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Abstract: Based on the spectral reflection characteristics analysis of the muddy coastline in Jiangsu,
an improved spectral water index (IWI) combined with the Otsu algorithm is proposed to extract
muddy coastlines from Landsat Operational Land Imager (OLI) images. The IWI-extracted coastline
results are compared with those extracted by the modified normalized difference water index
(MNDWI), normalized difference water index (NDWI), enhanced water index (EWI), revised
normalized different water index (RNDWI) and automated water extraction index (AWEI). The
results show that the IWI is not affected by tidal conditions or sand content in the water, can reduce
the “salt-and-pepper” phenomenon in the Otsu algorithm classification, can accurately identify
water boundaries and can extract silty mudflats and marine buildings with high accuracy. It can
also significantly increase the degree of automation of coastline extraction. The IWI combined with
the Otsu algorithm demonstrates high accuracy of over 84% in the extraction muddy coastline data
with one-pixel tolerance, which is twice as accurate as other indices. The accuracy of extraction for
all other types of coastlines is over 81%. Therefore, the IWI index combined with the Otsu algorithm
is reliable for studies of sea—land processes and coastline evolutions.

Keywords: coastline extraction; muddy coast; spectral reflectance; spectral index; Otsu algorithm

1. Introduction

A coastline is a geomorphological signature of sea—land interactions, and has been
identified by the International Geographic Information Committee (IGDC) as one of the
27 most important land surface features [1]. Coastline variability is a representation of the
evolution of coastal zone resources and environmental ecosystems under climate change,
sea level change and sea-land interactions, and is also an integral reflection of human
influence and modification of the natural environment, as well as adaptation and
response to climate change [2-6]. The methods of coastline extraction include traditional
mapping and remote sensing. With the traditional mapping method it is difficult to obtain
large-scale coastline images in a short period of time, and dynamic monitoring of
coastlines is not feasible [7]. Remote sensing image-based coastline extraction is not
restricted by the weather, surface, sea conditions or geographical environment, and has
the ability for fast, flexible and continuous monitoring [8]. With the continuous
improvement of the spatial, temporal and radiometric resolutions of satellite sensors, the
image processing techniques for coastline extraction based on multi-source remote
sensing information are becoming more diverse. The threshold method based on spectral
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bands is one of the most important methods [1], which focuses on setting thresholds to
separate sea and land areas to extract coastlines by enhancing the differences between the
target object and background. The spectral index algorithm is sensitive to waveband
information [9-11], and the image processing requires the selection of a suitable spectral
index based on the absorption characteristics of the target object to the spectrum.
McFeeters [12] constructed the NDWI by analyzing the spectral characteristics of water
bodies and vegetation, which can effectively suppress vegetation information and
distinguish water bodies from vegetation and mountain shadows, but ignored the
influence of soil, buildings and shadows. For the extraction of urban water bodies, Xu et
al. [13] constructed the MNDWI by analyzing the spectral features of buildings and
enhancing the contrast between water bodies and buildings. To reduce the influence of
mixed image element factors, vegetation and mountain shadows, Cao et al. [14]
constructed the RNDWI to extract the water surfaces of reservoirs. Yan et al. [15]
constructed the EWI to effectively distinguish semi-dry rivers from background noise.
Feyisa et al. [16] constructed the AWEI to improve the automatic classification of shaded
and low-reflectance water bodies. Other studies also used the above spectral indices to
extract coastlines. Sheng et al. [17] used the NDWI to extract vegetated coastlines in the
Strait of Malacca. Sandra [18] used an improved index to extract bedrock coastlines in the
Spanish delta. Du [19] used the MNDWI to extract different types of coastlines in small
areas of lagoons along the coast of Venice in Italy. To address the uncertainty in extracting
water bodies or coastlines from different regions using the spectral water index, Wu et al.
[20] analyzed the extraction ability levels of various spectral indices for water bodies in
silty shores in the Yellow River Delta and showed that the AWELs: (one of the formulae
of AWEI, the other being AWEI) had the best extraction effect and that the MNDWI had
a higher leakage rate for seawater than other indices. Zhang et al. [21] extracted the muddy
coastline of Shandong Peninsula using a different extraction method from that used to
extract silty and bedrock coastlines, and the results showed that the average error of the
extracted muddy coastline was 21%, much higher than the average error for other
coastline types. However, few studies have been conducted on the extraction methods for
muddy coastlines with average tidal differences greater than 4 m, such as the threshold
method and edge detection method [22,23]

