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Chapter

Sub-Pixel Technique for Time
Series Analysis of Shoreline
Changes Based on Multispectral
Satellite Imagery

Qingxiang Liu and John C. Trinder

Abstract

The measurement and monitoring of shoreline changes are of great interest to
coastal managers and engineers. Shoreline change information can be crucial for
the assessment of coastal disasters, design of coastal infrastructure and protection
of coastal environment. This chapter presents shoreline change monitoring based
on multispectral satellite imagery and sub-pixel technique. Firstly, a brief intro-
duction of shoreline definitions and indicators is given. Sub-pixel techniques for
shoreline mapping on multispectral satellite images are then introduced. Following
that, a brief review of existing research studies of long-term shoreline change
monitoring based on multispectral imagery is given. Subsequently, a case study of
sub-pixel shoreline change monitoring at the northern Gold Coast on the east coast
of Australia is presented. By comparing the longshore averaged beach widths at
seven representative transects from Landsat with those from Argus imaging data,
the RMSEs range from 9.1 to 12.3 m and the correlations are all no less than 0.7.
Annual means and variabilities of beach widths were estimated without significant
differences from the reference data for most of the results. Finally, conclusions and
recommendations for future work are given.

Keywords: shoreline mapping, change monitoring, satellite imagery, multispectral,
super-resolution mapping (SRM)

1. Introduction
1.1 Shoreline definitions and indicators

A ‘Shoreline’ is ideally defined as the interface between the land and water [1].
However, because of its temporally and spatially dynamic nature, the definition of
shoreline should be considered in a temporal sense [2]. The shoreline is dynamic as
unconsolidated sediments along the beach adjust constantly to changes of envi-
ronmental forces. Sediments are deposited offshore during energetic conditions,
resulting in an erosion trend of the shoreline; during calm conditions, sediments are
returned back to the subaerial area, leading to an accretion of the shoreline [3]. The
erosion-recovery circles may occur over several days, or as long as several decades
during extreme wave conditions. In addition to shoreline changes resulting from
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cross-shore sediment exchanges, along sediment exchanges can also occur, leading
to relative movements between updrift and downdrift ends of the beach, which is
commonly referred to as “beach rotation” [3].

For practical purposes, coastal investigators have adopted various indicators
to approximate the real shoreline positions. A comprehensive literature review
of shoreline definitions with extensive references is given in [2]. Three groups
of shoreline indicators exist. The first group of shoreline indicators are based on
visually interpreted features. A visually interpreted shoreline is a coastal feature
that can be physically seen, which can change without any onshore or offshore
movement of sand because it is affected by tide, wave and weather conditions
[4]. Despite the definitions, some visually interpreted shoreline indicators may
sometimes not be observable. For example, the high water line (HWL), which
was defined as the mark left by maximum run-up from the previous high tide,
may appear as a transitional zone instead of a clear line, or may not be visible
at all [5]. Also, as the sand gradually dries out after previous waves, a discern-
ible wet/dry boundary may not be available. In addition, some of the indicators
are ambiguous, subjective or even inconsistent between different studies [2].
Therefore, visually interpreted shorelines may require experience and skills from
the interpreters.

The second group of shoreline indicators are tidal datum-based, which are
determined by the intersection of the beach profile with specific vertical tidal eleva-
tions. Generally, they are temporally and spatially more stable and are less respon-
sive to wave condition changes than visually interpreted shorelines [4, 6, 7]. Tidal
datum-based shorelines are easy to understand and less likely to be ambiguous, but
their extraction requires beach profile data, i.e. 3D survey data.

The third group of shoreline indicators reported by [2] depend purely on image
processing techniques and are not necessarily visually discernible. As digital image
processing is more and more widely used, especially when an automatically instead
of manually extracted shoreline is required, this group of shoreline indicators are
not uncommon nowadays, e.g. [8-10].

The decision as to which group of shoreline indicators to use largely depends on
data availability. Taking 2D satellite imagery as an example, the lack of elevation
information prohibits the extraction of tidal datum-based shorelines. Also, the
spatial resolution of the images significantly affects the feasibility of extracting
visually discernible shorelines. Since the stabilities of these shoreline indicators are
different, the decision should also take account of the investigated temporal scales,
i.e. whether short-term or long-term shoreline change is of interest. In addition, a
single shoreline indicator should be consistently used as possible when comparing
shoreline changes over time.

