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Abstract

Since the last century, anthropogenic climate change, commonly referred to as
‘global warming’ has emerged as a pressing concern. The concentration of CO2 has
surged from 280 parts per million (ppm) in 1750 to 368 ppm by 2000, reaching levels
unprecedented in at least the past 420,000 years. Concurrently, global mean surface
temperatures have witnessed a rise of approximately 0.6 degrees over the past century,
contributing to the escalation of tropical cyclones and potentially amplifying their
intensity. In light of these environmental challenges, the detection and classification
of vegetation in a wide region have become crucial components in mitigating the
greenhouse effect and facilitating post-disaster reconstruction. Specifically, the
preservation and restoration of seaweed and seagrass beds have gained paramount
significance due to their proven capacity for substantial carbon storage.
Simultaneously, the imperative for immediate post-disaster reconstruction has

intensified, driven by the escalating damages wrought by climate-related disasters.

However, regarding the detection and classification of vegetation, the existing
algorithm in remote sensing fields, such as Leaf Area Index (LAF) and Normalized
Vegetation Index (NDVI) have been proposed to solve the problem of detecting
vegetation. And Sargassum Index (SI) has been proposed for Sargassum detection.
Nevertheless, none of them can realize the detection and classifying seaweed and
seagrass beds growing beneath the water surface. Simultaneously, concerning the
detection of vegetation debris detection for post-disaster reconstruction, common
methods involve the use of buoys equipped with Global Positioning System (GPS),
aerial photographs, and visual observation. However, these methods face challenges

in promptly locating marine debris, prompting the exploration of remote sensing



technology applications. Although there has been some algorithm that can detect
floating vegetation, such as Floating Algae Index (FAI), the high turbidity marine

environment after disaster obstacles to an accurate detection.

Based on the background mentioned, this study aims to propose practical
methods for detecting and classifying vegetation in the Seto Inland Sea. Specially,
this study initially utilized the corrected Floating Algae Index (cFAI) and the Otsu
method to reproduce the marine debris distribution immediately after the July 2018
Heavy Rains in Western Japan, using multidate Landsat-8 Data. Secondly, an
algorithm, named Sargassum and Zostera Distinguishing Index (SZDI) was proposed
for distinguishing Sargassum and Zostera using Sentinel-2 Data. Thirdly, for
reducing the algorithm development time and program creation time for
distinguishing Sargassum and Zostera, an unsupervised learning model, K-Means

has been attempted to be employed.

This dissertation is composed of six chapters.

Chapter 1 clarifies the background, the objectives, and the study areas of this

study.

In Chapter 2, several existing plant detection algorithms and studies focused

on distinguishing seaweed and seagrass beds are introduced.

In Chapter 3, a practical method for detecting marine debris immediately after
the July 2018 heavy rains in western Japan using multidate Landsat-8 data is
proposed and described. By abstracting the spectral reflectance of marine debris, it
was confirmed that the marine debris consists of vegetation, meeting the prerequisite
of the cFAI method. Subsequently, the turbid background caused by heavy rain was

removed using the cFAI method, and effective automatic binarization of cFAI was



achieved through the application of the Otsu method. Ultimately, the marine debris

distribution was reproduced.

In Chapter 4, an algorithm, named Sargassum and Zostera Distinguishing
Index (SZDI) for distinguishing Sargassum and Zostera beds using Sentinel-2 data
is proposed and described. The results of the field survey conducted in 2021 reveal
the spectral reflectance characteristics of Sargassum and Zostera, indicating that
both of them exhibit peak reflectance between the blue and red band, but Zostera
exhibit relative high reflectance in the green band. Based on these characteristics,
SZDI was proposed, and the distribution map of Sargassum and Zostera was

generated.

In Chapter 5, an attempt to distinguish Sargassum and Zostera using
machine learning is conducted and discussed. The K-means clustering is confirmed
to be effective for classifying Sargassum and Zostera in this study area in some
aspects. Besides, this model demonstrates prominent advantages, including an

objective process and a shorter development time for algorithms and programming.

In Chapter 6, the conclusions of this study are described.



Chapter 1: General Introduction

1.1. Background

1.1.1. Heavy Rain disasters

Since the last century, anthropogenic climate change, commonly referred to as
‘global warming’, attributed to the increasing concentration of greenhouse gases, has
become a serious concern. Fossil fuel emissions, particularly carbon dioxide (CO2),
constitute a major component of these gases. Between 1750 to 2000, the concentration
of CO; has increased from 280 parts per million (ppm) to 368 ppm, reaching the highest
level in at least the past 420,000 years. Furthermore, over the past century, global mean
surface temperatures have risen by approximately 0.6 degrees, with Northern
Hemisphere surface warming experiencing unprecedented levels over the past thousand
years [1]. This global warming phenomenon provides more energy to fuel tropical

cyclones, potentially making them more intense [1,2].

Tropical cyclones, as low-pressure weather systems that develop over the warm
waters of the oceans, regularly impact populations and periodically result in devastating
weather-related natural disasters. Over the past two centuries, tropical cyclones have
caused an estimated 1.9 million deaths worldwide and are confirmed to be among the
costliest of weather-related natural disasters [3—5]. Japan, in particular, ranks second
globally in terms of “physical exposure to cyclones in percentage of population” [5]. In
2018, marked as the fourth-highest year for global land and ocean temperature annually
in the recorded period from 1880 to 2018
(https://www.ncei.noaa.gov/access/monitoring/monthly-

report/global/201813/supplemental/page-1; Accessed on Dec. 7, 2023), Japan



experienced several large tropical cyclones. On Sep. 4, 2018, Typhoon Jebi made
landfall first in Tokushima Prefecture, Japan, and rapidly moved to Osaka Bay, resulting
in record-level storm surges and storm waves inside the bay. This event caused
significant coastal flooding along the northern coasts of the inner part of the bay [6,7].
From Jun. 28 to Jul. 8, 2018, the Baiu front and Typhoon Prapiroon caused extremely
heavy rain, resulting in an unprecedented amount of precipitation and tremendous
damage. The event led to widespread and devastating floods, landslides, and mudflows

[6,8,9].

Because of the heavy rain, a significant amount of sediments flowed from large
and small rivers into the Seto Inland Sea adjacent to the affected area. This kind of
inflow not only resulted in the generation of excessive marine debris but also caused a
68% reduction in the transparency of seawater off the Hiroshima shore [10]. According
to the report by the Ministry of Land, Infrastructure, Transport, and Tourism, these
marine debris primarily consisted of plant materials such as driftwood and plant
fragments. However, the official marine debris collection conducted by the Ministry of
Land, Infrastructure, Transport, and Tourism in the Seto Inland Sea off Hiroshima
Prefecture took more than a month (7 July to 17 August, 2018, source:
https://www.mlit.go.jp/kowan/kowan_tk3 000021.html; Accessed on Dec. 7, 2023)),
posing a long-term hazard to the environment, fishing industry and navigation
transportation. Although more than 3 years have passed since this disaster, the
distribution of marine debris at that time remains unknown. Additionally, establishing
a method for promptly obtaining information about marine debris after a disaster is
crucial, especially considering the increasing frequency of torrential rains in recent

years.



1.1.2. Coastal Blue Carbon Ecosystems in Global Warming

The term Blue Carbon (abbreviated as BC) was first coined a decade ago, and
primarily refers to organic carbon captured and stored by the oceans and coastal
ecosystems [11]. The ocean plays a crucial role in the Earth’s global carbon cycle with
just over 90% of the CO2 on the planet is found in the ocean [12]. Although coastal
ecosystems, featuring plant foundation species such as seagrass beds, saltmarshes, and
mangrove forests account for less than 0.5% of the ocean area, they account for 50-71%
of the total carbon stock preserved in marine sediments. The annual carbon storage in
these ecosystems, collectively known as blue carbon ecosystems, is roughly equivalent
to the amount of carbon stored by all terrestrial plants on Earth. However, due to climate
change and human activities, blue carbon ecosystems are rapidly disappearing, with a
reported disappearance rate more than four times that of tropical rainforests [12]. Thus,

the protection of blue carbon ecosystems has been an urgent task.

On Apr. 1, 2022, the “Act on Special Measures Concerning Conservation of the
Environment of the Seto Inland Sea” was enacted at the 204™ session of the Diet of
Japan. The act aims to clarify the distribution of seaweed and seagrass beds, among
other objectives (Source: https://www.env.go.jp/content/900542067.pdf; Accessed on
Dec. 8, 2023). Through this kind of clarification, environmental conservation activities
are expected to be encouraged, including the preservation of seaweed and seagrass beds.
These actions are expected to enhance the ability of seaweed and seagrass beds for

carbon capture and storage.

1.2. Objectives



This study aims to propose a practical method for detecting and classifying
vegetation in the Seto Inland Sea, with a specific focus on the marine debris which are
confirmed to consist of vegetation, and seagrass and seaweeds in the Seto Inland Sea.
A variety of research has been conducted to develop methods for detecting the floating
plants in sea areas, which are considered to be similar to marine debris studied in this
research. Furthermore, there are existing research aimed at distinguishing seaweed and
seagrass beds by clarifying their spectral reflectance. However, there is currently lack
of methods for detecting marine debris in turbid water, a common occurrence after
heavy rain disasters. Additionally, the method for distinguishing seaweed and seagrass
beds is limited to reflectance analysis, lacking the development of classification
algorithms and their application in specific areas. Finally, due to the extended time
required for algorithm development and program creation, we aims to explore an

unsupervised method for classifying seaweed and seagrass bed in the same area.