The muddy coastline areas in the Jiangsu Sea are more complex than other types of
coastlines, since they are influenced by the Yangtze River, the Yellow River, and the
Huaihe River, which carry sand and form silty mudflats. The maximum tidal difference
in the Jiangsu Sea is more than 6 m and the average tidal difference between the north and
south is more than 3 m, while the coastline is particularly influenced by the tides [24]. The
silty mudflats, which “appear and disappear”, are the most tidally influenced areas
[25,26], in which water remains after low tide, with a large number of mixed pixels of
water and mudflats and complex spectral properties. This leads to similarities between
the spectral reflectance values of silty mudflats and water. Therefore, the applicability of
the previous spectral water index is reduced, affecting the subsequent identification and
classification. In addition to the above factors, the high sediment content of water bodies
is another major characteristic that differs from inland water bodies. The coastline types
in Jiangsu are diverse and complex, and there is an urgent need to explore extraction
methods for complex typical coastlines to improve the extraction accuracy, especially for
muddy coastlines.

This study attempts to develop a new extraction method for muddy coastlines in
Jiangsu based on improved spectral indices combined with the Otsu algorithm [27] using
Landsat-8 OLI images, and to compare it with the five most commonly used spectral
indices (MNDWI, NDWI, EWI, RNDWI and AWEI) to explore the extraction of complex
coastlines. The results of this study will provide a basis for the long-term monitoring of
complex coastlines and a more improved understanding of sea-land processes and
coastline evolution.
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2. Study Area and Data Sources
2.1. Study Area Overview

Jiangsu is located on the shores of the Yellow Sea and the East China Sea (see Figure
1A) and has the largest muddy coastline in China, which is unique globally. Figure 1a,b
and 1c represent northern, central and southern Jiangsu coast respectively. The Jiangsu
offshore area has a regular semi-diurnal tide with the largest tidal range in the central sea,
forming a decreasing trend from the central to the north and south. In the main intertidal
tidal channels, the maximum tidal speeds reach 3 m s'. Due to the gentle tidal mudflats,
the strongest wave height is less than 1 m in winter, while in other seasons the wave height
is only about 0.5 m [28]. The coastline of Jiangsu is continuously silted by the transported
sediment from the Yangtze and Yellow Rivers, and after the shift of the Yellow River to
the north, the coast shows erosion in the north and siltation in the south. With the lack of
large amounts of sediment, the middle section is subject to the intersection of the South
Yellow Sea’s rotating tidal wave system and the East China Sea’s advancing tidal wave
system, resulting in the formation of the current large-scale underwater radial sandbars.
The coastline types of Jiangsu are complex, with the Lianyungang section dominated by
bedrock and sandy coastlines, the Yancheng section dominated by chalky-silt coastlines
and the Nantong shore section dominated by polder and silt coastlines [29]. Overall, the
silt shore type accounts for about 93% of the province’s coastline length [30]. Since the
1990s, the coastal silty mudflats resources have been mainly used for aquaculture and
industrial port construction [31], and the coastline has since changed considerably.
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Figure 1. Schematic diagram of the study area: (A) study area and image coverage location map (a)
northern Jiangsu coast; (b) central Jiangsu coast; (¢) southern Jiangsu coast. All images correspond
to the data in Table 1, while the path and row numbers are 120036, 119037 and 118038.
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2.2. Data Sources

The study is based on the Landsat-8 OLI surface reflectance (SR) data provided by
the Google Earth Engine platform as the base data (see Table 1) [32]. The SR data were
pre-processed with geometric and atmospheric correction and with quality assurance for
the quality assessment bands [33]. The SR data were acquired by a single-pass algorithm
with atmospheric correction, taking into account not only the effect of surface-specific
radiance but also atmospheric radiation. The Landsat-8 OLI multispectral band has a
spatial resolution of 30 m and a re-entry period of 16 days. Since clouds can obscure
feature information and affect the extraction of coastlines, images with low cloud cover
were preferred [34]. The images used in this study all had less than 3% cloud cover.

