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Abstract Many megacities (such as Shanghai) are
located in coastal areas, therefore, coastline monitoring is
critical for urban security and urban development sustain-
ability. A shoreline is defined as the intersection between
coastal land and a water surface and features seawater edge
movements as tides rise and fall. Remote sensing
techniques have increasingly been used for coastline
extraction; however, traditional hard classification methods
are performed only at the pixel-level and extracting sub-
pixel accuracy using soft classification methods is both
challenging and time consuming due to the complex
features in coastal regions. This paper presents an
automatic sub-pixel coastline extraction method
(ASPCE) from high-spectral satellite imaging that per-
forms coastline extraction based on spectral mixture
analysis and, thus, achieves higher accuracy. The ASPCE
method consists of three main components: 1) A Water-
Vegetation-Impervious-Soil (W-V-I-S) model is first pre-
sented to detect mixed W-V-I-S pixels and determine the
endmember spectra in coastal regions; 2) The linear
spectral mixture unmixing technique based on Fully
Constrained Least Squares (FCLS) is applied to the
mixed W-V-I-S pixels to estimate seawater abundance;
and 3) The spatial attraction model is used to extract the
coastline. We tested this new method using EO-1 images
from three coastal regions in China: the South China Sea,
the East China Sea, and the Bohai Sea. The results showed
that the method is accurate and robust. Root mean square
error (RMSE) was utilized to evaluate the accuracy by
calculating the distance differences between the extracted
coastline and the digitized coastline. The classifier’s
performance was compared with that of the Multiple
Endmember Spectral Mixture Analysis (MESMA), Mix-
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ture Tuned Matched Filtering (MTMF), Sequential Max-
imum Angle Convex Cone (SMACC), Constrained Energy
Minimization (CEM), and one classical Normalized
Difference Water Index (NDWI). The results from the
three test sites indicated that the proposed ASPCE method
extracted coastlines more efficiently than did the compared
methods, and its coastline extraction accuracy corre-
sponded closely to the digitized coastline, with 0.39
pixels, 0.40 pixels, and 0.35 pixels in the three test regions,
showing that the ASPCE method achieves an accuracy
below 12.0 m (0.40 pixels). Moreover, in the quantitative
accuracy assessment for the three test sites, the ASPCE
method shows the best performance in coastline extraction,
achieving a 0.35 pixel-level at the Bohai Sea, China test
site. Therefore, the proposed ASPCE method can extract
coastline more accurately than can the hard classification
methods or other spectral unmixing methods.

Keywords coastline, fully constrained least squares,
spatial attraction algorithm, urban development, EO-1 data

1 Introduction

Many megacities (e.g., Shanghai) are located in coastal
areas. Although these areas occupy less than 15% of the
earth’s land surfaces they are home to more than 60% of
the world’s population (Delhez and Barth, 2011). More-
over, rapid development within the coastal zones has
induced an increasing number of ecological and environ-
mental problems that seriously affect urban management
(Li et al., 1998, 2003). Therefore, for urban security and
sustainable development, it is critical to be able to extract
and monitor shorelines quickly (Alonzo et al., 2014; Zhou
et al., 2014; Su, 2017). Shorelines are unique terrain
features on the earth’s surface; shoreline is among the 27
most important features recognized by the IGDC (Inter-
national Geographic Data Committee) and shorelines
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constitute critical information in a Coastal Geographic
Information System (CGIS) (Mujabar and Chandrasekar,
2013). A shoreline is defined as an intersection between
coastal land and a seawater surface that experiences
seawater edge movements as the tides rise and fall (Bird,
1985; Di et al., 2003). The location of the shoreline and its
changing boundary over time is fundamental to safe
navigation, urban expansion, and coastal resource planning
and management. The proxy for shoreline location, or
shoreline indicator, generally used in remote sensing
imagery is the coastline, which is the boundary between
seawater and land at the instant of satellite observation
(Gens, 2010; Rahman et al., 2011; Murray et al., 2014).

Remote sensing plays an important role in coastline
extraction; consequently, a variety of remote sensing data
sources such as SAR images, LiDAR, and multispectral/
hyperspectral images are available for use in coastline
detection (Boak and Turner, 2005; Bouchahma and Yan,
2014). Coastline extraction from SAR images is a fast-
growing field due to SAR’s wide spatial coverage, high
resolution, and all-day/all-weather imaging capabilities;
however, speckle noise and non-uniform sea surface
characteristics cause current coastline extraction methods
to have low accuracy (Lee and Jurkevich, 1990; Nunziata
etal., 2014). LiDAR data can cover hundreds of kilometres
of coast in a relatively short period of time, but coastline
extracted using these data sources is generally limited in its
temporal and spatial availability because of high cost,
which negatively affects coastline extraction (Boak and
Turner, 2005). Although multispectral images cover large
areas and have high temporal frequency, during coastline
extraction they generate a discrete signal in only a limited
number of broadband spectra that contain less spatial
information (Feng et al., 2015; Yang et al., 2015; Pekel et
al., 2016). This makes distinguishing seawater and other
coastal objects (e.g., vegetation, impervious surfaces, and
soil) difficult; thus only low accuracy can be achieved
during coastline extraction. In contrast with the other
remote sensing image types, hyperspectral images contain
nearly continuous spectral information and abundant
spatial information, giving them a huge potential for
distinguishing seawater from other coastal objects; thus,
hyperspectral images can greatly improve the accuracy of
coastline extraction.

