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1. Introduction

Natural phenomena undergo dramatic changes during
The important point is to
examine the changes carefully in order to understand
the anthropogenic and natural processes which cause
these changes. Over the past few decades, the use

the life of mankind [1].

Abstract. Monitoring coastal areas is an important parameter in the sustainable
development and protection of the environment. The expansion of constructions in Iran’s
southern coasts has not only led to the destruction of geomorphological landforms, but has
also changed the process of erosion and sedimentation in coastal areas. Nowadays, remote
sensing data are considered as the most efficient source of information for the study and
interpretation of coastal landforms, tidal levels, changes in coastline, depth of water, and so
forth. The purpose of this study is to investigate the changes in the coastline of Chabahar
Gulf, located on the coasts of the Oman Sea by using remote sensing techniques. This
study examined and interpreted qualitative and quantitative changes of the coastlines in
a forty-two-year period. Different supervised classification methods were used from which
the most accurate one was ultimately chosen. The classified images were divided into two
classes of land and water, and the changes of these two classes between 1972 and 2014 were
extracted. The net change results indicate that in the forty-two-year period, 1,832,436 m?
of the land has been added to water class, and 7,004,844 m? of water has been added to
land.
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under the influence of hydrodynamic processes and
are perhaps not comparable with other geomorpho-
logical systems [3]. Coastlines are among the most
important phenomena on the Earth’s surface which
are dynamic in nature [4]. Thus, the International
Geographical Union has considered coastal areas as the
most unique natural environment [5]. Therefore, in

of remote sensing technology to detect such changes
over time has attracted the attention of different
researchers [2].

Coastal environments are among the most critical
environmental systems which change rather quickly
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the study of coastal geomorphology, we face a different
form of dynamic events [6]. Coastal areas are also
highly important and valuable from the environmental
point of view as they have sensitive and productive
ecosystems [7].

Monitoring coastal area is an important param-
eter in the sustainable development and protection
of environment. For monitoring coastal areas, it
is required to extract coastlines in different times.
Different reactions occur in the coastal areas because
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they are located in two different climates of land and
water [8]. The coastline is defined as the line of contact
between land and a body of water [9]. Sea processes are
characterized by the movements of water, while land
processes are defined by the transfer of rivers’ water
and sediments to the sea [10].

Due to numerous human applications, coasts have
always proved to be sensitive areas [11]. The expansion
of constructions in Iran’s southern coasts has not only
led to the destruction of geomorphological landforms,
but has also changed the process of erosion and sedi-
mentation in coastal areas so that in addition to erosion
in canals and estuaries, increased sedimentation has
been observed in some coasts. Evidence suggests that
the increased rate of sedimentation in coastal areas is
about 50%. The sedimentation process occurs mainly
behind the breakwaters of ports and structures that
have been built on the coasts of Iran since 1990 [12].

Remote sensing technology is an efficient method
to obtain the data required for monitoring the coast-
line. Nowadays, remote sensing data are the most
efficient source of information for the study and inter-
pretation of coastal landforms, tidal levels, changes in
coastline, depth of water, and so forth [13]. Among the
remote sensing data, optical images have many benefits
such as easy interpretation and ease of access. On
the other hand, the spectral characteristics of water
are such that there is a significant difference between
reflective infrared and visible bands [14]. This feature
of water has led to the widespread use of images by
sensors that have both visible and reflective infrared
bands for monitoring and extraction of coastlines. TM
and ETM+ sensors of the Landsat satellite are of this
kind [15].

Many studies in the field of coastline changes and
their reasons have been done using satellite images. Al-
Sheikh et al. [16] monitored the coastlines of Urmia
Lake using TM and ETM images and thresholding
method on the image histogram. Naimi et al. [12]
examined the changes in the coastline of Asalouyeh
region in the Persian Gulf by using different change
detection methods. In his study, Kouroshnia [7] also
examined the changes of coastline from Naiband Bay
to Dayer Port using the images of TM and ETM+
sensors.