Table 1. Images used in the study.

Landsat Sensor Path/Row Image Time Tide
OLI p120/r036 2017/02/11 High
OLI p119/r037 2018/02/23 Low
OLI p118/r038 2020/02/22 High

3. IWI Index Construction and Water Extraction Method
3.1. Analysis of Spectral Characteristics of Ground Objects

The core of this study is the distinction between open water (marine) and land and
the extraction of coastlines. The focus is on the different coastal types, which are classified
based on important features, such as low-sediment water far from the coast, high-
sediment water near the coast, silty mudflats and coastal vegetation, while other feature
such as arable land, built-up areas, roads and mountains are classified as land features.
The spectral differences between the different types of coastal features are analyzed to
assist in subsequent studies.

Based on the above classifications, pure images of relevant features are selected from
the images described in Table 1. More than 10,000 pixels of each feature are selected and
the average reflectance of each band was calculated, as shown in Figure 2. As can be seen
from Figure 2, the reflectance of water with high and low sediment content varies
similarly from the visible band (0.450-0.680 um) to the near infrared band (0.680-0.885
um), gradually increasing in the visible band, reaching a maximum in the green band and
then decreasing in the near infrared band, reaching almost zero near the shortwave
infrared band. This is different from the variations in clear water, for which reflectivity is
approximately 4% and may be related to the turbidity of the sand content of the water
body [35], in which the increase in sediment content causes an increase in reflectance.
Clear water has a strong absorption capacity for incident energy and has a low reflectance
over most of the sensor’s wavelength range. There is a tendency for the absorption to
increase with increasing wavelength in clear water. As shown in Figure 2, low-sediment
water can be approximated as a clear body of water with a reflectance of approximately
5% in the visible wavelength range, dropping to 2.5% in the red band range; beyond the
visible range, over 98% of the energy incident on the clear water is absorbed. In contrast,
the reflectance range of water with a high sediment content near the Jiangsu coast is about
10% to 15% in the near infrared band, almost four times the reflectance of clear water. The
reflectance of the silty mudflats varies slightly across all wavelengths, with a peak of less
than 5%, while the reflectance fluctuates between 5% and 10% and the trend is highly
similar to the water bodies. Coastal vegetation has low reflectance in the visible band,
increases to a maximum in the near infrared band as the wavelength increases and then
decreases in the shortwave infrared band, with significant differences from other features.
The land type contains a large variety of features indicated by much greater variations in
reflectance in different bands, with images rising and falling steeply.
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Figure 2. Average spectral reflectance of typical features in the study area.

3.2. IWI Index Construction

The ratio method determines the ratio of the strongest reflection band over the
weakest reflection band of the target object. Through the ratio calculation, the difference
between the target object and the background is amplified. The NDVI, NDWI and MNDWI
can be considered as representatives of the ratio index (see Table 2 for formulates). The
blue band has a certain penetration effect on water, which can be used to obtain
underwater information [36]. At the same time, it can be seen from Figure 2 that the blue
band still has relatively high reflectivity of sediment water. Previous studies did not
consider the blue band. For this reason, the IWI proposed in this study uses the four
spectral bands of Landsat-8 OLI to construct a new index (Equation (1)). The new index,
IWI, combines the blue and green bands to form a high-reflectance band combination and
combines the short-wave infrared band to form a low-reflectance band combination. The
square of the ratio of these two combinations is then used to highlight the separability of
sediment water from silty mudflats, as expressed in Equation (1) below:

IWI = [(pb2 + pb3 — pb6 — pb7)/(pb2 + pb3 + pb6 + pb7)]? 1)

where p is the reflectance and b2, b3, b6 and b7 are the OLI Blue, Green, SWIR1 and SWIR2
bands, respectively.