Various coastline extraction algorithms have been
developed for multispectral/hyperspectral images, and
these algorithms can be divided into two basic types:
hard classification methods and soft classification methods.
In hard classification methods, each pixel in the image is
allocated to the class with which it has the greatest spectral
similarity; however, this allocation method constrains the
prediction of water boundaries. Several algorithms have
been developed to extract the coastline based on hard
classification methods, including density slice analysis
(Frazier and Page, 2000; Pajak and Leatherman, 2002), the
Support Vector Machine (SVM) (Giineralp et al., 2013),
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Canny edge detection (Liu and Jezek, 2004), and spectral
water indexes (Ryu et al., 2002; Feyisa et al., 2014; Xie et
al., 2016a). However, all these hard classification methods
can extract coastline only at the pixel-level, which may be
insufficient to meet the precise requirements of practical
applications in coastal areas with a mixed class composi-
tion. In contrast, the soft classification techniques,
especially spectral mixture analysis (Foody et al., 2003)
can solve the problem of mixed pixels to some extent. Soft
classification methods allow a pixel to have both multiple
and partial class memberships; thus, they can yield an
accurate and realistic representation of seawater, vegeta-
tion, impervious surfaces, and soil. Therefore, soft
classification techniques can achieve higher accuracy for
coastline extraction than can hard classification techniques
(Wang, 1990; Foody, 1996).

Spectral mixture analysis that achieves sub-pixel-level
accuracy is available for extracting water endmembers of
mixed pixels for lakes and urban rivers. Franke et al.
(2009) used the Multiple Endmember Spectral Mixture
Analysis (MESMA) to extract urban rivers using HyMap
data; their experimental results showed that MESMA
achieved better results. However, selecting endmembers
and determining the endmember types corresponding to
spectral signatures using this method is both complex and
time consuming. Sankey and Glenn (2011) adopted three
different spectral unmixing techniques, including Mixture
Tune Matched Filtering (MTMF), Constrained Energy
Minimization (CEM), and Linear Spectral Unmixing
(LSU), to map water and other objects from Landsat-5
TM and LiDAR data. Among these, the MTMF technique
achieved a better performance than did CEM and LSU.
However, the MTMF method is applied to linear spectral
unmixing using only one constraint condition, namely, the
abundance sum-to-one constraint; it does not use the
abundance nonnegative constraint condition. Therefore,
this method cannot obtain the negative value of the water
abundance image, and consequently, it will contain some
non-water pixels. Ma et al. (2014) proposed a locally
adaptive unmixing method to monitor the water area of
Hongjiannao Lake based on MODIS 250 m. Although the
problem of the negative value or a water abundance greater
than one was resolved as water pixels for pixels with
abundance greater than one or land pixels for pixels lower
than O rather than the abundance nonnegative constraint
condition, the extraction of mixed pixels directly affects
the final results. Xie et al. (2016b) proposed an automated
sub-pixel surface-water mapping method to extract water
using Landsat 8 OLI images of urban areas. However, in
general, the riverbanks in the Huangpu River area consist
mainly of impervious surfaces or are artificial, making it
challenging to extract coastline in the Yangtze River
Estuary coastal areas containing seawater, vegetation,
impervious surfaces, and soil.

Although several sub-pixel-level coastline extraction
methods have been proposed in the above studies, existing
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methods are unsuitable for endmember extraction and type
determination in complex coastal zones. Moreover, the
aforementioned spectral unmixing methods often used
only one constraint condition to estimate water abun-
dance — either the abundance sum-to-one constraint or the
abundance nonnegative constraint— which results in
worse coastline extraction due to the under- or over-
estimation of water abundance in the mixed pixels. In
addition, few researchers have applied sub-pixel mapping
methods to acquire the specific water position by water
abundance, which inevitably affects the accuracy of
coastline extraction to some extent. Moreover, these
methods were generally applied to coastline extraction
for lake and urban river regions; studies for coastal zones
are rare, and existing sub-pixel unmixing methods appear
to be unsuitable for the more complex coastal zones.

Therefore, in this paper, an automatic sub-pixel coastline
extraction method (ASPCE) is proposed. The experimental
areas included portions of the South China Sea, the East
China Sea, and the Bohai Sea, China and used EO-1
Hyperion data. The objectives were to: (i) develop a
technique for coastal mixed-pixel detection and end-
member spectrum determination utilizing the W-V-I-S
model; (ii) apply a linear unmixing model based on FCLS
for estimating seawater endmember abundance; and (iii)
obtain the optimal coastline in coastal areas by transform-
ing abundance images into a classification map using the
spatial attraction model.

2 Study areas and data sources

2.1 Test sites

The accuracy and feasibility of the ASPCE were tested on
three study areas involving different coastal zones: the
South China Sea, the East China Sea, and the Bohai Sea,
China. These coastal zones included sandy coast, coasts
with mud deposition, and rock estuaries. Table 1
summarizes the basic test site characteristics.

2.2 EO-1 hyperion images

As shown in Fig. 1, which is the study areas. For these
areas, EO-1 Hyperion data without cloud coverage over
the coastal zone were acquired for the experiment and
downloaded for free from USGS. The data for the South
China Sea was acquired on December 21, 2006; the image
covers an area on the upper-left corner and is located at

Table 1 Details of the three study areas
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22°49'58"N, 113°44'34"E, while the lower-right corner is
located at 21°53'40"N, 113°36'28"E. The data for the
East China Sea was collected on November 8, 2006;
the covered area’s upper-left corner is 31°37'19"N,
121°34’18"E and its lower-right corner is 30°41'14"N,
121°242"E. For the Bohai Sea, China, the data was
acquired on November 11, 2006; the image area extends
from upper-left (40°20'53"N, 119°41'39"E) to lower-right
(39°24'8"N, 119°28'36"E). These data sets belong to the
level L1G, a level at which geometric correction,
projection registration, and topographic correction have
already been made. Moreover, the EO-1 data contains a
total of 242 bands with the spectral range of 357-2576 nm
and a spatial resolution of 30 m. However, bands 1-7, 58—
76, and 225-242 of EO-1 are recorded as bad bands and
their value is set to 0 (Barry, 2001); therefore, these bands
will not be considered during the subsequent data
processing.

