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Abstract: In recent decades several methods have been developed to extract coastlines from remotely
sensed images. In fact, this is one of the principal fields of remote sensing research that continues to
receive attention, as testified by the thousands of scientific articles present in the main databases, such
as SCOPUS, WoS, etc. The main issue is to automatize the whole process or at least a great part of it, so
as to minimize the human error connected to photointerpretation and identification of training sites
to support the classification of objects (basically soil and water) present in the observed scene. This
article proposes a new fully automatic methodological approach for coastline extraction: it is based
on the unsupervised classification of the most decorrelated fictitious band derived from Principal
Component Analysis (PCA) applied to the satellite images. The experiments are carried out on
datasets characterized by images with different geometric resolution, i.e., Landsat 9 Operational Land
Imager (OLI) multispectral images (pixel size: 30 m), a Sentinel-2 dataset including blue, green, red
and Near Infrared (NIR) bands (pixel size: 10 m) and a Sentinel-2 dataset including red edge, narrow
NIR and Short-Wave Infrared (SWIR) bands (pixel size: 20 m). The results are very encouraging,
given that the comparison between each extracted coastline and the corresponding real one generates,
in all cases, residues that present a Root Mean Squared Error (RMSE) lower than the pixel size of the
considered dataset. In addition, the PCA results are better than those achieved with Normalized
Difference Water Index (NDWI) and Modified NDWI (MNDWI) applications.

Keywords: coastline detection; Landsat 9 OLIL; Sentinel-2; Principal Component Analysis (PCA);
Normalized Difference Water Index (NDWTI); Modified NDWI (MNDWTI)

1. Introduction

Satellite images are widely used for environmental monitoring since they permit access
to remote locations and hazardous regions without difficulty [1]. There are several possible
fields of application, including forestry [2], greenhouses [3], soil moisture [4], glaciers [5],
archaeology [6], cultural heritage [7], landslides [8], subsidence phenomena [9], floods [10],
effects of volcanic eruptions [11], etc. Moreover, there are also applications concerning
the coastal and marine environment, such as the determination of the bathymetry [12],
the identification of chlorophyll quantity [13] and the monitoring of erosion and nourish-
ment phenomena [14], for which the identification of the coastline is necessary. Multiple
techniques can be applied to satellite images, as well as those obtained from Unmanned
Aerial Vehicles (UAVs) [15] or aerial surveys [16], to extract the coastline. Over the years,
these techniques have developed more and more, with some requiring the calculation of
appropriate indices or the application of classification methods.
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The extraction of water features from optical images is typically based on the lower
reflectance of the water compared to that of the soil in the infrared channels [17]; on the
other hand, water has a peak of reflectance in the green channel.

Based on these principles, in 1996 McFeeters [18] introduced an index, namely the
Normalized Difference Water Index (NDWI), that allows water to be discerned from the
ground with excellent results. Successively, many other indices were developed for the
identification of water bodies, such as the Modified NDWI (MNDWI) proposed by Xu [19]
which uses green and SWIR bands, the Automated Water Extraction Index (AWEI) proposed
by Feyisa et al. [20] which is a combination of green, Short-Wave Infrared (SWIR) and Near
Infrared (NIR) bands, and the Water Index (WIy15) proposed by Fisher et al. [21] which
makes use of green, red, NIR and two SWIR bands.

On the other hand, by means of classification techniques, supervised and unsupervised,
it is possible to obtain thematic maps capable of representing the spatial variation of one or
more specific features [22], such as water and land.

As is known, supervised techniques require some a priori knowledge, or a preliminary
visual inspection, of the investigated area in order to achieve training sites [23,24]. However,
since they need to meet some specific conditions [25], the intervention of an operator who
must manually identify the training sites is required; this operation is obviously time con-
suming and subject to human error. On the contrary, unsupervised techniques are free from
human errors, since they do not require the direct involvement of an operator and need ex-
ecution times much shorter than supervised methods. In unsupervised classification, pixels
are assigned to clusters without taking into account any external data but completely auto-
matically [26]. However, unsupervised classification could generate mismatches between
clusters and actual classes [27], and as a matter of fact, it is not always usable.

The automation of the shoreline identification process has been the subject of several
studies in the past. In 2012 Latini et al. [28] developed a new neural network algorithm from
Synthetic Aperture Radar (SAR) COSMO-SkyMed data. In 2015 Ebaid et al. [29] proposed a
procedure based on edge detection methods and Geographic Information System (GIS) tools
applied on infrared bands. In 2016 Saeed and Fatima [30] used a Sobel edge operator on
DubaiSat images. In 2018 Mirsane et al. [31] integrated radar and optical satellite imagery
and applied the wavelet method. In 2019 Dai et al. [32] used a water probability algorithm
based on a group of repeat measurements. In 2020 Yang et al. [33] presented a comparative
framework of sea-land segmentation for Landsat 8 Operational Land Imager (OLI) via se-
mantic segmentation in deep learning techniques. In 2021 Domazetovi¢ et al. [34] developed a
coastal extraction tool based on the combination of World View-2 multispectral imagery and a
stereo-pair-derived digital surface model. Finally, in 2022 Aghdami-Nia et al. [35] developed
a new framework based on a convolutional neural network to improve the performance of
sea—land segmentation.

It is therefore clear that the most recent applications in this field aim to reduce calcu-
lation times and minimize human error. In this work we propose an innovative method
for the extraction of the coastline that relies on the integration of Principal Component
Analysis (PCA) and the unsupervised classification of the PCA products. In this way the
involvement of the operator in the construction of the training sites and the manually
conducted threshold research is totally eliminated and calculation times are reduced.

PCA is widely used in remote sensing, and it is in fact applied both for image classifi-
cation [36] and to improve their visualization [37]. PCA is often used to assess coastline
evolution over time [38—40]; nevertheless, its application for shoreline detection concerns
just a part of the process, above all for enhancing the image geometric resolution (pan-
sharpening) [41] or for reducing the number of hyperspectral bands [42].

