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Abstract: Coastline change often results from social and natural factors, such as human activities in the
coastal zone, long-term and short-term sea level change, hurricane occurrences, subsequent recovery,
and so on. Tracking coastline change is essential to deepen our understanding of coastal responses to
these factors. Such information is also required for land use planning and sustainable development
of coastal zones. In this context, we aimed to collect all available Landsat data (TM: Thematic
Mapper, ETM+: Enhanced Thematic Mapper Plus and OLI: Operational Land Imager) over 1986–2015
for tracking the coastline dynamic and estimating its change rate in the State of Texas, USA. First,
the land vs. water maps at an annual scale were derived from the satellite images. The border between
land and water represents the coastline in this study. Second, the annual land area was obtained to
characterize the coastline dynamic and a linear regression model was used for estimating the change
rate. We also analyzed the potential driving factors of the observed coastline change. The results
reveal that the coastline in the State of Texas changed at a rate of −0.154 ± 0.063 km2/year from
1986 to 2015, which indicates that the coastline has mainly experienced an erosion over the past
three decades. Specifically, 52.58% of the entire coastline retreated to the land while a 47.42% portion
advanced to the ocean. Long-term sea level rise can result in the erosion of coastline. Hurricane
occurrences can explain the relatively strong coastline erosion. Besides, significant difference between
the coastline change rate with a higher curvature and a lower curvature was observed. This study
establishes a general method for detecting coastline change at large spatial and long-term temporal
scales, by using remote sensing that can give fundamental information on coastline change. This is
important for making scientific and reasonable policies of sustainable development of coastal zones.
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1. Introduction

Coastline retreat is a potential consequence of climate-change driven sea-level rise, as a result of
permanent passive submersion and coastal erosion [1–3]. The landfall of a hurricane often intensely
changes the coastline position in a short period [4]. Additionally, increasing anthropic activities in
coastal areas, such as beach nourishment, port construction and tourism development, tends to change
the coastal environment and reshape the coastline [5–8].

Tracking the coastline change can be used not only to investigate the potential association between
spatial-temporal patterns of sea-level rise and those of coastline changes, but also make it possible to
provide fundamental information for government officials and coastal managers to make scientific
and rational policies for land use planning and sustainable development of coastal zones [9,10].
Therefore, it is necessary to track the coastline dynamic at large spatial scales and over long time
periods, especially for sandy coastlines as the world’s coastlines are dominated by sandy shores [11].
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The change of coastline position has been selected as a proxy for monitoring the environmental
change in coastal zone [12], and its long-term trend is important for a better understanding of the
coastal response to sea level rise and further for better modeling and prediction of coastline change [13].

Numerous indicators have been proposed for different purposes across different criteria and
data sources for representing the location of the coastline [14]. For example, the instantaneous
land vs. water boundary (i.e., waterline) is a basic indicator of coastline location [15], which is
obvious and easily identified for most coastlines with relatively simple morphologies, such as those
coastlines with beaches and rocky outcrops. A transect-based indicator was proposed for these
coastlines [16]. However, the waterline is more fragmented and difficult to identify for some coastlines
with complex morphologies such as those around river deltas and salt marshes [17]. Correspondingly,
the transect-based indicator fails to characterize the coastline position and its change over time.
Under these circumstances, a sub-pixel level area-based indicator that covers the land-water boundary
has been proposed to represent coastlines with subtle changes (i.e., the change within one pixel) while
a pixel level area-based indicator has been developed to represent coastlines with significant changes
(i.e., the change greater than one pixel) [18,19]. However, for the sub-pixel level area-based indicator,
it is difficult to deal with those situations where the coastline change exceeds the size of one pixel.
The estimated change rate serves no practical purpose when the coastline crosses one pixel. For the
pixel level area-based indicator, it is difficult to generate the value of coastline change rate along
the coast.

Besides, because of the interaction between land and water, the dynamic coastline experiences
continuous change derived from a range of coastal processes at various timescales, such as long-term
trend, seasonal variation, tidal-induced water level fluctuation, hurricane-driven regime shift and
disturbance of human activity [20–22]. The significant variables (e.g., tidal-induced water level
fluctuation and hurricane-driven regime shift) would have further impact on the long-term estimation
of coastline change.