2.3 Reference data

The reference data used for the accuracy assessment are
described in Table 1. For these three test sites, high spatial
resolution images provided by Google Earth™ were used
as reference data. The acquisition dates of the reference
data and the EO-1 images were closely matched to
minimize the bias in the seawater boundaries that could
arise because of large time differences. The dates of
acquisition of the EO-1 data and reference data are shown
in Table 1.

The “true” boundaries of all the test seawater bodies
were digitized manually on-screen from the reference data.
In the analysis, the manually digitized coastline was used
to assess the accuracy of the different coastline extraction
methods when applied to the EO-1 images. Due to the
scarcity of high-resolution imagery, some detected water
bodies could not be easily validated using Google Earth™
data. Note that a time span between EO-1 data with Google
Earth data is inevitable, and coastline conditions are
sometimes extremely variable. To minimize the uncer-
tainty in the coastline reference position, human experi-
ence and judgements should be involved in this step to
ensure satisfactory validation data.

3 Methodology

Figure 2 shows the entire framework for the coastline
extraction process based on the proposed ASPCE method.

Study area Coastal types

Acquisition date of EO-1 data

Acquisition date of reference data

South China Sea December 21, 2006
November 8, 2006

November 11, 2006

Sandy
East China Sea
Bohai Sea, China

Mud-deposition
Rock Estuary

Google Earth™ image acquired on January 30, 2007
Google Earth™ image acquired on November 12, 2006

Google Earth™ image acquired on December 31, 2006
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Fig. 1 False-colour composite (RGB: bands 29, 20, 12) EO-1 Hyperion data for the three study areas: (a) South China Sea; (b) East

China Sea; and (c) Bohai Sea, China.

The ASPCE approach can be divided into three main steps:
1) detection of coastal mixed pixels and determination of
endmember spectrum based on the W-V-I-S model; 2) sub-
pixel water abundance estimation of mixed W-V-I-S pixels
from the linear spectral unmixing model; and 3) coastline
extraction using the spatial attraction model. The meth-
odologies are discussed in detail in the following section.

3.1 Automated mixed W-V-I-S pixel extraction and end-
member determination

3.1.1 Calculation of four indexes from the W-V-I-S Model
The surface features for the three test coastal zones contain
mainly seawater, vegetation, impervious surfaces, and soil
components (Shi and Li, 2010). The surface of each of
these coastal components exhibits unique properties and
relates to its surrounding site environment, creating a
spatially complex ecological system. To understand the
dynamics of patterns and process and their interactions in
coastal zones, it is necessary to quantify the spatial patterns
of the coastal zones and their temporal changes. Therefore,
a standard model should be developed to define these
coastal component surfaces and to map them in repetitive
and consistent ways to be able to accurately extract
coastline. Therefore, to obtain the mixed W-V-I-S pixels
and the reference spectra of seawater, vegetation, imper-
vious surfaces, and soil corresponding to coastal surface
features, the Water-Vegetation-Impervious-Soil (W-V-I-S)

model is proposed based on the following four indexes:
Normalized Difference Water Index (NDWI), Normalized
Difference Vegetation Index (NDVI), Normalized Differ-
ence Built-Up Index (NDBI), and Normalized Difference
Soil Index (NDSI). This model provides a guideline for
decomposing coastal mixed W-V-I-S pixels and links these
components to remote sensing spectral characteristics.
Moreover, this model, in conjunction with the sub-pixel
unmixing method for the EO-1 imagery, functions as an
alternative and effective approach for extracting and
mapping coastal surface features in coastal zones. The
model developed in this study offers a more realistic and
robust representation of the true nature of coastlines.

Table 2 summarizes and lists the calculation formulae
for the NDWI, NDVI, NDBI, and NDSI, where
p(Green), p(NIR), p(R), p(SWIR), and p(Yellow) denote
the reflectance of the respective bands. In this study, based
on the wavelength range of the Green, NIR, R, SWIR, and
Yellow bands and the reflectance for seawater, vegetation,
impervious surfaces, and soil in these bands, the four
indexes are calculated using bands 17, 95, 34, 196, and 24
for Green, NIR, R, SWIR, and Yellow, respectively.

3.1.2 Automated mixed W-V-I-S pixel extraction and
endmember extraction

To automatically extract mixed W-V-I-S pixels and pure
seawater pixels, the valley threshold is used as the starting
value when searching for mixed W-V-I-S pixels in the
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Fig. 2 General framework based on an automatic sub-pixel coastline extraction (ASPCE) method.