This paper is organized as follows. In Section 2 the main characteristics of the used
dataset (Landsat 9 OLI imagery and Sentinel-2 imagery) and the study areas are sum-
marized. Section 3 presents the novel methodological approach: the PCA is introduced,
explaining its capability to calculate a set of decorrelated bands of which the first component
is submitted to unsupervised classification; then the K-means algorithm and the accuracy
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tests are described. Section 4 presents and discusses the results, comparing the levels of
accuracy of the extracted coastlines. Section 5 concludes the paper with a generalization of
the results.

2. Datasets

For this work two types of optical satellite imagery are used, i.e., Landsat 9 OLI and
Sentinel-2, related to three different study areas that are located respectively in Campania,
Sardinia and Sicily. Figure 1 shows the geolocation of the study areas in equirectangular
WGS84 coordinates, in particular, the Sardinian coast is centered in the yellow box, the
Campania coast in the red box and the Sicily coast in the green box.
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Figure 1. Geolocalization of the study areas: the rectangles delimit the three study areas located
respectively in Campania (red), Sardinia (yellow) and Sicily (green); the map is in equirectangular
projection and WGS 84 ellipsoidal coordinates (EPSG: 4326).

The first study area is part of the Gulf of Naples, located along the south-western coast
of Italy (Campania region, province of Naples). The chosen coast extends from a location
named Posillipo to the municipality of Vico Equense (Figure 2, top left). The study area
opens to the Tyrrhenian Sea on the south-west and reaches Camaldoli hill in the north-west;
it is bordered in the north-east by Vesuvius Volcano and in the south-east by the Sorrento
Peninsula. The coastal morphology is characterized by an alternation of marine cliffs and
narrow coastal plains [43,44].

The second study area is in the Sardinia region and the coastline measures approxi-
mately 40.6 km between the provinces of Olbia-Tempio and Nuoro, particularly it includes
the municipalities of San Teodoro, Budoni, Posada and Siniscola. The area is characterized
by large sandy coastal dunes interrupted by rocky shores [45] and human settlements. The
southern part includes the Posada and Santa Caterina rivers, whose mouths are located on
the sandy beach between Torre S. Giovanni and Mt. Orvili (Figure 2, top right) [46]. Finally,
the sandy seafloor beneath the coast is strongly covered by Posidonia oceanica [47].
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Figure 2. The 3 study areas in false color compositions of the Landsat 9 OLI images in UTM/WGS
84 plane coordinates (EPSG: 32633): Campania on the left, Sardinia on the right and Sicily on

the bottom.

The third coastal area examined is located in the western part of Sicily (Figure 2,
bottom). The coastline extends from the Port of Marsala to that of Mazara del Vallo. This
region is a combination of a coastal plain in the first section, generated by sediments
deposited by rivers [48]. Subsequently, there are rocky promontories that jut out into the
sea alternating with long sandy beaches where it is very common to find sand dunes [49].

2.1. Landsat 9

On 27 September 2021, the Landsat 9 satellite was launched from Vandenberg Space
Force Base in California, joining the same orbit as the previous Landsat 8 satellite (polar
sun-synchronous orbit at 705 km altitude), 8 days out of phase. Entering service on
6 January 2022, every 99 min it makes a complete orbit (in 1 day it completes about
14 orbits) and in 16 days it observes the entire globe, with a swath of 185 km [50].

Landsat 9 replicates most of the functions of its predecessor, such as the Operational
Land Imager (OLI) and the Thermal Infrared Sensor (TIRS), optical and thermal sensors,
respectively. Specifically, the TIRS has a risk class B implementation (high priority, high
national significance, high complexity) [51].
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The OLI collects data for nine spectral bands with a geometric resolution of 30 m for
all bands except for the panchromatic band, which is 15 m; the two thermal bands (TIRS)
have a geometric resolution of 100 m. Data are collected simultaneously in the same area
by OLI and TIR sensors.

For this work, a Landsat 9 image clip is used, for each study area, including the coastal,
blue, red, NIR, Short-Wave Infrared-1 (SWIR-1) and Short-Wave Infrared-2 (SWIR-2) bands
(as reported in Table 1).

Table 1. Characteristics of Landsat 9 OLI Multispectral Bands used in this study.

Bands Wavelength Resolution
(um) (m)
L1—Coastal aerosol 0.43-0.45 30
L2—Blue 0.45-0.51 30
L3—Green 0.53-0.59 30
L4—Red 0.64-0.67 30
L5—Near Infrared (NIR) 0.85-0.88 30
L6—Short-Wave Infrared (SWIR-1) 1.57-1.65 30
L7—Short-Wave Infrared (SWIR-2) 2.11-2.29 30

The Landsat 9 images used in our experiments were acquired on 19 July 2022, for the
study area of Campania, on 21 July 2020 for that of Sardinia and finally on 27 August 2021
for the study area of Sicily, as shown in Figure 2, in NIR red—green false color compositions.

2.2. Sentinel-2

Sentinel-2 images can be downloaded free of charge (the same as the Landsat dataset)
from the Copernicus Open Access Hub [52], a service provided by the European Space
Agency (ESA). The constellation is formed by two satellites called Sentinel-2A and Sentinel-
2B, both carrying an optical instrument payload whose main characteristics are shown in
Table 2 [53].

Table 2. Characteristics of Sentinel-2 optical sensor.

Bands Central Wavelength (um) Resolution (m)
Bl—Coastal Aerosol 0.443 60
B2—Blue 0.490 10
B3—Green 0.560 10
B4—Red 0.665 10
B5—Red Edgel 0.705 20
B6—Red Edge2 0.740 20
B7—Red Edge3 0.783 20
B8—NIR 0.842 10
B8A—Narrow NIR 0.865 20
B9—Water Vapor 0.945 60
B10—SWIR Cirrus 1.375 60
B11—SWIR-1 1.610 20
B12—SWIR-2 2.190 20

The images used in this work were acquired by the Sentinel-2A satellite on the fol-
lowing dates: 16 July 2022 for the Campania area, 27 July 2020 for the Sardinia area and
15 August 2021 for the Sicilian area. The false color NIR red and green compositions are
reported in Figure 3.
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Figure 3. The 3 study areas, in false color compositions of the Sentinel-2A images in UTM/WGS 84
plane coordinates (EPSG: 32633): Campania on the left, Sardinia on the right and Sicily on the bottom.