1.2 Sub-pixel techniques for shoreline mapping

While shorelines are primarily linear features, the extraction using only edge
detection methods can be a difficult task, because of the lack of sufficient and
consistent contrast between water body and land. Besides, shorelines should be
continuous and normally unique, which increases the requirements of extracting
edges. In this case, shoreline mapping can be converted to the task of boundary
extraction between water and land regions on a labelled map, which is produced
through a classification step.

For images with medium to low spatial resolutions, pixels are most likely to be
mixed. In other words, many pixels contain multiple land covers and the actual
boundaries between classes generally run through the content of mixed pixels.
Consequently, a traditional pixel-based classification which forces each pixel to
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be assigned to a single class label may mis-locate the boundaries between classes.
This mis-location will be more significant as the pixel size increases. In this case,
image processing at a sub-pixel level is preferred. Sub-pixel mapping techniques,
which is also referred to as super-resolution mapping (SRM), was defined as the
process of spatially designating class proportions to concrete pure sub-pixels [11].
SRM aims to produce a classification map at a finer scale than the original image,
under the basic assumption of spatial dependence between pixels [12]. According
to [11], there are generally two steps for SRM as shown in Figure 1. The first step
is calculating the proportion of each class inside a pixel, which is also called soft
classification. The second step is spatially assigning land cover classes to pure sub-
pixels according to their proportions in the pixel, after which a classification map
at a finer scale is generated. Readers are referred to [11] for more details of SRM.

Coarse resolution image

Soft classification \

o R

Land cover 1 Land cover 2 Land cover 3
0% 0% 0% 37.5% | 100% |[18.75% 62.5% | 0% |81.25%
12.5% | 75% | 37.5% 12.5% [ 25% | 0% 75% | 0% |56.25%
25% | 100% | 50% 0% 0% | 0% 75% | 0% | 50%

I=1=l

=
=

Spatially assigning subpixels

Finer classification map

Figure 1.
SRM principle (adapted from [11, 15] ).
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SRM has been demonstrated in some research works (e.g. [11-14]) to be suitable
for image classification at sub-pixel level.

Ref. [16] compared the performance of three SRM methods, i.e. contouring of
soft classification [17], wavelet based interpolation and geo-statistical two-point
histogram methods [18], for the extraction of sub-pixel shorelines from a degraded
IKONOS satellite image. They used the shoreline extracted from the original
IKONOS image as reference and demonstrated that all three SRM methods outper-
formed pixel-based classification and that the geostatistical two-point histogram
method gave the best result over the study site. Ref. [19] tested two SRM methods
also on a degraded IKONOS image, using both local and global training statistics. In
Ref. [20] Normalised Difference Water Index (NDWI) was calculated to distinguish
water and land, which was defined as

NDWI = Bareen — Buir (1)

BGVeen + BNIR

where B,,,, and By, represent green and NIR bands of Landsat Enhanced
Thematic Mapper Plus (ETM+) images respectively. Lake shorelines were then
extracted at sub-pixel level based on sub-pixel edge localisation and smoothing.
Using QuickBird panchromatic images as reference data, the authors demonstrated
that the extracted shorelines gave a better estimation of lake areas and perimeters
than pixel-based results. Ref. [9] developed a method to automatically extract
sub-pixel shorelines using the near-infrared (NIR) band of Landsat images. They
compared 45 sub-pixel shorelines with manually edited shorelines from aerial
photos, demonstrating that the error of sub-pixel shoreline locations over their
study site is less than 6 m. All of these above mentioned studies indicate that SRM
techniques can be effective for improving shoreline mapping accuracy on medium
to low-resolution satellite images.

1.3 Long-term shoreline change monitoring using multispectral sa
tellite images

Since most of the high-resolution satellites were launched no earlier than two
decades ago, they are mostly not suitable for monitoring long-term (e.g. multi-
decadal) shoreline changes. Therefore, most of the studies in the literature used
medium to low-resolution satellite data such as Landsat, ASTER and SPOT imagery
as the main data source, e.g. [21-23].