In order to address these gaps, several important works have been conducted.

Each chapter focuses on specific research, and their objectives are as follows:

(1) To employing an automatic binarization method after clarifying the optical
characteristics of marine debris. Finally, the goal is to reproduce the actual
conditions of the marine debris distribution in the Seto Inland Sea off the coast of

Hiroshima Prefecture after the heavy rain in July 2018 and verify the methods.

(2) To develop and verify a method able to spectroscopically distinguish Sargassum
and Zostera in the sea using Sentinel-2 data, which exhibit the highest spatial
resolution among currently available free data. Furthermore, this study aimed to

understand changes in the distribution over time.

(3) To utilize an unsupervised learning model, K-Means to distinguish Sargassum and

Zostera in the same area as discussed in the previous chapter, using Setinel-2 images.



Building upon the SZDI algorithm, the reflectances of band 2 (blue), band 3 (green),
and band 4 (red) will be designated as the features for unlabeled data. Ultimately,

the accuracy of this model will be evaluated using MSE and Kappa coeffitient.

1.3. The Study Area

1.3.1. Aki Nada in the Seto Inland Sea

As shown in Figure 1.1, the Seto Inland Sea is the largest inland sea in Japan. It
is located in western Japan. The total length of the coastline is 500 km, and the average
water depth is 30 m. More than 600 islands are located in this sea [13]. This inland sea
has a complex structure in which a wide part called Nada is connected by a narrow
waterway called Seto (Takeoka, 2001). Furthermore, the Seto Inland Sea has a large
tidal range that exceeds 2 m around the innermost part of Nada. Hence, the tidal current
in this sea is extremely strong, and there are many areas with rapid water flow at speeds
of 1 m/s or more [13,14]. Additionally, different 643 rivers water originating in
surrounding mountains flow into the sea (source:
https://www.mlit.go.jp/kowan/kowan_tk3 000021.html; Accessed on Dec. 7, 2023)).
These geometric factors create a complex marine environment. Simultaneously, this
area is home to 28% of Japan’s total population and plays an important role in country’s
fishing, aquaculture and industry. The fish catch in this area reached to 281,000 tons,
aquaculture contributed 349,000 tons in 1993, and industrial production amounted to
94,500 billion in 1991 [15].This study focuses on the central waters of the Seto Inland
Sea off the coast of Hiroshima Prefecture, named Aki Nada, where the heavy rains in

July 2018 resulted in many casualties.
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Figure 1.1. Location map of the study area with the orbital information of Landsat-8.
Points labeled D, @), @), and @ indicate the positions of Ohta River, Ashida River,

Kurose River, and Nuta River, respectively.

1.3.2. Takehara oki in the Seto Inland Sea

The study area was the Seto Inland Sea off the coast of Takehara City, located in
the south-central part of Hiroshima Prefecture, as shown in Figure 1.2. According to
Yoshida et al. [16], the SWSG beds area of the “Bingo—Geiyo—Seto” fishery area
(conducted from 1989 to 1991) is 3636 ha. The total areas of seagrass, SWSG, and kelp
beds are 2917 ha (80%), 1289 ha (35%), and 184 ha (5%), respectively (as there is
mixed marine forest, the total does not add up to 100%). Thus, the Sargassum and
Zostera beds are the main SWSG beds in the central Seto Inland Sea. Notably, S.
Confusum and S. Yezoense are primarily found on the coast of Japan, extending to
northeast coast of Honshu and the Seto Inland Sea, while S. Trichophyllum appears to
be restricted to the Seto Inland Sea [17]. In addition, as for their habitat, Zostera beds
are formed in calm sandy mud areas with little wind and waves, whereas Sargassum

(formed by brown SWSG Sargassum) is formed in rocky reef areas. In the Seto Inland



Sea, there are many areas of water wherein sand and mud and rocky reef areas exist
alternately; thus, Sargassum and Zostera beds coexist. These statistics are data for
shallow waters below 10 m in depth, and as the marine forest in Figure 1 also exists
mostly in shallow waters below 10 m, this study targeted waters below 10 m. In addition,

the tidal level difference in the target water area is approximately 4 m at maximum.
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Figure 1.2. Study area depicting field survey points and water depth. This image is
extracted from the yellow square in the top left corner. St. 1-St. 8 indicate the

locations where we conducted field survey.

1.4. Outline of the Dissertation

The dissertation is composed of six chapters. Chapter 1 clarifies the background,
the objectives, and the study areas of this study. In chapter 2, several existing plant
detection algorithms and studies focused on distinguishing seaweed and seagrass beds
are introduced. In chapter 3, a practical method for detecting marine debris immediately
after the July 2018 heavy rains in western Japan using Multidate Landsat-8 data is
proposed and described. And the distribution of marine debris is reproduced by this
method. In Chapter 4, a practical algorithm for distinguishing Sargassum and Zostera

beds in the Seto Inland Sea using Sentinel-2 data is proposed and described. And the



distribution of Sargassum and Zostera beds in the study area are estimated by this
method. In Chapter 5, an attempt to distinguish Sargassum and Zostera using machine
learning is conducted and discussed. This method is evaluated by Mean Square Error

(MSE) and Kappa coefficient. In Chapter 6, the conclusions of this study are described.



Chapter 2: Remote Sensing Algorithms for Vegetation

Detection and Distinguishing

2.1. Traditional Vegetation Detection Algorithm

2.1.1. Normalized Difference Vegetation Index (NDVI)

As we all know, more than 40 vegetation indices have been developed in the
field of remote sensing for qualitatively and quantitatively evaluating vegetative
covers using spectral measurement [18]. The inception of the vegetation detection
algorithm can be traced back to 1972 when the first earth resources satellite, Landsat-
MSS was launched. Subsequently, NASA’s “Monitoring the Vernal Advancement
and Retrogradation of Natural Vegetation” program was initiated [18-20], marking
the beginning of vegetation detection. Another noteworthy American program,
LACIE (Large Area Crop Inventory Experiment) contributed to vegetation detection
studies. This program, including essential findings, highlighted the unique
reflectance characteristics of vegetation in the red and near-infrared channels of
sensors on satellites [18]. Tucker observed that the chlorophyll in vegetation absorbs
visible radiation in the red channel (630-690nm), while the leaf cellular structures
strongly reflect in the near-infrared channel (760-900nm) [21]. Subsequently, many

mainline vegetation indices were developed based on these crucial characteristics.

Among them, Pearson and Miller are considered pioneers in the history of
vegetation indices. They proposed the first two indice: the "Ratio Vegetation Index"
(RVI) and the "Vegetation Index Number" (VIN), for the estimation and monitoring

of vegetative covers.

RVI = R/NIR (1)



VIN = NIR/R (2)
where R represents the mean reflectance in the red channel, NIR represents the mean

reflectance in the near-infrared channel [18,22].

However, these indices are sensitive to the optical properties of the ground
[18,23], indicating that darker soil substrates lead to higher vegetation index values

[24,25].

Additionally, a widely recognized index known as the “Normalized Difference
Vegetation Index”” (NDVI) has been proposed by Rouse [19,20]:

(NIR-RED)

NDVI =
(NIR+RED)

3)

where the NIR represents the reflectance of MSS band 7 (Near-Infrared, 0.8 to 1.1
um), and RED represents the reflectance of MSS band 5 Visible red (0.6 to 0.7 um).
Although it has a great promotion at mitigating the effect of sensor calibration
degradation by approximately 6% of the overall index value [26], it shares a similar
issue with RVI in being sensitive to the optical properties of the soil background
[24,25]. Consequently, it is not well-suited for the detection of marine debris after

heavy rain, which is one of the objectives in this study.

2.1.2. The Floating Algae Index (FAI)

Hu proposed a floating algae detection algorithm designed for identifying
algae in open ocean environments using operational MODIS (Moderate Resolution
Imaging Spectroradiometer) data. This algorithm is named as the Floating Algae
Index (FAI), and is based on the ocean color. This algorithm aims to detect algae
floating on the water surface, such as the brown macroalgae Sargassum spp., and

reduce the sensitivity to varying environmental and observing conditions [27].



Relying on the reflectance characteristics that water strongly absorbs light in
the RED-NIR-SWIR (short-waved infrared) wavelengths, whereas the algae floating
on the water surface exhibit higher reflectance in the NIR compared to other
wavelengths, the FAI was defined as the difference between Rayleigh-corrected
reflectance in the NIR and a baseline formed by the red and SWIR bands. And the

equation is defined as follows [27]:
FAI = R,.(NIR) — R...(NIR) 4)
, ANIR-A
R..(NIR) = R,o(RED) + (Ryc(SWIR) — R,.(RED)) % )

where R;.(NIR) is the baseline reflectance in the NIR band derived from a linear

interpolation between the red and SWIR bands.