Table 2 Calculations for the NDWI, NDVI, NDBI, and NDSI indexes for the extraction of seawater, vegetation, impervious surfaces, and soil,

respectively

Four index names Abbreviation and definition
Normalized Difference Water Index (McFeeters, 1996) NDWI — ( p(Green) - p(NIR)) / ( p(Green) + p(NIR))
Normalized Difference Vegetation Index (Santos and Negri, 1997) NDVI = ( (NIR) -

) /(p (NIR) + p(R )
Normalized Difference Built-Up Index (Zha et al., 2003) NDBI = ( (SWIR) - p(NIR) )/(p (SWIR) + p NIR))

Normalized Difference Soil Index (Wolf, 2012) NDSI — < (Green) — p(Yellow) /< p(Green) + p Yellow))
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NDWTI image histogram between the non-water threshold
and the water threshold at the three test sites (see Fig. 3).
Locally Weighted Scatter Plot Smoothing (LOWESS) is
applied to the original histogram curve. The slope of the
histogram curve is used as the discriminant criterion and is
usually set to a slope of 30°, 45°, or 60° according to the
experimental values (Xie et al., 2016b).

Table 3 shows the corresponding tangential curvatures
for pure seawater selection at the three test sites. Mixed
pixels are somewhat more easily confused with complex
coastal surface features than pure seawater, vegetation,
impervious surfaces, and soil pixels. Therefore, for the
South China Sea test region, the corresponding tangential
curvatures for the non-water threshold and pure water
threshold are respectively set to 0.5 and 1.732, namely,
30° and 60°, respectively. For the East China Sea test
region, the tangential curvatures range of the mixed W-V-I-
S pixels are between 0 and 1.732 on both sides of the
starting value; therefore, the non-water threshold and pure
water threshold are respectively set to 60° and 60°. For the
Bohai Sea test region, the corresponding slopes of 0.5 and
1.732 are selected for the non-water and pure water
thresholds. When the curve point of each side first meets
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Table 3 Discriminant criteria for mixed W-V-I-S Pixel Extraction in
the South China Sea, East China Sea, and Bohai Sea, China

Discriminant criteria

Test sites

South China Sea

‘tana‘N(m—water‘leﬁ = O'Saltana‘water,right >1.732
East China Sea [tanc|Non—water,left = 1-732,[tanal|yager righe = 1.732

Bohai Sea, China [tana:|Non—water,left = 0-5,[tanat|ater right = 1.732

the criteria in Table 3, the corresponding abscissa values
are selected as the pure seawater threshold.

According to the W-V-I-S model, the various pure
seawater, vegetation, impervious surfaces, and soil spectra
are selected from the higher NDWI, NDVI, NDBI, and
NDSI index values, respectively, which are respectively
averaged as the reference spectra.

The methods used to extract pure endmembers of
selected seawater, vegetation, impervious surfaces, and
soil from W-V-I-S model include the spectral feature space
scatterplot from Minimum Noise Fraction (MNF) trans-
form images and the Pixel Purity Index (PPI) algorithm.
The PPI is used first to find the most spectrally pure
(extreme or unique) pixels in the image data (Harris, 2006);

14000 T T T T T T T 1600 T T T T T T T
12000 + Non-water Mixture \ther— 1400 |- Non-water ixture ﬂWater—
10000 R 12001 .
> > 1000
2 8000 4 2 - -
(5] L
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Fig. 3 Histograms of the NDWI in the (a) South China Sea, (b) East China Sea and (c) Bohai Sea, China test sites.



484

then, the spectral angle method is applied to the spectral
matching between endmember spectra and reference
spectra based on the W-V-I-S model (Yang et al., 2008).

3.2 Linear spectral unmixing method based on FCLS

The Fully Constrained Least Squares (FCLS) method is
used to estimate seawater abundance. Two constraints were
imposed: the sum of the endmembers’ abundances had to
equal one, and the angle of the endmember abundance was
limited to between 0 and 1. Moreover, the W-V-I-S model
assumes that the surface features in the coastal environ-
ment are a linear combination of four components:
seawater, vegetation, impervious surfaces, and soil. There-
fore, Eq. (1) is the minimum residual error value after
iteration when satisfying the two constraints based on
coastal surface features, as shown in Eq. (2). Moreover,
according to the W-V-I-S model, pure seawater can be
effectively obtained because it is contained in large water
area in three regions; the reflectance value of pure seawater
is determined by calculating an average of the water pixels
from the NDWI grey image, and the reflectance values of
pure vegetation, impervious surfaces, and soil are
determined by calculating the average of selecting several
vegetation, impervious surface, and soil spectra from the
highest NDVI, NDBI, and NDSI index values, respec-
tively. Then, the seawater abundance can be obtained using
Egs. (1) and (2). The linear unmixing equation can be
described as follows (Xie et al., 2016b):

8:min”pm7(pw fw +pv fv +pz fi+ps fv)H’ (l)

fW +fv +fl +fs: 190<pw= Pvs Dis ps<ln (2)

where p,,, p., pi, pw,and p,, are the reflectance values of
pure seawater, pure vegetation, pure impervious surfaces,
pure soil, and mixed pixels, respectively, and f,,, f,, f;, and
f; are the respective abundances of the endmember
seawater, vegetation, impervious surfaces, and soil.

3.3 Coastline extraction by the spatial attraction model

Based on the previous seawater abundance results, sub-
pixel mapping was first introduced by Atkinson (Atkinson,
1997) to obtain the sub-pixel coastline extraction result.
Because coastline is continuous, due to its better spatial
correlations, the spatial attraction model was used to obtain
the specific positions of endmember seawater, vegetation,
impervious surfaces, and soil to improve the accuracy of
coastline extraction.