The Landsat program dates back to 1972, producing multi-decadal archival data
freely available to the public with a revisit time of 16 days since Landsat-4. Although a
number of case studies on using Landsat data to monitor long-term shoreline changes
exist, there are a limited number of existing long-term coastal monitoring programs
producing ground-truth data with both high spatial and temporal resolutions [24, 25].
The availability of ground-truth data is likely to have limited the amount and temporal
frequency of experimental data used in the literature. Most of the studies have used
only a small percentage of available archival Landsat satellite images with yearly
frequency or even longer time intervals, e.g. [26-28]. Only a few studies have used a
frequency higher than yearly [9, 29] or even all the available Landsat data [30, 31] over
the studied areas. However, the ground truth data used in these studies was either over
a much shorter term [30] or much lower than monthly frequency [31]. Consequently,
intra-annual variability over a long term may not be revealed and validated. Ref. [10]
presented a case study of using full-frequency archival Landsat data for monitoring of
shoreline changes during approximately three decades, where long-term and tempo-
rally dense ground surveying data is used as reference data.
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2. Long-term shoreline change monitoring: a case study at the northern
Gold Coast, Australia

2.1 Study site description

The Gold Coast is a coastal city located approximately 66 km southeast of
Brisbane near the Queensland-New South Wales state border (Figure 2(b) and (c)).
The Gold Coast comprises a 35 km-long east-facing shoreline of over a dozen of
beaches, stretching from the Rainbow Bay at the southern end to South Stradbroke
Island in the north. The study area is a part of the northern Gold Coast between
Main Beach and Broadbeach (Figure 2(a)), extending 4.5 km alongshore.

The Gold Coast beaches are characterised as energetic, intermediate beaches with
mean offshore significant wave height and peak wave period of 1.1 m and 9.4 s respec-
tively [32]. Beach sediments of the site have a mean grain size of 0.25 mm and a fall
velocity of around 0.03 m/s. Tides in this area are micro-tidal and semidiurnal with a
mean spring tidal range of approximately 1.8 m. Waves are predominantly from the
southeast and show strong seasonal variations, with larger waves and more frequent
storms during Australian summer to fall months (i.e. December to June) while milder
waves occur during winter and spring months [32]. The nearshore morphology of
the study site is characterised as a double sandbar system with a nearshore bed slope
around 0.02 [33]. The net longshore drift is estimated to be 500,000 m’ per year
northwards [32]. This study site is an open, straight sandy beach, which is a represen-
tative of moderate to high wave energy, wave-dominated (micro-tidal) beaches.

2.2 Northern Gold Coast Beach protection strategy

The Gold Coast is a major tourist destination that offers some of the most
popular surfing beaches in Australia. However the tourist economy is at risk of
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Figure 2.

(a) Study site: the northern Gold Coast (source: ArcMap basemap). (b) The location of Gold Coast with
respect to Brisbane. The study area is marked as the small black vectangle. (c) The location of Gold Coast in the
map of Australia.
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significant losses due to beach erosion during major storm events. The Northern
Gold Coast Beach Protection Strategy (NGCBPS) was a long-term, sustainable plan
to maintain and enhance the beaches at the northern Gold Coast [34]. As a part

of the NGCBPS, over 1.2 million cubic metres of sediment were deposited on the
northern Gold Coast beaches and within the nearshore to increase beach amenity
and widen the beaches as preparation for future storm events. The locations of the
six sand nourishment deposition areas Al to A6 are indicated in Figure 3(a).

The beach nourishment program was commenced in February 1999 and the
major phase was completed in June 2000. The progress of the nourishment is
shown in Figure 3(b), where the cumulative nourishment volumes at the six
deposition areas are indicated using different grey scales. Note that Ala is an area
approximately 300 m north of Al and is not shown in Figure 3(a). In addition, a
submerged artificial reef (marked as a blue circle in Figure 3(a)) was built within
the nearshore at Narrowneck primarily to stabilise the beach nourishment and
improve surfing quality, which was initiated approximately a half year later than the
commencement of the beach nourishment (in August 1999). The main phase of the
reef construction was completed in December 2000.

2.3 Data used
2.3.1 Reference shorelines

Funded by the City of Gold Coast, an Argus coastal monitoring system was
installed in late July 1999 at the northern Gold Coast by the Water Research

Laboratory (WRL), University of New South Wales to monitor shoreline changes.
Four video cameras were installed approximately 100 m above the ground on the
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Figure 3.

