comparison to other multi-year shoreline response datasets (e.g. Gold Coast [Davidson et
al., 2010]), surprisingly, no correlation is evident for any part of the beach, or dataset (Figure
7.6).
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Furthermore, visual comparison of smoothed shoreline positions with seasonal wave height
and direction reveals poor overall coherence (Figure 7.7). For example, accretion can be
observed occurring during high-energy winter and spring conditions (see for instance the
south section in 2010). Large-scale shoreline movement is also highly inconsistent
alongshore; the three beach sections rarely display synchronicity. Furthermore, when the
pattern of change is similar it tends to be lagged. For instance, from mid-2012 to late-2014
there is an approximate 3 month delay in response between the north, central, and south
sections. In addition to medium-term shoreline variability, a clear long-term erosional trend
is also included in the record. There is no corresponding trend in wave height or direction
over the same period, however there is an increase in the number of storms per year between
2009 and 2013 (Figure 7.8). The trend holds for all wave height storm thresholds analysed
(3, 4, 5, and 6 m).
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Figure 7.8. Annual storm frequency for four different significant wave height thresholds for 2009-2014 (2015
omitted as record ends in May). The same dual threshold approach as used in the previous section was applied
to define individual storms (see Chapter 4.3 for a detailed description).

7.4 Summary: Shoreline response to wave forcing
Results from the analyses of shoreline changes versus wave forcing revealed a surprising
lack of correlation. Over the short-term, storm power appeared to have no effect on the
direction or magnitude of change at the beach, and neither did the mean wave energy
between shoreline observations, even when direction was considered. Conversely, repeat
RPAS/SfM surveying did hint at a relationship, with the greatest volumetric change between
surveys coinciding with greatest peak wave height and longshore wave energy flux. Larger,
longer-term (monthly-yearly) fluctuations in the video shoreline record also displayed no
direct correlation to wave energy. The long-term erosive trend evident all along the beach
may be explained by an increase in the annual storm frequency over the study period,
however this remains speculation. Ultimately, linking the changes in the shoreline record to
variations in wave forcing proved difficult, likely due to the high degree of uncertainty in
the data and the dominance of unpredictable longshore directed sediment transport.
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8. Equilibrium Modelling Results
This chapter details the results from analyses of the presence/absence of equilibrium
behaviour in the shoreline record presented in Chapter 6. Initially a simple visual comparison
is performed between rates of shoreline change and mean wave conditions, following Yates
et al. (2009). Section 8.1 then presents an evaluation of one of the newest and most promising
equilibrium shoreline models, ShoreFor (Davidson et al., 2013; Splinter et al., 2014).
Fundamental equilibrium beach theory predicts that the rate and direction of shoreline
response will depend not only on the direction and magnitude wave energy changes, but also
on the previous condition of the beach (Wright et al., 1985). This three-way relationship
between wave forcing, initial beach state, and shoreline change is what Yates et al. (2009)
explore in their dataset for signs of equilibrium behaviour. A similar analysis of Ngarunui
data (raw and subsampled) is presented in Figure 8.1. The expected relationship between
shoreline change and the initial position is clear: the majority of recorded accretion occurs
when the beach is initially more eroded, and vice versa. Unlike Yates et al. (2009), however,
there is no correlation between the direction (or rate) of movement and the mean wave
energy: both modes of change occur at high and low energies. Using this sort of visual
analysis, equilibrium behaviour at Ngarunui does not appear to be present.
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8.1 ShoreFor Model
The ShoreFor model was applied to the raw and subsampled records in addition to a
smoothed dataset. Unlike the visual comparison above, equilibrium behaviour is evident in
the model outputs, although only for the southern section of beach and only when calibrated
against the full record (Figure 8.2). For the other beach sections the model performed poorly,
with only the long-term trend replicated successfully. For the south section, the model was
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able to reproduce the medium-term (monthly-yearly) fluctuations, but not the shorter term
changes. Overall RMS errors reflect the improved performance at the southern part of the
beach (Table 8.1).
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Figure 8.2. ShoreFor model results for original raw data for all three beach sections. Full dataset from each
location was used for calibration and hindcast.

Table 8.1. Overall accuracy of ShoreFor model hindcasts at Ngarunui for all three
beach sections.
RMS errors for raw, subsampled, and smoothed datasets (m)
Site

Raw data

Mean tide obs.

Low Hs obs.

Smoothed

South

12.4

12.3

10.8

7.4

Central

14.1

13.4

11.7

9.2

North

17.2

16.8

14.3

12.5

Note. Results are for model runs whereby calibration was performed using entire
datasets.