3. Methods

The experiments described in this paper follow the workflow represented in Figure 4.

Landsat 9 OLI and Sentinel-2 images both undergo PCA. An unsupervised classifica-
tion technique, K-means, is then applied to the PCA result and the coastline is extracted.
Finally, tests are carried out to evaluate the accuracy of the results and they are compared
with those obtained by the application of NDWI and MNDWI. The main characteristics of
the above-mentioned methods are summarized in the following subsections.

3.1. Principal Component Analysis

Principal component analysis, also known as the Karhunen-Loeve transform, is a
technique used for data simplification [54]; it reduces the dimensionality of a dataset made
up of a large number of correlated variables (as bands), while retaining as much variation as
possible in the dataset [55]. This is obtained by transforming, through a linear combination
of the variables, into a new set, called Principal Components (PCs), which are uncorrelated
and ordered so that the first ones retain most of the variations present in all the original
variables [56].
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Principal component analysis has applications in many fields such as environmental
science [57], chemistry [58] and remote sensing [59].

Initial Dataset ( Landsat 9 & Sentinel-2)

4

Principal Component Analysis (PCA)

Unsupervised Classification (K-Means)

Coastline Extraction

Tests For Accuracy Assessment

Comparison With Other Approaches

Figure 4. Workflow of the adopted approach.

Starting from n multispectral bands, the principal components are obtained by matrix
calculation as follows:
Y =T(X-U) 1)

where Y is the vector of principal components, X is the vector of spectral values associated
with each pixel, U is the vector of the mean associated with each band and T is then x n
unitary matrix derived from the covariance matrix C, of the bands [60].

In this work, having different types of datasets, many transformations are applied. In
particular, for the Landsat 9 OLI images (L9), the PCA was applied for the 7 bands with a
30 m x 30 m resolution. For Sentinel-2, two types of datasets are considered, 20 m x 20 m
(52-20 m) and 10 m x 10 m (S2-10 m): the first one (20 m) provides 9 bands (including B2,
B3, B4 resampled to 20 m) while the latter (10 m) only 4 bands. Finally, for the application
of coastline extraction, only the first component of each transformed dataset is considered,
thus having 9 images to be subjected to classification using an unsupervised algorithm.

3.2. K-Means Clustering

Clustering, or group analysis, is the process of identifying natural groupings or clusters
within multidimensional data based on some measure of similarity [61]. In many clustering
algorithms this similarity is found on the basis of distance, and therefore whether or not it
belongs to a set depends on how far the element under consideration is from the set itself.

One of the most widespread clustering algorithms is K-Means (KM) [62]; it is largely
used for unsupervised classification of remotely sensed images and it allows accumulation
of a set of elements in k clusters based on their degree of similarity. The choice of the
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number (k) of groups is of fundamental importance and is made a priori by the operator;
the algorithm randomly chooses k observations from the dataset and uses these as the
initial centroids (midpoints) of the clusters [63].

The procedure can be schematized as follows. Once the k value has been defined, the
algorithm randomly assigns the centroids of the clusters; using Euclidean distance, each
entry point is associated with the closest centroid group; the KM recalculates the mean of
the points belonging to each cluster and repositions the new centroids and so on, until the
algorithm converges.

In this study the application of the KM, on the first component of each dataset, ob-
tains a two-cluster classification that largely converges to water and no-water as our
experiments demonstrate.

3.3. Coastline Extraction

The raster files obtained following the application of K-means, representing two classes
(water and no-water), undergo automatic vectorization to obtain the line that delineates the
border between sea and land. This line represents the position of the sea/land intersection
at an instant in time, in particular the instant of acquisition of the remote sensing image; for
this reason, it is defined as an instantaneous coastline [64].

This clarification is necessary since the coastline has a dynamic nature, its position is
variable not only over long periods of time due to erosion and nourishment but also within
a day due to tidal phenomena: this last phenomenon can also be very accentuated in coasts
presenting low slopes and strong tidal excursions [65].

Taking into account the date and time of image acquisition, it is possible to calculate
the tide level of the area under examination. The tidal variation must then be applied to a
digital terrain model in order to identify the real coastline [66].

However, in this article these operations are not carried out for two reasons:

e the purpose of our article is only to provide a method for extracting the instantaneous
coastline from satellite images;

e the satellite images used (Landsat 9 OLI and Sentinel-2) have such a geometric resolu-
tion that the tidal variation for the areas examined is not appreciable.

The coastlines obtained through these operations are finally subjected to an
accuracy assessment.

3.4. Accuracy Assessment

In this work, two different types of tests are carried out to evaluate the quality of
the results: one aimed at ascertaining the positional accuracy of the extracted coastline,
the other aimed at establishing the thematic accuracy of the K-means classification which,
distinguishing between water and not water, lays the foundations for the definition of the
shoreline. Regarding first type of tests, we compare the automatically extracted coastlines
with the related manually vectorized ones that are achieved by means of visual interpre-
tation on the true color RGB composition of the corresponding dataset. In particular, the
Distributed Ratio Index (DRI) is considered, which takes into account the non-perfect
overlap between the coastlines [67]. If the overlap does not occur perfectly, polygons are
generated between the two lines. DRI is therefore obtained using the following formula:

DRI = Ai )

L;
where A, is the area of the i-th polygon and L; is the length of the effective coastline on which
it develops. This index represents the average shift between the two coastlines within
the considered polygon, which is considered as residual. Statistical values (i.e., mean,
maximum, minimum, RMSE) of the resulting DRI; are calculated. In remote sensing
applications, the size of the pixel is used as the spatial unit for the accuracy evaluation [68];
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therefore, it is correct to compare the RMSE of DRI with the pixel dimensions of the
used images.

Additionally, in order to assess the thematic accuracy of the results, test sites are
employed. Test sites serve as representative samples for the two classes being considered,
namely water and no-water, ensuring that they are both sufficiently and significantly
represented [69].

The determination of the test sites, in our case, relies on a visual analysis of multispec-
tral images. By examining these images, it is possible to gather valuable insights regarding
the accuracy of pixel classification, allowing for the identification of pixels that have been
correctly classified as well as those that have been misclassified. To evaluate the accuracy
of the remotely sensed image classification, a widely adopted approach based on the use of
a confusion matrix is employed.