The reflectance spectral properties of silty mudflats are more similar to those of
sediment water, which are often difficult to distinguish. Equation (1) can enhance the
differences between silty mudflats and sediment waters (see Table 3), can increase the
variance between classes and to make the thresholds obtained by the Otsu algorithm more
accurate. The IWI is constructed according to the characteristics of high reflectivity of
sediment waters in blue and green bands to eliminate the misclassification caused by
threshold classification when the residual water bodies of silty mudflats are calculated as
positive based on the ratio index. It can increase the difference between sediment water
and other non-water pixels (e.g., silty mudflats) so that the reflectivity of the residual
water bodies of the silty mudflats will be close to the water bodies. The most complex
variation in silty mudflats is found in different tidal scenarios, and this difficulty has been
overlooked by previous approaches that have chosen high tide images and cannot be
applied to other scenarios.
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The reflectance of the silty mudflats is close to but lower than that of the sediment
waters in all bands. The values obtained using the MNDWI and NDWI formulae may be
either positive or negative, which can be avoided by using the square operation in
Equation (1). The algorithm no longer discriminates between types based on the
calculated positive and negative values, and the square operation amplifies the difference
so that the reflectance of sediment waters remains high and the reflectance of silty
mudflats is much lower, forming a bimodal distribution. As in Table 3, low-sediment
water and high-sediment water are grouped into one class, and other features are grouped
into one class, so the variance between the two classes needs to be increased. Therefore,
using the data in Table 3 as an example, the silty mudflats of MNDWI, RNDWI, EWI,
AWEIs. and NDWI have similar differences in values to sediment water or land—coastal
vegetation, which may lead to some misclassification, while the silty mudflat of IWI is far
from sediment water and land—coastal vegetation is more likely to provide a better Otsu
threshold.

Therefore, the expected results of the IWI equation are as follows: (1) the silty
mudflats ‘disappear’ at high tide, enhancing the separability of sediment waters from
coastal vegetation, buildings and other pixels; (2) the silty mudflats ‘appear” at low tide,
enhancing the separability of sediment waters from silty mudflats. Table 2 compares the
IWI with several other water indices, where the AWEI is a non-ratio index and all others
are ratio indices.

Table 2. Comparison of various spectral water indices.

Index’s Name Formula

IWI ((pb2 + pb3 — pb6 — pb7)/(pb2 + pb3 + pb6 + pb7))?
MNDWI (pb3 — pb6)/(pb3 + pbb)
AWEIusn 4 x (pb2 — pb5) — (0.25 x pb4 +2.75 x pb7)
AWEIsn pbl +2.5 x pb2 - 1.5 x (pb4 + pb5) - 0.25 x pb7
RNDWI (pb6 — pb4)/(pb4 + pb6)

EWI (pb3 = pbd — pb6)/(pb3 + pb4 + pb6)
NDWI (pb3 — pb5)/(pb3 + pb5)

Here, p is the reflectance of each band of the multispectral Landsat8 OLI and bi (i =1...,7) is each
band of the multispectral spectrum.

Table 3. Calculation results of each index are based on Figure 2.

Low- High- .

Index’s Name Sediment Sediment Land Mslllcllt’f};at Vfgeatitt?:)n
Water Water

IWI 0.664184 0.886677  0.104329 0.116950 0.161128
MNDWI 0.812356 0.929890 —-0.315410 0.335666 —0.424360
AWEIsh! 0.115870 0.218482  —0.980530 -0.259060 -0.772950
AWEIs1 0.089382 0.098988 —0.285110 -0.083450 —0.255600
RNDWI -0.624370 -0.91626  0.297899 —0.363640 0.292325
EWI 0.289268 0.070846  —0.495060 —0.219730 -0.585860
NDWI 0.769473 0.533013  —0.405810 -0.048960 -0.415590

! The calculation is divided by 10,000.