A key outcome of the model calibration was low values for the memory decay parameter
(φ), which controls the rate at which the shoreline responds to varying wave energy. For the
raw shorelines, φ was 10, 30, and 2 days for the south, central, and north sections
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respectively. This indicates that the major timescale of change that ShoreFor is attempting
to replicate is short (e.g. storm scale). However, previous findings (see, for example,
Chapter 5.4) revealed a large amount of high-frequency noise in the record, which will have
influenced the calibration. Therefore, the model was also tested on the same subsampled
datasets analysed in the precious sections, in addition to a dataset that was filtered using a
30-day moving average to reduce noise. There was no appreciable difference between the
results from these other datasets and the raw record (Figure 8.3). To evaluate the predictive
ability of ShoreFor, a separate series of tests were performed whereby the data was split and
calibrated only with the first half, and applied to hindcast the unseen second half.
Performance was poor in all cases, with only the long-term trend captured correctly (Figure
8.4).
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Figure 8.3. ShoreFor model results for subsampled and smoothed data for all three beach sections. Each run
was calibrated and applied to the full series, for that particular dataset (e.g. red line is the hindcast produced
after calibrating to the full set of low Hs shoreline observations).
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8.2 Summary: ShoreFor model results
Despite the success of the ShoreFor model at hindcasting shoreline change at a variety of
sites, including a few dissipative beaches, the model performed poorly overall at Ngarunui.
For the most part the model was only capable of predicting the long-term erosional trend in
the record. Only at the southern section was it able to replicate the longer-term (monthlyyearly) fluctuations, and only when provided the entire dataset for calibration. The model
consistently performed worst in terms of overall RMS error at the northern most section,
closest to the Whāingaroa Harbour’s ebb-tidal delta. These results reveal the difficulties
involved in applying equilibrium modelling in a setting like Ngarunui in which there are
technical uncertainties relating to positional accuracy of shoreline measurements.
Furthermore, scientific uncertainties associated with a complex suite of potential shoreline
drivers, beyond wave energy (e.g. sediment supply associated with the nearby ebb-tidal
delta), also hamper this sort of analysis.
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9. Discussion
9.1 Introduction
This chapter provides a discussion of the key findings of the research and is structured
around the four objectives set out in Chapter 1. Section 9.2 evaluates the performance of
video-based shoreline measurement techniques for monitoring at dissipative sites such as
Ngarunui. In section 9.3 the prospects and challenges related to RPAS/SfM surveying in
such settings is also examined. The flowing section (9.4) provides a discussion on the
relationship, or lack thereof, between wave forcing and shoreline change over timescales
ranging from days to years. Section 9.5 discusses the applicability of equilibrium modelling
at Ngarunui and the potential such models hold for predicting change at such sites. The final
section (9.6) draws together what was has been revealed in this thesis to propose a new
remote sensing framework for monitoring complex dissipative beaches in open coast
settings.

9.2 Video monitoring for highly dissipative beaches
Objective one of this thesis was to extract a record of shoreline change from imagery
recorded at Ngarunui Beach. The purpose was both to assess the applicability of video
shoreline measurement at the site, and improve our understanding of the nature of change at
Ngarunui. The outcome of applying these techniques to the video archive was a dataset of
1,691 shoreline observations for the period of January 2009 to May 2015. Several important
findings emerged regarding the capabilities of the technique that have prescience for the
study of highly dissipative beaches.

9.2.1 Importance of accurate water level estimates
The importance of accurately estimating water level for minimising shoreline error was
established with pioneering work by Lippmann and Holman (1989) on video-based
shoreline measurement. The findings of the present thesis reflect this, and also provide new
insights that emphasise the significance of the issue for dissipative beaches. In this type of
research, the shoreline is defined by the cross-shore position of the beach contour where
water meets land. Therefore, any change in the elevation of that contour, due to changing
water level, will cause a corresponding change in the position of the shoreline. The goal of
shoreline monitoring is to record movements caused by erosion or accretion of beach
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material, and any movements caused by water level fluctuations must be discounted. One
way to achieve this is by calculating the total water level (including components such as tide
and setup) at the time each image was recorded, then subsampling the dataset so that only
those images corresponding to a single elevation are considered. Given that tide and setup
can be modelled with considerable precision (Walters et al., 2001; Stockdon et al., 2006) it
is reasonable to assume that such a procedure would be effective.
In the present research however, there were several uncertainties in the water level
calculations that compounded, causing large errors in the shoreline record. For example, the
wave setup component of the total water level was estimated from offshore wave hindcast
data using the specific formula for dissipative beaches (Eq. 2) of Stockdon et al. (2006). Yet,
it was demonstrated in Chapter 5.4, that this likely underestimated setup during high wave
conditions. Specifically, shorelines corresponding to higher instantaneous values of Hs
showed a landward bias (Figure 5.6) which would not be expected if setup was accurately
accounted for. Biasing of shoreline positions due to wave setup has been highlighted in other
studies involving video-derived shoreline positions (Alexander and Holman, 2004;
Davidson et al., 2010). It is possible that such a bias could also result from the omission of
wave runup in the water level calculations in this research. Like runup, storm surge was also
omitted. While its magnitude is generally small in Aotearoa/New Zealand compared to
elsewhere (Heath, 1979), it nonetheless is assumed that is has contributed to the total error.
Another surprising finding was a fluctuation in the shoreline record associated with the
spring-neap tidal cycle. In particular, spectral analysis of the shoreline record revealed the
presence of peaks in the spectra consistent with the 14 and 28 day spring-neap cycles (Figure
5.5). The effect was often substantial, producing fortnightly fluctuations in shoreline
position of up to 20 m. Such tidal signals have not been reported in the video shoreline
literature, therefore it is hypothesised that this signal is caused by a bias in the tidal
predictions. Given the standard practice of using tidal models where measured data is
unavailable (e.g. Coco et al., 2005; Senechal et al., 2015), this finding highlights the
importance confirming the accuracy of data, for example by comparing to limited
measurements. For this research, subsampling of the shoreline record was undertaken in an
attempt to minimise the error introduced by the tidal and wave height biases.
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Shoreline errors of the magnitude observed in the present study are undoubtedly large
compared to those reported elsewhere (e.g. Aarninkhof et al., 2003; Plant et al., 2007),
however this is not solely due to inaccuracies or omissions in the water level calculations.
The highly dissipative morphology of Ngarunui Beach is a fundamental and unavoidable
factor that exacerbates uncertainty; the lower the gradient of a beach, the greater shoreline
offset will be in response to a given change in water level. For example, on the steep (1:13)
beachface at Duck, a vertical error of 24 cm (reported by Plant and Holman 1997), would
translate to a horizontal shoreline offset of around 3 m. In comparison, on the much lower
gradient beach at Ngarunui (1:70), the same vertical error would cause an offset of almost
17 m. This is critical as it means this technique will always yield larger errors when applied
to highly dissipative sites, reducing the utility of the method for measuring short-term or
small-scale changes.