Some studies have been already carried out for reducing such impact. Yu et al. [23] has attempted
to use satellite images obtained at similar tidal heights and under clear sky conditions to reduce
the effect of tide-induced water level fluctuations on the estimation of coastline change. However,
the necessary data are often biased and inaccessible, and consequently insufficient for monitoring
the coastline change at a larger spatial scale. Only nine images over the period from 1987 to 2008 in
this study were available in west-central Florida that met the requirement of tidal range, despite the
greatest amount of Landsat images in the USA [23]. In addition, Chen et al. [24] has done the tidal
correction using high spatial resolution satellite images and real-time data of tidal level to reduce the
impact of tidal level variability on estimation of coastline change. Such models may not be adaptable
to the study areas where the coastal topography is lacking.

To date, many studies used only several temporal images to derive the rate of coastline
change [19,25–27]. Increasing the observations of coastline appears particularly relevant for reducing
the impact of variability of instantaneous coastline position on the estimation of coastline change.

Remotely sensed data have been widely used for coastline delineation and change
quantification [25–27] as it is a cost-effective option compared with other data sources including
aerial photographs [19], light detection and ranging (LIDAR) data [28], video images [29] and global
positioning systems (GPS) data [30]. Among various images, Landsat imagery appears more suitable
for frequently identifying the land vs. water boundary at large scale [31–33]. Further, the annual mean
coastline (i.e., land vs. water boundary), obtained by averaging many coastline positions for one year,
is able to characterize the temporal change of coastline at an annual scale [34].

The State of Texas is a typical area dominated by sandy beaches and its coastline suffered from
sea level variation and the landfall of hurricanes [35,36]. In this context, this study took the State of
Texas as the study area and collected all available Landsat imageries over the period of 1986–2015
for a long-term trend estimation of coastline change and assessing its association with the sea level
variation, hurricanes and alongshore sediment transport. The approach consisted of: (i) producing the
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time series of land vs. water maps; (ii) characterizing the spatial-temporal change of the border of land
and water; (iii) examining the association between coastline change, sea level variation, hurricanes
and alongshore sediment transport.

2. Study Area and Materials

2.1. Study Area

The study was implemented the State of Texas, which is located in the south central part of the
USA, extending between 93◦31′ W–106◦39′ W and 25◦50′ N–36◦30′ N (Figure 1). The coastline presents
various forms, such as pelagic coastline fronting the open ocean and more sheltered coastline in the
bays. In this study, only the pelagic coastline fronting the open ocean was considered, which is mainly
occupied by beach.
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Figure 1. Location of the State of Texas and the distribution of Landsat scenes. Blue polygons represent
the positions of Landsat imagery and red dot represents the location of Rockport station mentioned
in Section 2.5.

The rates of sea level rise have varied from between 0 to 9 mm/year over the last few decades,
and the rates are higher than those of most other states in the USA [37]. Over the past decades,
Texas has experienced some hurricanes [38]. For example, Hurricane Ike caused extensive damage with
a significant storm surge and widespread coastal flooding [39], which made landfall near Galveston,
Texas in September 2008. Also, this hurricane resulted in great casualties and property losses [40,41].

2.2. Remotely Sensed Data

All available Landsat Surface Reflectance Climate Data Record (Landsat CDR) (TM: Thematic
Mapper, ETM+: Enhanced Thematic Mapper Plus and OLI: Operational Land Imager, 30 m) over the
period 1986–2015 were used in this study. The six Landsat scenes covering the coastal zone of State of
Texas were presented in Figure 1. All images had been pre-processed to L1T level (i.e., Standard Terrain
Correction). The geo-registration is consistent and within prescribed tolerances (i.e., <12 m root mean
square error) (https://lta.cr.usgs.gov/LETMP). Note that atmospheric correction is not conducted
for L1T level products. According to some previous studies [42,43], the atmospheric correction is not
needed for land cover classification. Such high-quality Landsat data is suitable for time series analysis.
A total of 4357 scenes of Landsat images were included for this study. All of the detailed information
was summarized in Table 1. Figure 2a presents the temporal distribution of Landsat images.

https://lta.cr.usgs.gov/LETMP
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Figure 2. (a) Annual distribution of Landsat images; (b) Temporal distribution of hurricane occurred in
the study area. (TM: Thematic Mapper, ETM+: Enhanced Thematic Mapper Plus and OLI: Operational
Land Imager).

Table 1. Summarized information of Landsat images used in this study. TM: Thematic Mapper, ETM+:
Enhanced Thematic Mapper Plus and OLI: Operational Land Imager.

