Application of Satellite Imagery and
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The paper gives a brief description of the remote sensing
method used for the identification and extraction of water
surfaces. Landsat 8 and Sentinel 2 satellite imagery was used
to separate land from bodies of water in the complex karst area
surrounding the Croatian Cetina River, flowing into the Adriatic
Sea. Water indexing methods are presented in detail. The most
frequently used water indices were selected: NDWI, MNDWI,
AWEI_nsh, AWEI_sh, WRI and LSWI, and their results compared.
The combination of satellite imagery and calculated water indices
is concluded to be very useful for the identification and mapping
of the area and banks of lakes, riverine zones, river mouths and
the coastline in the coastal zone. Landsat 8 satellite imagery is
slightly inferior to Sentinel 2 due to lower image resolution. The
best results were obtained with the NDWI water index and the
worst with LSWI.
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1. INTRODUCTION

Hydrography is the branch of applied sciences which deals
with the measurement and description of the physical features
of oceans, seas, coastal areas, lakes and rivers, as well as with the
prediction of their change over time, for the primary purpose of
safety of navigation and in support of all other marine activities,
including economic development, security and defense,
scientific research, and environmental protection (International
Hydrographic Organization, 2020).

Hydrography underpins many other activities associated
with bodies of water, including coastal zone management and
marine science. One of the most important tasks of hydrography
in coastal zone management is to determine the coastline of
coastal and riverine zones.

Water is a significant resource and an important factor of
the land cover. Its changes have a considerable effect on the
climate and environment of a particular area. A variety of factors
cause changes in bodies of water, including climate change that
has resulted in drought, erosion, floods and various types of water
pollution. Remote sensing surface water distribution monitoring
has a number of advantages, such as low cost, high frequency of
data acquisition, wide coverage and low interference of surface
conditions. The method is used in water resource assessment,
hydrography, coastal zone management and environmental
impact studies.

Since the beginnings of implementation of remote sensing
water extraction technique almost forty years ago (Work and
Gilmer, 1976), numerous studies have focused on algorithms for
extracting water development.

The paper briefly presents remote sensing methods used
for water surface identification and extraction. Six commonly
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used water indexing methods or algorithms based on algebraic
operationsin two or more spectral channels have been compared,
applied to the Cetina River basin. Landsat 8 and Sentinel 2
satellite missions have been selected as the sources of data used
in this study, which has proven optimal for this purpose in the
cost-benefit analysis.

The main goal of this paper is to evaluate the potential of
the application of satellite remote sensing and water indices to
differentiate land from bodies of water in the karst area of the
Cetina River, with special emphasis on the area of Cetina River
inflow into the sea.

2. MATERIALS AND METHODS
2.1. Study Area

The Cetina River belongs to the Adriatic basin. It springs in
the northwestern part of the Dinara Mountain at the altitude of
385 mand is 105 km long. From its spring, the river flows through
the karst area of the Sinj Field, southward through a canyon and
finally into the Adriatic Sea in the town of Omis. The catchment
partlyliesinthemountainsand partiallyin whatis morphologically
a karst field (Figure 1). The Cetina River catchment covers the area
of approximately 4,145 km2 (Kadi¢ et al., 2019), divided in two
parts by the Dinara Mountain. The eastern part of the catchment
(two thirds of the catchment or approx. 2,614 km2), referred
to as the "indirect" catchment, is mainly situated in Bosnia and
Herzegovina, with a continental climate. The western part has the
surface of approx. 1,531 km2 (one third of the catchment). It is
the "direct" or topographic catchment, almost entirely situated in
the Republic of Croatia, with climate under the strong influence
of the Adriatic Sea (Mediterranean climate) (Figure 1). The length
of the river from the Glavas spring to the mouth on the Adriatic
Sea in Omis is 104 km. The entire catchment is situated in karst
terrain consisting of very thick layers of limestone and dolomites,
with intensive karstification and complex hydrogeological
conditions. Cetina is a karst river, its waters circulating between
fields through underground karst channels. The entire area is a
typical karst terrain.