This algorithm offers the advantage of mitigating the effects of the atmosphere.
Whether in a turbid atmosphere or under significant sun glint, the counts of algae
pixels and seawater pixels, as well as their differences, remain stable. Additionally,
it has been demonstrated that the algorithm is also applicable to Landsat data.
However, there are still challenges as researchers find it difficult to classify turbid
water and floating plants [28]. Moreover, the effectiveness of the algorithm when

applied to other species of floating plants has not been confirmed.

2.2. Traditional Detection and Classification Algorithm of Seaweed and Seagrass beds

2.2.1. The Bottom Index (BI)

To extract water depth and bottom-type information from passive multispectral
scanner data, Lyzenga proposed a general algorithm known as the Bottom Index
[29,30]. This algorithm is based on the assumption that a pair of wavelength bands
can be found, making the ratio of the bottom reflectance in these two bands remain

consistent across all the bottom types within a given scene. And it is defined as:



Li—Lsi
Blyy = LN [-A2500 ] = IN(L = L) = LN (L — L) (6)

(Lj=Lj)*
where DNi means the digital value of the satellite image, i, j are arbitrary two bands.

DNs represents dark pixels obtained from deep, clear water, while Kjj represents the

ratio of dissipation coefficient of the two bands.

With a similar type of substrate, the Bottom Index value is expected to be
consistent. Consequently, this algorithm is considered to be effective in identifying
the seaweed and seagrass beds to some extent. Sochea et al. utilized Band 1 and Band
2 of ASTER satellite data to apply the Bottom Index and found it effective in
detecting seaweed and seagrass beds below the water surface compared to the NDVI
algorithm [31]. Matsunaga et al. indicated that the bottom index can be employed in
classifying sand and coral / algae / seagrass habitat, with coral, algae, and seagrass
commonly sharing the same Bottom Index value. Additionally, He also corrected the
water depth using the tide level at the corresponding time [32]. However, due to
potential inaccuracies arising from the combination of non-optimal wavelength
bands and the reflectances not necessarily representing actual bottom types
accurately, the classification of specific species is considered challenging using only

this algorithm.

2.2.2. the Sargassum Index (SI)

In the study assessing the hyperspectral properties of the floating macroalgae
Sargassum and aggregations of the seagrass Syringodium filiforme wrack in Greater
Florida Bay, Dierssen et al. proposed a classification algorithm named the Sargassum
Index (SI) [33]. This algorithm is developed based on the fact that Sargassum

contains accessory pigments fucoxanthin and chlorophyll ¢ [34], wherein the



chlorophyll ¢ exhibits an absorption peak at 460, 485, and 635nm [35]. In contrast,
the seagrass, which is indicated as Syringodium in Dierssen et al.’s study, contains
chlorophyll b, exhibits absorption peaks in blue and red wavelengths at 470, 600, and

650nm.

Consequently, Syringodium wrack shows higher reflectance in the green
wavelengths (500-600 nm) and low reflectance at 650 nm, coinciding with
chlorophyll » pigment absorption. On the other hand, the Sargassum spectrum
features a distinct dip at 630 nm, absent in Syringodium. The Sargassum Index (SI),

used the difference reflectance values at 650nm and 630nm, and is defined as [33]:

R(650)
R(630)

Sargassum Index = (7)
where R(650) represents the reflectance at 650nm, and R(630) represents the
reflectance at 630nm. Typically, The SI value for Sargassum is greater than 1,

whereas the SI value for Syringodium is less than 1.

Because 630 nm and 650 nm are within the near-infrared red wavelength,
which is typically not differentiated into two channels in a satellite sensor, this
algorithm can only be applied in hyperspectral imagery through a spectrometer. For
wider observation from satellites, an algorithm applicable to satellite data is expected

to be developed.



Chapter 3: Reproduction of the Marine Debris Distribution

Using Multidate Landsat-8 Data

3.1. Introduction

3.1.1.  Backgrounds

In 2018, the western part of Japan experienced a torrential rain disaster (28 June
to 8 July 2018, and heavy rain in July 2018) that caused more than 200 deaths [9,36].
Because of the heavy rain, much sediment flowed from large and small rivers into
the Seto Inland Sea adjacent to the affected area. The heavy sediment inflow
destroyed the special oyster farming raft and created excessive marine debris (mainly
derived from plants such as driftwood and plant fragments). The official marine
debris collection completed by the Ministry of Land, Infrastructure, Transport, and
Tourism in the Seto Inland Sea off Hiroshima Prefecture took more than a month (7
July to 17 August 2018). Marine debris poses a significant obstacle to the fishing
industry. Collecting the debris took a long time, mainly because it was difficult to
locate due to the area’s complicated topography and influence of ocean currents.
Although more than 3 years have passed since this disaster, the distribution of marine
debris at that time remains unknown. In addition, it is very important to establish a
method for obtaining information about marine debris immediately after a disaster

given the torrential rains that have become frequent in recent years.

3.1.2. Previous Studies

To grasp the distribution of marine debris, buoys with global positioning system
(GPS) equipment, aerial photographs [37,38], and numerical simulation methods
[39,40] used for exploring plastic waste can be considered. However, emergency
observation during heavy rains is not easy, and the flow of the Seto Inland Sea is
complex. It is not always possible to reproduce the position of marine debris.

Therefore, the locations of marine debris can be identified by satellites that observe



the Earth periodically. Examples of exploration of suspended matter in water using
satellites include the detection of farming rafts using synthetic aperture radar data
[41,42] and the use of visible—near infrared data such as Terra/Aqua MODIS and
Landsat-8 Operational Land Images (OLI) products for detecting floating algae using
an external sensor [43,44]. Satellite remote sensing is further used to detect marine
litter windrows for managing ocean plastic pollution [44]. In recent years, a scientific
method for collecting word-of-mouth information using social network systems

(SNS) or Internet information [45,46] has also attracted attention.

The floating algae index (FAI) algorithm is used to detect floating algae by
employing conventional satellite remote sensing (RS). It realizes vegetation
detection in a manner different from the method based on the normalized difference
vegetation index (NDVI) by removing the influence of the seawater color in the
background. In addition, a limitation of the traditional FAI algorithm [43] is that it
erroneously recognizes floating plants and turbid water in water areas that are
strongly affected by turbidity. The influence of turbidity in the sea is strong after a
heavy rain disaster; hence, such misrecognition is considered likely when using the
conventional FAI algorithm. Recently, Garcia et al. [47] were able to remove the
influence of background water. Hu et al. [44] devised a new algorithm that improved
detection performance in water areas affected by turbidity, and named this algorithm
corrected FAI (cFAI). However, these algorithms are used to detect large living
aquatic plants, and it is unknown whether they can be applied to detecting plant-
derived disaster waste such as driftwood and plant pieces. Furthermore, the threshold
for extracting suspended solids from cFAI is still mostly determined by a trial-and-

error method. Hence, the results differ depending on the analyst.

3.1.3. Objectives

With the aforementioned research in mind, this study aims to reproduce the
actual conditions of the marine debris distribution in the Seto Inland Sea off the coast
of Hiroshima Prefecture after the heavy rain in July 2018. The data used for this
purpose were the marine debris information acquired by cleaning boats and satellite
images. First, information on the location and amount of marine debris was collected.

This information, which was published on the Internet by public institutions on an



irregular basis, was mapped and graphed. Next, by applying the cFAI algorithm and
objective binarization method to Landsat-8 data with a resolution of 30 m, plant-
derived suspended matter (called marine debris in this study) is detected. The marine
debris distribution map created using satellite data in this work is expected to aid the
agency that manages the Seto Inland Sea in collecting marine debris immediately

after a heavy rain disaster.

3.2. Materials and methods

3.2.1. Study Area and Landsat-8

As shown in Figure 1.1, the Seto Inland Sea is the largest inland sea in Japan. It
is located in western Japan. The total length of the coastline is 500 km, and the
average water depth is 30 m. More than 600 islands are located in this sea [13]. This
inland sea has a complex structure in which a wide part called Nada is connected by
a narrow waterway called Seto. Furthermore, the Seto Inland Sea has a large tidal
range that exceeds 2 m around the innermost part of Nada. Hence, the tidal current
in this sea is extremely strong, and there are many areas with rapid water flow at
speeds of 1 m/s or more [13,14]. This study focuses on the central waters of the Seto
Inland Sea off the coast of Hiroshima Prefecture, where the heavy rains in July 2018

resulted in many casualties.

According to the observation data of the Japan Meteorological Agency, the total
rainfall from 0:00 on 28 June to 9:00 on 8 July exceeded 500 mm in the Chugoku
region, including the Hiroshima Prefecture [18]. In particular, Higashi-Hiroshima
City, Hiroshima Prefecture, experienced torrential rain of 426.5 mm in 48 h until
8:40 am on July 7. Because of this heavy rain, the major inflow rivers, such as the
Ota River (point (D in Figure 3.1) and Ashida River (point @), and small- and
medium-sized rivers, such as Kurose River (point (3)) and Nuta River (point @), in
Hiroshima Prefecture carried a large amount of sediment and disaster waste, such as

plant species, to the sea.

