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ABSTRACT

Coastline extraction plays important functions in coastal resource management, natural resource
preservation, and sustainable coastal development. Long-term records of Landsat data series are available
for free downloading, being highly potential for coastline extraction. Furthermore, remote sensing imagery
systems along with the application of digital image processing techniques can be utilized in coastline
extraction. However, it is challenging to accurately extract coastlines with coarse spatial resolution due to
the dynamic properties of various types of coastlines produced by sea-level changes from tides and storms.
Moreover, the use of conventional surveys and the need for high-resolution images involve substantial costs
and efforts, especially when coastlines of long distances are involved. The current study compared the
accuracy of extracting coastlines from Landsat 8 OLI with the observed coastlines from GPS data. In
particular, this study focused on distinguishing water areas from non-water areas on the coastline of a
selected concrete port. The analysis involved the use of both MNDWI and NDWI indexes. The statistical
results demonstrated the accuracy of MNDWI (RMSE of 2.363) and NDWI (RMSE of 2.491 m), which

suggested the potential of using Landsat 8 OLI in coastline identification.
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I.  INTRODUCTION

Unlike most ocean-sensing equipment, the Landsat 8
satellite displays higher spatial resolution and sensitivity to
color and illumination, providing highly accurate images. More
importantly, the images can be generated at wavelengths that
allow the identification of deformation caused by the
atmosphere, especially when coastal areas are involved.
Landsat 8 consists of two sensors, namely an Operational Land
Imager (OLI) and a Thermal Infrared Sensor (TIRS). The data
gathered are readily available for free download via GloVis,
Earth Explorer, and Landsat Look Viewer [1].

Coastal areas are subjected to threats caused by human
activities and natural phenomena, such as coastal erosion-
accretion and sea-level changes. Authors in [2-4] argued the
importance of representing the coastline and identifying
adverse human activities for the sustainability of coastal
communities. Despite the beneficial use of conventional
ground surveys in creating coastline maps [4], the

incorporation of grounding survey data and images into coastal
maps takes up too much time and can be rather costly [4, 5].
Meanwhile, remote sensing is often used to map coastlines and
detect related changes due to its macroscopic, real-time,
dynamic, and cost-effective features, as well as its broad range
of spatial and temporal scales [4, 6, 7]. For instance, authors in
[8, 9] utilized the simulated degraded Landsat images in a
smooth classification approach for the collection of sub-pixel-
scale shorelines, with a Root Mean Square Error (RMSE) of
2.25 m. Authors in [10] suggested the utilization of Landsat
TM and ETM+ for the extraction of sub-pixel-scale shorelines,
with RMSE ranging from 4.69 m to 5.47 m. Authors in [11]
utilized Landsat MSS and TM MS images to monitor the
Chinese coastline, which revealed a statistically significant
Mean Net Shoreline Movement (MNSM) of 2.54 m and a
Mean Absolute Difference (MAD) of 11.26 m. Meanwhile,
authors in [12, 13] utilized Landsat images to observe the
annual mean shoreline positions with the goal of reducing the
short-term variability of shorelines. The study observed that the
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retrieved shorelines were biased seaward by 4 m to 5 m, which
was attributed to the shift of the natural beaches over time.

The current study focuses on the effective statistical
evaluation of determining the error in coastline extraction
through the use of Landsat 8§ OLI, which would help
researchers and practitioners in data construction and analysis.
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Fig. 1. Case study.

II. STUDY AREA AND DATA

A. Study Area

In this study, data from Landsat 8 OLI were collected on 12
December 2022. The retrieved data represented Basra City in
southern Iraq, which officially divides Kuwait and Iran. Basra
is the only Iraqi harbour with a view of the Gulf, which
stretches for approximately 60 km. Its strategic location and
booming oil industry establish the city as a prime destination
for international businesses. In addition, the majority of the
residents in Basra reside in areas with easy access to water
[14]. The recent economic growth of the city has contributed to
substantial interest in topographic data, which are particularly
crucial for future building projects that require more precise
elevation. However, there are limited topographic data for
Basra city, which are mainly confined to a few locations within
the city. Referring to Figure 1, it is evident that little is known
about the topography of the city center and its surrounding
neighborhoods, such as Faro, Quran, and Abu Al-Khasab.

B. Landsat 8 OLI

Landsat data series are typically considered when it comes
to coastline extraction due to their ease-of-access feature and
extensive history of data collection and revisit coverage. As for
the current study, one Landsat 8 OLI multispectral (MS) image,
which covers an area of 185x180 km along the track, and one
PAN image, which covers the same area for coastline
extraction, were acquired. As of 29 December 2022 at 16:03

(UTC), the original Landsat 8 OLI image from path 165 and
row 039 was downloaded as a land surface reflectance product
in GeoTIFF format from Earth Explore
(http://earthexplorer.usgs.gov/). Landsat 8 OLI images were
acquired from the World Geodetic System (WGS84) data.
Meanwhile, the final product involved the use of UTM
projection. The details of OLI images from Landsat 8 are
summarized in Table 1.