In this research, the scale factor S is determined by the
seawater abundance histogram. To facilitate the calculation
of distances between sub-pixels and pixels, a Euclidean
coordinate system with a vertical X-axis and horizontal Y-
axis is defined. This system’s origin (0, 0) is at the top left
of the sub-pixels (also the top left of the pixels), and the
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unit distance equals the size of a sub-pixel (Xu et al.,
2014). Moreover, to quantify the likelihood of sub-pixels
of different classes in the centre of a pixel, Eq. (3) is used to
calculate the attraction values for the sub-pixel and its
neighbouring pixels, and Eq. (4) is used to define the
distances for sub-pixels and pixels as follows:

Pij(c)

Pas(C) —AVg{mpi,j € NtLUa,b]}’ 3
a,boFi,j

(dpa,b ’pi,/') =

\/a +0.5-S(i+0.5)%+[p+05-SG+05)7 @

where p,, ;(c) is the attraction value between sub-pixel p, ,
and endmember c¢; p;{c) is the abundance value for the
combination of pixel p;; and endmember c; N/ p, ;] is the
neighbourhood of type # of sub-pixel; and d(p, 5.p; ) is the
distance between sub-pixel p,; and pixel p;; (Mertens et
al., 2006).

3.4 Accuracy assessment

The sensitivity of different classifiers to various coastline
extraction approaches was evaluated using root mean
square error (RMSE) (Li and Gong, 2016) by calculating
the distances between the extracted coastline and the
digitized coastline for the three test sites. When a mixed-
edge pixel was classified as water, the water fraction fell
outside the true coastline; similarly, in case where mixed
pixels were classified as vegetation, impervious surfaces,
or soil (non-water), those fractions of the pixels fell inside
the true waterline. Coastline distance changes of the
extracted coastline from the different methods compared to
the digitized coastline were recorded by using the vertical
section method, which is called DSAS (Digital Shoreline
Analysis System) in the ArcGIS expansion module, which
was developed by the United States Geological Survey
Board (Thieler et al., 2009). Considering that the spatial
resolution of hyperspectral images is 30 m, section spacing
of 30 m, 60 m, 90 m, and 120 m were used in the three test
regions for extracting coastline with the proposed ASPCE
method and the comparative methods.

4 Results

4.1 Coastline extraction based on ASPCE

4.1.1 Automated endmember extraction and determination
based on W-V-I-S model

During data pre-processing, the Minimum Noise Fraction
(MNF) transform was selected to reduce the dimension of
the EO-1 data and extract the major features of the coastal
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zones. After the MNF transform, the PPI method (which
was introduced in Section 3.1.2) was applied to extract
pure endmembers from mixed W-V-I-S pixels using the
first few principal components. Fig. 4(a)—4(c) shows the
endmember spectra resulting from the PPI method at the
South China Sea, the East China Sea, and the Bohai Sea,
China test regions, respectively. Classes A1-D1 are the
extracted endmember spectra of seawater, vegetation,
impervious surfaces, and soil, at the South China Sea test
region; Classes A2—D2 and E are the extracted endmember
spectra of seawater, vegetation, impervious surfaces, soil,
and land water, at the East China Sea test region; and
Classes A3—-D3 are the extracted endmember spectra of
seawater, vegetation, impervious surfaces, and soil, at the
Bohai Sea, China test region. In this study, the W-V-I-S
model was applied to select pure seawater, vegetation,
impervious surfaces, and soil spectral curves from four
indexes as reference spectra at the different test sites. As is
shown in Fig. 4(a)-4(c), the four endmember libraries of
seawater, vegetation, impervious surfaces, and soil were
built by averaging the spectra of each ground feature. As
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Fig. 4 shows, the endmember spectra closely match the
reference spectra based on the W-V-I-S model.

To further differentiate the endmember spectra types, the
spectral angles between endmember spectra and reference
spectra were obtained. As shown in Table 4, compared
with the reference spectra of seawater, vegetation,
impervious surfaces, and soil, the smallest spectral angles
for the classes A1-D1 at the South China Sea test site were
0.1142 rad, 0.0364 rad, 0.0508 rad, and 0.0556 rad,
respectively. For the East China Sea test site (Table 5), the
smallest spectral angles for the classes A2—D2 were 0.0660
rad, 0.0220 rad, 0.0585 rad, and 0.0350 rad, respectively,
and for class E the smallest spectral angle was 0.0670 rad.
For the Bohai Sea test site (Table 6), the smallest spectral
angles for the classes A3-D3 were 0.0795 rad, 0.0541 rad,
0.0939 rad, and 0.0576 rad, respectively. The smaller the
spectral angle, the better match the corresponding object
type, meaning that the types of the endmembers of classes
Al1-DI in the South China Sea, endmembers of classes
A2-D2 in the East China Sea, and endmembers of classes
A3-D3 in the Bohai Sea corresponded to seawater,
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Fig. 4 Extracted spectral curves of ground objects from the PPI algorithm and the reference spectra from four different indexes at

(a) South China Sea; (b) East China Sea; and (c) Bohai Sea, China.



486 Front. Earth Sci. 2019, 13(3): 478494

Table 4 The angle between the endmember spectrum vector and the reference spectrum vector at the South China Sea test site

Spectrum vector

Spectral angle/rad

Class Al Class B1 Class C1 Class D1
Reference seawater 0.1142 0.9771 0.7160 0.4476
Reference vegetation 0.9768 0.0364 0.3625 0.5821
Reference impervious 0.6563 0.3372 0.0508 0.2678
Reference soil 0.3889 0.5726 0.3161 0.0556

vegetation, impervious surfaces, and soil, respectively. For
Class E in the East China Sea, the matching type is land
water. As shown in Fig. 4 and Table 5, the ASPCE method
clearly distinguished between seawater and land water in
the East China Sea test site.