Path/Row Level
Scene Amount per Sensor

Total Amount per Scene
TM ETM+ OLI

024/039 L1T 372 284 48 704
025/039 L1T 396 279 53 730
025/040 L1T 387 286 47 722
026/040 L1T 379 282 50 719
026/041 L1T 369 288 52 719
026/042 L1T 401 299 52 763

2.3. Validation Data

Light detection and ranging (LIDAR) data and water level from Galveston station were used
for validating the land-water map derived from the Landsat image. LIDAR data was obtained
from the website of Texas Natural Resources Information System (https://tnris.org/data-catalog/).
Such data was acquired in July 2006 with an altitude datum of North American Vertical Datum of
1988. Specifically, a high-density LIDAR elevation data map of Galveston County, Texas was collected.
It provides a bare earth digital elevation model (DEM) after removing the vegetation. Then, a raster
DEM with a spatial resolution of 1.4 m was generated using the raw point file based on ArcGIS 10.2.
The spatial resolution of 1.4 m is fine enough for validation of land-water map with 30 m derived from
Landsat images. Water level was obtained from the website of National Oceanic and Atmospheric
Administration (https://www.co-ops.nos.noaa.gov/) with the same altitude datum of the LIDAR data.

2.4. Hurricane Data

The historical hurricane records were obtained from the Unisys Weather website [44]. With the
hurricane tracking information, the annual number of hurricanes making landfall in the State of Texas
was computed and presented in Figure 2b.

2.5. Sea Level Data

Sea level rise is one of the important drivers of the position change of sandy coastline according to
the Bruun Rule [45]. The sea level data was provided by the Rockport station (number: 8774770) [46].
Here, the annual mean sea level (Figure 3) was used to study the linkage between the inter-annual
variability of coastline position and sea level. Besides, hourly sea level of the Rockport station was
used to estimate the effect of observation frequency on estimation of coastline change rate.

https://tnris.org/data-catalog/
https://www.co-ops.nos.noaa.gov/
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Figure 3. Observed annual sea level at Rockport station.

3. Methodology

The overall methodology was summarized in Figure 4. The detail steps are presented hereafter.
Detecting the long-term coastline change requires the following steps: (1) producing the time series

of land vs. water maps from all Landsat imageries over 1986–2015; (2) defining the satellite imagery-
based coastline and detecting the temporal change; (3) assessing the potential influencing factors.
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Figure 4. Summarized methodology for estimating the temporal change of coastline and analyzing the
potential influencing factors.

3.1. Annual Land—Water Maps Generation

The Landsat Fmask product was applied to remove the clouds and cloud shadows in the initial
Landsat imageries [47]. Then, modified Normalized Difference Water Index (MNDWI) was computed
for effectively identifying land and water. The MNDWI is the modification of the Normalized Difference
Water Index (NDWI), which has been widely used in previous studies [48,49]. Joshua’s study shows
that the MNDWI is the best index for automatic coastline mapping owing to its performance and
threshold replicability [50]. Specifically, the MNDWI has the highest combined accuracy with 88.4% of
both coastlines falling within the intertidal area based on the GPS-surveyed high tide lines and low
tide lines. The MNDWI is expressed as:

MNDWI = (Green−MIR)/(Green + MIR) (1)
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where Green is the green band (band 2 for Landsat TM/ETM+ data and Landsat OLI data), MIR is
the middle infrared band (band 5 for Landsat TM/ETM+ data and band 6 for Landsat OLI data,
respectively).

Based on the results of MNDWI computation, the threshold value of zero was applied to map
the extent of land and water [51–53]. In reality, zero was determined as the optimal threshold for
land-water classification using receiver operator characteristic (ROC) curves [54]. As shown in Figure 5,
threshold zero is stable and repeatable for coastline mapping based on the MNDWI and does not
require calibration in various sites [50].
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Figure 5. An example of generating a land-water classification map around the Galveston, Texas on
13 July 2006. (a) Landsat false color composite image (band 432); (b) The modified Normalized
Difference Water Index (MNDWI) map; (c) The frequency distribution of all data values of the MNDWI
image; (d) Land-water classification map. In (c), the blue dashed line represents the zero-threshold for
classifying land and water pixels.

Finally, all Landsat imageries were classified into three classes: (1) Land; (2) Water and (3) Nodata
(i.e., clouds and shadows). In each year, all land cover maps were stacked together for counting the
number of pixels classified as water or land for each location. The water frequency index (WFI) at
an annual scale was computed using the following formula:

WFI = Nwater/(Nland + Nwater) (2)

where Nwater and Nland are the number of pixels that were observed as water and land within one
year, respectively.