Visual interpretation of MSS, TM, ETM+, and
LISS IIT images for the detection of periodic (30 years)
and seasonal (72 days) changes of the eastern coastline
of Urmia Lake has been already carried out [17]. In
another study, Shayan et al. [18] studied the coastline
of Gorgan Bay at different time intervals between
1955, 1987, 2005, and 2011 using TM and ETM+
images. Changes in the coastline of Maharlu Lake
have been examined using TM data on March 20,
1999 and March 18, 2009 [19]. Yamani et al. [20]
compared and evaluated the periodic changes of the

eastern coast of the Strait of Hormuz using satellite
TM-5 images spanning between 1986 and 2010 and
applying different classification methods, i.e. Maximum
Likelihood, Binary Encoding, and Minimum Distance.
Qudah and Harahsheh [21] used GIS and remote
sensing technology as a useful tool for assessing the
boundaries of the Dead Sea in Jordan and Pales-
tine.

White et al. [22] investigated changes in the
coastline of the Nile Delta using TM images and
compared the results with field observations. Using
aerial photographs of the years 1981, 1992, and 2002
and the analytical capabilities of GIS, Makota et al. [23]
mapped the coastlines of Kunduchi Beach. Chalabi et
al. [24] used segmentation method in order to extract
the coastline of Kuala Terenganu in Malaysia applying
aerial photos and IKONOS images. They mapped,
interpreted, and analyzed the changes for a thirty-
eight-year period (1976-2014).

According to the previous studies, it can be con-
cluded that the change detection methods are highly
variable due to different available datasets and study
area characteristics. The main purpose of this paper
is to detect the coastline changes in Chabahar Bay
located in the coasts of Oman Sea using remote sensing
techniques. Many numerical models have been made
for monitoring coastlines changes [25-28]. To date,
no comprehensive study on change detection based on
remote sensing has been carried out. The numerical
models generated up to now have covered only the time
interval less than 10 years, while the available remote
sensing data spans more than 4 decades. In addition,
vast and continuous coverage, high spatial resolution,
high-speed processing, and low-cost preparation and
processing of information are some other features of
this technique.

This paper is organized as follows. The study
area is presented in Section 2. In Section 3, different
methods for change detection mapping will be ex-
plained. Section 4 is devoted to the results obtained by
different methods. Concluding remarks are presented
in Section 5.

2. Scope of the study

Chabahar Port, as one of the most important ports,
is located in the south of Iran and north of the Oman
Sea (Figure 1). Due to its strategic position and free
access to international waters, this port has a special
place for trading with other countries in the region. In
general, the port of Chabahar is located in an area with
hot and humid summers and mild winters. In terms of
the climate, it is considered as an arid area due to the
low rainfall. Due to its special geographical position,
Chabahar has many sunshine hours per year which is
a rare situation on Earth. [25].
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Figure 1. Location of Chabahar Bay on the southern coast of Iran and northern Oman Sea.

3. Methods

This study examines and interprets the qualitative and
quantitative coastline changes in a period of forty-two
years using remote sensing data.

The available remote sensing data includes MSS,
TM, ETM+, and OLI Landsat acquired in 1972,
1987, 2000, and 2014, respectively (Figure 2). The
specifications of these sensors can be seen in Table 1.
In order to extract the coastline from the imageries,
supervised classification methods are used.

Four different methods, including Minimum Dis-
tance, Maximum Likelihood, Neural Network, and
Binary Encoding, have been used to classify image
pixels into two categories of land and water. Finally,
by comparing the results, the most accurate method
for classification was finally applied to the data. In the
following, classification methods are briefly described.

3.1. Minimum Distance Classification (MDC)
In this method, in the n-dimensional spectral space,
the distance of each pixel (qualitatively) from the mean
vector is the basis of classification which becomes pos-
sible by using the Euclidean distance [20]. Therefore,
each pixel is given to the class with the minimum
spectral distance.

Figure 2. True color composite of (a) MSS image (1972),
(b) TM image (1987), (c) ETM+ image (2000), and (d)
OLI image (2014).

3.2. Maximum Likelihood Classification
(MLC)

The algorithm used by the Maximum Likelihood Clas-

sification tool is based on two principles: (i) The cells
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Table 1. Specifications of the sensors used in this study.

Spatial resolution (m)

Number of bands

Sensor
MSS 57
™ 28.5
ETM+ 30
OLI 30

4
7

in each class sample in the multi-dimensional space
are normally distributed, and (ii) Bayes’ theorem of
decision making.

In this method, the likelihood (probability) that
a class is the correct class for a pixel is calculated.
The pixel is a member of the class with the maximum
probability. Maximum likelihood classification method
is still one of the most common supervised classification
algorithms. To calculate probability, the n-dimensional
multivariate normal density function is used as follows:

1
rexp|— (e=M:) TV, (a-03)|

PUXIW)= 5 esp "

Y
22

where |V;] is the determinant of the covariance matrix,
V; is the covariance matrix, and M, is the mean vector.
The values of these variables were estimated based
on the training data extracted from the Landsat TM
images.