9.2.2 Automated and manual shoreline detection
In addition to the water level estimates, the accuracy of the actual shoreline detection is a
fundamental control on the quality of the data produced with this method. Early approaches
used peaks in the cross-shore intensity profile as a proxy for the shoreline (Lippmann and
Holman, 1989; Plant and Holman, 1997; Madsen and Plant, 2001), but this was found to
perform poorly on dissipative beaches (Plant et al., 2007). Subsequent methods employed
colour imagery to, for example, detect the wet-dry boundary in HSV space, and performed
better on dissipative beaches on the Gold Coast (1:50) and at Egmond (1:40) in the
Netherlands (Aarninkhof et al., 2003). However, neither of these beaches have gradients as
low as Ngarunui (1:70), where past studies there have struggled to pick out the especially
indistinct shoreline using this technique (Huisman et al., 2011; Simarro et al., 2015).
In the present research, a new detection criteria was employed in which the shoreline is
defined as the point where the product of RGB pixel values passes a threshold of 20 percent
of the range of the product for a given transect (Eq. 4). The results this method yielded were
highly variable. For example, lighting conditions had a strong influence on the effectiveness
of detection, with overcast conditions often producing better outcomes than in bright
sunlight (Figure 9.1). Shadows in early morning images also affected performance.
Additionally, false detections often occurred on the surf lifesaving tower, or other features
within the vegetated dunes. Given the mixed results, every detection had to be manually
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checked for errors, with the majority requiring either partial or complete correction. The
method would likely be improved by following the approach of Huisman et al. (2011),
whereby irrelevant areas above and below the water line are masked out of each image prior
to detection. Integrating this step into the workflow of future research is recommended.
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Figure 9.1. Examples of varied automated detection results. Overcast conditions (A) normally yield better
results than bright sunlight (B). Early morning shadows cast across the beach can also cause erroneous
detections (C). Note how in many cases raw detection errors are corrected by smoothing alongshore.
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Another challenge particular to fine-grained dissipative beaches is persistent groundwater
seepage through the beachface (Turner et al., 1997). When decoupled from the shoreline,
such as at low tide or after heavy rain, groundwater seepage can lead to false detections that
are offset up to 150 m in the landward direction (Huisman et al., 2011). This was addressed
by limiting the selection of images to those corresponding to the rising tide only, when
decoupling is at its lowest (Figure 2.5). The technique was largely successful as groundwater,
which is normally clearly visible in low tide images, was rarely present during shoreline
detection. When it was evident, any false detection that it caused was corrected during
manual quality control. The inclusion of manual checks did, in general, help mitigate against
errors in the automatic detection process. Nonetheless, in addition to the labour involved,
the act of manually identifying the shoreline is still prone to uncertainty. Such challenges
are reflected in findings from other dissipative beaches, where low gradients and wide swash
zones make for a shoreline that is indistinct and difficult to detect (Aarninkhof et al., 2003;
Plant et al., 2007). Whether using automatic or manual detection, the low slope and dark
sand at Ngarunui compound to cause lack of contrast between the wet and dry beach that
ultimately adds error in addition to that caused by water level uncertainty.

9.2.3 Prognosis for measuring highly dissipative shorelines
Overall, this research has demonstrated that video monitoring is an effective tool for
producing multi-year records that capture shoreline change over months to years, a timescale
of key interest in coastal management. However, the combined error in the shoreline data in
this case meant that short-term (daily-weekly) change was not resolvable (Figure 5.1). The
challenges of applying the method on dissipative beaches has been reported previously (e.g.
Aarninkhof et al., 2003), however, the results presented in this thesis highlight the
compounding nature of the various factors affecting measurement error for beaches like
Ngarunui. In particular, uncertainty in wave and tidal hindcasts, setup parameterisations,
beach gradient, and sand colour all combine to exacerbate shoreline inaccuracy in a way that
has not previously been recognized. While Aarninkhof et al. (2003) reported error in their
investigation of video detection on dissipative beaches, they nonetheless concluded the
method was still effective enough to track changes over weekly-monthly timescales. In
contrast, this thesis demonstrates that at a highly dissipative site like Ngarunui the method
is only suitable for measuring change over timespans of several months or longer.
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Despite the difficulties with the method, there are opportunities for increasing the accuracy
and temporal resolution of shoreline measurements, particularly through more accurate
water level calculation. Firstly, this study used wave data from an offshore wave hindcast to
calculate the wave setup contribution to total water level. Offshore wave data, however, does
not necessarily describe the nearshore conditions accurately (Scott et al., 2011). In lieu of
direct water level measurements, further research would ideally simulate the nearshore
conditions, for example by applying the SWAN model (Booij et al., 1996). Second, utilising
a different formula for calculating wave setup may also improve shoreline accuracy by
reducing the landward bias identified for larger waves. For example, a simple proportional
relationship for setup, such as η = 0.17Hs (Bowen et al., 1968), produces larger values during
high wave events than the Stockdon et al. (2006) formula that was employed (Figure 9.2).
There are also changes that could be made to the video monitoring system itself that may
improve results, one of which would be to create more frequent timex images (currently
every 30 minutes) thereby allowing for more precise matching of image times with the target
water level. Another would be to record standard deviation images in addition to timex
averages, on which automatic detection has been demonstrated to perform better (Simarro
et al., 2015).