3.3. IWI Index Combined with Otsu Algorithm for Water Extraction

The extraction of water bodies based on spectral indices requires a threshold to
divide the image into two classes, land and water bodies. The problem is that the
threshold for the spectral index is not constant but varies with land cover. The Otsu
algorithm [25] is based on an automatic selection of the optimal threshold from the grey-
scale image to maximize the differences between classes. Previous studies have shown
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that the Otsu algorithm could be successfully applied to the separation of water bodies
from the Landsat imagery [37]. The optimal threshold t* in the range a~b (-1 <a<b<1)is
determined by the following algorithm [25]:

0% = Py - (Mpy, — M)? + B, - (My,, — M)?
M=Ph,,  M,,+PB, M,
Py +P, =1 2)
t"= Arg mta)z{in ’ (an - M)z + PRy (an - M)z}
asts

where ¢ is the inter-class variance of non-water and water pixels. P denotes the
probability that a pixel belongs to a non-water pixel and P. denotes the probability that a
pixel belongs to a water pixel. M and Mw denote the means of all non-water pixels and
all water pixels, respectively, and M is the mean of the whole image. Pixels with values
greater than or equal to the optimal threshold are classified as water and calculated as 1;
conversely, pixels are classified as non-water pixels and calculated as 0. Note that water
and non-water categories are assigned values opposite to those described above in the
RNDWI (i.e., 0 for water and 1 for non-water).

3.4. Coastline Extraction and Accuracy Evaluation

Based on the results of the above water body extraction, the coastline was determined
by the vectorized water-land boundary line, and the estuarine coastline was determined
as the coastline connection at the maximum estuarine widening according to Hou et al.
[38], which occurred after vectorization. The outermost edge vector was taken as the
shoreline to be determined and the estuarine shoreline was truncated at the outermost
edge inflection point, after which the two truncation points were joined to complete the
estuarine shoreline connection. To quantify the accuracy of coastline extraction, the
coastline was manually interpreted using the higher-resolution Sentinel-2 images taken
on the same day as the validation coastline, with a spatial resolution of 10 m in the visible
band of Sentinel-2. By selecting images taken on the same day, the time difference between
the two images at the corresponding locations from different sensors is about 15-20 min,
so that the corresponding image element feature type can be considered unchanged.

4. Analysis and Evaluation of Results
4.1. Comparison of Extraction Results for Open Water Bodies (Marine)

Figure 3 shows the results of the classification of water bodies (marine) and other
features calculated by each index (Table 2) and the Otsu algorithm for different tidal
scenarios. There are areas of overlap between Figure 3a,b and between Figure 3b,c, with
different tidal scenarios and different coastline locations. Figure 3a shows the Otsu results
for each index from Figure 1a, with a few misclassified areas of deep water in the IWI and
a large number of misclassified areas of highly sandy water in the NDWI and AWEI:. The
IWI, despite the above misclassifications, has better results in removing mountain
shadows and identifying features such as offshore structures. Figure 3b shows the Otsu
results for each index in Figure 1b with radial sandbars ‘visible’ in this image and muddy
coastlines as the dominant coastline type. The indices that are better identified for the silty
mudflats are the IWI, MNDWI and RNDWI. The radial sandbar is not correctly identified
in the NDWI results and a large area of the inshore is misidentified. Therefore, the IWI has
a higher ability to identify open water bodies (marine) for different tidal conditions.
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Figure 3. Otsu classification images of each index, whereby the red box in the diagram shows the
misclassified areas of the Otsu classification; (a—c) correspond to the positions in Figure 1a, 1b and
lc.

This study differs slightly from the general water body extraction studies in that the
accuracy of the inland water body extraction is not considered, and emphasis is placed on
the extraction of water bodies at the intersection of open water bodies (marine) and land.
Figure 4 shows in more detail the results of IWI and other indices for the extraction of
water bodies at the interface between land and sea. Figure 4a,d,g shows the artificial shore
area, with the results demonstrating that the IWI has the best clarity and continuity for
artificial structures, while the AWEI is not successful in identifying this area. Figure 4b
shows the sandy shore area, where the water contents in sand and gravel cause small
numbers of classification errors in the MNDWI, EWI, AWEI and RNDWI. Figure 4c—f
shows the results for the silty shore, where the MNDWI, EWI and AWEI have almost zero
ability and the MNDWI and RNDWI also have a large number of missed areas, indicating
low applicability, while the IWI better identifies the silty mudflats. Figure 4g,h shows the
enclosed mariculture shore with a small coast extent of only 1-2 pixels, where the so-called
“salt-and-pepper phenomenon” of misclassification can greatly affect the identification of
the correct location of the coastline. The results, however, show that the IWI index can
avoid this phenomenon very well.
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False color
composite

AWEInsh

AWEIsh

Figure 4. Diagram of partial results of different coastline types extracted for each index: (a,d,g) the
artificial shore area; (b) the sandy shore area; (c,d,ef) the silty shore area; (gh) the enclosed

mariculture shore.