The confusion matrix serves as a table that establishes the connection between the
classification outcomes and the ground truth data. The ground truth data are typically
obtained through a visual examination of the same remotely sensed images or through
alternative information sources such as maps or Global Navigation Satellite System (GNSS)
surveys [70]. Rather than considering the entirety of the images, confusion matrices are
constructed using data extracted from the test sites, allowing evaluation of the thematic
accuracy of the considered classification method [71].

To numerically analyze the thematic accuracy of each classified image, three indices
are employed: Producer Accuracy, User Accuracy and Overall Accuracy [72].

Producer Accuracy (PA) denotes the probability of correctly classifying a specific
feature within a particular area. This is determined by dividing the number of pixels
accurately classified within each category by the total number of reference pixels associated
with that category [73]. For a generic class i, PA; is expressed as follows:

N4
~ PB;

PA; 3)
where NA; is the correctly classified pixels of class;, while PB; is the total pixels belonging
to the class considered.

User Accuracy (UA) suggests the probability that an area classified into a given
category corresponds to that specific category within the same area. It is calculated by
dividing the number of pixels correctly classified within each category by the total number
of pixels classified as belonging to that category [73]. For a generic class i, UA is given by
the following formula:
~_ NA;
e
where NA,; is the number of correctly classified pixels of class;, and PC; is the number of the
pixels that classify into class;.

Overall Accuracy (OA) represents the probability of accurately classifying all cat-
egories. It is computed by dividing the total number of correctly classified pixels by
the total number of reference pixels [74]. Therefore, OA is calculated according to the
following formula:

UA,; 4)

_NAI‘+NA]‘+...+NA]( (5)
o P

where Ng;, NAj, ...NAj indicate the number of pixels correctly classified for each class (;, jr
..., k), while P is the total number of pixels used.

These indices provide a concise and informative summary of the thematic accuracy of
the classification method employed in this study.

OA
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3.5. Result Comparison

Finally, to further analyze the performance of the proposed approach we apply two
water indices, i.e., NDWI and MNDWI. The first index is defined by the following formulas
related to the used dataset [18]:

Lz —Ls

NDWI = °
Landsat 9 L3+ Ls ( )
B3 — Bga
NDWIsentiner—2 (20 m) = m ?
B3 — Bg
NDWlseptiner—2 (10m) = B3 + Bg ©

The second index adopts the same type of formula as NDWI but uses a different
combination of bands in order to improve the identification of water bodies, for example,
in urban areas or in the presence of eutrophication phenomena. According to [75,76], in
this study we apply MNDWI by the following formulas related to the used dataset:

L, —Ls

MNDWI = 9
Landsat 9 Lo+ Ls )
By — Bga
MNDWlsgeptiner—2 (20 m) — m (10)
B, — Bg
MNDW lseptiner—2 (10 m) — B, + Bg (11)

Also known as NDWI-B to point out that the blue band replaces the green band,
MNDWI is useful to identify not only large water bodies but also small water bodies
as testified by different studies in the literature [75,77]. In addition, water pixels could
present slightly higher reflectance values in the green band in the presence of chlorophyll
synthesis due to submerged vegetation, seagrass, algae, etc. The deviation from the typical
water spectral signature could make the distinction between water and no-water more
difficult. The use of the blue band would avoid or mitigate this problem since the water
pixels do not show greatly dissimilar reflectance values linked to the presence or absence
of chlorophyll synthesis.

As shown in a previous study [78], starting from the images produced by the NDWI
and MNDWI the K-means clustering is applied. The results are therefore subjected to
automatic vectorization to extract the coastlines. Accuracy evaluation of each extracted
coastline is carried out by applying the DRI and the confusion matrix. The results are finally
compared with those obtained by applying PCA.

Furthermore, some studies highlight the effectiveness of infrared bands to distinguish
water bodies [79,80]. For an additional analysis and limited to the study area of Sardinia, the
coastline is extracted directly from the infrared bands treated with K-means. In particular,
the following bands are considered: B5 and the composition B5, B6, B7 for the Landsat
9 OLL B8A and composition B5, B6, B7, B8A, B11 and B12 for Sentinel-2 at 20 m; B8 for
Sentinel-2 at 10 m. DRI is used for accuracy evaluation of the results.

4. Results and Discussion

The following table (Table 3) reports the coefficients to obtain the PCA-1 and the
percentage of variance that this synthetic band includes.
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Table 3. Coefficients and Percentage of variance of the first component.

Percentage of

Dataset Azea Coefficients Variance—First Component
(0.1316, 0.1501, 0.2211, 0.2714, 0.6645, .
Landsat . ' 0.5159, 0.3604) 90.29%
. ampania (0.0835, 0.1438, 0.1842, 0.2549, 0.4014, .
Sentinel 20 m 0.4552, 0.4909, 0.4177, 0.2995) 90.81%
Sentinel 10 m (0.1610, 0.2721, 0.3419, 0.8849) 85.37%
(0.0654, 0.0930, 0.1859, 0.2438, 0.6395, .
Landsat 0.5899, 0.3691) 94.47%
. Sardinia (0.0341, 0.1076, 0.1349, 0.2240, 0.4003, 5
Sentinel 20 m 0.4553, 0.5016, 0.4587, 0.2990) 92.60%
Sentinel 10 m (0.0829, 0.2351, 0.3149, 0.9158) 90.59%
(0.1173, 0.1367, 0.2202, 0.3051, 0.5370, .
Landsat - 0.5941, 0.4298) 96.86%
. icily (0.0908, 0.1623, 0.2364, 0.2883, 0.3463, .
Sentinel 20 m 0.3829, 0.4161, 0.4865, 0.3873) 95.83%
Sentinel 10 m (0.1972, 0.3376, 0.4786, 0.7862) 92.59%

Considering that PCA-1 provides in all cases high values of standardized variance (in
eight cases more than 90% and in the remaining case still higher than 85%), we do not use

the other components (PCA-2, PCA-3) for the subsequent experiments.