The Cetina River basin can be divided into two
morphological parts: the mountainous area and karst fields.
The relationships of these relief units define the movement of
surface and groundwater within the basin. Surface flows are
mainly found in karst fields and composite or complex structure
valleys consisting of canyons, valley expansions and culverts,
with the communication of water between the fields taking place
underground.
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The Cetina River flow regimen reaches its maximum during
autumn, the second highest level in the spring, and minimum in
the summer. There are several hydroelectric power plants on the
river: Peruca, Orlovac, Busko blato, Pale, Zakuc¢ac and Kraljevac
that have a strong effect on the natural hydrological regimen of
the river and the overall area. Peruca Lake (coordinates 43°49'N
16°36'E, surface approximately 15 km? maximum depth 65 m) is
an artificial lake in karst terrain and the hub of the Cetina River
power system (hydroelectric power plants Peruca, Pale and
Zakucac). Cetina River flows into the Adriatic Sea near the town
of Omis (43°26'36"N; 16°41'35"E) (Figure 2).
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Figure 1.
Cetina River catchment area.

The area examined in this study has the surface of 2,750
km? and is situated between 43°24'04,84" N latitude and
16°23'11,75" E longitude up to 43°59'21,35" N latitude and
16°54'10,59" E longitude. It is located within the yellow rectangle
in Figure 2 and includes the topographic catchment of the Cetina
River (Figure 2). The whole area was tested with six water indices;
the results are for better insights presented in two characteristic
larger areas: (a) Peruca Lake (purple) and (b) the mouth of the
Cetina River (purple) (Figure 2). Both areas examined have
still water (lake and sea) and permanent watercourses (river).
Likewise, both larger areas are mostly mountains, with some
lowlands. The first area for which the results are presented is the
northern part of the Peruca Lake shown in Figure 2, top right. The
second area is the mouth of the Cetina River shown in Figure 2,
bottom right.
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Cetina river

Figure 2.

Area examined (yellow) and two larger areas: (a) Peruc¢a Lake (purple) and (b) the Cetina River mouth (purple) as caught

on Landsat 8 and Sentinel 2A satellite images.

2.2. Materials

Satellite mission data were used to detect and extract water
(sea) surfaces using the water index calculation method.

The cost-benefit analysis for this study indicated two free
satellite missions, Landsat 8 and Sentinel 2, as optimal data
sources. Satellite images from early September 2018 were used,
taken in similar weather conditions around 10 am (Table 1).

Landsat 8 (launched in early 2013) is the latest of NASA's
(National Aeronautics and Space Administration) longest-
running multispectral satellite observation mission series. The
mission has 9 sensors in the Operational Land Imager (OLI) visible
and infrared spectrum range with 15 m panchromatic spatial
resolution, and 30 m multispectral channel spatial resolution,
and 2 Thematic Mapper (TM) and Enhanced Thematic Mapper
Plus (ETM+) sensors in the thermal infrared range with 100
m spatial resolution (Figure 3). The data can be obtained free
of charge at USGS (United States Geological Survey) explorer
(https://earthexplorer.usgs.gov/).

Free ESA (European Space Agency) satellite Sentinel 2
observation mission (Sentinel-2A and Sentinel-2B, launched

2015 and 2017) is part of the Copernicus satellite program
(Sentinel 1-10). The mission is complementary to the previous
SPOT mission. It is a multispectral 13 channel mission in the
visible, near infrared and shortwave infrared part of the spectrum
(Figure 3). Spatial resolution is 10 m, 20 m and 60 m, temporal
resolution is 5 days, and the width range is 290 km. Sentinel data
can be obtained free of charge from the Copernicus Open Access
Hub (https://scihub.copernicus.eu/), while the atmospheric
condition scene correction can be conducted using the SEN2COR
open application.