4.2. Accuracy Analysis of Coastline

The results of the partial shoreline validation in Table 4 show that the IWI has high
accuracy for different shoreline types, and the accuracy is higher than 77% with one pixel
as the evaluation index, while the NDWI has the worst result with an accuracy of 0 in
Figure 4c—f. In general, the differences in accuracy between the indices for the silty
mudflats are large, and the differences in accuracy between the indices for the artificial
shoreline are small.

Table 4. Accuracy analysis of the local coastline results (%) for different indices.

I;(i:es D\igt::::;o(;) Figure 4a Figure 4b Figure 4c Figure 4d Figure 4e Figure 4f Figure 4g Figure 4h
0-30 91.84 82.63 77.79 91.45 8347  92.86 87.56 99.12
IWI 0-60 96.46 84.46 84.54 94.89 86.45 95.45 91.36 100.00
0-90 98.31 90.46 91.97 98.71 89.92 98.57 100.00 100.00
0-30 89.55 2.44 20.47 1.81 11.21 7.13 1.45 94.63
EWI 0-60 93.46 5.63 2491 3.45 24.63 9.45 67.32 97.48
0-90 95.73 7.45 30.47 9.47 32.66 11.78 84.56 99.29
0-30 84.69 1.30 21.35 19.54 58.13  52.68 57.41 92.66
MNDWI 0-60 91.79 4.62 26.41 24.23 64.18  57.89 76.79 98.45
0-90 93.41 8.33 32.45 30.22 74.55 61.42 84.63 99.34
0-30 84.77 57.24 0.00 0.00 0.00 0.00 0.47 76.85
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NDWI

AWElILisn

RNDWI

AWEIsn

0-60
0-90
0-30
0-60
0-90
0-30
0-60
0-90
0-30
0-60
0-90

91.93 64.15 0.00 0.00 0.00 0.00 64.48 88.48

96.42 74.31 0.00 0.00 0.00 0.00 81.60 93.45
33.64 1.48 9.43 2.04 7.43 8.65 1.78 17.63
70.49 3.51 15.74 8.47 15.76 9.45 46.96 26.36
81.33 8.47 24.69 9.45 19.48 10.71 62.01 37.44
78.38 1.72 18.49 21.46 62.13 57.43 60.47 91.46
82.46 4.12 23.41 27.63 72.46 63.47 64.79 94.21
88.63 9.54 26.48 31.01 78.14 71.13 68.47 98.43
24.95 9.46 21.36 14.32 6.77 0.00 0.58 64.57

56.64 30.46 25.46 19.76 10.65 0.00 58.46 74.93
76.49 50.84 49.78 26.87 11.24 0.00 70.42 82.36

Figure 5 shows a comparison of the coastline results extracted by each index. Parts
(Figure 5a—c) of the figure correspond to the coastline results extracted by each index
based on the images in Figure 1a—c. Figure 5b shows the most significant difference in the
coastline, with the continuity being greatly challenged in the extraction of the coastline.
Figure 5a is similar to Figure 5b,c has the least differences and most consistent extraction
results among the indices. The differences between results are due to the differences in
sensitivity of the silty mudflats and offshore artificial buildings to different combinations
of spectral bands. A comparative analysis of the coastline extraction results in the
overlapping areas (Figure 5A-D) shows that the differences in the extraction of coastlines
among the indices are smaller at high tide than at low tide. There is little difference in the
extraction results of multiple indices in high tide area (Figure 5A,D), and there is great
difference in the extraction results of multiple indices in the low tide area (Figure 5B,C).
At low tide, the silty mudflats are exposed but the muddy coast is not well identified,
except by the IWI.
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Figure 5. Comparison image of extracted coastline results: (a—c) the result maps of northern,

central and southern coastlines of Jiangsu extracted using various methods; enlarged maps of local
results, where (A-D) are the overlapping areas