7.5

Height (m)

Hs
5

(Stockdon et al. 2006)
𝜂𝜂 = 0.17𝐻𝐻𝑃𝑃 (Bowen et al. 1968)

2.5

0
Oct 01

Oct 05

Oct 09

Oct 13

Oct 17
Date

Oct 21

Oct 25

Oct 29
2011

Figure 9.2. Example of the effect choice of formula has on wave setup calculations for Ngarunui Beach, in
particular during high wave events, during which shorelines were biased landward.

9.3 Prospects for greater use of RPAS/SfM
The second objective of this research was to apply RPAS/SfM at Ngarunui for measuring
beach elevation and quantifying change, and concomitantly, to evaluate the potential of this
new method for routine monitoring of dissipative beaches. In particular, the goal was to
determine how SfM surveying could compliment video monitoring at the site, and assess
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the extent to which it may provide a solution to some of the problems facing that existing
technique.

9.3.1 Opportunities for highly dissipative beach monitoring
As discussed in section 9.2, video shoreline measurement has demonstrated reduced
accuracy on dissipative beaches (Plant et al., 2007), with Ngarunui proving especially
problematic (Huisman et al., 2011). Central to this issue is the way in which change is
measured, by tracking the cross-shore movement of a single elevation contour. Whether real
or erroneous, small changes in elevation lead to large horizontal movements. RPAS/SfM
represents a great opportunity because it avoids the uncertainty of measuring an individual
contour by instead measuring surface elevation across the entire beach. Hence, accretion and
erosion can be assessed directly by measuring the volume of sediment added or removed.
On a very low gradient beach such as Ngarunui, measuring volumetric change is arguably
more informative than tracking the movement of an error-prone shoreline proxy, especially
when change is spatially variable. For example, repeat fortnightly surveys at Ngarunui over
eight weeks revealed a highly variable pattern of change, with asynchronous erosion and
deposition occurring at different points alongshore and across-shore (Figure 6.3). Aside
from repeat laser scanning, other monitoring techniques would be unlikely to reveal such
details. The occurrence of longshore fluxes and variable supply of sediment at Ngarunui,
make the ability to capture spatially variable change in this way particularly valuable.

9.3.2 Challenges for surveying on smooth beach surfaces
In addition to the promise offered by RPAS/SfM, there are certain challenges that are
pertinent to the use of the technique on beaches, especially dissipative ones. Chiefly, SfM
depends on feature matching algorithms to determine camera orientation and reconstruct the
topography of a scene (Snavely et al., 2006). Smooth, featureless surfaces should therefore
present a problem for the method, yielding lower quality results – a particular concern for
fine-grained, uniform beaches like Ngarunui. Despite the link between poor quality results
and smooth sand being discussed and predicted elsewhere (Westoby et al., 2012; Fonstad et
al., 2013; Mancini et al., 2013), its effects on DSM outputs had not been investigated prior
to this study.
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The issue was confirmed at Ngarunui, and for the first time its extent was revealed through
empirical analysis. Predictably, the worst effects occurred on the most featureless part of the
beach, the intertidal zone. In particular, feature matching performed noticeably worse in this
area, generating less tie point matches during the camera alignment stage of the workflow
(Figure 9.3). Contrastingly, although Mancini et al. (2013) also documented reduced point
density on sand (Figure 2.6), they did not report any negative effects on surface model
outputs. At Ngarunui the issue did have an impact, introducing substantial roughness (noise)
to the DSMs where they should have been smooth. Furthermore, because the noise was
random its appearance in subsequent surveys was different, resulting in erroneous gross
volumetric changes being detected during DoD analysis. Tests of different flying heights
demonstrated that increasing the ground resolution of the input images could reduce,
although not eliminate, DSM noise (Figure 6.2). The same improvement would likely be
achieved by using a higher resolution camera than the 12 megapixel entry level model onboard the RPAS used in this research.

Figure 9.3. Example RPAS image showing lack of tie point matching on Ngarunui’s intertidal zone, compared
with the upper beach. Blue points indicate high confidence feature matches between images, and are used in
the camera alignment process. Grey points represent lower quality matches that are not used (Agisoft, 2015).

Artefacts like those seen in the Ngarunui DSMs are unlikely to be highlighted by pointbased accuracy assessments that are common practice in RPAS/SfM surveys (Smith et al.,
2016). For example, vertical check point RMSE values for the three test flights were all
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relatively low (1.6 to 2.8 cm; Table 6.1), and within the accuracy range typical for RTKGPS measurements (Harwin and Lucieer, 2012; Pikelj et al., 2015). Furthermore, the lowest
RMSE was observed in the test with the greatest flying height (60 m), despite the noise in
that survey being qualitatively worse. Given the flat and featureless intertidal beach at
Ngarunui, it is likely that no matter the resolution of the images, problems resulting from
point matching will always be a factor. This is an important contribution of this thesis
because it confirms issues only nominally predicted in studies employing RPAS/SfM for
monitoring beach change. Relatedly, it is recommended that future applications of the
method exclude the smooth intertidal zone from geomorphic change detection, instead
focussing on the upper beach only.

9.3.3 Potential for routine beach monitoring
In addition to difficulties reconstructing smooth surfaces, RPAS surveying has some
inherent logistical challenges that must be addressed if it is to be used routinely in beach
monitoring programmes. For example, the time taken to execute the field campaigns,
including deployment, surveying, and retrieval of GCPs, plus the actual flight, can be
substantial for larger study sites. Newer RPAS technology could reduce this time, with RTKGPS enabled models now available that make the use of separate ground control unnecessary
(DJI, 2017). Such equipment could be rapidly deployed to survey large sections of coast in
a relatively short time, and at a resolution not previously feasible. RPAS/SfM thus has the
potential to become a valuable addition the coastal monitoring toolkit, supporting existing
technologies like video shoreline measurement. This research has shown that RPAS/SfM
can provide high resolution measurements of change at short timescales, thereby
complimenting video monitoring. As was discussed earlier in Chapter 2.4, employing this
combination of techniques is a recent development in coastal monitoring. If deployed
routinely at dissipative beaches like Ngarunui, RPAS/SfM has the potential to fill the gaps
in our knowledge of change that occur due to difficulties resolving shoreline movements in
high temporal and spatial detail.