(a) Locations of sand nourishment deposition areas A1 to A6 (marked as squares). The locations of the focus
building where the Argus cameras were installed and the artificial reef at Narrowneck are marked as ovange
and blue circles respectively. The locations of the seven regularly spaced cross-shore profile lines, i.e. from
2000 m north (N 2000) to 1500 m south (S 1500) of the Argus station ave also indicated. (b) Progress of sand
nourishment (adapted from [35]) at all deposition aveas. The black arvow indicates the time when the Argus
coastal monitoring was initiated.
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Focus Building, which is located about 60 m landward of the dune line and 900 m
to the south of Narrowneck (Figure 3(a)). The system became fully operational
in August 1999, which coincided with the commencement of Narrowneck reef
construction. The Argus monitoring project lasted from 1999 to 2008 and was
recommenced in 2014.

Every daylight hour, the cameras collected a 10-minute time-averaged image, from
which the natural variations of breaking waves were effectively averaged. To minimise
the effects of tidal variations, only the time-averaged images acquired at mid-tide,
which is approximately O m on the Australian Height Datum (AHD) were selected.
Among the selected images, only those acquired when the root-mean-square wave
heights were no more than 1 m were retained for future use. These images were recti-
fied and geo-referenced through a standardised image pre-processing procedure [35].
Shorelines were then extracted by WRL staff using the pixel intensity clustering (PIC)
method [8, 36]. The shoreline positions were defined as the cross-shore locations
of the mean sea level contours [37] and may not be visually discernible on the time-
averaged video images. Therefore, they are believed to belong to the third group of
shoreline indicators and depend on the PIC method. It is estimated that the horizontal
errors of the extracted shoreline time-series were within +5 m [37]. While the nominal
frequency of the shorelines is weekly [35], the actual frequency depends on the wave
conditions during the monitoring period. During the studied period (1999 to 2008),
the average time frequency of available shorelines is 6-9 days.

2.3.2 Experimental Landsat images

Decided by the availability of the reference data, Landsat multispectral images
spanning approximately 9 years, i.e. from August 1999 to October 2008 were used.
The dataset consists of images acquired by two satellite instruments—Landsat 5
Thematic Mapper (TM) and Landsat 7 ETM+. For Landsat 7 ETM + instrument,
the products before and after the scan line corrector (SLC) failure are used. Surface
Reflectance products which have been atmospherically corrected based on L1T
(precision terrain) data were ordered from U.S. Geological Survey (USGS) website
https://espa.cr.usgs.gov/. Radiometric calibration and cross-calibration have been
implemented [38] by USGS. As reported by NASA, the geo-registration errors are
within 0.4 pixels (12 m), indicating the variation in position between images at dif-
ferent times is at subpixel level. The numbers and spanning periods of images used,
after eliminating scenes blocked by thick clouds, are indicated as Table 1.

2.4 Shoreline extraction from Landsat images

The shoreline extraction and change monitoring flow chart is described as
Figure 4. Firstly, Landsat images were clipped based on the boundary of the
study site. A simple one-dimensional cubic interpolation was employed to fill the
gaps on the Landsat 7 images in SLC-off mode. This step was merely for extract-
ing continuous shorelines and the interpolated values were not utilised for beach
widths calculation. Then, shorelines at sub-pixel level were extracted from the
nine-year Landsat data using the strategy illustrated in [10]. Due to the limitation
of the spatial resolution of Landsat images, the extracted shorelines are not visually
discernible. Therefore, theses shorelines also belong to the third group of shoreline
indicators and depend on the shoreline extraction strategy.

Subsequently, tidal correction was applied to the shorelines extracted from Landsat
images. Assuming the beach face slope did not vary significantly alongshore, which is
avalid judgement from the averaged historical ground measurements, the horizontal
and cyclic translation of the shoreline caused by tidal variation can be simplified as
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A:Z/m,

where 4 is the horizontal cross-shore shift; z is the

(2)

tidal elevation at image

acquisition time relative to 0 m AHD. Astronomical tidal elevations recorded every
15 minutes at the nearest available location of Southport (approximately 3 km from
the Focus Building) were used for tidal correction. An intertidal beach face slope of

0.06, which is the mean beach slope between 0 and 2
was used for the correction.

m AHD at Narrowneck [39]

™ ETM:+ (SLC-on) ETM:+ (SLC-off)
Period 1999-2008 1999-2003 2003-2008
Number of scenes 63 53 61

Table 1.
Description of Landsat multispectral data used.
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2.5 Results and discussions
2.5.1 Time-series beach width results

Based on the shorelines derived from Landsat and video imaging data, 100 m
longshore-averaged beach widths centred at seven representative transects
(marked in Figure 3(a)) were calculated. These transects were spaced at a regular
interval of 500 m, i.e., they are 2000, 1500, 1000, 500 m to the north, and 500,
1000, 1500 m to the south of the Argus cameras. The selected alongshore loca-
tions are consistent with [35] as the report indicated that beach widths at these
transects are suitable for the analysis of shoreline trends and variabilities. Using
longshore averaged beach widths aims to average out the effects of the longshore
varied instantaneous waves at the beach face. The area nearest to the cameras (0 m
alongshore) was not selected because of sun glint and the gap between the field
views of the cameras [35].