September was selected for satellite imagery as
electromagnetic radiation from the Sun is still strong at this
time of the year and the reflection is strong. Temperatures are
high but not excessive, and pressure, humidity and atmospheric
correction are not very high. This period is also characterized by
the lack of sudden temperature changes and sudden chlorophyll
booms that affect water color. As for the coastal areas, since there
are not as many swimmers or vessels as in the summer, there is no
water turbidity or water color change.

Table 1.
Satellite images used in the study.
Sensor Date Time (UTC) Temp.°C Pressure hPa  Humidity %  Source
Landsat 8 06-09-2018  9h 35min 27.7 1012.3 42.18 USGS explorer
Sentinel 2A°  10-09-2018  9h 50min 28.0 1020.2 30.56 Copernicus Open Access Hub
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Figure 3.

Comparison of bands, wavelengths and spatial resolution
of Landsat 7 and Landsat 8 with the Sentinel 2 satellite
mission (according Wulder, et al., 2019).

2.3. Methodology

There are many methods for automated identification of
bodies of water by satellite remote sensing scene. Such methods
are divided into active satellite mission methods, which use
the radar portion of electromagnetic radiation (Guerreonero
Robinson, et al., 2013) and passive satellite mission methods, the
most commonly used methods of which are divided into three
categories (Jiang et al,, 2014):

1. The spectral channel method identifies water surfaces by
finding thresholds in one or more spectral channels. It is simple
to apply, but shadows are frequently incorrectly classified due
to topography, urban areas or other background irregularities
(Rundquist et al., 1987);

2. The classification method applies supervised or
unsupervised machine-learning algorithms to the extraction of
bodies of water from multispectral scenes (Otukei and Blaschke,
2010);

a. Supervised classification usually uses maximum-

likelihood classifiers, decision trees, artificial neural

networks or support vector machines method;

b. Unsupervised classification uses K-means or iterative

self-organizing data analysis (ISODATA) (Otukei and

Blaschke, 2010; Lu and Weng, 2007).

This method achieves good results, but necessitates prior

knowledge of the terrain or existing reference data for the
selected samples, aggravating the use of this method on poorly
known terrain (Frazier and Page, 2000);
3.  The water index method combines different algebraic
operations over two or more spectral channels to accentuate the
discrepancy between bodies of water and land (Jiang et al., 2012;
Lu et al,, 2011). The principles used by the method are similar
to those of the Normalized Difference Vegetation Index (NDVI)
(Townshend and Justice, 1986). The following indices are most
commonly used to identify bodies of water:
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a. Normalized Difference Water Index - NDWI (McFeeters,

1996);

b. Modified Normalized Difference Water Index - MNDWI

(Xu, 2006; Du et al., 2016);

c. Automated water extraction index — AWEI (Feyisa et al.,

2014);

d. Water Ratio Index - WRI (Shen and Li, 2010); and

e. Land surface water index LSWI (Xiao et al., 2002).

In this paper, water index calculation methods have been
used and applied to unsupervised classification, enabling the
automation of the entire process. Many authors have lately
attempted to improve the results and test the quality of different
water indices (Feyisa et al., 2014; Baiocchi et al., 2012; Maglione
et al,, 2014; Elsahabi et al., 2016; Mukherjee and Samuel, 2016;
Sarp and Ozcelik, 2016; Kaplan and Avdan, 2017a) on individual
satellite sensors. Some authors have compared multiple indices
across multiple sensors, e.g.Kwang (2018) compared the accuracy
of 4 water indices on 2 sensors, Zou et al., (2017) compared 9
indices across 3 sensors, and El Kafrawy et al., (2017) 3 indices and
2 remote sensing methods on 2 multispectral sensors.