TABLE L PROPERTIES AND APPLICATIONS OF LANDSAT
8 BANDS [11]
Landsat 8 Band Wavelength Name of the Band Resolution
Sensors (um) (m)
1 0.433 —0.453 Coastal/Aerosol
2 0.450-0.515 Blue
3 0.525 - 0.600 Green
4 0.630 — 0.680 Red 30
5 0.845 — 0.885 Near-infrared (NIR)
OLI 6 1.560 — 1.660 Short-wave infrared
s (SWIR) 1
7 2.100 - 2.300 SWIR 2
8 0.500 — 0.680 Panchromatic 15
9 1.360 — 1.390 Cirrus 30
Long-wave infrared
TIRS 10110.30-11.30 (LWIR) 1 100*
11 | 11.50-12.50 LWIR 2
BQA Quality Assessment

*TIRS bands were originally acquired at a resolution of 100 m, but this was reduced to 30 m
in the final data product.

C. GPS Data

When it comes to the Global Positioning System (GPS),
numerous observation methods are available for use. As for the
current study, the rapid static relative positioning and Real-
Time Kinematic (RTK) methods were selected to observe all
points due to their accuracy and the shorter time required for
observation [15, 16]. Rapid static relative positioning and
kinematic survey methods are distinctly different in terms of
duration. The results from one epoch can potentially be used to
determine the location of a roving receiver in a kinematic
survey. An epoch rate of 1 s is typically employed for a
kinematic survey. The accuracy of intermediate points is within
the range of +1-2 cm + 2 ppm. The rapid static relative
positioning method records + 3—5 mm + 1 ppm and requires 10
min + 1 min/km, whereas the RTK method has the capacity to
establish rover positions at intervals of as short as 0.2 s. On the
other hand, establishing reference points in a static survey
requires a substantially longer time. In most cases, the accuracy
of a kinematic survey is dissimilar from that of a static survey
[17]. In this study, the rapid static survey method was used to
establish the reference point, and the coastline reference points
were observed using the RTK method. As shown in Figure 2,
the Ground Control Points (GCPs) were subjected to
observation.

III. METHODOLOGY

A. Data Preparation

In this study, the reference distance values were compared
with Landsat 8 OLI images created within the context of GIS
(coastline values from Landsat 8 OLI in correspondence to the
coastline from GCPs). ArcGIS 10.1 was used for this study’s
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data conversion and preparation. The same horizontal data
were used for both data sets in this study. The reference data of
the research site were converted into the same projection
system—zone 38 north of the Universal Transverse Mercator
(UTM). In particular, WGS1984 represented this study’s
geodetic and spheroid.

Ground Truth Data
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Fig. 2. Coastline reference of GPS using the RTK method.

B. Pan-sharpening Algorithms

Numerous algorithms have been developed with the
objective of creating a perfect spatial resolution MS image
through the combination of PAN and MS bands. The process
involved is known as pan-sharpening [18]. As a data fusion
technique, pan-sharpening involves the high spatial resolution
of a PAN image and the coarse spatial resolution of an MS
image to construct a sharpened MS image with the same spatial
resolution as the PAN image. Pan-sharpening enhances spatial
resolution and retains the spectral characteristic of the primary
MS image [19, 20]. The combination of Landsat ETM and MS
and PAN bands typically involves this process of pan-
sharpening for improved land use or cover mapping, precision
farming, environment monitoring, forest management
inventory, and urban areas scoping [20-24]. Accordingly, there
are 7 MS bands with a spatial resolution of 30 m and a PAN
band with a spatial resolution of 15 m in the recently released
Landsat 8 OLI images [25]. With that, the use of pan-
sharpening on Landsat 8 30 m MS image and the 15 m PAN
band generates a 15 m spatial resolution-fused MS image.

Panchromatic Colour

Original Colour Pansharpening Colour

Image 15 m Image 30 m Image 15 m

Fig. 3. The proposed pan-sharpening method for Study using GIS.

C. Water Indexes

1) Normalized Difference Water Index (NDWI)

NDWI [26] is frequently used to detect remotely sensed
coastlines. This index highlights the presence of water in a
remotely sensed image using the green band and NIR band [26,
217].

pGreen — pNIR

NDWI = ey
where pGreen is the reflectance value of the green band in the
MS image and pNIR is the reflectance value of the NIR band
in the MS image.

pGreen + pNIR

This index uses green wavelengths to enhance water
reflectance, reduce NIR reflectance by water features, and
maximize NIR reflectance by vegetation and soil features.
Hence, water characteristics are accentuated, while vegetation
and soil are repressed. The calculated index ranges between 0
and 1. A negative value indicates a non-water surface, while a
positive value indicates a water surface. An MS image with one
green band and one NIR band can be used to determine the
NDWI [26].