In order to quantitatively evaluate the accuracy of the coastline extraction by each
index, the validation coastline interpreted by Sentinel-2 was used to calculate the ratio of
the extracted coastline within the validation coastline using the widths of one pixel, two
pixels and three pixels of Landsat-8 OLI as error tolerances. The calculated ratio (in %)

was used as a proxy for the accuracy of the extracted coastline. The validation results are
presented in Table 5. Figure 6 shows the shoreline local validation results.
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Table 5. Accuracy analysis of the coastline results (%) for different indices.

Index’s  Figurela Figurela Figurela Figurelb Figurelb Figurelb Figurelc Figurelc Figurelc
Name (0-30m) (0-60m) (0-90m) (0-30m) (0-60m) (0-90m) (0-30m) (0-60m) (0-90 m)

Wi 81.63 92.74 97.36 84.61 86.77 94.72 85.86 89.47 91.45
EWI 59.00 65.55 69.29 7.18 12.97 15.13 55.25 76.91 84.23
MNDWI 55.44 66.06 71.62 38.21 48.03 52.68 50.69 72.40 78.37
NDWI 58.03 63.46 66.77 0.00 0.04 0.13 44.78 67.73 76.54
AWEInsh 25.69 43.41 50.17 7.04 12.81 14.65 17.65 45.75 55.94
RNDWI 60.62 70.60 76.13 40.41 52.30 57.43 46.36 66.86 73.61

AWEL 21.30 35.44 40.88 8.81 15.74 19.67 23.88 50.24 61.99
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Figure 6. Image of shoreline local validation results, in descending order of dimensionality. The
legend S D (coastline distance) indicates the distance between the extracted coastline and the
validation coastline; black, red and blue represent the different validated coastline distances.

From the validation results in Table 5, we can conclude that the coastline accuracy
extracted by the IWI with the Otsu algorithm exceeds 81% in all three scenarios compared
to the validation coastline, while the accuracy exceeds 91% for the three-pixel tolerance
for all three images, which is the highest accuracy among the indices. The lowest accuracy
of almost zero comes from the coastline of the NDWI-extracted image in Figure 1b. For
the image in Figure la for the one-pixel tolerance, the RNDWI- and MNDWI-extracted
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coastline result is the second highest after the IWI at approximately 60%. For the image in
Figure 1b, all indices are below 50% accuracy, except for the IWI for the one-pixel
tolerance. For the image in Figure 1c, the EWI-, MNDWI- and NDWI-extracted coastline
results have accuracy levels above 76% for the three-pixel tolerance. Overall, with the
exception of IWI, the response of the index to water varies considerably under different
tide and sediment conditions. Sensitivity can be defined as the influence of tide and water
turbidity when the index identifies a water body, which is the opposite of the accuracy.
The sensitivity can be ranked as IWI < MNDWI < RNDWI < EWI < AWEI < NDWI in this
study.

5. Discussion

Landsat 8-OLI is the latest satellite of the Landsat series launched specifically for
global land resource monitoring, which can be used to monitor coastline changes and
support the studies of coastal evolutions and sea—land interactions. The Jiangsu coast has
the world’s unique radial sandbars and a wide intertidal zone. The spectral reflectance of
the silty mudflats from visible band to shortwave infrared band wavelengths is similar to
that of the water body, and the difference in reflectance of each band is as small as 0.05.
The indices developed in previous studies did not take into account the influence of the
silty mudflats on the extracted coastline, resulting in poor results and an inability to
extract the muddy coastline under various tidal conditions. To better identify silty
mudflats and extract coastlines under different tidal conditions, in this we study
constructed a new spectral index to improve the extraction accuracy of muddy coastlines
based on the analysis of spectral characteristics of nearshore features such as silty
mudflats, vegetation, land and water bodies. The blue band was added to form a
combination of high-reflectivity and low-reflectivity bands using a ratio-based algorithm.
Silty mudflats and sandy coastlines are often inundated by water, and water bodies may
remain at low tide, resulting in frequent misclassification by remote sensing. Therefore,
the algorithm constructed in this study adds the blue band, which has a short
electromagnetic wavelength; contains high energy; and has strong penetrating power and
the ability to penetrate the water body to obtain underwater features. The improved index
enhances the differences between sediment waters and silty mudflats. The corresponding
algorithms based on the improved index are more suitable for the classification of features
with flat and changing spectra.