2.3.1. Normalized Difference Water Index

The oldest water index, the Normalized Difference Water
Index — NDWI, was proposed by McFeeters for mapping and
highlighting the characteristics of bodies of water by remote
sensing (McFeeters, 1996) using the near infrared (NIR) and green
channels to calculate the water index.

Mathematically, the Normalized Difference Water Index
according to McFeeters is expressed as:

NDWI = (Green - NIR) / (Green + NIR) (M

The algorithm reduces non-water features such as
vegetation and soil by suppressing the low NIR reflectance of
water features, while simultaneously maximizing the reflectance
of water at green wavelengths. As threshold value is 0, positive
values correspond to bodies of water and negative values to
other bodies. Although the NDWI has the ability to detect turbid
waters (McFeeters, 1996), its main disadvantage is the inability to
distinguish between built-up areas and bodies of water, making
it difficult to extract water (Xu, 2006).

2.3.2. Modified normalized water index

Xu (2006) modified the McFeeters index by replacing the
near-infrared (NIR) with the shortwave (SWIR) channel, thereby
improving the extraction of water features especially from built-
up areas, reducing and eliminating noise present in the NDWI
model.
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MNDWI is mathematically expressed as:

MNDWI = (Green - SWIR) / (Green + SWIR) ()

2.3.3. Automated Water Extraction Index

Automated Water Extraction Index - AWEI was proposed by
Feyis et al. (2014) to improve the extraction of bodies of water
in areas containing shadows or dark parts, while simultaneously
offering a stable threshold value for distinguishing water from
other surface objects. The algorithm aims to maximize the
enhancement of water features by adding different coefficients
(Feyis et al., 2014). Two automated water extraction indices were
developed, one of which removes shadow pixels, while the other
removes non-water pixels, such as dark built-up surfaces in urban
areas (Feyis et al., 2014). AWEI indices can be used in different
environmental conditions.

Mathematically, AWEI indexes are presented as:

AWEI_, =4x (Green—-SWIR1)-(0.25 X NIR+2.75 X SWIR2) (3)

AWEIsh = Blue+ 2.5 x Green - 1.5 x (NIR + SWIR1)
-0.25 x SWIR2

Index using: (1) AWEI, provides the best water surface
extraction where dark shadows and other characteristics such as
snow, ice or high albedo built-up areas are present; (2) AWEI
enables optimal separation of bodies of water from other
surfaces; (3) AWEI, and AWEI _ are the best at distinguishing
water from high albedo surfaces and shady/dark surfaces;
(4) in areas without shadows, dark city backgrounds and low
albedo areas, the use of AWE_ or AWEI , (Feyis et al., 2014) is
recommended.

2.3.4. Water Ratio Index

Water Ratio Index - WRI was proposed (Shen and Li, 2010)
as the ratio between total spectral reflectance of the Red and
Green channels versus total near-infrared (NIR) and shortwave
infrared (SWIR) spectral reflectance.

WRI is mathematically expressed as:

WRI = (Green + Red) / (NIR+SWIR) (5)

2.3.5. Land surface water index
Land surface water index - LSWI was proposed (Xiao et al.,
2002) as the ratio between the difference between near infrared
(NIR) and shortwave infrared (SWIR) channels and the sum of
near infrared (NIR) and shortwave infrared (SWIR) channels.
Mathematically, LSWI can be expressed as:

LSWI = (NIR-SWIRT1)/(NIR + SWIRT) (6)

2.4. Computation Procedure

The first stage of scene processing was preprocessing, or
atmospheric correction, which eliminates potential absorption
and dispersion of electromagnetic waves in the atmosphere.
Atmospheric correction of Landsat scenes was performed in
NASA’'s Atmospheric Correction Parameter Calculator (https://
atmcorr.gsfc.nasa.gov), with coordinates, altitudes, and
meteorological data on temperature, pressure, and humidity
used as correction parameters. The Sentinel Application Platform
(SNAP; http://step.esa.int/) calculates the atmospheric correction
of Sentinel 2 scenes based on pressure parameters and quantity
of ozone.