Figure 5 shows the time-series beach widths from 1999 to 2008 at the seven
transect lines after tidal correction, compared with video imaging derived results
(as reference data). The legend for the alongshore locations were abbreviated
according to whether they were north (N) or south (S) followed by their distances,
relative to the Argus cameras, e.g. 2000 m at the north was abbreviated as N 2000
and 1500 m at the south as S 1500. The time-series beach widths at the seven loca-
tions show very similar trends in the results from the Landsat data compared with
the reference data, despite some intermittent results with noticeable errors. The
beach widths over the 9 years along the full 4.5 km study area can be seen to have
varied up to approximately 100 m.

To realise pairwise comparisons between Landsat and video imaging derived
beach widths, each of the final ground truth beach widths was calculated using a
linear interpolation between the closest pair of pre and post surveys correspond-
ing to each satellite image acquisition time. A time-series of errors was derived at
each transect location as the difference between each pair of Landsat and video
imaging derived beach widths. Subsequently, the mean error (ME), mean absolute
error (MAE) and root mean squared error (RMSE) of the time-series results from
Landsat were calculated as listed in Table 2.

2.5.2 Annual mean and variability

Annual mean beach widths from 2000 to 2008 at the seven profile lines were calcu-
lated for both Landsat and Argus video imaging based results shown as Figure 6.

Note that year 1999 was excluded since the available video-based data for that year
spanned less than half a year. The inter-annual shoreline change trends derived from
Landsat match very well with those from video imaging data, with the most noticeable
discrepancies at the northern part during 2000-2003. It was found that during those
years the average frequency of the ground survey data and/or the Landsat data at the
northern part of the beach (N 2000-N 500) was much lower than average. Taking year
2000 as an example, the average frequencies of the ground survey and Landsat data at
the northern part were approximately 17 and 35 days respectively. This is believed to be
the main reason for the significant divergence between the annual means of Landsat
and ground survey data during that period, as it is believed that higher-frequency data
would lead to more accurate estimations of annual mean beach widths.

Table 3 presents the statistical assessment of annual mean beach widths at the seven
locations, where the RMSEs are in the range of 3.9-7.2 m. Statistical t-tests of the beach
width results from Landsat and video imaging within each year of 2000-2008 were
employed, there being nine tests for each of the seven locations. The majority of the tests
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N 2000 N 1500 N 1000 N 500 S500 S$1000 S1500
ME (m) -15 =32 -1.0 -4.0 0.0 01 1.6
MAE (m) 7.7 8.0 7.2 8.9 91 8.8 9.7
RMSE (m) 9.6 10.2 9.1 111 11.7 114 123
Correlation 0.71 0.71 0.72 0.70 0.73 0.78 0.73

Table 2.
Statistical assessment of full time-series beach widths at the seven profile locations.

did not reject the null hypothesis of no significant difference at 5% significance level
where only 16 out of the 63 tests rejected the null hypothesis. This indicates the suitabil-
ity of Landsat data for monitoring annual mean shoreline behaviour at the study site.
The standard deviations within each of the 9 years for the seven locations
were calculated and displayed in Figure 7. Intra-annual variabilities derived from
Landsat data do not appear consistently larger or smaller than the video-based
measurements at the northern Gold Coast. The F-test was employed within each
of the 9 years to statistically compare beach width variances derived from Landsat
and video imaging data. The great majority of tests did not reject the null difference
hypothesis of no differences at the confidence level of 95%, where only 6 out of the
63 tests rejected the null hypothesis. This indicates that Landsat data can produce
consistent estimations of annual variances with the reference data at the study area.