Landsat-8 data are available for the Seto Inland Sea off Hiroshima Prefecture,
which is the research area, where two satellite orbits (Path 111 and Path 112) overlap

as shown in Figure 1. Therefore, although the Landsat-8 data usually have a 16-day



cycle, this overlap made it possible to obtain data with few clouds in a cycle of 7-9
days after the disaster. The Landsat-8 data used in the present study were the
“Collection 2 Surface Reflectance” product of the OLI sensor distributed by the
USGS Earth Explorer. This product is “atmospheric-corrected reflectance data” in
which the effects of atmospheric gases, aerosols, and water vapor are removed. The
downloaded Landsat-8 data were stored as 16-bit unsigned digital values (DN: digital
number) and converted to ground surface reflectance (Rreal) using the following

equation.

R,0q:()) = DN(i) x MULT(i) + ADD(i) (8)

where i is the Landsat-8 level-2 band (Table 1) and MULT and ADD are the
reflectance conversion coefficients stored in the Landsat-8 level-2 data metadata file.
The values of MULT and ADD are 2.75 x 107> and —2, respectively, for all bands.
In this study, in addition to the four images from 9 July, 16 July, 25 July, and 1
August immediately after the heavy rain, one image of the freshwater state before the

heavy rain (acquired on 20 April) was used for cFAI processing as described later.

Table 3.1. Bands of landsat-8 operational land imager (OLI) level 2.

Band Wavelength (um) Spatial Resolution (m)
1 0.43-0.45 30
2 0.45-0.51 30
3 0.53-0.59 30
4 0.64-0.67 30
5 0.85-0.88 30
6 1.57-1.65 30
7 2.11-2.29 30

3.2.2. Spectral Reflectance Data of Marine Debris

Almost no objective data other than satellite images are available to prove that
large amounts of marine debris flowed into the Seto Inland Sea. In addition, during

the studied heavy rainfall period, many of the roads to the port were cut off, and



marine debris was scattered even at sea, making it impossible to verify the debris
distribution even by a research vessel in the sea immediately after the heavy rain.
Therefore, in this study, we collected data on the approximate position and amount
of debris collected by marine environment maintenance vessels (referred to as
cleaning ships in this study) owned by the Chugoku Regional Development Bureau
of the Ministry of Land, Infrastructure, Transport, and Tourism. These data were
published on the website of the Chugoku Regional Development Bureau. Table 3.2
lists the published materials on the status of marine debris collection. The authors
created a compact map of the approximate location of marine debris by accumulating
information from these published materials. In addition, the amount of marine debris
collected was summarized as the time-series data of the debris accumulated every

week.

Table 3.2. List of published reports (press releases; accessed on 1 November 2021) on
marine debris collections by cleaning ships from the Ministry of Land, Infrastructure,

Transport and Tourism after the heavy rain in July 2018.

Publication

Date

Evidence Material

13 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180713-8top.pdf

16 July 2018 https://www.mlit.go.jp/common/001245276.pdf

17 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180717-5top.pdf

18 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180718-2top.pdf

19 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180719-4top.pdf

21 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180721-3top.pdf

https://www.cgr.mlit.go.jp/kisha/2018jul/180722-2top.pdf
22 July 2018

https://www.cgr.mlit.go.jp/kisha/2018jul/180722-3top.pdf

24 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180724-1top.pdf

25 July 2018 https://www.cgr.mlit.go.jp/kisha/2018jul/180725-4top.pdf

1 August 2018 https://www.cgr.mlit.go.jp/kisha/2018aug/180801-2top.pdf
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8 August 2018 https://www.cgr.mlit.go.jp/kisha/2018aug/180808-4top.pdf

15 August

2013 https://www.cgr.mlit.go.jp/kisha/2018aug/180815-1top.pdf

To understand the basic spectral characteristics of coastal garbage in Hiroshima
Prefecture, samples of driftwood, polyvinyl chloride (PVC), plastic bottles
(polyethylene terephthalate, or PET), and sand were acquired from Bayside Beach
Saka (% in Figure 1) in Mizushiri, Saka-cho, Aki-gun, Hiroshima Prefecture, on 4
May 2018. Note that although we collected spectral data of those materials in our
study area, multiple spectral datasets of various material including plastics are now
available online [19,20]. The spectrometer used was FieldSpec4 (ASD Inc., spectral
range: 350-2500 nm; spectral resolution: 3 nm at 700 nm and 8 nm at 1400 and 2100
nm), and the radiance of objects was measured vertically downward. The reflectance
of each object was derived from the radiance ratio of the white reference plate (SRT-

99-050 from Labsphere, Inc., North Sutton, US) and the object.

3.2.3. Extraction of Marine Debris from Satellite Data

In this study, to detect plant-derived marine debris, we first calculated FAI using

Hu'’s equation [9]:

FAI = R,.(NIR) — R..(NIR) 9)

(ANIR '}"RED)

Ri¢(NIR) = Ryc(RED) + (Ryc(SWIR) — R.(RED)) (AswiR-MRED)

(10)

where Ry is the Rayleigh-corrected reflectance; however, in this study, the level-2
aerosol-corrected reflectance was used instead of the Rayleigh-corrected one. RED
indicates red (OLI Band 4); NIR indicates near-infrared (OLI Band 5); SWIR
indicates mid-infrared (OLI Band 6); and A indicates wavelength. This formula is
based on the fact that the high NIR reflectance (A) of a plant-derived substance and

the slope of the reflectance of background water with the same wavelength as the
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baseline (B) formed by the NIR and SWIR reflectances are almost equal. We

assumed that A—B can be used as an index of marine debris.

However, this assumption may not hold in the case of turbid background water,
as is seen after heavy rain. To solve this problem, we used the method proposed by
Hu et al. [44]. For the MODIS-derived FAI image of the Yellow Sea, Hu et al. [44]
determined the FAI of background seawater (FAIsw) using two criteria and
successfully detected drifting algae while suppressing false detection due to turbid
water. Our FAI calculation performed according to the method of Hu et al. [44] is

briefly described below.

For the first criterion, we calculated the difference between the gradient of the
FAI image and the gradient of the R (RED) image for each pixel (this difference is
hereinafter referred to as the corrected gradient of FAI (cGFAI)) Subsequently, we
considered the pixels with cGFAI below a certain threshold (TcG) as pixels of
seawater without marine debris. For the gradient of FAI and R.c (RED) images, the

following equation given by Hu et al. [44] was used:

(In

where Vi is the magnitude of the gradient of the ith pixel of the image y (for
example, FAI); y; is the FAI value of the eight pixels adjecent to the ith pixel; and x;,
j 1s the distance between the ith pixel and the eight adjacent pixels (i.e., 1 or 1.414
times the spatial resolution). The threshold TcG is the maximum cGFAI for the
seawater that does not contain algae or marine debris. Hu et al. [44] calculated cGFAI
for long-term data from several months without drifting algae and determined TcG
as the long-term cGFAI with a cumulative frequency of 0.99 in all calculated
frequency distributions. However, in this study, we could not obtain multiple good-
quality Lansat-8 data from before the disaster. Hence, we calculated TcG using a
Landsat image from April 20, 2018, which had the best image quality among images
whose obtained dates are close to the heavy rain event. For the second criterion, we
calculated the mean and standard deviation of the FAI in a 15 x 15 pixel kernel
centered on the pixel of interest. If the FAI of the pixel of interest is less than that of
the kernel (i.e., mean + 20), we judged that this pixel did not contain marine debris.

Using these two criteria, we can divide an FAI image into two types of pixels—one



that may contain marine debris and one that corresponds to seawater. For a pixel
regarded as seawater, the FAI of that pixel was used as FAls. The FAIgy of a pixel
that may contain marine debris was taken as the average value calculated using only
the pixels that do not contain marine debris in the 15 % 15 kernel centered on that
pixel. Finally, the background effect was removed by subtracting FAIsw from the
FAI for each pixel. In this study, the FAI obtained by subtracting this FAIsw was
called the corrected FAI (cFAI), following Hu et al. [44].

Furthermore, it was necessary to determine the threshold value to create a marine
debris map from the obtained cFAI. Many of the previous methods involved
searching for the threshold value by trial and error, which lacks objectivity. Therefore,
we adopted the Otsu method [48], which objectively determines the threshold value.
This method is one of the main image-processing methods used for automatically

determining a threshold value. The procedure is as follows.
1. Obtain the histogram of the cFAI image.

2. Calculate the minimum value (Imin), maximum value (Imax), and average value

(ko) from the histogram.
3. Determine an appropriate threshold value T within the range of Imin and Imax.
4. Divide the histogram into two classes according to the threshold value T.

5. Obtain the variance (6% and 03), average (41 and u>), and number of pixels (71
and no).

6. Obtain the intraclass variance 62, and the interclass variance o7 from the

following equations.
nlc% + HZG%

= 12
ny +n, (12)

ol

o2 = ny (g — po)? + np (U — po)? (13)
b ny +n,

7. From the two variances obtained in step 6, the degree of separation S of the

following equation is obtained.

2
(¢
§S=— (14)

i

8. Repeat steps 4 to 6 to find all T values with a degree of separation S within the



range of minimum to maximum.

9. The T when the degree of separation S reaches its maximum is determined as

the threshold value and is used for binarization processing.