Following preprocessing, the area examined was cut in
both scenes to facilitate computation, after which water indices
were calculated for the area in question.

Having  calculated water indices, unsupervised
classifications were made for the area examined, whereby
pixel elements were divided into classes based on their natural
association in spectral space. Unlike supervised classification,
the first step does not require any knowledge of the space being
classified, which is suitable for identification of water surfaces in
unfamiliar areas.

Unsupervised classification process was performed in two
stages: grouping (into classes) followed by class recognition.
Classification was performed using ArcGIS and the ISODATA
mathematical algorithm classification, whereby the first 5
classes in the area examined were obtained and subsequently
reclassified into two basic classes: water and non-water (land).
This method of unsupervised classification and reclassification
produces better results than simple classification into 2 classes.

After performing the classification, the overall accuracy of
output classification for six selected indices of the two scenes
was established. Classification accuracy was established using
vector data control points obtained from topographic maps and
hydrographic survey sheets, by which they were formed from the
confusion matrix and the overall accuracy and Kappa coefficient
for each test classification were calculated (Ayyanna et al., 2018;
FAQO, 2016; Mohd Hasmadi et al., 2009; Pontus et al., 2014; Rwanga
and Ndambuki, 2017).
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3. RESULTS 5). Google Earth satellite images (up) and Google Street with
roads and settlement names (down) are shown on the left side

Values of water indices for the area examined were  of Figures 4 and 5 for the purpose of comparison of water index
calculated and are shown more extensively in two sample areas:  results with the actual situation on site. The percentages of land
(1) the northern part of Peruca Lake (Figure 4) and (2) the mouth  and water surface areas obtained by different indices in the areas
of the Cetina River. where the river flows into the sea (Fiaure  examined were calculated (Figure 4) and overall accuracy, as well
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Figure 4.
Values of water indices calculated for the area of Peruca Lake:
a) NDWI; b) MNDWI; c) AWEI_nsh, d) AWEI_sh e) WRI and f) LSWI.
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Figure 5.

Values of water indices calculated for the area of the mouth of Cetina River:
a) NDWI; b) MNDWI; ¢) AWEI_nsh, d) AWEI_sh e) WRI and f) LSWI.

#)  WRI
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Table 2.
Overall accuracy of previous research results (%).

Authors Satellite NDWI MNDWI AWEI_sh AWEL_nsh  WRI LSWI

Zhou et al., L8 95.7 94.6 953 954 - 94.1

2017 s2 95.6 95.1 95.5 94.8 = 94.4

Kwangetal, L8 99.8 99.6 98.8 98.6 = =

2018 s2 99.4 99.9 99.6 98.6 - -
Table 3.

Kappa coefficients of water indices obtained by ISODAT classifications from previous research.

Authors satellite NDWI MNDWI AWEI_sh AWELnsh  WRI LSWI
Zhouetal, L8 0.915 0.891 0.907 0.909 - 0.881
2007 s2 0913 0.897 0910 0.897 5 0.887
Kwangetal, L8 0.997 0.987 0.969 0.964 - -
2t s2 0.985 0.997 0.991 0.962 : :

as the Kappa coefficient for the classification of Landsat 8 (Table
3) and Sentinel 2 (Table 4) satellite images obtained. Furthermore, e

the results thus obtained were compared with those of previous
water resource surveys published in scientific papers (Tables 2
and 3).

The values of water indices calculated for the Peruca Lake
area are presented in Figure 4. The conclusion is that satellite
images can be used to identify lake surfaces and banks, although
image quality depends on the type of satellite. \

Figure 5 shows the values of water indices calculated for SIS
the mouth of Cetina River, indicating that both the river and the ' R
bank, as well as its mouth in the vicinity of the town of Omis, | ' } Bl |
are perfectly discernible from satellite images. Furthermore, it is ! ' L
important to emphasize that the coastline near the mouth of the !
Cetina River is also identified very well. " o i .