2.5.3 Shoreline change trends

2.5.3.1 Effects of beach nourishment

It is believed worthwhile to explore the capability of Landsat data to identify the
beach width changes predominantly affected by the beach nourishment that occurred
between 1999 and 2000. Observing the beach widths (Figure 8) from both Landsat
and video imaging data during the first year of monitoring (when the nourishment was
ongoing), it is clear that the beach widths at the northern part started to show an increase
trend soon after the commencement of Argus monitoring project, which is especially
observable at N 2000 and N 500. In contrast, the beach widths at the southern part did
not show increasing trends until early 2000 when the nourishment at A4—A6 was started.
In other words, the time lag of beach widening between the northern and southern parts
of the study area as the beach nourishment progressed southwards is observable.

Linear regressions were applied separately to the time-series beach widths from
both Landsat and video imaging data from August 1999 to July 2000 and after-
wards. The linearly fitted lines are superimposed on the plotted original time-series
beach widths in Figure 8. The fitted lines at both north and south of the study
area show clear increasing trends during August 1999 to July 2000. The regressed
changing rates are listed in Table 4, which are all positive except for the change rate
calculated from video imaging data at N 1000.

Since single beach width results from Landsat data may be erroneous and the
time frequency of the extracted shorelines is relatively low, Landsat-estimated lin-
ear changing rates during such short periods (i.e. only approximately 1 year) are not
reliable, as indicated by the significant differences of the regression rates between
Landsat and video imaging results at most of the seven locations. Nevertheless, the
most significant accretion rates are at N 2000, N 500 and S 500 for both Landsat
and video imaging results. This is consistent with the progress of the nourishment
(Figure 3(b)) since additional sand was deposited in Al and A3 (where transects

11



Advanced Remote Sensing Technology for Synthetic Aperture Radar Applications, Tsunami...

130 ¢ N 2000 —#— Landsat

—oe— Video-based

Annual Mean Beach Width (m)

2000 2001 2002 2003 2004 2005 2006 2007 2008
Time (years)

Figure 6.
Annual mean beach widths at the seven locations at novthern Gold Coast. Blue and ovange curves represent
annual mean beach widths from Landsat and from video imaging data vespectively.

N 2000 N 1500 N 1000 N 500 S500 S$1000 S$1500
ME (m) -26 —-4.1 -13 -43 16 1.9 29
MAE (m) 3.2 4.6 32 6.1 3.8 31 39
RMSE (m) 39 5.6 42 7.2 4.7 4.2 53

Table 3.
Statistical assessment of annual mean beach widths at the seven locations.

N 2000 and N 500 were located) during the first year of the coastal monitoring,
although a large volume of sand had already been deposited before the monitor-
ing commenced. Besides, the sand nourishment at A5, where transect S 500 was
located, was implemented after the commencement of the Argus monitoring. In
contrast, the nourishment of A2, where transects N 1500 and N 1000 are located,

12
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Figure 7.
Annual standard deviations of beach widths at the seven locations at northern Gold Coast. Blue and orange
curved represent annual standard deviations from Landsat and coastal video imaging data respectively.

had been completed several months before the coastal monitoring program, and the
beach widths over that area are expected to have increased before August 1999. The
linear regression results indicate that the effects of beach nourishment progress can
be statistically identified from Landsat data.

2.5.3.2 Shoreline change trends post beach nourishment

To quantify the overall trends post beach nourishment at the seven locations,
linear regressions were also applied to the time-series results from Landsat and ref-
erence data from August 2000 onwards. Slightly decreasing trends were observed
at all locations (see the regression lines in Figure 8) and corresponding negative
changing rates (Table 4) were derived from both Landsat and reference data,
indicating overall modest erosion trends post the beach nourishment.

Observing Figure 9 and based on the analysis of shoreline changes illustrated in
[35], the post beach nourishment period was judiciously divided into four shorter
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Figure 8.

Beach Width (m)

75
50

1999 2000 2001

Landsat

Video-based

Landsat - regression
Video-based - regression

2002

2003 2004 2005 2006 2007 2008 2009

Year

Linear regression lines of beach widths at the seven profile locations during and after the beach nourishment,
where the original time-series of beach widths from Landsat (blue curves) and video imaging data (orange
curves) are also plotted for reference.

N N N N S S S
2000 1500 1000 500 500 1000 1500
Aug 1999-Jul Landsat 46.6 22.3 30.3 74.4 56.3 39.0 394
2000 Reference 469 76 25 559 84 27 80
Aug 2000-Oct Landsat -1.8 -2.3 -24 -24 -15 -1.0 -03
2008 Reference -33 —-4.2 —-44 =52 -36 -2.5 -23
Table 4.