Figure 6c shows the WFI map around the Galveston, Texas in 2006.The pixels with the value of WFI
greater or equal to 0.5 were reclassified as water areas at annual scale (Figure 6d). The morphological
operations (i.e., filling operator) were then applied for removing the pixels of inland water and
noise. Such land vs. water maps were used to characterize the annual average coastline positions,
which can minimize the impact of short-term coastal changes resulted from sea level variations, the
length of wave run-up, sedimentary seasonal changes in the beach profile and coastal storms [34].
Specifically, using the median method allows us to solve a number of potential problems with the
Landsat observations as follow: (1) data gaps such as Landsat 7 Enhanced Thematic Mapper Plus
(ETM+) Scan Line Corrector (SLC)-off gap striping; (2) residual noise and confounding factors not
captured by pixel quality flagging (e.g., cloud, shadows and their edge pixels); (3) temporal random
variations that may affect individual NDWI values [55]. Finally, a dataset of 30-year land vs. water
maps was generated.
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demonstrating the generation of the land-water map at an annual scale.

3.2. Coastline Change Rate Estimation

The transect-based method and the area-based method are two methods that have been
widely used in coastline change rate estimation. In fact, the former was widely used for detecting
the coastline change by computing the distance between the self-defined reference baseline and
multi-temporal coastlines [16]. The baseline was manually generated along the coastline with various
directions [56–58]. Transects were generated along the baseline with a given interval. This method can
lose some information obtained from remotely sensed data because the interval between transects is
always greater than 30 m. Additionally, the baseline lacks consistent standards because it was designed
manually. The latter evaluated the coastline change by comparing the change of land or water areas
using multi-temporal land vs. water maps [19,59–61]. However, the area-based method can only use
total land area change to characterize the coastline change and it is unable to obtain the coastline
change rate along the coastline. In this study, the two methods were combined to calculate the coastline
change rate. The method is described as follows.

First, the coastline in the Texas State of 2001 was selected as the base coastline, as 2001 is the
middle of the study period. Then, the base coastline was divided into two portions according to their
different orientations (Figure 7a). Specifically, the border between portion 1 and portion 2 for each of
the sampled coastline pixels is located in the coastline from southwest to northeast with 45◦. After the
division, the coastline in portion 1 is more parallel to x-axis and coastline in portion 2 is more parallel
to y-axis, which results in the classification shown in Figure 7a. Change rate of coastline in portion 1
and portion 2 was calculated with similar steps. For portion 1, x-axis was used as the baseline and the
midline is perpendicular to x-axis. For Section 2, y-axis was used as the baseline and the midline is
perpendicular to y-axis. Here, we took portion 1 as an example to demonstrate the method of coastline
change rate estimation. First, for one year, the land area was divided into many land sections with
10-pixel widths. Correspondingly, the coastline was divided into many coastline sections. The length
of midline was calculated by dividing the land section area by the width (i.e., 300 m), which represents
the average coastline position of the coastline section of this year. These steps were conducted for each
year to obtain the annual coastline position of each coastline section. Second, the long-term change
rate of the midline length was estimated as the coastline change rate using the linear regression. All the
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elements used were presented in Figure 7b. The averaged change rate of the coastline of Texas was
computed for characterizing the magnitude of coastline retreat or expansion. Note that a result with
more spatial details can be obtained after the division of portion 1 and portion 2 with a 10-pixel land
section. In addition, the total land area was used to represent the coastline position at state scale.
Temporal analysis of coastline in the Texas State was conducted using the annual land area (Sections 4.2
and 4.3).
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3.3. Uncertainty Assessment

Being jointly determined by coastal topography and sea level, the area of each land section
has an innate temporal auto-correlation, which should be considered to the estimation of coastline
change rate. Thus, for each land section, the freedom degree was computed using the Quenouille
procedure [62]. The standard deviation was calculated using the resulting freedom value for assessing
the uncertainty.

3.4. Impact of Hurricane on Coastline Change

Previous studies suggested that hurricanes can alter the geomorphology of coast and further
affect the coastline position [63,64]. To quantitatively assess the hurricane-induced impact on coastline
change, a hurricane frequency index (HFI) was introduced, which was similar to the storm frequency
index developed by Nebel [65]. HFI is defined as follows:

Hurricane Frequency Index =
n
y

(3)

where n is the number of hurricanes occurred in study area, and y is the temporal interval. A 5-year
interval was used in this study.

Besides, a hurricane concentration index (HCI) was defined to indicate the degree of concentration
of hurricanes. This index was defined as the standard deviation of the time that hurricanes occurred in
the study area:

Hurricane Concentration Index = STD(T) (4)

where T is the timing sequence of hurricanes {t1, t2, t3, . . . tn}.
During the temporal interval of 5 years, we performed a linear regression between the change

rates and the two indexes for reflecting the impact of hurricanes on coastline change.