2) Modified Normalized Difference Water Index (MNDWI)

MNDWI deals with the limitations of NDWTI that often fail
to distinguish water-related information from built-up land
noise, resulting in the overemphasis of the extracted water
areas. Apart from enhancing open water features, the use of
MNDWTI can effectively suppress and eliminate built-up land
noise, vegetation noise, and soil noise. The strengths of
MNDWI in reducing and eliminating built-up land noise make
it a preferred choice when it comes to the need to augment and
extract water-related information for a water area with its
background dominated by built-up land areas [28]. The index is
expressed as:

pGreen — pMIR
pGreen + pMIR

MNDWI = ()

where pGreen is the reflectance value of the green band in the
MS image and pMIR is the Middle-Infrared Band.
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In comparison to NDWI, MNDWTI yields a significantly
wider contrast between water and built-up land due to the
increase of water feature values and the decrease of built-up
land values (from positive to negative). Greater enhancement
of water in the MNDWI image results in higher accuracy in the
extraction of open water features considering the negative
values of built-up land, soil, and vegetation.

D. Statistical Analysis

The assessment of Landsat 8 OLI in this study involved a
statistical approach. Statistical analysis can enhance the
interpretation of Landsat 8 OLI and GPS dataset correlations,
trends, and error propagation. The difference in values between
the coastline model of Landsat 8 OLI and the coastline
reference of GPS would generate the distance error for each
point:

DD[ﬁ" = DModel - DReference (3)

where Dy is the distance difference, Djy,qe is the coastline
model of Landsat 8 OLI and Dg,fyence 18 the coastline reference
of GPS.

Mean Error (ME), Standard Deviation (STD), and RMSE,
which are commonly used to evaluate the precision of
continuous variables, were computed for each model.

n Do
ME=Z’ 1%“ “)
i
STD = |(Paitt = ME o)
n 2
RMSE = Z Daser) ©)
i-1

Accordingly, RMSE is associated with the assessment of
surface quality and indicates the differences between variables
(predicted by the model and observed data), where N denotes
the total element number [29]. The reference distance values
were compared with Landsat 8 data.

IV. RESULTS AND DISCUSSION

The current study primarily focused on determining the
distance error values in terms of STD and RMSE for each point
between the coastline of Landsat 8 OLI and the reference
coastline of GPS. MS Excel and GIS were used. This study
gathered Landsat 8 OLI from the USGS website. All distances
were measured using GIS. Methods to extract coastline from
Landsat 8 OLI bands were developed. MS band (Red, Green,
and Blue), NIR band, and Panchromatic (PAN) band of
Landsat 8 OLI image were primarily used in this study. The
green band and NIR band were used to calculate NDWI from
(1). Through the combination of Landsat 8 OLI and MS and
PAN bands, the use of pan-sharpening algorithm produced a 15
m sharpened MS image. Following that, the original Landsat 8
OLI-MS bands were utilized to calculate MNDWI images with
(2). Finally, the conversion of water/non-water images into the
vector format was performed using ArcGIS to extract the
coastline (Figure 4). Table II summarizes the obtained
statistical results.

TABLEII. STATISTICAL RESULTS OF THE VALIDATION
OF DISTANCE VALUES FOR LANDSAT 8 OLI IMAGE
Index Min. Max. | Mean STD RMSE Min.
MNDWI 0.62 3.153 | 2.156 2.466 2.363 0.62
NDWI 0.622 3.167 | 2.304 2.606 2491 0.622
\4 \4
| MNDWI I NDWI

e

Pansharpening
Colour 15 m

Fig. 4. Strategy used to calculate the coastline from the Landsat 8 OLI

image.

In particular, the MNDWI index recorded higher accuracy
(STD = 2.466, RMSE = 2.363) than the NDWI (STD = 2.606,
RMSE = 2.491). The use of pan-sharpening algorithm in this
study generated sharpened MS images in standard false color at
a spatial resolution of 15 m. As previously shown in Figure 3,
the original 30 m MS image and 15 m PAN image were
subjected to statistical analysis. The MS RBG bands 2, 3, and 4
in the Landsat 8 OLI image were used for this purpose.

The generated fused MS images were then used for the
generation of the corresponding NDWI and MDWI images,
which are provided in Figure 6. Critical spectral distortion of
bands 3 and 5 was observed for the case of pan-sharpening
algorithms. As a result, this study found indistinguishable water
and non-water features in the calculated NDWI images, as
depicted in Figure 6(b) (within the red circles).

V. CONCLUSION

The novelty of this study is that it employs highly accurate
GPS data to provide a precise evaluation of the coastline that
has been previously extracted by researchers [11, 28].
Statistical analysis focused on the distance values for each
index in terms of STD and RMSE between GPS and Landsat 8
OLI images. Minimum value, maximum value, and ME were
considered. The distance between the coastline of Landsat 8
OLI and the reference coastline of GPS was first calculated.
Statistically, MDWI (RMSE of 2.363 m) recorded higher
accuracy than NDWI (RMSE = 2.491). Based on the obtained
results, this study presented an accurate statistical evaluation of
determining the error in coastline extraction through the use of
Landsat 8 OLI images, which would benefit researchers and
practitioners in data construction and analysis. Moreover, this
study demonstrated the promising potential of using Landsat 8
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OLI in coastline identification. The cost- and time- MNDWI
effectiveness of Landsat 8 OLI make it a crucial tool when it aTsEsE ATSTOE arsTse ATSTOE AT'STHEE N
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