The results obtained with the Landsat 8 satellite images are gii e ., A |
slightly inferior to those from the Sentinel 2 due to lower image
resolution preventing the recognition of narrow watercourses
and small reservoirs. An example of this situation is visible in the
middle of the upper part of Figure 4 and in the middle right of
Figure 5.

In spite of low air humidity, the LSWI Index responds to

Adriatic sea

vegetation moisture and built-up areas. The results obtained Figure 6.
using Sentinel 2 were inferior to those obtained from Landsat Vector polygons of the area examined used as reference
8 due to the range of NIR and SWIR1 channels. AWEI_nsh also values for water index comparison.

produced poor results in areas under vegetation, built-up areas
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and on roads. The WRI index gives satisfactory results but shows
noise in the built-up area (settlement Vrlika, middle left in Figure
4,andin Figure 5 one in a series of settlements along the coastline
and the road).

The first step in water index testing was the calculation
of the percentage of pixels in each class (Tables 4 and 5), and
the percentage of area covered by each class. In the next
stage, all bodies of water (rivers, lakes, reservoirs, sea) or water
surface polygons in the area examined were vectorized from
the topographic maps using the scale 1:25 000 (Figure 6), with
polygons used as reference values for evaluation of classification
accuracy. Land covers 89.829% and water 10.171% of the total
area examined.The percentage of classified areas was determined
based on 500 and 2500 control points in the area examined. 500

Table 4.

points are concluded to have given satisfactory results for a
small number of classes. After that, vector polygon surfaces were
compared with the percentage of area belonging to each class.
The final assessment of classification accuracy of each individual
water index involved the calculation of overall accuracy and of
the Kappa classification coefficient (Tables 4 and 5).

The mean accuracy of water index calculation for Landsat
8 images based on 500 control points is 95.48, while the mean
accuracy for Sentinel 2 images is 96.70. When AWEI_sh and LSWI
indices which give inferior results are omitted, mean accuracy
value for Landsat 8 is 99.86 and 99.69 for Sentinel 2. The mean of
the Kappa coefficient for Landsat 8 is 0.920 and 0.988 for the four
indices giving better results, while the mean value of the Kappa
coefficient for Sentinel 2 is 0.929 and 0.988 with better indices.

The values of land and water polygon percentages obtained using different indices; overall accuracy and Kappa coefficient of

classification for the Landsat 8 image.

Landsat 8 NDWI MNDWI AWEI_sh AWEI_nsh WRI LSwi
vector Land (%) 90.201 90.171 81.219 89.946 90.225 74.998
Water (%) 9.799 9.829 18.781 10.054 9.775 25.002
500 Land (%) 90.2 90.2 81.2 90.0 90.2 75.0
Water (%) 9.8 9.8 18.8 10.0 9.8 25.0
2500 Land (%) 90.20 90.16 81.20 89.60 90.24 75.00
Water (%) 9.80 9.84 18.80 10.40 9.76 25.00
Accuracy 99.87 99.90 90.16 99.84 99.84 83.25
Kappa 0.989 0.989 0.846 0.988 0.988 0.772
Table 5.

The values of land and water polygon percentages obtained using different indices; overall accuracy and Kappa coefficient of

classification for the Sentinel 2 image.