Figure 3.2 shows the flow of marine debris extraction from Landsat-8 data and

the conceptual diagram of cFAI threshold determination by the Otsu method.
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Figure 3.2. (a) Flow of marine debris extraction by Landsat-8 data and (b) conceptual
diagram of corrected floating algae index (cFAI) threshold determination by the Otsu
method.



3.3. Results

3.3.1. Marine Debris Collection Status by Cleaning Ships

Figure 3.3 shows the temporal change of marine debris distribution (over about
1 month) after the heavy rain event (see source information listed in Table 3.2). An
overview of the marine debris acquisition locations determined by the cleaning ships
is shown in the figure. Figure 3a,b shows the distribution of marine debris acquisition
positions in the first half of the study period (i.e., 9 July to 23 July 2018), and Figure
3¢ shows the distribution of marine debris acquisition positions in the second half
(i.e., 24 July to 14 August 2018). These figures show that, throughout this period,
marine debris was floating in the same water area of the Seto Inland Sea off the coast
of Hiroshima Prefecture. The debris frequently accumulated, in particular, in the area
surrounded by the land and islands in the northern part of Aki Nada (the water area
surrounded by the dotted line in Figure 3.3). Figure 3.4 summarizes the amount of
garbage collected (mainly plant fragments) every week during this period. Assuming
that 100% of the marine debris was collected by 14 August, the recovery rate was
about 10% by 14 July, but more than 60% was recovered by 23 July. Thereafter, the

amount of debris collected continued to decrease every week.
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Figure 3.4. Time series of the amount of marine debris collected by the cleaning ships.
The bar graph and line graph show the number of plant fragments and the recovery rate,

respectively.

3.3.2. Spectral Characteristics of Marine Debris

Figure 3.5 shows an RGB color composite image of the Landsat-8 image taken
on 9 July 2018, immediately after the heavy rain in the study area. This image shows
floating objects that look red in color (examples: A, B, and C in Figure 3.5). The
spectral reflectance characteristics extracted from the images at these three points are
shown at the bottom of Figure 3.4. At each point, the spectral reflectance of three
points of suspended matter (marked by red circles) and three points of background
water (marked by blue circles) were obtained. From these spectral reflectance values,
the spectral reflectance (red line) of the suspended matter was characterized by high
reflectance in band 5 (central wavelength 865 nm). In addition, the reflectance
gradually increased toward the long wavelength from band 1 to band 4, and the
positive slopes of band 4 (central wavelength 655 nm) and band 5 were high. By
contrast, the spectral reflectance of the background water was stable with a value
lower than that of the suspended matter (blue lines in the bottom panels of Figure
3.5). With band 3 (central wavelength 560 nm) as the maximum value, the reflectance

values at longer wavelengths (bands 4-7) were smaller than those at shorter



wavelengths (bands 1 and 2). For bands 4-7, the reflectance values increased with
wavelength. The slopes of band 4 and band 6 (central wavelength 1610 nm) used as
the baseline of FAI tended to be similar for suspended matter and background clear

water.
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Figure 3.5. Landsat-8 RGB color composite image acquired on 9 July 2018
immediately after the heavy rainfall disaster. The areas labeled A, B, and C in
the top panel are enlarged in the middle panels. The bottom panels show the
spectral characteristics of the pixels in the red circle (suspended matter) and

blue circle (background water) in each middle panel.

Figure 3.6 shows the measured spectral reflectance characteristics of marine
debris along the coast of Hiroshima Prefecture. Figure 3.6a shows the measured

original hyperspectral data, and Figure 3.6b shows the data obtained by extracting



only the Landsat-8 band data. Unlike the results shown in Figure 3.6, driftwood
targeted in this study had the maximum value in band 6; however, the difference
between bands 4 and 5, which is the basis of the height of FAL is considerably larger

than that between other substances.
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Figure 3.6. Example of spectral characteristics of the marine debris collected from the

coast. (a) Hyperspectral data and (b) the data of Ladsat-8 band only.



3.3.3. Marine Debris Detection Results Obtained Using Satellite Data

Figure 3.7 shows (a) FAI (b) cFAI and (c¢) marine debris images calculated
from Landsat-8 data on 9 July 2018. Similarly, Figure A1 (in Appendix) shows the
calculation results for the same wide area as that shown in Figure 3.3. From Figures
3.7 and A1, we can confirm the presence of innumerable linear marine debris that
cannot be visually read in Figure 3.5 from the FAI image in (a). However, it is
possible to confirm a high FAI water area that is difficult to distinguish from the
background water, such as water area A. In the cFAI image in Figure 3.7b, only
marine debris, which excludes the influence of background water, was detected. In
the automatic binarized image of Figure 3.7c, the relatively high cFAI value

detected by cFAI can be clearly observed.
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Figure 3.7. (a) FAI, (b) cFAI, and (c¢) marine debris images calculated from Landsat-8
data acquired on 9 July 2018.



Figure 3.8 shows the threshold comparison of cFAI when the Otsu method is applied
to the acquired images of locations near Osaki-Shimojima at (a) 9 July, (b) 16 July,
(c) 25 July and (d) 1 August 2018. The cFAI thresholds determined by using the Otsu
method show similar values with small differences for each date (0.002 to 0.008).
Without the use of the Otsu method, since the distribution of the cFAI histogram is
not a bimodal distribution but a continuous one, it is difficult to determine the
threshold value by trial and error. Furthermore, when we applied the Otsu method
for FAI and cFAI on 9 July 2018, as shown in Figure 3.9, a considerably larger
threshold value was obtained for FAI (0.06) than for cFAI (0.008). With such high
threshold for FAI (0.06), most of the suspended matter could not be detected from
the corresponding FAI image (see Figure 3.7a).
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Figure 3.8. Comparison of the cFAI thresholds obtained by the Otsu method for four
periods: (a) 9 July (b) 16 July (¢) 25 July, and (d) 1 August 2018.
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Figure 3.10 shows the change in marine debris distribution near Osaki-
Shimojima detected using the cFAI threshold as shown in Figure 3.7. Figure 10
shows that within this range, on 9 July, the distribution extended 259,200 m? (about
0.26 km?), and marine debris continued to decrease every week. About 3 weeks later,
on 1 August, the debris extended only about 83,700 m? (0.08 km?), which is about
one-fourth of the extent on 9 July. In addition, the significant marine debris
accumulation seen in the northern part of Osaki-Shimojima Island (point C in Figure

3.5) on 9 July was not observed 1 week later on 16 July.
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Figure 3.10. Changes in the marine debris distribution near Osaki-Shimojima Island
using Landsat-8 data. The debris distributions on (a) 9 July, (b) 16 July, (¢) 25 July,
and (d) 1 August 2018 are shown.

3.4. Discussion

3.4.1. Validity of the FAI-Based Method for Marine Debris Detection

The spectral characteristics of marine debris as obtained from Landsat-8 images
are characterized by high reflectance in band 5 (around 865 nm) as shown in Figure
3.5. These characteristics are almost identical to the spectral characteristics of the
floating marine algae detected using the FAI [43]. Therefore, it can be concluded that
marine debris is detected relatively reasonably by FAI, as shown in Figure 3.7a.
Conversely, the spectral characteristics of driftwood measured along the coast reach
their maximum value in band 6 (around 1620 nm) as evident in Figure 3.6. This
means that if driftwood floats in the sea without getting wet, it is better to consider a

method for detecting marine debris using band 6. However, it is probable that most



of the marine debris that flowed out after the heavy rain in the studied event was
pieces of wet wood or thin pieces of wood such as reeds (see the images provided in
the sources listed in Table 3.3). Oyama et al. [49] analyzed the measured spectral
reflectance from 400 to 2400 nm and Landsat-5 data of large aquatic plants to observe
the maximum reflectance near 1600 nm (Landsat-5 band 5). The FAI showed the
effectiveness of separation of the target from the background water. These facts
indicate that the FAI-based method is appropriate for marine debris detection. Note
that, in this study, we did not intend precise classification of the types of debris. The
detected debris (in Figures 3.7 and 3.10) included multiple types of debris that have
red edge characteristics. For the purpose of classification of marine debris, Biermann
et al. [50] suggested that the use of NDVI leads to better classification results than
the use of FAI (FDI; floating debris index in their paper).

3.4.2. Validity of Marine Debris Detection by cFAI and Otsu Methods

Figure 3.7a shows that the detection of marine debris by the original FAI method
[43] yields many places where the values of marine debris and background water are
similar. In particular, when the background of the marine debris was seawater that
has become turbid because of heavy rain, it was easier to extract marine debris using
cFAI, as seen from Figures 3.7b and 3.9. This indicates that the methods of Hu et al.
[44] are effective for marine debris extraction. When setting cGFAI that calculates
the spatial gradient of reflectance, images with a relatively low resolution, such as
MODIS data, may be more effective for detecting large-scale marine debris. This is
because if the spatial resolution is too high, the gradient will be zero. However, most
of the marine debris treated in this study was linearly distributed, and the scale was
relatively small (Figure 3.7a); hence, it is considered that cGFAI treatment was not
very difficult. Moreover, the histogram of cFAI in the target water area (Figure 3.8)
clearly shows that it is difficult to determine the threshold value objectively from the
shape. The Otsu method automatically determines the threshold value and provides
reliable results such as those shown in Figures 3.7c and 3.10. Thus, its use as an
automatic threshold value determination in the event of such a rainfall disaster is

validated.