9.4 Understanding shoreline change at Ngarunui Beach
In addition to evaluating the efficacy of monitoring and modelling techniques on dissipative
beaches, this research thirdly aimed to improve our understanding of shoreline change at
Ngarunui Beach. This section discusses the results of a series of investigations relating
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observed shoreline changes to wave forcing (see objective three). Measurements of shoreline
positions yielded a record of near daily resolution, covering more than six years, which
allowed for the analysis of relationships operating over multiple timescales. This subsection
is divided into two parts representing the key timescales that were investigated: short-term
(storm-weekly) response and medium- to long-term (monthly-multiyear) changes and trends.

9.4.1 Short-term (storm-weekly) response
The simple comparisons of shoreline change and wave forcing presented in section 7.2
revealed no indications of coherent storm response, nor any relationship between individual
shoreline observations and wave energy. When comparing shoreline movement with storm
power, erosion and accretion appeared equally likely regardless of the threshold used to
define a storm (see Figures A1-3, Appendix). Furthermore, there was no correlation between
mean wave energy, or alongshore wave energy flux, and the rate of shoreline change
between observations (Figure 7.3-7.4). Whether calculating change on a per-storm basis or
between shoreline observations, subsampling and smoothing data had no effect. These
results were surprising and largely at odds with fundamental theory of beach response that
predicts increasing wave energy should result in greater offshore transport and, ultimately,
erosion of the shoreline (Dean, 1973).
There are several explanations for this general lack of correlation. The first is that highfrequency noise in the shoreline record obscured any genuine response at the timescale of
individual storms (section 9.2). The second is related to the choice of shoreline proxy, in this
case the elevation contour at 0.5 m above MSL, and how well it captures beach response to
wave forcing. Castelle et al. (2014) tested the effect of different beach contour proxies on
the quality of equilibrium model results at the largely dissipative, meso-macrotidal Truc
Vert beach. They determined that variability in shoreline measurements for proxies at or
close to MSL (0 m and 0.4 m) was not well correlated to incident wave energy and resulted
in large model errors. Higher elevation proxies, in particular mean high water (MHW), were
well correlated to variations in wave forcing and produced more accurate model predictions
(Castelle et al., 2014). An additional shortcoming of an intertidal proxy on a dissipative
beach is that the region may be relatively stable during high-energy events. For example,
the intertidal zone at Egmond showed minimal net change in response to large storms
because offshore transport at high tide was balanced by onshore transport during low tide
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(Aagaard et al., 2005). However, the need to achieve high frequency of observations, in
order to investigate short-term (e.g. storm) responses, meant the choice of proxy in this
research was constrained. The 0.5 m contour was selected because it allowed for consistent
observations throughout the spring-neap cycle. A higher proxy, for example mean high
water (1.2 m), would result in no observations during neap tides, thus reducing the temporal
resolution of the record (Figure 9.4). It is nevertheless recommended that future research
employs a higher, and potentially more revealing, shoreline proxy at the expense of temporal
resolution.
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Figure 9.4. Example of the effect that shoreline proxy elevation has on the frequency of video-derived
shoreline measurements. Any images taken during neap tides would be excluded if a mean high water (MHW)
proxy was used, whereas an elevation of 0.5 m ensures observations can be made at all stages of the springneap cycle.

A third explanation for the absence of coherent storm response in the Ngarunui data is that
the analyses included no consideration of pre-storm beach state. This is critical, as
equilibrium theory indicates that antecedent state of the beach is an important determinant
of whether it is likely to erode or accrete in response to a given wave event (Wright et al.,
1985). Discussion of the effectiveness of an equilibrium approach to shoreline prediction is
presented in section 9.5. Given the multiple reasons listed here it is likely that, even if error
was reduced, simple linear relationships between short-term shoreline movement and wave
forcing would not emerge for Ngarunui Beach.