3.3. Binary Encoding Classification (BEC)
This method encodes the data and range of end-
members in the form of zero and one depending on
whether a band descends lower or ascends higher than
the spectral average, respectively. An OR encoding
function compares each encrypted base spectrum with
the encoded data and generates a classified image.
All the pixels are classified with the largest number
of compatible bands by the endmember method [29].
With three thresholds, a pair of binary numbers is
generated for the values of pixels. Higher values of
average spectrum brightness can be the threshold of
one and the other two may be above or below this
value [30].

3.4. Neural Net Classification (NNC)

Artificial neural networks are rather crude electronic
networks of “neurons” on the basis of the neural
structure of the brain. They process records one at
a time and “learn” by comparing their classification of
the record with the known actual classification of the
record. The errors from the initial classification of the
first record are fed back into the network and are used
to modify the second record of the algorithm of the
networks, and this process is repeated many times. It
can be said that a neuron in an artificial neural network
is (Figure 3):

e A set of input values (z;) and the associated weights

(w;)

Figure 3. The function of neurons [31].

Input layer
Output layer

Hidden layers of neurons

Figure 4. Hidden layers of neurons [31].

e A function (g) that sums the weights and maps the
results in an output (y).

The neurons have a multi-layer arrangement (Fig-
ure 4). The input layer is not composed of all the
neurons. Rather, it has the values of the recorded data
within it which are used as the inputs of the neurons
of the next layer. The next layer is called the hidden
layer (the number of these layers can be more than
one). The final layer is the output layer where there is
only one node for each class. Each single sweep forward
of the network results in the assignment of a value to
each output node and the output node with the highest
value will be chosen [31].

4. Results and discussion

For supervised classification, five classes were generally
defined including deep areas of the bay, shallow waters,
estuaries, sandy beach, and eventually barren lands.
For each class, at least 1000 pixels were collected as
training data. The above-mentioned methods were
applied to classification. The classification results are
shown in Figure 5. The confusion matrix was formed
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() (d)

Figure 5. The results obtained by classifiers: (a) MDC,
(b) MLC, (c) BEC, and (d) NNC methods.

between the training data and the classification results.
The overall accuracy and Kappa coefficients as mea-
sures of clagsifier performance were calculated based
on the confusion matrix. The overall accuracy derived
from the confusion matrix is presented in Table 2.

As observed in Table 2, it can be found that the
performance of the Maximum Likelihood method is the
most significant. Therefore, the result obtained from
this method is used for further analysis.

Five classes derived from the classification must
be then combined into two classes of land and water
(Figure 6). Using Change Detection method, we
extract the difference between the images in different
years (Figure 7). The red color indicates the pixels
converted from water into land, and the blue color
represents the pixels changed from land to water during
the specified time interval.

The numerical results of these changes for the
temporal period between 1972 and 2014 (which is the
final period considered in this study) can be seen in
Table 3. The calculated percentages are related to the
total surface area.

(a) (b)
() (d)
Figure 6. The result of combining classes into two clas-

ses of land and water in (a) 1972, (b) 1987, (c) 2000, and
(d) 2014.
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Figure 7. The result of the difference between the images
between (a) 1972 and 1987, (b) 1972 and 2000, and (c)
1972 and 2014.

As can be seen in Figure 7(b) and (c), some red
pixels are related to the harbors constructed in this pe-
riod which are certainly not considered as the changes

Table 2. Performance of different classifiers.

Year Minimum distance Maximum likelihood Binary encoding Neural net

Overall Kappa Overall Kappa Overall Kappa Overall Kappa

accuracy coefficient accuracy coefficient accuracy coefficient accuracy coefficient
1972 98.781 0.983 99.043 0.986 71.657 0.616 99.859 0.997
1987  10.00 1.00 100.00 1.00 62.743 0.499 100.00 1.00
2000 100.00 1.00 100.00 1.00 64.140 0.528 98.593 0.972
2014 88.335 0.759 100.00 1.00 71.726 0.612 98.926 0.981
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Table 3. The amount of changes in coastline, land, and water pixels.