Sentinel 2 NDWI MNDWI AWEI_sh AWEI_nsh WRI LsSwi
vector Land (%) 90.053 90.292 88.950 90.044 89.266 74.484
Water (%) 9.947 9.708 11.049 9.956 10.734 25516
500 Land (%) 90.0 90.2 89.0 90.0 89.2 744
Water (%) 10.0 9.8 11.0 10.0 10.8 25.6
2500 Land (%) 90.02 90.19 89.12 89.92 89.22 7444
Water (%) 9.98 9.81 10.88 10.08 10.78 25.56
Accuracy 99.96 99.77 98.74 99.95 99.09 82.68
Kappa 0.989 0.989 0.863 0.988 0.988 0.758
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The mean accuracy of water index calculation for Landsat
8 images based on 500 control points is 95.48, while the mean
accuracy for Sentinel 2 images is 96.70. When AWEI_sh and LSWI
indices which give inferior results are omitted, mean accuracy
value for Landsat 8 is 99.86 and 99.69 for Sentinel 2. The mean of
the Kappa coefficient for Landsat 8 is 0.920 and 0.988 for the four
indices giving better results, while the mean value of the Kappa
coefficient for Sentinel 2 is 0.929 and 0.988 with better indices.

4. DISCUSSION

We have recently witnessed sudden changes in water
surfaces in the Croatian coastal area, manifested in the drying
or flooding of certain areas. Many authors are trying to identify
the optimum water index as an automated method of water area
mapping.

Croatian authors have seldom tried to map water surfaces
by remote sensing methods (e.g. Duplanc¢i¢ Leder and Leder,
2019), but the quality of the results obtained has never evaluated.
For water surface extraction purposes, the water index method
chooses the appropriate satellite image created in optimal
atmospheric conditions. For the Cetina River basin, optimal
satellite images are taken after the bora wind, when the air is
free of clouds and moisture, and clear and well-defined transition
between land and water is discernible.

At this particular time of the year, the waters of the Cetina
River and Peruca Lake are clear, and the sea is transparent and
blue, suitable for water index application. Smaller watercourses,
especially reservoirs, have turbidity issues, and their brown color
reduces both the reflection of electromagnetic energy and the
possibility of water index application.

This study used the free data of Sentinel 2 and Landsat 8
satellite missions. Satellite images were taken in September
2018, four days apart (Landsat on September 6, Sentinel on
September 10), in almost identical meteorological conditions,
allowing the comparison of the results obtained. At 10 am on
September 6, temperature was 27.7 °C, air pressure 1012.3 hPa,
and humidity 42%, whereas on September 10, temperature was
28.0 °C, air pressure 1020.2 hPa, and humidity 30% (Table 1). The
selected satellite images had optimal reflectance and water color
for this study. Before calculating the water index of the images,
atmospheric correction with meteorological data was performed.

Both images give similar and satisfactory results for all water
indices. The classification accuracy of four water indices - NDWI,
MNDWI, AWEI_nsh and WRI - was over 99%, with water index
AWEI_sh having the classification accuracy of over 90% and LSWI
a slightly poorer classification accuracy of over 80%. The accuracy
of classification results can thus be concluded to be satisfactory,
and considered high. Comparing the two satellite missions,
slightly better results have been obtained with Sentinel 2 due

to its better spatial resolution. If the results of this analysis are
compared with the results obtained by other authors, the results
can be concluded to be satisfactory, indicating that accuracy and
the Kappa coefficient have been calculated at a large number of
control points.

For example, using an unknown number of control points,
Kwang et al. (2018) obtained the mean water index accuracy of
99.20 and the mean Kappa coefficient of 0.979 for Landsat 8, and
the mean accuracy of 99.37, and the mean Kappa coefficient of
0.984 (Tables 2 and 3) for Sentinel 2. Using 60 control points, Zhou
et al. (2017) obtained the mean accuracy of 95.02, and mean
Kappa coefficient of 0.901 for Landsat 8, and the mean accuracy
of 95.08, and the mean Kappa coefficient of 0.901 for Sentinel 2
(Tables 2 and 3). Yang et al. (2017) examined Sentinel 2 images
and NDWI and MNDWI indices in urban and coastal areas. The
mean water index accuracy in urban areas was 97.92, and 98.88 in
the coastal area. The Kappa coefficient was 0.645 in urban areas,
and 0.839 in the coastal area. These results are similar to those
obtained for the examined Cetina River area.