9.4.2 Medium- to long-term (monthly-multiyear) response
Measurement error may have obscured signs of short-term change, but longer term
variability (e.g. monthly and greater) was easily resolvable in the shoreline record.
Furthermore, this research has revealed that longshore migrating waves and pulses of
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sediment are important drivers of shoreline change at Ngarunui (Figure 5.2). Sand waves
are caused by fluctuations in the supply of sediment to a beach, such as from episodic river
discharge or the breakup and movement of ebb-tidal shoals (Thevenot and Kraus, 1995).
Ngarunui is likely highly affected by such episodic supply from the Whāingaroa Harbour
delta at the north end of the beach. This delta is estimated to store 7.1 × 106 m3 of sand
(Hicks and Hume, 1996) and has been shown to display movement that is not well correlated
with wave conditions, and is therefore largely unpredictable (Harrison et al., 2017).
Elsewhere, delta shoals and bars are observed to periodically weld to the beach, or partly
disintegrate releasing pulses of sand, causing localised progradation of nearby shorelines
(FitzGerald et al., 2000). The sand waves recorded at Ngarunui mostly occur on the northern
half of the beach, close to the delta, appearing as a bulge in the shoreline before migrating
and dispersing alongshore. Sediment release from the Whāingaroa delta is therefore the most
likely cause of this phenomenon.
In addition to the localised sand waves, larger scale shoreline fluctuations, playing out over
months to years, are prevalent throughout the Ngarunui record. Some of these changes
appear seasonal in scale, which might be expected given that dissipative beaches are more
likely to be dominated by seasonal change rather than storm response (Davidson et al., 2010;
Davidson et al., 2013). Previous research by Wood (2010) using profile data also hinted at
a seasonal response at Ngarunui, although only one year of data was analysed in that study.
The much longer record in the present research revealed a seasonal signal that was smaller
than the monthly variability, indicating very weak seasonality (Figure 5.3). The lack of
seasonality is further indicated by the absence of correlation between seasonally averaged
wave height and shoreline movement (Figure 7.6).
The long-term erosion trend is also difficult to explain with wave forcing, and there has not
been any notable changes in average wave energy or direction over the period (Figure 7.7).
Sea level rise is unlikely to be a factor at the timescale studied, and the site is largely
unaffected by human activities. There has been an increase in the annual storm frequency
between 2009 and 2013 that may explain the trend (Figure 7.8), but without understanding
how Ngarunui responds and recovers to individual storms this remains uncertain. Regardless
of the effect of storm frequency, the role of sediment supply in this dynamic, exposed coastal
setting must also be important. Ngarunui Beach is an open system on the west coast of the
North Island, which is characterised by high volume north-south alongshore sediment
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transport (King et al., 2006). The exact volume and nature of the longshore drift on this coast
is not well understood however, with estimates ranging from 175,000 to 5.0×106 m3/yr
(Hicks and Hume, 1996; Hume et al., 2003). Critically, this supply is suspected to be highly
variable, with large pulses, or slugs, of sediment believed to travel along the west coast
(Phillips et al., 2009). Fluctuations in this high-volume supply of sediment to Ngarunui thus
have the potential to dominate shoreline response, possibly up to decadal timescales (King
et al., 2006). Asynchronous decadal changes at other beaches further north have been
attributed to slugs hypothesised to originate from very large sediment releases from ebbtidal deltas (Blue and Kench, 2017). If similar events occur updrift of Ngarunui, for example
at Kawhia Harbour 30 km to the south (Figure 3.1), they could explain the irregular
fluctuations, and the long-term trend, in the Ngarunui shoreline record. Such unpredictable
and episodic sediment delivery likely combines with other factors that also affect short-term
response (noise, choice of proxy) to make simple wave forcing relationships unlikely at
Ngarunui.

9.5 Equilibrium modelling and prospects for change prediction
The final objective was to evaluate the potential of equilibrium models for predicting
shoreline change at dissipative beaches like Ngarunui. As discussed in the previous section
(9.4), simple comparative analyses did not reveal any relationships between wave forcing
and shoreline change. However, a critical shortcoming of such methods is that they do not
consider antecedent conditions, which are known to be important for predicting future beach
change (Wright et al., 1985). Equilibrium models, such as ShoreFor, do consider past
conditions, and this is a fundamental reason for their accurate prediction of weeklymultiyear shoreline behaviour (Splinter et al., 2014). However, ShoreFor has not been
thoroughly tested on dissipative beaches, and certainly not one as potentially complex as the
one in this research (e.g. high-volume variable sediment supply, ebb-tidal delta interactions).
When applied to three sections of Ngarunui Beach, results were mixed. At the southern
section, the model was successful in replicating the longer-term (monthly-yearly) shoreline
variability (Figure 8.2). This is an important result as it indicates that equilibrium behaviour
is occurring at that part of the site, at least over longer timescales. Tellingly, the model did
not perform well at the central and northern sections, where it only predicted the long-term
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linear trend reliably. The results were similar for the subsampled and smoothed datasets
(Figure 8.3). Critically, however, ShoreFor’s success at the south end occurred only when
calibrated using the entire dataset. When used to forecast unseen data, by calibrating only to
the first half of the record, it failed predict any variability at any of the sites (Figure 8.4).
A key reason for the lack of predictability is the amount of error in the shoreline record and
its effect on the ShoreFor calibration process. One critical parameter that is determined
during calibration is the memory decay term (φ) which describes the dominant timescale
over which the shoreline changes. By way of example, the intermediate beach at Narrabeen
is dominated by rapid storm-driven changes, and thus has low φ values of 15-30 days
(Davidson et al. 2013). Conversely, more dissipative seasonally dominated beaches such as
North Head (WA, U.S.A), Truc Vert (France), and Gold Coast (NSW, Australia), have φ
values of over 750 days (Splinter et al., 2014). It is therefore surprising that in the present
tests φ was low (2-30 days), indicating that the model has identified short-term changes as
the main cause of change at Ngarunui. However, a substantial amount of the short-term
variability in the Ngarunui record is likely to be noise, and does not necessarily reflect
genuine response to wave energy fluctuations. Therefore, when ShoreFor is calibrated to
account for this high-frequency variability, no correlation to waves is evident and therefore
inaccurate predictions result. The dependence on a single value of φ to describe the response
time exhibited by a shoreline is a key limitation of this model. One value may be sufficient
for describing beaches where either a storm or seasonal signal dominates, but not for beaches
where change is more complex and occurs over multiple timescales simultaneously.
Error in the shoreline record was undoubtedly a factor in the model’s poor performance at
Ngarunui, but it was not the only issue at play. Equilibrium models like ShoreFor rely on
cross-shore sediment transport being the dominant process to cause shoreline change,
ignoring other factors. For example, changes due to variations in longshore sediment flux
are not considered and therefore cannot be represented in forecasts (Davidson et al., 2010).
Poorer predictability at the northern end of the beach can thus be explained by the proximity
to the Whāingaroa ebb-tidal delta and the unpredictable effect this feature has on the
sediment input to the beach. For example, the pulses and waves of sand that are observed at
Ngarunui would pose a problem for the model. Therefore, even if the accuracy of shoreline
measurements could be improved to reduce noise, the model would need to consider more
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factors, such as the sediment supply and delta interactions, in order to truly predict change
at Ngarunui.