Figures 5-7 show the synthetic bands obtained from Landsat 9 OLI dataset, specifically

the first component of PCA (PCA-1), NDWI and MNDWI.
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Figure 5. Landsat 9 OLI synthetic bands for Campania study area: PCA-1 on the left, NDWI on the right

and MNDWI on the bottom.
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Figure 6. Landsat 9 OLI synthetic bands for Sardinia study area: PCA-1 on the left, NDWI on the right
and MNDWI on the bottom.

By means of visual analysis, the image obtained by PCA presents a greater contrast
between water and no-water, allowing the coast to be easily identified.

Figures 8-10 show the results obtained using Sentinel-2 images with a resolution
equal to 10 m, while Figures 11-13 show the results obtained using only the bands with
a geometric resolution equal to 10 m. Note that the first synthetic principal component
(PCA-1) results from processing all images included in the package available on COH as
52-20 m in which there are also blue, green and red bands resampled from 10 m to 20 m.
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Figure 7. Landsat 9 OLI synthetic bands for Sicily study area: PCA-1 on the left, NDWI on the right
and MNDWI on the bottom.
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Figure 8. Sentinel-2 (20 m) synthetic bands for Campania study area: PCA-1 on the left, NDWI on
the right and MNDWI on the bottom.
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Figure 9. Sentinel-2 (20 m) synthetic bands for Sardinia study area: PCA-1 on the left, NDWI on the right
and MNDWI on the bottom.
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Figure 10. Sentinel-2 (20 m) synthetic bands for Sicily study area: PCA-1 on the left, NDWI on the right
and MNDWI on the bottom.
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Figure 11. Sentinel-2 (10 m) synthetic bands for Campania study area: PCA-1 on the left, NDWI on
the right and MNDWI on the bottom.
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Figure 12. Sentinel-2 (10 m) synthetic bands for Sardinia study area: PCA-1 on the left, NDWI on the right

and MNDWI on the bottom.
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Figure 13. Sentinel-2 (10 m) synthetic bands, Sicily study area: PCA-1 on the left, NDWI on the right
and MNDWI on the bottom.

The Sentinel-2 results also show higher contrast in the PCA-1 image than in the NDWI
and MNDWI images between land and sea. However, shallow waters tend to be very
bright when applying NDWI and MNDWI, also giving in this case high contrast with
the coast.

By applying the K-means algorithm to the previously obtained synthetic bands,
two clusters are generated, representative of the water and no-water (soil and
vegetation) classes.

To show the difference between the results of K-means applied to different synthetic
bands, we select two zones, as reported in Figure 14: Zone A (Port of Naples) for the
Landsat 9 OLI dataset concerning the Campania study area and Zone B (coastal area of San
Teodoro) for the Sentinel-2 dataset (10 m) concerning the Sardinia study area.
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Figure 14. Geolocation of the selected zones to show details of K-means results: Port of Naples
(Zone A) on the left and coastal area of San Teodoro (Zone B) on the right.
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Figure 15 shows the results that the application of K-means to synthetic images (i.e.,

PCA-1 and NDWI) derived from L9 generates Zone A (Port of Naples).
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Figure 15. K-means clustering in Zone A (Port of Naples) for synthetic images derived by L9: results
for PCA-1 image on the left and for NDWI image on the right.

Figure 16 shows the results that the application of K-means to synthetic images (i.e., PCA-1
and NDWI) derived from S2-10 m generates Zone B (coastal area of San Teodoro).
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Figure 16. K-means clustering in Zone B (coastal area of San Teodoro) for synthetic images derived
by S2-10 m: results for PCA-1 image (on the left) and for NDWI image (on the right).

The coastlines are extracted from the classified images by means of automatic poly-
gonization of the raster files. For testing the positional accuracy of the results, each line
is compared with the coastline vectorized manually and analyzed by DRI; the results are

shown in Tables 4-6.
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Table 4. Statistical values of DRI for the extracted coastlines from Landsat 9 OLI images.
Method Min (m) Max (m) Mean (m) Dev.ST. (m) RMSE (m)
PCA-Campania 0 34.170 9.431 7.580 12.100
NDWI-Campania 0 50.574 10.369 9.948 14.369
MNDWI-Campania 0.047 48.075 11.067 11.694 16.101
PCA-Sardinia 0 30.011 7.751 4.540 8.983
NDWI-Sardinia 0.078 35.575 10.087 7.365 12.490
MNDW]I-Sardinia 0 44.2 9.519 7.057 11.850
PCA-Sicily 0 29.993 7.710 4374 8.864
NDWI-Sicily 0.174 74.898 9.659 7.974 12.525
MNDWI-Sicily 0.068 66.988 9.186 6.889 11.482

Table 5. Statistical values of DRI for the extracted coastlines from Sentinel-2 images (resolution: 20 m).

Method Min (m) Max (m) Mean (m) Dev.ST. (m) RMSE (m)
PCA-Campania 0 19.569 4.472 2.829 5.292
NDWI-Campania 0 25.842 5.422 5.397 7.650
MNDWI-Campania 0 26.044 6.980 5.838 9.100
PCA-Sardinia 0 19.883 4.249 2.754 5.064
NDWI-Sardinia 0.007 34.952 4.932 4179 6.464
MNDWI-Sardinia 0 20.065 4941 3.731 6.192
PCA-Sicily 0.060 23.678 4.715 2.633 5.400
NDWI-Sicily 0.060 28.102 7.043 5.355 8.847
MNDWI-Sicily 0.025 23.842 6.859 4.954 8.462

The first column of the tables indicates the image from which the coastline is auto-
matically extracted, according to the previously presented workflow. Starting from the
manually vectorized coastline, the DRI values are calculated, and the statistical values are
extracted and reported in the respective columns.

In the first analysis it can be noted that the use of the PCA transformation for this
application confirms an excellent result.

As previously mentioned, we consider the pixel size as a reference to define the quality
of the results, remembering that the pixel size for each dataset varies, in particular, the
Landsat 9 OLI images are 30 m x 30 m, while the Sentinel-2 images have two formats, i.e.,
20m x 20m and 10 m x 10 m.

Table 6. Statistical values of DRI for the extracted coastlines from Sentinel-2 images (resolution: 10 m).