In this study, we used the global automatic threshold algorithm (i.e., Otsu algorithm)
to classify water bodies and non-water bodies. The IWI algorithm focuses on the
differences between silty mudflats and sediment water bodies, and the difference between
the calculated results was greater than 0.5, which is generally bimodal and useful for
accurate classification of the global automatic threshold. The applicability to other
features is, however, reduced. In addition, the global threshold may cause some clear
water bodies with very low reflectivity to be misclassified. It is, therefore, helpful if a
chunked threshold is used for the classification of clear water bodies in very small areas,
and the size of the sliding window needs to be properly determined. However, the study
area of Jiangsu offshore water bodies in this study is turbid, with high suspended
sediment content, and the IWI calculation value of offshore suspended sediment waters
is high, so the global threshold has a low impact on the extraction of offshore water bodies.

The accuracy of the coastline extracted results by different indices at low tide and
high tide were different, leading to very different results for coastline extraction. The silty
mudflats are revealed at low tide, and the classification results for NDWI and AWEI were
incorrect, leading to a decrease in coastline extraction accuracy. For example, the NDWI
identified part of the water with high sediment content in the overlapping area of Figure
la,b as land and water bodies, respectively, while it identified part of the coastal land in
the overlapping area of Figure 1b,c as water bodies and land, respectively. Silty mudflats
have different states under different tidal conditions, and the accurate extraction of
information on silty mudflats under various scenarios is critical to the correct extraction
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of coastlines. Ryu et al. [23] used the red band density partitioning to extract the waterline
of silty mudflats in Gomso Bay, Korea, with an average deviation of less than 60 m. Tong
et al. [39] explored the NDWI and ratio of the green band to short-wave infrared band 1
in different seasons to extract the shoreline of silty mudflats in northern Vietnam. The
results showed that different uses of the green band divided by short-wave infrared band
1 with coefficients of variation of 13% in the dry season and 25% in the rainy season was
the optimal shoreline extraction method. In summary, the IWI evaluated in one pixel with
an accuracy of more than 81% in various cases can be better applied to a wide range of
situations.

However, the spatial resolution difference between the shoreline extracted from
sentinel-2 10 m MSS image and landsat-8 30 m image was small. The analysis would be
improved if more accurate images could be acquired for verification.

6. Conclusions

The IWI spectral water index constructed in this study uses the blue, green, SWIR1
and SWIR2 bands of the OLI sensor to improve the accuracy of complex coastline
extraction. The results demonstrate that it performs better than the other commonly used
indices, such as the NDWI, MNDWI and AWEL. In particular, the proposed IWI index can
better identify offshore artificial structures and silty mudflats than the commonly used
spectral indices with higher accuracy. In addition, the IWI method allows the extraction
of coastlines from shores with different tidal conditions and different land covers (e.g.,
wetlands, buildings, etc.) with better accuracy. It can be extended to a wide range of
complex coastal types without being restricted to specific conditions (e.g., micro-tidal or
single coastal types).

The results show that the IWI is independent of tides and the sand content of the
water column, reduces the “salt-and-pepper” phenomenon of Otsu’s classification,
accurately identifies water boundary information, extracts information on silty mudflats
and offshore structures with high accuracy and significantly increases coastline extraction
automation. The IWI combined with the Otsu algorithm extracts multiple types of
coastlines, and it has been verified that the one-pixel accuracy of the extracted muddy
coastline exceeds 84%, while the three-pixel accuracy exceeds 91%. It is reliable and can
be used for an improved understanding of sea—land processes and coastline evolution.
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