3.5. Impact of Sea Level Variation on Coastline Change

Both sea level and coastline position varied at different temporal scales. Sea level rise results in
the retreat of coastline position to land by mainly changing the coastal geomorphologies at a larger
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temporal scale [66]. Moreover, coastlines may shift when the sea level fluctuates at a smaller temporal
scale [67]. Here, two terms of sea level data (i.e., trend term and fluctuation term) were used for
studying the relationship between sea level variation and change of coastline position.

The sea level variability at a monthly scale was collected for studying its association with trend
term of coastline position. First, a moving average filter was applied to obtain the trend term of
sea level. Then, the residual between the smoothed result and annual sea level was used as the
fluctuation term of sea level for measuring the temporal variability. Correspondingly, the position of
coastline was also decomposed into the trend term and fluctuation term using the same method. Finally,
we performed a correlation analysis between coastline position and sea level. The correlation analysis
was also implemented between the change rate of coastline position and sea level. Note that the trend
term of coastline position and sea level is used herein and the study period of 1986–2015 was divided
into six 5-year intervals for estimation of change rate.

3.6. Coastline Morphology Anlysis

In this study, the curvature was calculated to measure the morphology (i.e., concave/convex) of
the coastline. Note that the curvature is positive when the local coastline is convex to the land while the
curvature is negative when the local coastline is convex to the ocean. For each center coastline section,
a 1001-coastline section moving spatial window was used to generate the mean local curvature (MLC).
Coastline sections with a higher curvature and a lower curvature compared with the mean coastline
change rate were grouped. Then, the mean coastline change rates of coastline sections with a higher
curvature and a lower curvature compared with the mean coastline change rate were calculated,
respectively. Change rates of coastline sections with a higher curvature and a lower curvature were
compared to explore the possible linkage between the coastline morphology and coastline change.

3.7. Effect of Observation Frequency on Estimation of Coastline Change Rate

The fluctuation of coastline position was mainly controlled by the fluctuation of sea level based on
the assumption that the coastal slope is stable. Given the average slope of 1/25 in Texas [36], the impact
of observation frequency on coastline position was assessed using the Monte Carlo simulation method.
First, for each simulation, the observation frequency of Landsat was randomly generated (i.e., 1 to 30
in each year) and the mean sea level was calculated based on hourly sea level time series. Second,
the process was repeated 10,000 times and the standard deviation was computed as the uncertainty of
coastline position at an annual scale.

At a long-term scale, the annual sea level uncertainty can result in the uncertainty of coastline
change rate. We achieved the relationship between the observation frequency and the uncertainty of
coastline change rate using the average coastline change rate obtained in Section 3.2.

4. Results

4.1. Spatial Pattern Analysis of Coastline Change

The change rates and the corresponding uncertainties were calculated along the coastline in the
State of Texas. Figure 8 presents the spatial distribution of coastline change rates during the study
period. In this region, the change rates vary spatially, ranging from −29.51 to 40.32 m/year. 52.58% of
coastline experienced erosion (i.e., with a negative value), but only 6.54% of coastline experienced
erosion with the rate value less than −5 m/year (red dots). Moreover, 47.42% of coastline experienced
accretion (i.e., with a positive value), but only 4.02% of coastline experienced accretion rates greater
than 5 m/year (green dots).

As shown in Figure 8, the coastline retreat was mainly concentrated in the northeast and southwest
of the State of Texas. The coastline retreat rate in northeast Texas is higher than in the southwest.
Moreover, the coastline around Port O’Connor exhibited an advance to the ocean. Additionally,
the coastline around some estuaries or inlets exhibited a relatively large change. Figure 9 shows
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the uncertainty map of estimation of coastline change rates. We found that the uncertainty is
relatively low between Port Isabel and Port Aransas. Additionally, the uncertainty is relatively high
around some estuaries or inlets. Among the total 1742 coastline sections of study area, 37.03% were
characterized by statistically significant accretion and 41.45% by statistically significant erosion.
The state average change rate over all the coastline sections and its uncertainty were −0.27 m/year
and 0.06 m/year, respectively.Atmosphere 2018, 9, x FOR PEER REVIEW  10 of 19 
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4.2. Temporal Variation Analysis of Coastline Change

The annual land area at the state scale was calculated to characterize the average position
of coastline (Figure 10a). The coastline change rate over 1986–2015 and its uncertainty were
−0.154 km2/year and 0.063 km2/year, respectively. The results suggest that this region mainly
experienced erosion from 1986 to 2015 (R2 = 0.320, p-value = 0.001). We also calculated the change
rates for the three intervals of 1986–2002, 2003–2009 and 2010–2015 to describe the temporal variation
(Figure 10b). Two obvious tipping points can be discovered in 2003 and 2009.