Method Min (m) Max (m) Mean (m) Dev.ST. (m) RMSE (m)
PCA-Campania 0 14.427 2.470 1.565 2.924
NDWI-Campania 0 20.622 3.545 3.422 4.927
MNDWI-Campania 0 20.959 3.578 3.533 5.028
PCA-Sardinia 0 18.931 2.898 2.358 3.736
NDWI-Sardinia 0 17.544 3.269 2.762 4.280
MNDWI-Sardinia 0 17.700 3.170 2.410 3.982
PCA-Sicily 0.056 16.080 2.614 1.537 3.032
NDWI-Sicily 0.040 20.816 3.704 3.110 4.837
MNDWI-Sicily 0.060 20.208 3.840 3.071 4917

Specifically for the Landsat images of the Campania study area, the RMSE value of
the PCA method is 12.1 m which is lower compared to the NDWI (14.369 m). The greatest
difference can be seen in the maximum values: NDWI reaches 50.574 m, almost double the
pixels, while the maximum of the PCA method (34.170 m) is in the order of the pixel size. In
addition, using the MNDWI the result in terms of RMSE (16.101 m) is higher than the other
water index (the maximum value is 58.986 m), remaining, however, less effective in the PCA.

For the Sardinia area, the scenario respects the trend of the previous one, confirming
the best performance of the PCA, with an RMSE value of 8.983 m, while the two water
indices, NDWI and MNDWI, provide worse results with RMSE values of 12.490 m and
11.850 m, respectively.
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Finally, again for the same type of sensor but with a different scenario located in the
Sicilian area, the tests confirm the excellent performance of the PCA (RMSE = 8.864 m)
which prevails over the other two methods, NDWI (RMSE = 12.525 m) and MNDWI
(RMSE = 11.482 m).

By changing the type of dataset, the results confirm the validity of the proposed
method; in fact, for S2-20 m, in the Campania region, the PCA has an RMSE value of
5.394 m while the NDWI has 7.650 m and MNDWI 9.1 m. The maximum values once again
highlight the effectiveness of the PCA, as it has a lower value than the pixel size (19.569 m)
unlike the two methods that exploit the water index which have higher values (maximum
of NDWI is 25.842 m and that of MNDWI is 26.044 m).

In the Sardinia area, the RMSE value for the PCA is equal to 5.064 m, still lower than
the value given by the NDWI, which is 6.464 m, and the value of the MNDWT I is 6.192 m.
The maximum value, even in this situation, presents an evident difference in the three
methods considered; in fact, for the NDWI it is 34.952 m, much larger than the pixel size,
for the MNDWT it is 20.065 m, almost equal to the pixel size, and for the PCA it is 19.883 m,
below the resolution of the cell.

The extracted Sicilian coastline once again establishes the best performance of the PCA
(RMSE of 5.4 m) which is better than the two water indices, NDWI (RMSE equal to 8.847 m)
and MNDWI (RMSE equal to 8.462 m).

Finally, for the last dataset taken into consideration, S2-10 m, in the Campania area,
the residuals significantly decrease for the PCA (RMSE equal to 2.924 m) but not in the
same proportions for the NDWI and the MNDWI (RMSE equal to 4.927 m and 5.028 m,
respectively); the efficiency of the PCA (14 m) is also highlighted by the maximum value of
around 20 m for the two other methods.

In the Sardinian area the RMSE value for the NDWI method is 4.280 m and for MNDWI
it is 3.982 m, both higher than the PCA value (3.736 m). In this situation, however, we
note that the maximum value of the PCA (18.931 m) is slightly worse than that provided
by the NDWI (17.544 m); this happens due to the incorrect attribution of one pixel which
determines the movement of the coastline (otherwise the value would be 10 m lower),
considering that the highest value after the maximum is approximately 4 m lower.

For the last study area, with S2-10 m, the situation is further confirmed. In fact, the two
methods that use water indices have high RMSE values (that of NDWI is equal to 4.837 m
and that of MNDWI is equal to 4.917 m) if compared to the PCA method (3.032 m). Finally,
the maximum values remain high for the NDWI and MNDWI (20.816 m and 20.208 m,
respectively), while for the PCA it is 16 m.

In summary, PCA always has excellent RMSE results compared to NDWIand MNDWI,
the only difference found is in the maximum DRI value for S2-10 m in the study area of
Sardinia, which instead has a slightly higher value.

It should also be noted that the MNDWI for all datasets presents better results than
the NDWI in two out of three geographical areas, specifically Sardinia and Sicily. As
previously remarked, the use of the blue band instead of the green band in MNDWI frees
the identification of the water from the interference of submerged vegetation, including
algae, which, if present, could make water pixels less easy to recognize. Investigations on
the specificity of the considered areas and the analysis of the reflectance in the green band
seem to confirm the presence of chlorophyll synthesis in the waters of Sicily and Sardinia,
but this phenomenon is not of equal intensity in Campania.

To show the difference between the automatically vectorized coastlines obtained
through the different adopted approaches, we select two zones, as reported in Figure 17:
Zone C (Port of Torre del Greco) for the Landsat 9 OLI dataset and Zone D (coastal area of
San Giovanni) for both Sentinel-2 datasets.



Remote Sens. 2024, 16, 1817 20 of 28

451695 456695 550000 570000 575000
G ; 4525495 4516000 -y ; 4516000

4520495 — : ~ B 4520495 4511000 4511000
4515495 _— - — 4515495 4506000 e 4506000

4510495 4510495 45010008 : 5 4501000

4505495 ; A o 4505495 4496000 % o~ 4496000

-

A

g 4500495 4491000 : — 4491000
451695

456695 550000 555000 560000 565000 570000 575000

4500495
431695

436695 441695 446695

Figure 17. Geolocation of the selected zones to show details of automatically vectorized coastlines
obtained through PCA and through NDWI: Torre del Greco (Zone C) on the left and San Giovanni
(Zone D) on the right.