3.4.3. Reason for Change in the Amount of Marine Debris Detected



On the premise that the marine debris collected was the total amount present, the
rate of recovery of the marine debris by the cleaning ships by 14 July was about 10%;
however, by the end of July, about 80% of the marine debris was recovered, as shown
in Figure 3.4. Figure 10 shows that the amount of debris recovered decreased. A large
amount was recovered on 9 July , while one-fourth of that amount was recovered on
1 August. This result is assumed to be the effect of marine debris collection by the
cleaning ships and the result of some of the debris being washed away to the open
ocean or settling on the seabed because of the strong tidal current [13,14] in the Seto

Inland Sea.

3.4.4. Limitations of Marine Debris Detection Using Landsat-8 Data

In the event of a disaster, it is important to grasp the current situation of debris
distribution over a wide area, and, as shown in this study, the Landsat-8 data are
useful for this purpose. A limitation is its temporal resolution; the observation cycle
of Landsat-8 is 16 days, and even if overlapping paths are present, as in the present
case, the observation frequency is only about once a week. Hence, marine debris
locations detected by Landsat-8 data are approximate information that cannot be
completely relied upon for practical recovery works. This is because the tidal current
is strong in the Seto Inland Sea, and the marine debris is quickly displaced from the
locations detected by Landsat-8 data. As shown in Figure 3.10, the large amount of
marine debris identified on 9 July is not found in the data after a week. While we
presume that the cleaning ship recovered the marine debris during this period, it is
possible that it was dispersed from that area by the strong tidal currents. The fate of
this marine debris (in Figure 3.10a) was not provided by the weekly Landsat-8 data
in this study. In the Seto Inland Sea, which has strong tidal currents, we believe that
at least hourly images are required to follow marine debris. Providing realtime-

processed debris locations on an hourly basis helps aids in efficient recovery.

There are satellites and sensors that provides hourly images. For example, the
Geostationary Ocean Color Imager (GOCI) onboard the COMS satellite is a satellite
sensor with a high repeat cycle and can capture images at 1-h intervals. Although

GOCI does not have a band corresponding to band 6 of Landsat-8, Son et al. [51] and



Qiu et al. [52] have made it possible to employ GOCI data to detect floating algae
using FAI. Therefore, it can be assumed that marine debris can be detected at an early
stage. However, because the spatial resolution of GOCI is 500 m, only large marine
debris can be detected. Landsat-8 has a spatial resolution of 30 m, enabling it to detect
marine debris better than GOCI, but it is still difficult to detect small-scale marine
debris. Using sensors with insufficient spatial resolution would lead to the
underestimation of amounts of marine debris. However, satellites or sensors with
both sufficient temporal and spatial resolution are not yet available. Therefore,
research that combines Sentinel-2 mission with a spatial resolution of 10 m and
satellites with a spatial resolution of about 50 cm to 3 m such as DOVE, WorldView,

and Pleiades [53] will be important.

3.5. Conclusions

In this study, an attempt was made to reproduce the actual state of marine debris
distribution in the Seto Inland Sea off the coast of Hiroshima Prefecture during the
heavy rains in July 2018. For this purpose, marine debris acquisition information
from cleaning ships and Landsat-8 images was used. The following conclusions were

drawn from our work.

1. From the data acquired by the cleaning ships on multiple days, the distribution of
marine debris immediately after the heavy rain was approximated. In particular,
the debris was concentrated in the water area surrounded by land and islands in the

northern part of Aki Nada.

2. From the spectral reflectance data of Landsat-8 level-2, we confirmed that the

marine debris had a high peak reflectance in band 5 (central wavelength 865 nm).

3. Unlike the original FAI method, the cFAI method enabled us to remove the
background water signals from the Landsat-8 images.

4. The Otsu method for the automatic binarization of cFAI was effective in detecting

marine debris from Landsat-8 images because it set an appropriate threshold value.

In the future, we would like to use data such as GOCI data, which obtains data

more frequently than Landsat, and WorldView-2, which has a high spatial resolution.

Using such data, we will aim to track the detailed movement of marine debris



(movement vector) and achieve higher spatial resolution. In recent years, heavy
rainfall disasters have occurred frequently in Japan, and we would like to validate

the effectiveness of this method in water areas other than the Seto Inland Sea.



Chapter 4: Distinguishing Sargassum and Zostera Using

Sentinel-2 Data

4.1. Introduction

4.1.1. Backgrounds

Seaweed and seagrass (collectively referred to as SWSG) beds play a crucial role
in the proliferation of aquatic resources owing to their functioning as spawning
grounds for aquatic organisms, such as young and larval fish. Moreover, recently,
marine forests have received renewed attention as sites of blue carbon, which absorbs
inorganic carbon from water and supplies oxygen [54-57]. However, in the Seto
Inland Sea, which is the study area, regulations on the discharge of nutrients and
other salts have been implemented for many years to reduce the eutrophic state
represented by red tide [58], which became a problem in the 1960s and 1970s.
Consequently, water quality has improved considerably, except in certain areas;
however, there have been problems, such as sluggish fish catches and discolored
SWSG bets, owing to oligotrophication [59]. Under these circumstances, the “Act on
Special Measures concerning Conservation of the Environment of the Seto Inland
Sea” [60], which was amended and enforced in April 2022, aims to eliminate the lack
of nutrients in the sea and promote “blue carbon”. First, the current status of SWSG
bed distribution throughout the year must be understood accurately to achieve this
goal. However, the Seto Inland Sea has a complex topography, containing 600
islands at an average depth of 30 m [61]. Furthermore, it exhibits large regional and
seasonal tidal differences (approximately 1-3 m and 3—4 m in the eastern and western
sea areas, respectively). Conducting quick field surveys over a wide area is difficult
and incurs enormous financial costs. The Ministry of the Environment, Government
of Japan (MOEJ), compiles the date of field surveys that are reconducted once every
few years and publishes a SWSG beds distribution map on the Internet. However,
the seasonal changes over a wide area cannot be determined. Therefore, satellite
remote sensing technology that can repeatedly grasp the distribution of SWSG beds

over a wide area is considered promising for providing accurate estimates of blue



carbon. The difficulty in understanding the distribution of SWSG beds using satellite
remote sensing is that the influence of light attenuation caused by water is extremely
large when determining the presence of SWSG compared to that of the land cover
classification on land. Additionally, as the attenuation rate of light underwater is
greater for long wavelengths, above-water and information at wavelengths longer
than that of near-infrared regions cannot be used and almost only information from
light in the visible range can be used. Furthermore, because different types of SWSG
often exhibit similar colors, distinguishing species based on their spectral
characteristics is challenging. However, these weaknesses have been overcome and
SWSG bed distribution maps are now being created using several satellite remote

sensing-based several methods.

4.1.2. Previous Studies

There are broadly two types of methods for extracting SWSG beds using remote
sensing. To extract SWSG, one method involves using existing water depth data,
performing water depth correction, and then applying terrestrial land cover
classification methods, such as unsupervised or supervised classification, LAI (leaf
area index), which can measure leaf area based on optical assumptions regarding
light attenuation, and NDVI (Normalized Vegetation Index), which measures plant
activity based on red absorption and near-infrared scattering from the leaf, and so on
[33,62]. The other method eliminates the influence of water depth and extracts
SWSG only from image calculations without using water depth data [29,30]. The
former method requires accurate water depth data that considers tidal level changes
on the day the satellite image is captured. However, obtaining detailed water depth
data in shallow waters is difficult. Thus, water depth estimation using images is often
attempted [63,64]. However, this method exhibits poor accuracy in estimating water
depth, particularly under conditions of a water depth of 4-5 m or greater. Moreover,
it results in excessive water depth correction [unpublished]. The latter method is
convenient because it facilitates the extraction of SWSG from satellite images
without water depth data. However, it is generally difficult to identify SWSG species
because it uses minute differences in the log reflectance ratio of the bottom sediment.

Therefore, the latter method is used to extract the SWSG bed area in sea areas, such



as the Seto Inland Sea, wherein fairly accurate water depth and water level data can
be obtained. In addition, in shallow sea areas of 10 m or less, the water depth data
are corrected to determine the spectroscopic SWSG area. A hybrid method that
performs species discrimination is considered to be effective. Currently, the MOEJ
creates a marine forest map along the coast of Japan using field surveys and high-
resolution satellite data, and the maps are classified into Sargassum bed, Zostera bed,
and kelp bed [65]. There are also studies focused on the optical detection of
Sargassum and Zostera. Gower initially identified Sargassum using the MERIS
Maximum Chlorophyll Index [66]. Hu utilized the Floating Algae Index (FAI) with
MODIS image data to detect Sargassum [27]. Gower and King employed the red-
edge concept for Sargassum detection, acknowledging that other marine organisms
can also cause eclevated red-edge reflectance [67]. Taking into account the
characteristic absorption feature of Sargassum at 630 nm, distinct from other floating
vegetation, Dierssen et al. developed the Sargassum Index (SI), which uses the bands
of' 650 and 630 nm [68]. Field measurements by Hu indicated that Sargassum exhibits
a distinctive reflectance curvature around 630 nm due to its chlorophyll ¢ pigments
[68]. While these methods have effectively diagnosed Sargassum slicks using pre-
determined thresholds, a method for distinguishing between Sargassum and Zostera
in the Seto Inland Sea using Sentinel-2 data has not been proposed. Yoshida’s study
on Sargassum and Zostera in the Seto Inland Sea reveals that Zostera thrives in
shallow sandy areas, while Sargassum prefers deeper, rocky, and intertidal zones. In
the Seto Inland Sea, Sargassum is mainly composed of three species: S. condusum,
S. yezoense, and S. trichophyllum, each with distinct maturity periods ranging from

March to June, June to August, and October to December, respectively [69].