Total number of the examined pixels 189000

Number of unchanged pixels 186280

The area added from the land to water, from 1972 to 2014 1832436
Added percent from the land to water, from 1972 to 2014 0.298

The area added from water to the land, from 1972 to 2014 7004844
Added percent from water to the land, from 1972 to 2014 1.141

of the coastline. Therefore, the numerical values of Ta-
ble 3 are presented after removing the pixels and count-
ing them as unchanged pixels. The emergence of these
phenomena in the difference between the images ipso
facto confirms the correct classification of the images.

For a more detailed study of coastline changes
and to achieve more tangible values for these changes,
the numerical values of coastline advance and retreat
have been extracted in several places according to
Figure 8. The numerical values of changes in the
specified sections are presented in Table 4.

In general, changes from 1972 to 2014 represent
an increase in the number of land pixels which indicates
the general trend of coastline advance. This trend
can also be seen in the years 1972, 1987, 2000, and
2014 at smaller intervals in Table 5 which shows the
one-way change of the region toward the coastline
advance. Local changes can be observed in Figure 8
and Table 4.

In Table 4, the negative values indicate coastline
advance and correspond with red areas of Figure &,
while the positive values indicate a retreat in the
coastline and are equivalent to the blue areas of
Figure 8. According to Figure 8 and Table 4, the
highest value recorded is related to section 18 which
is 969 meters, carefully shown in Figure 2(d). This

Figure 8. Sections of the coastline changes.

region indicates excessive sedimentation caused by the
construction of the structure and does not seem to
have occurred naturally. Putting aside this section,
the maximum amount of coastline advance belongs to
section 12 with 684 meters of advance, and the highest
amount of coastline retreat, 513 meters, belongs to
section 2. Areas with severe coastline advance are not

Table 4. Amounts of changes across the sections specified in Figure 8.

Section number

#1 #2 #3 #4 #5 #6 # #38 #9  #10
Number of changed pixels -1 9 -3 2 -3 -7 2 -2 -3 -2
Length of change (m) -57 513  -171 114 -171  -399 114 -114  -171  -114
Section number
#11  #12  #13  #14 F#15 #16 #17 #18 #19 #20
Number of changed pixels -4 -12 -6 -6 2 4 2 -17 -3 -3
Length of change (m) -228 -684 -342 -342 114 228 114 -969 -171 -171

Table 5. Changes in water and land areas in different years with respect to 1972.

Year Water Land Total Changes in water Changes in land
(m?) (m?) (m?) (m?) (m?)

1972 417,909,123.00 196,151,877.00 614,061,000.00 - -

1987  416,848,324.50 197,212,675.50  614,061,000.00 -1,060,798.50 1,060,798.50

2000 413,631,814.50  200,429,185.50  614,061,000.00 -3,216,510.00 3,216,510.00

2014 412,995,510.00 201,065,490.00 614,061,000.00 -636,304.50 636,304.50
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appropriate for the construction of offshore structures
and the most erosive areas are also not recommended
due to excessive erosion. The location of section 2,
which shows the highest coastline retreat in the vicinity
of a constructed structure, can cause damage to this
structure and must be taken into account.

It should be noted that this study is only con-
cerned with changes in coastline, and the constructed
coastal facilities are out of the scope of this study.
Therefore, the pixel values of the coastal facilities
included in the land category and constructed in this
period are excluded from the land category and added
to the water category. The values in Table 5 are
inserted after applying these changes. Therefore, the
values in Table 5 show the net amount of changes in
the region’s coastline.

5. Conclusion

Coastal instability and the considerable movement of
coastline, coastal erosion caused by waves, currents,
storms, etc. and causing damage to coastal facilities
and structures, human induced changes in the nature
of coastal areas and other similar matters are some
significant problems and difficulties with which many
countries and areas with sea borders face [25]. Different
clagsification methods, including MDC, MLC, BEC,
and NNC, were examined. The results showed the
superiority of the MLC over the other methods. Time-
series analysis of changes in the coastline was per-
formed according to the MLC. The overall procedure
of the region indicates sediment sedimentation.

However, a more detailed study of the area shows
that the overall process of sedimentation is the result
of total sedimentation and erosion of smaller areas in
the region which can be seen in the results. From the
results of the study, it can be seen that the highest rate
of coastline advance is 684 meters and the highest rate
of retreat of the coastline is 513 meters. Finally, the
results of coastline advance and retreat can be used
in the integrated management of coastal areas. In
addition, the results will be reliable for keeping and
maintaining the existing structures, for preventing the
possible hazards in the vicinity of these structures, and
for the general direction in planning and constructing
structures in the future.
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