Figures 18-20 show details of the extracted coastlines to visualize the differences
between PCA and NDWI results.
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Figure 18. Details of automatically vectorized coastlines extracted from Landsat 9 OLI images in
the area of Torre del Greco (Zone C): on the left the coastline from PCA (in green), on the right
the coastline from NDWI (in blue); in both cases the reference coastline resulting from RGB visual
interpretation and manual vectorization (in red) is reported for comparison.
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Figure 19. Details of automatically vectorized coastlines extracted from S2-20 m in the area of San
Giovanni (Zone D): on the left the coastline from PCA (in green), on the right the coastline from
NDWI (in blue); in both cases the reference coastline resulting from RGB visual interpretation and
manual vectorization (in red) is reported for comparison.
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Figure 20. Details of automatically vectorized coastlines extracted from S2-10 m in the area of San
Giovanni (Zone D): on the left the coastline from PCA (in green), on the right the coastline from
NDWI (in blue); in both cases the reference coastline resulting from RGB visual interpretation and

manual vectorization (in red) is reported for comparison.

Compared to the results obtained by NDWI, the coastline achieved by PCA presents
a greater similarity to the reference coastline in all images; particularly, the higher the
resolution, the better the overlap between the reference coastline and the extracted one.
This is easily explainable because as the size of the pixel decreases, its content, i.e., the area
it encloses, becomes more homogeneous. In other words, near the coastline a 10 m pixel
is more likely to contain only water or no water (land and/or vegetation) than a 20 m or
30 m pixel; therefore, the adopted classification method, whether based on PCA, NDWI or
MNDWIJ, is better and correctly attributes pixels that are not “mixed” to a specific class.



Remote Sens. 2024, 16, 1817

22 of 28

Zone C of the Landsat 9 OLI image reported in Figure 18 largely concerns the Port
of Torre Del Greco (Naples). The pier is built with dark-colored stones and, moreover, in
the image there are boats on the dock, attributable to lighter pixels in the RGB image. The
NDWI completely fails to classify the pier as no-water, identifying only the boats as such;
on the contrary, the PCA correctly classifies both the pier and the boats as no-water. Finally,
the coastline extracted by NDWI generally appears further back in all situations in which
there are dark-colored rocks outlining the shore.

Zone D of the Sentinel-2 images reported in Figure 19 (52-20 m) and Figure 20 (52-10 m)
includes a sandy beach, specifically the surroundings of a dry river mouth. Referring to
Figure 19, the NDWI classifies the river mouth area entirely as water, while the PCA correctly
classifies it as no-water. Furthermore, in general, along the beach the NDWI identifies the
sand pixels closest to the shore as water rather than no-water (as PCA correctly does); this
result could be due to the fact that the elements closest to the coast are wet and therefore they
have a spectral signature closer to that of water than dry sand. Referring to Figure 20 the
results obtained using NDWI seem more in line with those obtained using PCA, although a
slight difference is still noted at the river mouth. As already noted, when analyzing the DRI
results, the effectiveness of PCA with the S2-10 m dataset is reduced due to the fact that the
number of available bands is reduced and the ability of the first component to enhance the
differences between different components (e.g., sand and water) is affected.

In summary, although the increasing of resolution of the image reduces the differences
between PCA, NDWI and MNDWI from visual investigation the results obtained using
PCA are always more satisfactory than those obtained using NDWI and MNDWI.

Tables 7-9 show the thematic accuracy values of PCA, NDWI and MNDWI for Landsat
9 OLI, Sentinel-2 at 20 m and Sentinel-2 at 10 m.

Table 7. Thematic accuracy values for classification of products derived from Landsat 9 OLI.

Method Accuracy Index Water No-Water

UA 99.41% 95.23%

PCA-Sardinia PA 94.86% 99.45%
OA 97.19%

UA 99.89% 91.81%

NDWI-Sardinia PA 90.80% 99.90%
OA 95.42%

UA 99.76% 94.39%

MNDWI-Sardinia PA 93.88% 99.78%
OA 96.88%

UA 99.98% 90.98%

PCA-Campania PA 89.57% 99.98%
OA 94.91%

UA 99.54% 89.61%

NDWI-Campania PA 87.83% 99.61%
OA 93.87%

UA 99.71% 85.82%

MNDWI-Campania PA 82.64% 99.77%
OA 91.43%

UA 99.45% 98.88%

PCA-Sicily PA 98.79% 99.49%
OA 99.15%

UA 99.46% 95.17%

NDWI-Sicily PA 94.57% 99.52%
OA 97.14%

UA 99.35% 97.56%

MNDWI-Sicily PA 97.33% 99.41%

OA 98.41%
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Table 8. Thematic accuracy values for classification of products derived from Sentinel-2 (20 m).

Method Accuracy Index Water No-Water

UA 99.56% 99.19%

PCA-Sardinia PA 99.25% 99.52%
OA 99.38%

UA 99.40% 95.21%

NDWI-Sardinia PA 95.73% 99.32%
OA 97.39%

UA 97.67% 98.40%

MNDWTI-Sardinia PA 98.44% 97.61%
OA 98.03%

UA 99.71% 98.34%

PCA-Campania PA 98.17% 99.74%
OA 98.99%

UA 96.97% 98.41%

NDWI-Campania PA 98.29% 97.18%
OA 97.71%

UA 96.44% 99.37%

MNDWI-Campania PA 99.33% 96.63%
OA 97.92%

UA 99.72% 98.62%

PCA-Sicily PA 98.46% 99.75%
OA 99.14%

UA 98.32% 97.65%

NDWI-Sicily PA 97.38% 98.49%
OA 97.96%

UA 97.64% 98.71%

MNDWI-Sicily PA 98.59% 97.84%
OA 98.20%

Table 9. Thematic accuracy values for classification of products derived from Sentinel-2 (10 m).