4.1.3. Objectives

Against this background, this study developed and verified a method able to
spectroscopically distinguish Sargassum and Zostera in the sea using Sentinel-2 data,
which exhibit the highest spatial resolution among currently available free data. This
study aimed to understand changes in the distribution over time. To achieve this goal,
we first considered detecting marine forests from Sentinel-2 data using a method that

did not require water depth data. Subsequently, we proposed a method to separate



Sargassum and Zostera based on their spectral reflectance measured in the field.
Finally, the distributions of Sargassum and Zostera mapped using this method were
integrated and verified through comparisons with existing marine forest maps. If such
a method is valid, it will be possible to repeatedly update existing marine forest maps

using satellites.

4.2. Materials and methods

4.2.1. Study area

The study area was the Seto Inland Sea off the coast of Takehara City, located
in the south-central part of Hiroshima Prefecture, as shown in Figure 4.1. According
to Yoshida et al. [16], the SWSG beds area of the “Bingo—Geiyo—Seto” fishery area
(conducted from 1989 to 1991) is 3636 ha. The total areas of seagrass, SWSG, and
kelp beds are 2917 ha (80%), 1289 ha (35%), and 184 ha (5%), respectively (as there
is mixed marine forest, the total does not add up to 100%). Thus, the Sargassum and
Zostera beds are the main SWSG beds in the central Seto Inland Sea. In addition, as
for their habitat, Zostera beds are formed in calm sandy mud areas with little wind
and waves, whereas Sargassum (formed by brown SWSG Sargassum) is formed in
rocky reef areas. In the Seto Inland Sea, there are many areas of water wherein sand
and mud and rocky reef areas exist alternately; thus, Sargassum and Zostera beds
coexist. These statistics are data for shallow waters below 10 m in depth, and as the
marine forest in Figure 1 also exists mostly in shallow waters below 10 m, this study
targeted waters below 10 m. In addition, the tidal level difference in the target water

area is approximately 4 m at maximum.
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Figure 4.1. Study area depicting field survey points and water depth. This image is
extracted from the yellow square in the top left corner. St. 1-St. 8 indicate the

locations where we conducted field survey.

4.2.2. Distinguishing Method of Sargassum and Zostera Using Satellite Data

Figure 4.2 shows the procedure for creating a marine forest distribution map
used in this study. To briefly explain the overall procedure, first, the acquired satellite
data were processed as a land mask using near-infrared threshold processing and a
cloud mask using Quality flag data. After correcting the water depth, the SWSG bed
area was extracted. Furthermore, the Sargassum and Zostera Distinguishing Index
(SZDI) method was proposed and applied to the extracted seagrass beds to separate
them into Zostera and Sargassum beds. The most important water depth correction
in this process is explained later. The specific method of SZDI is discussed later

based on the results of the study.
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Figure 4.2. Flow chart of the study method employed.

In general, in underwater analysis, the influence of water dissipation is
considerably greater than in land analysis; thus, in waters with a complex seafloor
topography (the Seto Inland Sea), stable SWSG beds cannot be extracted without
depth correction. Therefore, in remote sensing, there exist two methods: one involves
using existing seafloor topography data, converting the underwater reflectance to be
equivalent to the reflectance on land, and then performing analysis. The other method
utilizes the surface reflectance ratio of two different bands to eliminate the influence
of water depth and distinguish between various bottom sediments. Studies have
attempted to remove the influence of water depth and extract the bottom sediment
(in this case, SWSG beds). This method is referred to as the bottom index (BI) or
depth invariant index (DII) [29,30].



First, we explain the former method, which uses seafloor topography data. If
seafloor topography data exist, the most basic relationship between the reflectance R
immediately above the water surface (equivalent to the atmospherically corrected
reflectance of the satellite) and the seafloor reflectance information can be
theoretically obtained by using the following formula [70]:

R; = Rooi[1 — exp(—2k;zp)] + Rp; exp(—2k;zp), (15)
where R is the reflectance at an infinite water depth, £ is the extinction coefficient
of the target seawater, Rp is the underwater extinction coefficient of the band, Z3 is
the seafloor depth, and the subscript i is the band. Furthermore, the first term on the
right-hand side of Equation (1) accepts an extremely small value compared to the
second term on the right-hand side. Therefore, Rp at a water depth of 0 m (equivalent
to ground level) can be calculated approximately using the following formula.

Hereinafter, such a correction is referred to as “water depth correction”.

R;

Rp; = —exp(—ZkizB)' (16)

However, Zp and k on the day of satellite observation must be known when using
this formula. There exists a method to calculate k from the relation between Zp and
the brightness value of the image (the slope when approximated by a logarithmic
function); however, if Zp exceeds several meters, it results in overcorrection. It is
extremely difficult to correct the water depth even when targeting topography below
10 m (as in this case). Therefore, we assumed that the extinction coefficients for the
three periods were constant. Moreover, a correction coefficient m was introduced to

prevent the value of each band from falling below 0, and corrections were made for

the three periods using the following formula:

. R;
Rp;

= , 17
exp(—ZmikswiZB) a7

where £k, 1s the general extinction coefficient of seawater.

Next, we explain the latter method, which does not use bathymetric data. The BI
method is based on the theory proposed by Lyzenga [29,30]. The bottom sediment
index is a model developed based on the assumption that “if the bottom sediment is
the same, the bottom sediment reflectance ratio (natural logarithm type) of two

different bands will be constant”. A brief explanation of the theory of sediment



indicators is given below. Lyzenga expressed the radiance (Ls1) detected by a sensor

mounted on a satellite in shallow water at wavelength A using the following formula:

Lsy = Lpy — ExRpy exp(—2kyzp), (18)
where Lp; is the radiance observed at a deep point in the water, E; is the solar
irradiance reaching the ground, Rp; is the spectral reflectance of the bottom sediment,
k; s the spectral extinction coefficient of water, and Zp is the water depth. Equation
(4) is extended to two wavelengths and the effect of water depth is removed by
calculating the ratio. Therefore, the radiance observed by the satellite in two different

bands i and j is expressed by the following equations using Equation (4).
Ls; = Lp; — EirRp;exp (—2k;zp) (19)

sz = LB] - E']RB] eXp(—ijZB). (20)
Rearranging Equations (5) and (6), we obtain the following equation with water

depth z removed:

LN [(RRBiEi ] — LN (Li_LSi) :|’ (21)

BjEjFU (Lj=Ljpki
where most of the fluctuations on the left side are controlled by the “ratio of seafloor
reflectance between the two bands” and contain information related to the bottom
sediment. Therefore, this is defined as the BI and is set as the portion on the right
side. Consequently, the bottom sediment index can be calculated using the following
formula:

L. —L..
Bl;j = LN l(( - LN(L; = L) = kLN (L; = L;). (22)

Using Equation (8), the extinction coefficient ratio k;; can be defined as the band
ratio (the slope when the logarithm of the brightness values of the different bands is
plotted) from the relation between the satellite data of two different bands.
Theoretically, the influence of water depth can be calculated from the image alone.
Consequently, the sediment (in this case, SWSG beds), from which the 200 nm has
been removed (in the case of sediments with different reflectance ratios), can be
distinguished. The actual extinction coefficient ratio k;; is calculated at locations with
the same bottom material but at different water depths (often using several pixels

offshore from a sandy beach). If the slope is derived from the scattering value of the



logarithm of the luminance ratio of the two wavelengths (Ls corrected), it is
equivalent to the theoretical extinction coefficient ratio. We assumed that the bottom
sediment in areas A and B in Figure 1 (estuary area outlined in red) was sand, and
four points at different water depths were selected. Equation (8) is at times used as
an alternative to reflectance, as shown in the following equation [71]. Equation (9)

was adopted herein as well.