Shoreline changing vates (m/year) of beach widths at the seven locations during and post beach nourishment.

periods: August 2000-February 2006, March 2006-July 2007, August 2007-January
2008 and February 2008-October 2008. Linear regressions were applied to the beach
widths during each of the periods and the regression lines are displayed in Figure 9.
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—— Landsat
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Landsat - regression
Video-based - regression

o PR

Beach Width (m)
)
o

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009
Year

Figure 9.

Linear regressed shoveline change trends during shorter periods post beach nourishment at the seven locations,
where the original time-sevies of beach widths post beach nourishment from Landsat (blue curves) and video
imaging data (orvange curves) are also plotted for veference.

N N N N s s s
2000 1500 1000 500 500 1000 1500
Aug2000-  Landsat 0.28 -03 —06 ~12 21 45 44
Feb 2006 Reference —08 -26 -2.8 —44 14 45 36
Mar2006-  Landsat 248 18.0 157 2138 23 209 261
Jul 2007 Reference 20.6 161 145 112 166 115 145
Aug2007-  Landsat 727  -774  -651  -727  -1213  -1190  -1195
Jan 2008 Reference ~ -724  —-604  —395 -09 -38 -253 —48
Feb2008-  Landsat 11.0 284 238 29 312 344 329
Oct 2008 Reference 152 10.4 152 171 23.0 309 187
Tables.

Shoreline changing vates (m/year) during shorter periods post beach nourishment at the seven locations using
linear vegression.
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The corresponding changing rates during those periods are given in Table 5.
During the period from August 2000 to February 2006, the northern parts of
the study area generally exhibited slight erosions, whereas the southern parts
showed modest accretion trend. Dramatic erosions can be clearly observed
at all locations in March 2006, as a result of relatively slow passage of an east
coast low pressure weather system [35]. In the following months until July
2007, the beach had a steady recovery trend at all locations. During the last
period (February to October 2008), the entire beach showed consistent recov-
ery trends.

Note that given such short periods (e.g. less than 6 months), the estimations
of net erosion/accretion rates from Landsat are not reliable, as indicated by some
significant differences of the regression rates between Landsat and video imaging
results. However, the identified trends, i.e. whether accretions or erosions, are still
mostly consistent with those from the reference data. This demonstrates the capa-
bility of Landsat data to estimate general erosion/accretion trends during periods as
short as half a year.

3. Conclusions and recommendation

This chapter presents the application of multispectral satellite imagery for
shoreline mapping and change monitoring. Firstly, a brief introduction of shoreline
definitions and indicators is given, which is fundamental for shoreline extraction
and monitoring. Next, a brief introduction of SRM techniques is presented. A brief
review of existing research on time-series shoreline change monitoring based on
multi-temporal multispectral satellite imagery is then presented. Most of the stud-
ies in the literature used medium to low-resolution satellite data such as Landsat,
ASTER and SPOT imagery as the main data source.

Subsequently, a case study of using approximately 9 years of Landsat archi-
val data to monitor shoreline changes at the northern Gold Coast, Australia
is presented. By comparing the longshore averaged beach widths at seven
representative transects from Landsat with those from Argus imaging data, the
derived errors of extracted shorelines are at a sub-pixel level. Specifically, the
RMSEs of beach widths at these locations range from 9.1 to 12.3 m and the cor-
relations are all no less than 0.7; the RMSEs of annual mean beach widths are in
the range of 3.9-7.2 m. Besides, annual means and variabilities of beach widths
can be estimated from Landsat data, without significant differences from the
reference data for most of the results. In addition, linear regression results show
that Landsat data can be used to identify the general trends of beach widths, i.e.
erosion or accretion, during periods as short as half a year. More importantly,
beach widening as a result of the sand nourishment can be clearly observed.
This case study, together with the existing work in Narrabeen-Collaroy Beach
[10], further demonstrates the suitability of Landsat images for long-term
shoreline change monitoring and the practicability of the super-resolution
shoreline extraction strategy.

On the other hand, Landsat images can be unreliable for the monitoring
of shoreline changes during much shorter periods, e.g. only a few days which
is the typical duration for a coastal storm event. In this case, satellite images
with both higher spatial and temporal resolutions are needed. While Landsat
archival data are used in this chapter as a representative data source of medium-
resolution satellite data, it is recommended that other multispectral satellite
images such as the freely available Sentinel multispectral images could also be
investigated.
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