Method Accuracy Index Water No-Water

UA 99.92% 97.37%

PCA-Campania PA 97.06% 99.92%
OA 98.55%

UA 98.30% 98.56%

NDWI-Campania PA 98.44% 98.43%
OA 98.44%

UA 97.81% 99.23%

MNDWI-Campania PA 99.17% 97.95%
OA 98.54%

UA 99.10% 98.87%

PCA-Sardinia PA 98.95% 99.03%
OA 98.99%

UA 99.50% 97.48%

NDWI-Sardinia PA 97.70% 99.45%
OA 98.52%

UA 97.07% 99.91%

MNDWI-Sardinia PA 99.91% 97.04%
OA 98.45%

UA 99.72% 98.61%

PCA-Sicily PA 98.45% 99.75%
OA 99.13%

UA 98.93% 97.16%

NDWI-Sicily PA 96.81% 99.05%
OA 97.98%

UA 98.24% 98.61%

MNDWI-Sicily PA 98.47% 98.40%

OA 98.43%
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The closer the accuracy index values are to 100%, the more satisfactory the results are:
in our case every index shows values above 87%. The results are very promising for the
proposed method, since PCA shows higher OA values for each dataset compared with
NDWI and MNDWIL.

The best results are found when PCA is applied to Sentinel-2 images with a 20 m reso-
lution: for all study areas the thematic accuracy is very high (OA = 98.99% for Campania,
99.38% for Sardinia, 99.14% for Sicily), being in every case better than NDWI and MNDWL

If these values are compared with those of the synthetic bands derived from the
Sentinel-2 dataset at 10 m, a slight drop in the performance of the PCA method can be noted
for all the applied indices (OA = 98.55% for Campania, 98.99% for Sardinia, 99.13% for
Sicily). The opposite happens for the NDWI and MNDWI, for which the indicators mostly
show better results compared to the previous case. However, overall, PCA-1 remains better
performing than the NDWI and MNDWIL.

By analyzing the results relating to the Landsat 9 OLI images, it is still found that the
best classification is obtained with PCA-1 for all three study areas considered. In particular,
the OA values relating to PCA-1 (OA = 94.91% for Campania, 97.19% for Sardinia, 99.15%
for Sicily) remain up to 1-2 percentage points above the corresponding values relating to
NDWI (OA = 93.87% for Campania, 95.42% for Sardinia, 97.14% for Sicily) and MNDWI
(OA =91.43% for Campania, 96.88% for Sardinia, 98.41% for Sicily).

Considering the results of all datasets, it is therefore possible to identify a trend in the
thematic accuracy with respect to the resolution: for the NDWI and MNDWI we can state
that as the resolution increases, the thematic accuracy also improves, while this is not true
for PCA-1 since the best results are found for S2-20 m. This result could be explained by
the fact that PCA works on all available bands (four bands in the case of S2-10 m, nine
bands in the case of 52-20 m) unlike NDWI which only works on two bands (green and
NIR).

As already evident from the results obtained using the DRI and visual inspection, it
can be seen that as the resolution increases the differences between PCA and NDWI and
MNDWI become smaller.

Table 10 shows the results of accuracy evaluation carried out on the coastlines extracted
from infrared bands treated with K-means.

Table 10. Statistical values of DRI for the coastlines extracted from infrared bands treated with

K-means.

Dataset Min (m) Max (m) Mean (m) Dev.ST. (m) RMSE (m)

Landsat L5 0.000 48.140 8.259 5.346 9.839

Landsat L5-L6-L7 0.000 30.011 7.938 4.906 9.332

Sentinel 20 m (B8A) 0.000 22.871 5.200 3.161 6.085

Sentinel 20 m
(B5, B6, B7, BSA, 0.000 16.805 4.612 2.744 5.367
B11, B12)
Sentinel 10 m (B8) 0.000 23.558 3.235 2.516 4.098

Comparing Table 10 with Tables 6-8, the infrared bands are particularly effective for
the automatic extraction of the coastline. However, the proposed method based on the
application of PCA outperforms the infrared-based results.

5. Conclusions

The experiments described in this article concern three different datasets of satellite
images: Landsat 9 OLI multispectral images (pixel size: 30 m), the Sentinel-2 dataset
including blue, green, red and Near Infrared (NIR) bands (pixel size: 10 m) and the Sentinel-
2 dataset including red edge, narrow NIR and Short-Wave Infrared (SWIR) bands (pixel
size: 20 m). To have different areas to analyze, three geographical regions are identified:
Campania (Gulf of Naples), the eastern part of Sardinia and the western part of Sicily. The



Remote Sens. 2024, 16, 1817

25 of 28

References

tests highlight the effectiveness of the proposed approach for automatic coastline extraction
based on the use of PCA and an unsupervised classification method, such as K-means.

The application of PCA on all the images available for each dataset generates a new
dataset of highly decorrelated images of which the first (PCA-1), the most decorrelated
of all, is used for further processing. This image shows a high contrast between water
and no-water, which also visually appears higher than the synthetic NDWI and MNDWI
images, generally adopted for the identification of water bodies. Therefore, unsupervised
classification by application of K-means to PCA-1 seems natural and the experiments
confirmed this expectation.

To establish the accuracy of the results the DRI is used, which provides the deviation
between the reference coastline and the automatically extracted one; in addition, the
thematic accuracy indices (PA, UA and OA) extracted from the confusion matrix related to
the classification layer (water and no-water) are also used for the scope. We also employ
the NDWI and MNDWI for comparison.

The outputs confirmed the validity of the proposed method. Indeed, the results are
very encouraging: in all cases the PCA-1-based approach is more effective than NDWI-
and MNDWI-based approaches, both in terms of positional accuracy (DRI) and thematic
accuracy (confusion matrix). It is interesting to note that while the thematic accuracy of
NDWI and MNDWI improves as the resolution of each dataset used increases, this does not
happen for PCA, implying a probable dependence not only on the geometric resolution but
also on the spectral resolution, or rather on the quantity and amplitude of the used bands.

This behavior can also be noted from the DRI analysis: the differences in the results
obtained by PCA and NDWI (or MNDWI) decrease as the resolution increases, although
PCA remains the best method in any case. This effect could once again be explained by a
reduction in the available bands from 52-20 m (nine bands) to S2-10 m (four bands).

In light of what has been analyzed, with regard to the future developments of this
work, further studies will focus on the possibility of extending the proposed approach
to other types of satellite images, in particular those which have a higher resolution than
Sentinel-2, in order to evaluate the effectiveness of the suggested method. Furthermore,
the use of PCA including not only the first component but also the second and third
components will be considered; specifically, supervised and unsupervised classification
methods will be tested for the identification of features other than the coastline.
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