Problems in connection with water index based methods
occur in the extraction of small bodies of water, particularly from
Landsat images, due to their low spatial resolution. Better results
can be obtained from higher resolution commercial satellite
missions (WW2, RapidEye...), aerophotogrametric or LIDAR
images (Zhou et al.,, 2017). The limitations of commercial missions
are the existence of only near infrared (NIR) channels with visible
channels. Most indices give poorer results in built-up areas and
especially in cities characterized by a lot of noise, attempted
to be avoided by combining the water index method with
other methods or by combining different parameters (Figure 4;
mountainous part of Peru¢a Lake with Vrlika settlement on the
left; Figure 5 shows the mouth of the Cetina River with the town
of Omis on the right side of the image). A particularly serious
problem was encountered in the mountainous areas where low
sun elevation creates long shadows and numerous side effects,
which combined with low temperature, ice and poorer reflection
have proven problematic for some of the indices (Figures 5 ¢
and 5 f). The conditions for the extraction of water surfaces are
considered to be favorable when the angle of elevation of the
Sun is above 40 degrees (Kaplan and Avdan, 2017b). The angle
of the Sun in the Landsat 8 image was 49.63 degrees and 40.45
degrees in the Sentinel 2 image.

The results of this study are slightly better in case of
extraction of coastal than fresh water (Figure 5). Reflection
over sea can be concluded to be better due to the different
composition of salt water and lower quantity of dissolved
substances (higher transparency). Very similar results were
obtained by other authors in their studies (e.g. Yang et al., 2017).

The MNDWI index is suitable for the identification of
flooded areas in cities, while AWEI indices are intended for areas
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in full shadow and areas covered with ice. The LSWI index is
suitable for the identification of moisture content and as such is
not well suited for the purposes of this study (Zhou et al., 2017).

5. CONCLUSION

Inrecentyears, the International Hydrographic Organization
(IHO) has changed the basic purpose of its activity. Namely, its
primary goal is no longer limited to the safety of navigation, but
has come to include a number of other activities relating to the
physical features of oceans, seas, coastal areas, rivers and lakes.
One of the most important tasks of hydrography, applied to
coastal zone management, is to identify the coastline, coastal
and riverine zones.

Since standard hydrographic survey methods are
prohibitively expensive and time consuming, this paper used
the satellite remote sensing technique and the water index
calculation method to distinguish land from bodies of water in
the complex karst area of the Croatian Cetina River, flowing into
the sea in the vicinity of the town of Omis. In this area, spatial and
temporal changes of water and land are frequent, and there is a
need for fast and efficient mapping of these changes.

Landsat 8 (NASA) and Sentinel 2 (ESA) satellite missions
were used to obtain satellite images, while NDWI, MNDWI, AWEI,
WRI and LSWI indices were used to extract water (sea) and land
surfaces.

From the hydrographic point of view, the studied Cetina
River area can be divided into three units: Peruc¢a Lake, Cetina
River and the mouth of the river on the Adriatic Sea (coastal
area). The combination of satellite imagery and calculated water
indices can be concluded to be well suited to the identification
and mapping (smaller scale maps) of the area and banks of lakes,
riverine zones, the river mouth area and the coast in the coastal
zone. Furthermore, satellite image quality depends on satellite
type.

The results obtained using Landsat 8 satellite images are
slightly inferior to those obtained using Sentinel 2 due to lower
image resolution. This study has shown the NDWI index as
the most appropriate for the identification of bodies of water.
The poorest results were obtained with the AWEI_sh and LSWI
indices, providing that the LSWI index is primarily used for
moisture extraction, rather than for water surfaces, while AWEI_
sh is intended for mapping bodies of water in shaded areas (high
mountains), built-up areas and roads. Likewise, it is evident that
classification results are slightly better for marine than freshwater
areas extraction. The poorest results were obtained in urban
areas, especially when the AWEI_sh and LSWI indices, which give
inferior results, were used.
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