4.1.2 Coastline extraction results based on spatial attraction
model

To obtain the optimal spatial distributions of the seawater,
vegetation, impervious surfaces, and soil from the
abundance images, it was necessary to utilize sub-pixel
mapping (introduced in Section 3.3) to acquire more detail
from the pixels. The scale factor was determined by the
water abundance histogram, because water abundance
focuses mainly on abundance values above 0.9; therefore,
the scale factor is 3. The experimental results showed that
this value accurately locates the optimal position of each
endmember.

Complete sub-pixel mapping results with multiple
endmembers from the three test regions are shown in
Figs. 57, respectively. For the South China Sea test region
in Fig. 5, the spatial attraction model clearly maps the
sandy coast with soil along the coastal zone; this result

occurs because the coastal zone at the South China Sea
contains a huge range of sand and soil areas due to wave
and/or wind accumulation over a long timescale. Figure 6
shows the endmember mapping and coastline extraction
results from the East China Sea test region. Because this
test region includes the Yangtze River estuary and the
Huangpu River, a large quantity of fine sediment has been
carried into the sea by the rivers and has been affected by
tidal currents and waves for a long time in the Yangtze
River estuary. However, when using the ASPCE method,
the results are clearly distinct from the seawater and land
water in the mixed W-V-I-S pixels. Regarding the Bohai
Sea, China test region in Fig. 7, compared with the original
image, the endmember image clearly shows the specific
classifications of the extracted coastal endmembers.
Specifically, this coastal boundary consists of impervious
endmember surfaces due to geological structures or an
artificial coast. These experimental results show that the
ASPCE method achieves better endmember mapping and
coastline extraction results.

4.2 Compared methods and accuracy assessment

To compare the accuracy of the proposed ASPCE method
with other methods, four widely used mixture pixel

Table 5 The angle between the endmember spectrum vector and the reference spectrum vector at the East China Sea test site

Spectrum vector

Spectral angle/rad

Class A2 Class E Class B2 Class C2 Class D2
Reference seawater 0.0660 0.0789 0.8104 0.4422 0.3288
Reference land water 0.0962 0.0670 0.8018 0.4245 0.3031
Reference vegetation 0.8027 0.7477 0.0220 0.3754 0.4995
Reference impervious 0.4811 0.4263 0.3528 0.0585 0.1663
Reference soil 0.3110 0.2584 0.5236 0.1465 0.0350

Table 6 The angle between the endmember spectrum vector and the reference spectrum vector at the Bohai Sea, China test site

Spectrum vector Spectral angle/rad

Class A3 Class B3 Class C3 Class D3
Reference seawater 0.0795 1.0095 0.6876 0.4058
Reference vegetation 0.9667 0.0541 0.3654 0.6331
Reference impervious 0.6011 0.3744 0.0939 0.2685
Reference soil 0.3870 0.5810 0.2699 0.0576
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Fig. 5 Coastline extraction results based on the ASPCE method at the South China Sea test site. (a) Original image; (b) sub-pixel
mapping result with each different endmember; (c) coastline extraction based on ASPCE method; (d) partial magnification of (c).
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Fig. 6 Coastline extraction results based on the ASPCE method at the East China Sea test site. (a) Original image; (b) sub-pixel mapping
result with each different endmember; (c) coastline extraction based on ASPCE method; (d) partial magnification of (c).

unmixing methods, the Multiple Endmember Spectral
Mixture Analysis (MESMA), Mixture Tuned Matched
Filtering (MTMF), Sequential Maximum Angle Convex
Cone (SMACC), and Constrained Energy Minimization
(CEM), and one classical Normalized Difference Water
Index (NDWI) were selected to perform coastline extrac-
tion comparisons with the proposed method.

4.2.1 Coastline extraction results from different methods

The images in the first column of Figs. 8(a), 8(h), and 8(o)
show the digitized coastlines. The images in the second
column of Figs. 8(b), 8(i), and 8(p) show the coastline

extraction results of the ASPCE method for the different
study areas. The third through the seventh columns of Fig.
8 show the coastlines extracted by the compared methods.
From a visual inspection, it can be seen that with the
extracted coastlines of the SMACC, CEM, and NDWI
methods in the South China Sea (Figs. 8(e), 8(f), and 8(g)),
in the East China Sea (Figs. 8(1), 8(m), and 8(n)), and at the
Bohai Sea, China (Figs. 8(s), 8(t), and 8(u)), deviations
from the digitized coastline are more serious. Moreover,
Figure 9 clearly shows that those methods obtained the
worst results compared with the proposed method. The
MESMA and MTMF methods (Figs. 8(c), 8(d)) in the
South China Sea, (Figs. 8(j) and 8(k)) in the East China
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Fig. 7 Coastline extraction results based on the ASPCE method at the Bohai Sea, China test site. (a) Original image; (b) sub-pixel
mapping result with each different endmember; (c) coastline extraction based on ASPCE method; (d) partial magnification of (c).

Sea, and (Figs. 8(q) and 8(r)) in the Bohai Sea, China
obtained better results than the other three methods;
however, the detail regions demonstrate that they included
more errors than do the results of the proposed ASPCE
method in Fig. 9. ASPCE achieves the best visual accuracy
in all the sub-pixels. For the complex coastal zones,
especially the East China Sea test region in Fig. 9(b), the
ASPCE method is the most sensitive to water body
information; it can accurately extract water bodies from
mixed pixels and avoid omission and misclassification
errors. Moreover, the proposed ASPCE method better
acquires the specific locations of the sub-pixels inside a
pixel than do the other comparison methods. These results
show the coastline extraction results of the proposed
ASPCE method provide considerably better coastline
locations than do the compared methods.