Specifically, the coastline retreated to the land at a rate of −0.146 ± 0.086 km2/year from 1986 to
2002 (R2 = 0.147, p-value = 0.129) and retreated to the land at a rate of −0.501 ± 0.332 km2/year from
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2003 to 2009 (R2 = 0.314, p-value = 0.191), but it advanced to the ocean at a rate of 1.068± 0.543 km2/year
from 2010 to 2015 (R2 = 0.633, p-value = 0.058).

We found that the land area reached its lowest level (Figure 10a) after some hurricane events
during 2003–2008 that will be further discussed in Section 4.3. In the absence of a hurricane, the coastline
started to advance to the ocean during 2009–2015, which might be explained as beach recovery from
the damage of previous hurricanes [4,68].Atmosphere 2018, 9, x FOR PEER REVIEW  11 of 19 
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Figure 10. Temporal variation in the position of the coastline for the State of Texas: (a) 5-year trend
curve and linear regression during the period 1986–2015; (b) linear regression performed in three
temporal intervals.

4.3. Influencing Factor Analysis

The results of the influencing factors analysis conducted on hurricane and sea level variation are
presented. Both HFI and HCI have a negative correlation with the change rate of coastline position at
the scale of five years, with the linear regression coefficient (R2) equal to 0.71 and 0.66, respectively
(Figure 11a,b). Figure 12a suggests that the relationship between trend term of coastline position and
sea level (R2 = 0.594, p-value < 0.001). Figure 12b shows that the rates of sea level rise are strongly
associated with the coastline change rates (R2 = 0.966, p-value < 0.001). As shown in Figure 13,
significant difference between the coastline change rate with a higher curvature and a lower curvature
was observed.
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Figure 13. Comparison of coastline change rate with a higher (blue) coastline curvature and a lower
(black) coastline curvature. The shadow area demonstrates corresponding confidence intervals. Number
of coastline section on the horizontal axis indicate the central number of the moving spatial window
used to derive the mean change rate of coastline.

4.4. Validation of Land-Water Map Using LIDAR Data

The coastline derived from the Landsat data was validated by mapping the result from
corresponding LIDAR data. Figure 14 shows the validation results for a coastline with sandy beach
around Galveston, Texas. Figure 14a is the high-resolution image from google earth. Figure 14b is the
LIDAR-based DEM. Figure 14c represents the LIDAR-derived land-water map based on the water
level correspond to the Landsat observation. The water level of the Landsat image was obtained
from the National Oceanic and Atmospheric Administration (NOAA) website. The LIDAR-derived
coastline was resampled to 30 m (the spatial resolution of Landsat data) for comparison with the
Landsat-derived land-water map. As shown in Figure 14d, inconsistent pixels between two land-water
maps were labeled with yellow (i.e., error pixels). In the selected area, only two incorrect pixels were
produced, which suggest a higher mapping accuracy.



Atmosphere 2018, 9, 107 13 of 20

Atmosphere 2018, 9, x FOR PEER REVIEW  12 of 19 

 

 

Figure 13. Comparison of coastline change rate with a higher (blue) coastline curvature and a lower 
(black) coastline curvature. The shadow area demonstrates corresponding confidence intervals. 
Number of coastline section on the horizontal axis indicate the central number of the moving spatial 
window used to derive the mean change rate of coastline. 

4.4. Validation of Land-Water Map Using LIDAR Data 

The coastline derived from the Landsat data was validated by mapping the result from 
corresponding LIDAR data. Figure 14 shows the validation results for a coastline with sandy beach 
around Galveston, Texas. Figure 14a is the high-resolution image from google earth. Figure 14b is the 
LIDAR-based DEM. Figure 14c represents the LIDAR-derived land-water map based on the water 
level correspond to the Landsat observation. The water level of the Landsat image was obtained from 
the National Oceanic and Atmospheric Administration (NOAA) website. The LIDAR-derived 
coastline was resampled to 30 m (the spatial resolution of Landsat data) for comparison with the 
Landsat-derived land-water map. As shown in Figure 14d, inconsistent pixels between two land-
water maps were labeled with yellow (i.e., error pixels). In the selected area, only two incorrect pixels 
were produced, which suggest a higher mapping accuracy. 

 
Figure 14. An example of generating an annual land-water map using Landsat images around the 
Galveston, Texas in 2006. (a) high-resolution image from google earth; (b) light detection and ranging 
(LIDAR)-based digital elevation model (DEM); (c) LIDAR-derived land-water map; (d) two land-
water maps derived from LIDAR data and Landsat images. 