9.6 Towards a new framework for monitoring dissipative beaches
The need to understand, and ultimately predict, shoreline change is the key driver behind
the development of the beach monitoring techniques explored in this study. Over the last
five years the combination of video monitoring and equilibrium modelling has shown
impressive promise in predicting weekly-multiyear change on a handful of study sites
globally (Yates et al., 2009; Splinter et al., 2014). Yet, the current research has demonstrated
that these approaches alone are insufficient for predicting shoreline change at dissipative
sites, particularly where there is variability in longshore sediment flux. If understanding of
multiscale change at such sites is to improve, additional observations drawing on other
monitoring techniques, are necessary. Specifically, we need a means of measuring spatially
variable beach change more accurately and over multiple timescales, in addition to
information on sediment sources. In this section a new framework for monitoring complex,
dissipative sites is proposed for improved understanding and prediction of change.

9.6.1 Measuring spatially variable change
Video monitoring has revealed the alongshore variable nature of shoreline movements
occurring at Ngarunui, but large uncertainties in the measurements meant the technique was
only capable of capturing change in coarse detail. Shoreline uncertainty also prevented the
detection of short timescale changes, storm response for example, further hampering efforts
to understand behaviour. Conversely, the RPAS/SfM surveys undertaken at the site, while
limited in their number, successfully recorded spatially variable change at a resolution that
was orders of magnitude finer than video is capable of. If deployed regularly pre- and poststorm, as is now occurring at other monitoring sites like Narrabeen (Turner et al., 2016),
RPAS/SfM could also document change at higher temporal resolutions than video can
achieve at Ngarunui. It is not proposed that RPAS/SfM replace video monitoring, but that
the two techniques be combined to form the basis of a multimethod approach for use at
dissipative sites. Video monitoring has been demonstrated to be efficient at recording
longer-term, lower resolution (monthly-multiyear) change, and therefore should continue to
be used for this purpose. Critically, this thesis has revealed how RPAS/SfM could be
deployed to fill the gaps in the video record with high-resolution measurements of beach
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elevation change. This contrasts the anticipated results predicted at the outset of the study,
where the high-frequency (> daily) video imagery was seen as a way to fill the gaps in less
frequent RPAS/SfM surveys.

9.6.2 Dealing with sediment supply and the regional context
Attempts to relate observed movements in Ngarunui’s shoreline to the changing wave
climate were also hindered by the presence of unpredictable sediment supply and sand waves.
If progress is to be made towards predicting change, more information is needed on the
supply of sediment to the beach, both from the nearby delta, and from along the coast to the
south. The tools are already in place for monitoring the delta’s movement and the interaction
of its shoals and bars with the beach, as demonstrated by the use of video imagery for such
purposes (Balouin et al., 2004; Harrison et al., 2017). The movement of sediment over
broader regional scales is a more challenging factor to track. To an extent, this can be
assessed through the measurement of shorelines using aerial imagery, but such data is
typically captured too infrequently to detect change on less than decadal scales (Blue and
Kench, 2017). Imagery from next generation satellites may provide a solution, with new
constellations of orbital platforms now offering sub-metre resolution images at up to daily
return periods (Planet Labs Inc., 2017). Satellite imagery has the advantage of offering
multispectral data, in particular infrared bands, which can highlight differences between
water and land more effectively than the visual spectrum alone (Gens, 2010). Satellite
monitoring could allow regional scale tracking of shoreline change, for example capturing
the movement of sand slugs alongshore, thereby providing a means of predicting changes in
sediment supply to beaches such as Ngarunui. Sediment transported in the nearshore and
around headlands will remain difficult to assess however, meaning a complete picture of the
exact nature of littoral drift in the region will remain uncertain.

9.6.3 A new remote sensing beach monitoring framework
A new framework, based on the above-mentioned remote sensing technologies, is proposed
for monitoring shoreline change in open dissipative settings such as Ngarunui (Figure 9.5).
Provided an effective shoreline proxy is used (e.g. MHW), video monitoring approaches can
continue to record medium-term (monthly-multiyear) shoreline change at the beach scale.
Where appropriate, video monitoring could also track the evolution of delta morphology.
Video could be combined with RPAS/SfM surveying to capture short-term (storm-monthly)
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response, thereby filling the gaps with high-resolution elevation data. At the regional scale,
fluctuations in the supply of sediment from beaches updrift could be assessed using next
generation satellite imagery. By employing a combination of monitoring techniques such as
this, the challenging goal of understanding, and moreover, predicting dissipative shoreline
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change may yet be achieved.
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Figure 9.5. Conceptual diagram of the proposed remote sensing framework for beach monitoring. The position
and size of each circle/ellipse are approximate and not intended to be prescriptive. Instead they indicate the
suggested scale of change for which each method could be best used for monitoring change at a beach like
Ngarunui.
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10. Conclusions
The increasingly adopted tools of video monitoring, RPAS/SfM surveying, and equilibrium
modelling all represent promising developments for measuring and predicting beach change.
Prior to this thesis, however, unanswered questions remained regarding the applicability of
these methods in diverse beach settings. Specifically, video shoreline monitoring was
developed and proven mostly on relatively steep beaches, but its effectiveness for measuring
change at low gradient beaches was not well known. Equilibrium models, such as ShoreFor,
have largely been shown to be successful at predicting weekly-multiyear change for
intermediate beaches with relatively stable sediment supply. However, they have seen very
limited evaluation on dissipative beaches, or beaches with potentially variable sediment
inputs. RPAS/SfM has received substantial attention as a new technique for measuring beach
elevation at very high resolution, however, long recognised problems with applying SfM on
smooth surfaces had never been investigated. This thesis sought to address this general lack
of evaluation, and presented two interrelated aims: first, to critically evaluate these
monitoring and modelling techniques (video, RPAS/SfM, and equilibrium models) for
highly dissipative sites such as Ngarunui Beach, Raglan; second, in applying these
techniques together, the research aimed to improve our understanding of the nature and
magnitude of change at Ngarunui.