More specifically, Figure 9 shows that the coastline
extraction derived from the ASPCE method has the highest
consistency with the digitized coastline in each test site.
For the South China Sea test site in Fig. 9(a), the ASPCE
method shows a better coastline extraction result than do
the compared methods, especially NDWI, which obtains
the worst result. For the East China Sea test site containing
a large amount of sediment in Fig. 9(b) — especially in the
Yangtze River estuary region—the proposed method is
consistently better at suppressing sediment and other non-
water surfaces, enhancing water absorption, and obtaining
the best coastline extraction. In contrast, the compared
methods extract worse results because of insufficient
information, and they omit the small water bodies. For
the Bohai Sea, China test site in Fig. 9(c), the coastal area is
rocky and includes no non-water surfaces other than rocks.
Therefore, all the methods achieve better coastline
extraction results. However, the coastline extracted using

the ASPCE method has the highest consistency with the
digitized coastline. A visual inspection of the detail area
clearly shows that the ASPCE method efficiently extracts
coastline from different coastal zones.

4.2.2  Accuracy analysis

The RMSE method introduced in Section 3.4 was used to
analyse the accuracy of the various methods. Figure 10
shows the accuracy of RMSE based on the ASPCE,
MESMA, MTMEF, SMACC, CEM, and NDWI methods in
the different study areas. The experimental results clearly
show that the proposed ASPCE method significantly
outperforms the other comparison methods when the
section spacing is 30 m, 60 m, 90 m, or 120 m.

As shown in Fig. 10, the proposed ASPCE, MESMA,
MTMEF, SMACC, CEM, and NDWI methods are con-
sistent with the RMSE in terms of the different section
spacing in the three study areas. That is, the accuracy of the
extracted coastline becomes worse as the spacing
increases. Compared with the digitized coastline, a smaller
spacing more clearly expresses the extracted coastline
results by the different methods. Moreover, considering the
use of images with a resolution of 30 m/pixel in this study,
using the 30 m section spacing obtains a more accurate
coastline extraction than does using other section spacing
values.

For the 30 m section spacing, the quantitative sub-pixel
accuracy assessment results are summarized in Fig. 11.
The RMSE values of the proposed ASPCE method for the
extracted coastline are 10.5 m, 11.9 m, and 12.0 m at the
Bohai Sea, China, South China Sea, and East China Sea,
respectively —that is, 0.35 pixels, 0.38 pixels, and 0.40
pixels, respectively. When compared to the MESMA,
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Fig. 8 Comparison of the coastline extraction results. First row, (a)—(g) are, respectively, the digital coastline and coastline extractions
from the proposed method and the compared methods (MESMA, MTMF, SMACC, CEM, and NDWI) in the South China Sea; Second
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Fig. 9 Detail results of the coastline extracted by seven methods overlaid on the original image at the (a) South China Sea, (b) East China

Sea, and (c) Bohai Sea, China, respectively.

MTMEF, SMACC, CEM, and NDWI method results in the
three test regions, for the Bohai Sea, China test region, the
ASPCE method improves the accuracy by 24.5%, 39.6%,
44.7%, 47.5%, and 52.3%, respectively. For the South
China Sea test region, the ASPCE method improves the
accuracy by 15% over MESMA, 33.5% over MTMF,
40.5% over SMACC, 47.3% over CEM, and 48.3% over
NDWI. For the East China Sea test region, the ASPCE
method improves the accuracy by 18.4%, 29.4%, 36.8%,
41.5%, and 48.7%, respectively over the MESMA,
MTMF, SMACC, CEM, and NDWI methods. The
comparatively high accuracy achieved by ASPCE is
attributable to the fact that surface features in coastal
zones are complex, especially in the East China Sea test
region, and it is difficult to obtain a satisfactory result using
the MESMA, MTMF, SMACC, CEM, and NDWI
methods. The ASPCE vyields a better performance by
accurately extracting the mixed W-V-I-S pixels and

determining the endmember spectra based on the W-V-I-
S model in complex coastal zones. In addition, the strategy
used to determine the sub-pixel distribution in the ASPCE
method reduces the influence of inaccurate fraction images
caused by the spectral unmixing algorithm, while the other
comparison methods introduce more errors, due to both
insufficient information and the inaccurate results of the
spectral unmixing. The proposed method determines more
details from mixed pixels. Based on the statistical results,
the proposed ASPCE method exhibits higher sub-pixel
mapping accuracy than do the pixel-level methods CEM
and NDWI or the sub-pixel-level methods MESMA,
MTMEF, and SMACC.

This result occurs because the CEM method considers
the considerable amount of shade that exists in coastal
zones. The spectral characteristics of shade and water
surfaces are similar in some cases; therefore, it is difficult
for the CEM method to clearly distinguish between water
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and shade. In addition, the hard-classification NDWI
method allocates each pixel in the image to the class with
which it has the greatest spectral similarity, which
constrains the prediction of water boundaries. Moreover,
the optimal threshold value of NDWTI is generally difficult
to determine. Therefore, compared with the proposed
ASPCE method, these methods yield worse coastline
extraction results. However, although the extracted coast-
lines of the MESMA, MTMEF, and SMACC methods
achieve better performances than do the CEM and NDWI
methods, due to insufficient information and errors in
spectral unmixing, the MTMF and SMACC methods do
not strictly satisfy the abundance constraints; thus, they
obtain worse coastline extraction results than the MESMA
method. Among the compared methods, MESMA
achieves the best coastline extraction accuracy; however,
the combination of endmembers is more complex in these
experimental study areas, and the large number of pixels
makes MESMA time consuming, which is not conducive
to mixed-pixel unmixing over large areas.