4.5. Validation of Coastline Change in the Texas State 

The coastline change information in the Texas State derived from Landsat data was validated 
with the results from LIDAR data and aerial photographs with a high spatial resolution [36,69,70]. 
Note that in their studies, coastline in 2000, 2010, 2011 and 2012 was extracted from the LIDAR-

Figure 14. An example of generating an annual land-water map using Landsat images around the
Galveston, Texas in 2006. (a) high-resolution image from google earth; (b) light detection and ranging
(LIDAR)-based digital elevation model (DEM); (c) LIDAR-derived land-water map; (d) two land-water
maps derived from LIDAR data and Landsat images.

4.5. Validation of Coastline Change in the Texas State

The coastline change information in the Texas State derived from Landsat data was validated with
the results from LIDAR data and aerial photographs with a high spatial resolution [36,69,70]. Note that
in their studies, coastline in 2000, 2010, 2011 and 2012 was extracted from the LIDAR-derived DEM at
about 0.6 m above local mean sea level. The coastline in 2007 was extracted from the aerial photographs
using the wet beach/dry beach boundary. Specifically, the net land area change between different
years was used to characterize the coastline change during five periods (i.e., 2000–2012, 2007–2010,
2010–2011, 2010–2012, 2011–2012). As shown in Figure 15, a good agreement was achieved (R2 = 0.83,
p-value < 0.05) between the coastline change derived from Landsat data and results from other studies.
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5. Discussions

5.1. Influencing Factors of Coastline Change

From the results in Section 4.1, the coastline around some estuaries and inlets exhibited a relatively
large change and a relatively high uncertainty. The rivers can transport sediments to the ocean from
upstream. If the sediments reach the coastal zones, some sediments can deposit around estuaries and
result in a change of coastline [71]. The coastline around inlets tends to advance to the ocean because
the sediment from alongshore current can be stabilized by long jetties. Such jetties are constructed to
maintain the inlet for boat traffic [71].

According to previous analysis in Section 4.3, coastline change in the State of Texas during the past
30 years was significantly linked with the HFI (R2 = 0.71, p-value < 0.05) (Figure 11a) and HCI (R2 = 0.66,
p-value < 0.05) (Figure 11b). The results of HFI show that the coastline is more likely to be eroded with
more hurricanes, which suggests the importance of the damage (i.e., coastline erosion) on coastlines
from hurricanes. Such results are in agreement with some previous studies [72,73]. The results of HCI
highlight the impact of hurricane sequence on coastline change compared with isolated hurricanes.
Our results indicate a significant negative correlation between the HCI and coastline change. It means
that the impact on coastline of two hurricanes with a smaller interval is smaller than two hurricanes
with a larger interval. Coco et al. also found that the sequence of extreme storms did not result in
enhanced erosion [74]. Another study also obtained a similar conclusion and claimed that a storm
group with an interval of one year (group of two storms) would induce erosion equivalent to the effect
of a single storm with an interval of about 9 years [75]. Future climate change is predicted to lead to
increased intensity of storms and hurricanes, which will continuously impact the coastline change [76].

Additionally, a significant relationship between long-term coastline position and sea level
(R2 = 0.594, p-value < 0.001) was observed (Figure 12a). We also found that the rates of sea level rise are
strongly associated with the coastline change rates (R2 = 0.966, p-value < 0.001) (Figure 12b). Our results
were consistent with the Bruun Rule, which explains the linkage between the coastline change and
sea level rise [66]. Such a relationship was also confirmed in Leatherman’s study, which illustrates
a high correlation (R2 = 0.89) between sea level rise and beach erosion along the U.S. east coast [77].
In the future, the continuous sea level rise may have a potential impact on coastline change. Moreover,
the relationship between coastline change and sea level rise should be further examined at a larger
spatial scale.

Hurricanes and sea level rise are two potential driving factors that contribute to the erosion
of coastline. However, the alongshore sediment transport can also have an impact on the coastline
change. In particular, it is likely to result in coastline accretion. In reality, eroding mainland shores
and the continental shelf are the primary sources of sand for maintaining the beaches in the State of
Texas [71]. Rivers around the State of Texas generally do not contribute significantly to the present
sand budget of the beaches because they can only provide a very little sediment [78]. The eroding sand
will move parallel to the coast by alongshore currents from the northeast to the southwest. Specifically,
the sand tends to deposit around the concave coast owing to lower current velocity [79]. As a result,
the coastline can advance to the ocean around these regions. Another study also gave a similar result
and claimed that concave-shaped coastline tends to exhibit accretion while convex-shaped coastline
tends to exhibit erosion [80], which was consistent with our result (Figure 13).