10.1 Key findings
Below is an overall summary of the findings related to the effectiveness of the multi-modal
approach undertaken, and to the nature of change documented at Ngarunui.

10.1.1 Video-based shoreline monitoring
•

The application of video shoreline monitoring at Ngarunui Beach demonstrated that
the technique was effective in capturing shoreline changes and trends operating over
timescales of months and greater.

•

The very low gradient beachface at Ngarunui meant that, in addition to an inherently
indistinct shore-break, any errors in water level estimations would compound and
potentially have a large effect on the estimation of the shoreline position.
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•

Unless issues of water-level uncertainty and imprecise shoreline identification are
resolved, only the long-term behaviour can be reliably measured on highly
dissipative beaches such as Ngarunui.

10.1.2 RPAS/SfM surveying
•

RPAS/SfM surveying can effectively measure centimetre-scale change over shorter
(e.g. weekly) timescales than video monitoring and so represents a useful tool for
improving the level of spatial and temporal detail that can be captured.

•

The method faces issues, investigated here for the first time, that are exacerbated by
the morphology and sedimentology at Ngarunui. Specifically, the smooth,
featureless intertidal beach hindered the point matching algorithms of SfM and
produced DSM artefacts that prevented geomorphic change detection in the intertidal
zone.

10.1.3 Shoreline change and its relationship to wave forcing
•

At Ngaranui Beach, despite comprehensive investigation of potential relationships,
this thesis confirms that (with the available data) there is no direct association
between measured shoreline change and wave forcing over timescales ranging from
days to years.

•

Critically, the shoreline record highlighted variable alongshore sediment fluxes
likely caused by interactions with the nearby ebb-tidal delta, in addition to potential
episodic supply from the south.

•

The surprising lack of direct forcing-response relationships was explained by
variable sediment supply, in addition to the error in the shoreline measurement, and
a lack of consideration of antecedent conditions.

10.1.4 Equilibrium modelling and shoreline predictability
•

Using ShoreFor to model shoreline change, it was possible to replicate the long-term
(monthly-multiyear) variability in the Ngarunui record, but only at the south end of
the beach and only when calibrated to the full dataset of observations.

•

Equilibrium behaviour, and a relationship between shoreline position and wave
conditions, was revealed to exist at Ngarunui when proximity to, and therefore
influence from, the ebb-tidal delta to the north is reduced.
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•

No equilibrium relationships were detectable at the central and northern sections of
beach, and the model failed to predict any variability aside from the long-term
erosional trend.

10.2 Implications and recommendations
The exposed position of Ngarunui Beach on the west coast, with its very high volume and
potentially episodic northward littoral drift, suggests that the beach may experience a
variable supply of sediment. Multiple strands of evidence from the present thesis indicate
that this is highly likely. In particular, the prominent alongshore-migrating waves and
sediment pulses, combined with the lack of direct shoreline-wave forcing correlation, and
poor performance of ShoreFor closer to the delta all indicate a beach which is dominated by
its sediment supply. Prediction of shoreline change at the site is therefore bound to be
challenging using existing combinations of techniques, such as video monitoring and
equilibrium modelling.
To support improved understanding, and ultimately prediction, of change at dissipative
beaches such as Ngarunui, a new multi-method framework is proposed for monitoring
change that would provide a fuller picture of the shoreline dynamics. Video monitoring has
been demonstrated to be effective for recording change over monthly to multiyear
timescales, but was not able to resolve short-term (storm-weekly) shoreline response, despite
the near daily observations. RPAS/SfM was readily able to capture biweekly elevation
changes and, if deployed pre- and post-event, could be used to track storm response at very
high resolution. Video monitoring and RPAS/SfM could thus be combined to measure beach
evolution over spatial scales ranging from the centimetre to several kilometres, and temporal
scales of days to decades. Accounting for the sediment supply across the wider region will
be challenging, but a new generation of earth imaging satellites may provide the answer by
allowing for shoreline change (and the associate sediment motions) to be tracked over
hundreds of kilometres. The recognition of the way these methods complement each other,
with RPAS/SfM filling the gaps in the long-term video record, is a key outcome of this
thesis. Effective management at the beach scale, over years and beyond, also requires an
understanding of the cumulative effects of shorter timescale changes, and wider regional
sediment supply. Ultimately, a multi-method approach that captures coastal change over a
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broad range of timescales will be necessary if we are to improve predictions and effectively
manage the challenges posed by global shoreline erosion over the coming decades.
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Storm power index (m hours)
Figure A1. Storm power versus change in shoreline position for the full shoreline record. Each column
contains results for a different section of beach (south, central, and north) and each row represents a different
wave height threshold (3, 4, 5, and 6 m).
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Storm power index (m hours)
Figure A2. Storm power versus change in shoreline position for subsampled mean tidal range shorelines only.
Each column contains results for a different section of beach (south, central, and north) and each row represents
a different wave height threshold (3, 4, 5, and 6 m).
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Storm power index (m hours)
Figure A3. Storm power versus change in shoreline position for subsampled low wave height shorelines only.
Each column contains results for a different section of beach (south, central, and north) and each row represents
a different wave height threshold (3, 4, 5, and 6 m).
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