A close look at the RMSE accuracy for each test site
reveals that the coastline extraction derived from the
proposed method has the highest consistency with the
digital coastline and shows that ASPCE method has the
ability to achieve an RMSE accuracy of better than 12.0 m
(0.40 pixels). However, the coastline extraction of ASPCE
is least accurate in the East China Sea test site. This is
because the East China Sea site includes the Yangtze River
estuary coastal zone, in which large amounts of fine
sediment have been carried by rivers into the sea over a
long time, forming a mud-deposition coastal zone, and
seawater containing the suspended sediment has an impact
on the water spectrum extracted using the ASPCE method.
Among the other test sites, the Bohai Sea, China site
features a rock estuary coastal zone, and the South China
Sea site has a sandy coastal zone; thus, the ASPCE method
obtains higher coastline extraction accuracy due to the
purity of the seawater in these areas. Note that the
minimum temperature is approximately 0 degrees accord-
ing to the weather in Bohai on November 11, 2006;
therefore, temperature did not affect the coastline extrac-
tion because these data were obtained in daytime and no
sea ice was present in this test region.

The water areas are divided into seawater and land water
in the East China Sea test site because this study region
contains large land water areas of the Huangpu River.
However, the endmember spectral characteristics of land
water can be clearly distinguished from Yangtze River
estuary seawater because of the fine sediment; therefore,
the seawater endmember spectrum was used to extract
coastline in this study area. However, the South China Sea
and Bohai Sea, China test sites contain almost pure
seawater, and the endmember spectral characteristics of
land water and seawater are similar for these study regions;
therefore, the endmember spectra of land water and

Front. Earth Sci. 2019, 13(3): 478494

seawater were combined into one endmember spectrum
to extract coastline.

Therefore, based on the statistical accuracy results of
ASPCE compared with the MESMA, MTMF, SMACC,
CEM, and NDWI methods, the coastline extraction effect
of the proposed ASPCE method suggests that it can extract
coastline at sub-pixel-level accuracy.

4.2.3  Error analysis

The ASPCE method achieved the highest coastline
extraction accuracy compared with the related methods;
however, some errors still exist in the final extracted
coastline. Through a comprehensive analysis of the error
statistics, we confirmed that the error sources stem from the
following three aspects: 1) all three test images were
acquired in coastal zones with complex ground surface
conditions, especially in the East China Sea site, which
includes many ships and small stones at coastal edges that
can easily be confused with seawater due to high spectral
feature similarities (Xie et al., 2014); 2) the linear spectral
unmixing model was applied for endmember abundance
estimation in this study; however, in reality, the measured
signal of the sensor always includes the interactions of
electromagnetic radiation with the multiple constituents
within each pixel (Keshava and Mustard, 2002); thus, not
all objects are linear in the experimental images, and
consequently, it is inaccurate to regard all pixels as linear
models; and 3) a substantial timespan between the acquired
EO-1 data and the Google Earth data is inevitable;
coastline conditions are sometimes extremely varied, and
these differences can affect the measurement of coastline
extraction accuracy.

5 Conclusions

To ensure urban security and sustainable development in
the coastal zones, coastline information should be
extracted accurately and should not be limited to the
pixel level. In this paper, an automated sub-pixel coastline
extraction method is proposed for three experimental areas:
the South China Sea, the East China Sea, and the Bohai
Sea, China. The main results of this study show that the
proposed ASPCE method is more effective for extracting
coastlines.

1) First, the W-V-I-S model based on four indexes was
applied to coastline extraction from EO-1 data in the
different test regions; this approach contributes to improv-
ing the detection accuracy of mixed W-V-I-S pixels,
endmember spectra determination, and computational
efficiency.

2) Utilizing the FCLS method simultaneously satisfies
two constraint conditions, namely, that the sum of the
endmembers’ abundances should be equal to one, and that
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the angle of endmember abundance should be limited to
between 0 and 1. This method efficiently improves the
unmixing accuracy from mixed W-V-I-S pixels and
provides accurate seawater abundance for use with the
spatial attraction model, which obtains the specific sub-
pixel locations and extracts coastline accurately in different
coastal zones.

3) The experimental results indicate that the ASPCE,
MESMA, MTMF, SMACC, CEM, and NDWI methods
exhibit consistency across the 30 m, 60 m, 90 m, and 120
m section spacing —that is, the accuracy of the extracted
coastline degrades as the spacing increases.

4) Using 30 m section spacing, the accuracy of the
extracted coastline based on proposed ASPCE method is
0.39 pixels, 0.40 pixels, and 0.35 pixels in the South China
Sea, East China Sea, and Bohai Sea, China test regions,
respectively, and the ASPCE method significantly outper-
forms the compared methods. The results from each test
region revealed that the coastline extraction using the
proposed method had the highest consistency with the
digital coastline, showing that the ASPCE method has the
ability to achieve an accuracy of better than 12.0 m (0.40
pixels). Moreover, the coastline extraction accuracy of the
ASPCE method was best in the Bohai Sea, China site due
to its rocky coast and lack of complex surface features,
while its coastline extraction result was the worst in the
East China Sea site due to the complex coastal surface
features.

Therefore, the quantitative accuracy results indicate that
the ASPCE method proposed in this paper can accurately
extract coastline from the mixed pixels of complex coastal
zones and achieve more precise results than can the
traditional pixel-level methods based on hard classification
or other spectral unmixing methods based on soft
classification.
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