In addition, the sea level data from Rockport station is the relative sea level determined by
absolute sea level changes and vertical land motion that can result from glacial isostatic adjustment,
tectonic processes, coastal subsidence and uplift caused by anthropogenic factors [81]. Specifically,
the change rate of vertical land movements calculated from the satellite altimeter data and tide gauge
records in Rockport station is −3.5 mm/year [81]. It means that the land subsidence occurred around
Rockport, Texas. In the future, the land subsidence should be considered as a potential factor that
affects coastline change in the Texas State.
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Apart from the natural factors, human activities can also influence the coastline change.
Around some coastline, beach nourishment projects and coastline protection structures are constructed
to prevent the erosion of coastline (preservation of private property and conservation of the beach) [71].
Moreover, beach nourishment is the most common method to reduce the damage caused by storms.
Such methods can result in an artificial accretion of coastline in a short period [73]. Additionally,
some jetties are constructed to maintain the inlet for boat traffic. Such operations can effectively reduce
coastline erosion. Additionally, the submerged berm is another solution to beach erosion around
tidal inlets [71]. It serves as a submerged breakwater causing large waves to break offshore and thus
can reduce the coastline erosion caused by storms. In the future, more attention should be paid to
distinguish the influence between natural factors and human activities. Assessing the contribution of
natural factors and human activities to coastline change is needed for management and planning in
coastal zones.

5.2. Effect of Observation Frequency on Estimation of Coastline Change Rate

It is clear that the uncertainty of coastline position is strongly negatively related to the observation
frequency (Figure 16a). Similarly, the increase of observation frequency can reduce the uncertainty of
coastline change rate (Figure 16b). The results suggest that increasing the observation frequency can
effectively improve the accuracy of estimation of coastline change rate. It also states that using all the
Landsat imageries over 1986–2015 is relevant for the State of Texas.

To further demonstrate the advantage of the method using high frequent observations, a section
of coastline around Galveston, Texas was selected and the coastline area was presented (Figure 17).
As shown in Figure 17b, yellow is the area of dynamic coastline in 2006. An intertidal zone with 2-pixel
width was observed, which can represent the variation extent of coastline during one year. If only one
Landsat image was used for the estimation of coastline change rate, some coastlines with tiny change
cannot be observed owing to a 2-pixel variation extent of coastline during one year. The variation extent
of coastline during one year make it necessary to make full use of all Landsat images to minimize
the uncertainty caused by water level fluctuation. In reality, the multi-temporal Landsat stacking
method has been used in some previous studies [55] for water detection and waterline delineation.
Additionally, Almonacid-Caballer et al. also demonstrated that it is better to understand the coastline
dynamics using such annual average coastlines [34].Atmosphere 2018, 9, x FOR PEER REVIEW  15 of 19 
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Figure 17. Demonstration of the variation of coastline around Galveston, Texas in 2006. (a) Heatmap
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the area always observed as water. Yellow indicates the variation extent of dynamics coastline during
one year.

5.3. Further Considerations

The Landsat data permits both long-term and short-term continuous follow-up of the coastline
position. However, the spatial resolution of 30 m might omit the tiny changes of coastline. Therefore,
higher spatial resolution could be considered for this deficiency. For example, Sentinel-2 could realize
the high frequent observations at large-scale from 2015 and provide four spectral bands with a spatial
resolution of 10 m. Moreover, optical imageries often present the limits due to the cloud cover.
Synthetic aperture radar (SAR) sensors, such as Sentinel-1 and Phased Array L-band SAR (PALSAR),
enable to penetrate such barrier and are easy to distinguish the land vs. water boundary using their
cloud-penetrating capacity and day and night measurements.

Eventually, future works might focus on the extending this general approach to other areas with
various coastline types for diachronically producing the coastline position and estimating the change
rates. In addition, we need to pay more attention to estimate the contribution of human activities in
coastal zones to the coastline change in the State of Texas.

6. Conclusions

This study developed a general method for detecting coastline change at larger spatial and
long-term temporal scales by using satellite images. Coastline dynamics at an annual scale and the
change rate over 1986–2015 for the State of Texas were obtained and presented. Our results were
compared with the LIDAR data and some other studies. The spatial distribution of the change rate
for each defined land section and its corresponding uncertainty were assessed. We also explored the
association between the coastline change, sea level rise, hurricanes and alongshore sediment transport.
The results show that the coastline in Texas State underwent erosion over the past three decades.
This approach can easily be used in other study areas, where the beach dominates, and might also be
adapted for estimating other coastlines types. In the future, more attention should be paid to exploring
the impact of human activities on coastline change in the State of Texas.
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