Bl;j = LN(R; — Ry;) — ki;LN(R; — Ry;). (23)

4.2.3.  Field Spectral Reflectance Data Sampling

To develop an algorithm to separate Sargassum and Zostera, we primarily used
an Ekman—Birge grab sampler and a boat hook to pull Sargassum or Zostera from
the seabed onto the ship and measured their spectral reflectance. Figure 4.3 shows
photographs of the Sargassum and Zostera captured underwater before being pulled
up (bottom) and on board the ship (top). These were obtained at St. 2 on 19 March
2021 and 17 June 2021, respectively. The reflectance of SWSG was measured using
a visible/near-infrared spectroradiometer “MS720” manufactured by EKO Ltd.
(wavelength range: 350-1050 nm, wavelength interval: 3.3 nm) and a device
manufactured by Japan Color Research Institute. It is a standard white board
(ZB6010). Specifically, the reflectance was calculated by measuring the spectral
irradiance of the SWSG and the spectral irradiance of the sunlight reflected by the
white board three times from a height of approximately 20 cm directly above the
surface and dividing the average value. Furthermore, by gathering SWSG of the same
species as close together as possible, the effects of reflection from the background
board were reduced. The resulting field survey dates were 19 March, 17 June, 19
July, and 21 September 2021, and the fundamental measurement points were St. 1,
St. 2, St. 3 St. 4, St. 5, St. 6, St. 6°, St. 7, and St. 8. However, St. 8, where the measured
water depth exceeded 10 m and no SWSG could be confirmed, was not used in the

analysis.
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Figure 4.3. Sargassum (left) and Zostera (right) were obtained locally. The bottom
photograph is a snapshot of an underwater video image of the seagrass, and the top

photograph is of the seagrass, hoisted on board.

4.2.4.  Satellite Data Used and Preprocessing Method

The satellite data used in this study were atmospherically corrected reflectance
(level 2) data from the Sentinel-2 multispectral instrument (MSI), which can be
downloaded free of charge from the Copernicus Open Access Hub. As shown in
Table 4.1, MSI originally had 12 bands; however, in this study, data with a higher
resolution were desired. Thus, only Band 2 (493 nm), Band 3 (560 nm), and Band 4
(665 nm) with a 10 m resolution were used. The satellite data used were that of 19
March, 23 May, and 27 July, which were close to the on-site observation dates in
2021, as shown in Table 4.2. The tide levels for satellite data acquisition were 2.37,
0.71, and 3.19 m, respectively. The ks, employed for water depth correction using
Equation (17) for the preprocessing of satellite images was the actual value of

Moreland Prieur [72] (if there was no value for the Sentinel-2 wavelength, the values



for the previous and subsequent wavelengths were linearly interpolated); m was used

at a water depth of 14 m, which is the maximum water depth to be corrected at 10 m,

and the maximum tide level of this area was 4 m. Further, the limit value at which

the reflectance of each band did not exceed 1 was used. Table 4.3 shows the values

of ks and m of the water depth correction parameters used in this study. Furthermore,

Rs in Equation (23) is the reflectance (equivalent to aerosol) in a clean body of water

(the open ocean); however, in this case, the open ocean area was not near the target

water area. Thus, the minimum value of each band in the screen was set [73] (Table

4.4).

Table 4.1. Characteristics of Sentinel-2 bands (https://custom-scripts.sentinel-

hub.com/custom-scripts/sentinel-2/bands/. accessed on 9 November 2023).

Band Central Spatial Band Central Spatial
Wavelength Resolution Wavelength Resolution

Band 1 443 nm 60 m Band 8 842 nm 10 m
Band 2 493 nm 10 m Band 8a 865 nm 20 m
Band 3 560 nm 10 m Band 9 945 nm 60 m
Band 4 665 nm 10 m Band 10 1375 nm 60 m
Band 5 704 nm 20 m Band 11 1610 nm 20 m
Band 6 740 nm 20 m Band 12 2190 nm 20 m
Band 7 783 nm 20 m

Table 4.2. Satellite data used with tidal level.

Sentinel-2 (S-2) Tidal Level *
No.
Date Time Tile Number Platform (m)
1 19 March 2021 10:47JST T53SKU Sentinel-2B 2.37

2 23 May 2021 10:47]JST T53SKU Sentinel-2A 0.71

3 27July2021 10:47)JST T54SKU Sentinel-2B 3.19

Note: * Takehara station of Japan Meteorological Agency at 11 am.



Table 4.3. Water depth correction parameters of Equation.

Sentinel-2
Wavelength (nm) ksw (m™1) m
Band
2 493 0.0238 1.37
3 560 0.0720 0.45
4 665 0.4200 0.07

Table 4.4. R values on 19 March, 23 May and 27 July 2021.

Date Rs Banaz Rs Banas R Banas
19 March 2021 0.018 0.165 0008
23 May 2021 0.030 0.050 0.040
27 July 2021 0.020 0.020 0.010

4.2.5.  Digital Water Depth Data

In this study, existing digital water depth data (water depth equivalent to the
lowest tide level) were used for water depth correction. Here, the M7000 series, a
high-resolution submarine topography dataset along the coast of Japan created by the
Japan Hydrographic Association, was employed in the M7018 region of the western
Seto Inland Sea. The spacing of the contour lines of M7000 differs depending on the
sea area; however, at depths below 100 m, the contour lines are densely spaced at
intervals of 1-2 m. We used this irregular point cloud data by resampling it into 10
m mesh data, which is the same as Sentinel-2 data. The bathymetric map obtained in
this manner is shown in Figure 4. In addition, when correcting the water depth using

Equation (17), these tide levels were added to the water depth data described later.
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Figure 4.4. Reshaped Bottom topographic distribution map based on the M7000 series
(https://www .jha.or.jp/en/jha/. accessed on 9 November 2023).

4.3. Results

4.3.1.  Extraction Coefficient of Study Area

Equation (23) was used to extract the Sargassum and Zostera areas. First, to
determine the extinction coefficient (k;) of Equation (21) for the three target periods,
we calculated Sentinel-2 Band 2—3 (k23) and Band 3—4 (k23) in the two estuary areas,
as shown in Figure 1. The relation (k34) was confirmed (Figure 4.5). Generally, if
the bottom material is the same (here assumed to be sandy soil), a high correlation
coefficient should be obtained for the natural logarithm relation between the two.
Here, to aim for automation in the future, combinations that have a high correlation
coefficient for any date must be selected. Consequently, as shown in Figure 4.5, all
data exhibited almost the same correlation coefficient; however, overall, the
correlation coefficient of k34 was higher than that of k23. Thus, k34 was adopted. It
is notable that the value of Kij varies for each pixel in principle, but it is assumed to
be consistent across the entire study area in this study. The Rs in Equation (9) was
set as the value shown in Table 4.3. Figure 4.6 shows the results of calculating BI by

applying this k34 to Equation (23) ((a—c) on the left) and the threshold value that



results in a water body with a water depth of approximately 10 m or less. The SWSG
beds distribution map obtained when setting (March: —1, May: —0.95, July: —0.60) is

shown in red. Hereinafter, this study assumed that this red area was a SWSG bed

containing only Sargassum and Zostera.

(a) 19 March 2021 (b) 23 May 2021 (c) 27 July 2021
34 28 31
[els]
35 y=0502x - 1.610 ~ 29] yeoe25x-1.108 R -32 y=1119x+0322
(R=0.78) - - (R=082)
a6 ) (R=094) a3 o P
— o —~ 3 o — ~
§ s & _ & e
€ 47 & 4 34
= P H o = o
- e =31 O - e c
38 P e -35 e
s e S
& ° 3.2 < o
as| A~ -36 @
4 33 37
4 3.8 36 3.4 32 -3 33 82 31 -3 29 28 27 36 35 3.4 3.3 32 3.1
LN(R3) LN(R3) LN(R3
s 26 -
g /
31 =0.650 x - 0.788 E - - e
S 0 8:57&") 8 s 271 y=0568x-0.943 & 18 {r 2‘239“8‘, 0539 &0
3.2 pd (R=095) 7 32
’ 28 e
33 4 s 325
2} & -2.9 g @
g3 g S g 28
Z 35 Z 3 o Z 335 e
36 o e 34 e
s 311 © o ' e
3.7 / . e -3.45 )
I
-39 -3.3 -3.55
46 44 42 4 38 36 34 -4 38 36 34 32 -3 47 46 45 44 43 42 41
LN(R4) LN(R4) LN(R4)

Figure 4.5. Scatterplots of Sentinel-2 Band 2—-3 and Band 3—4 at the sand area of two
river mouth sites for determining the extinction coefficient ratio. In (a), the upper plot
illustrates the natural logarithm ratio between band 2—3, while the lower plot shows the
natural logarithm ratio between band 3—4 on 19 March 2021. (b) shows the natural
logarithm ratio on 23 May 2021, and (c) shows the ratio on 27 July 2021.
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Figure 4.6. Bottom index (BI) map (a-¢) and SWSG map (d-f) extracted from BI map
on 19 March, 23 May, and 27 June 2021, as estimated from Sentinel-2 data.

4.3.2.  Overview of Sargassum and Zostera Appearance

An occurrence table of SWSG types was created based on the observation results
obtained at St. 1-St. 7 on 19 March, 17 June, 19 July, and 21 September 2021 (Table
4.5). In this table, “other” indicates the SWSG beds other than Sargassum and
Zostera, “‘unknown” indicates a station wherein no survey was conducted on the day,
and “none” indicates the absence of SWSG beds. In March 2021, Sargassum
appeared at all four stations (St. 1, St. 4, St. 5). In June of the same year, Zostera
appeared at all four stations (St. 2, St. 3, St. 4, St. 7) except St. 5, whereas Sargassum
only appeared at St. 5. Furthermore, in July, Zostera newly appeared in St. 1.

However, no SWSG beds were observed at any of the survey points in September.



These facts suggest that the SWSG beds in this region changed seasonally, even at

the same station.

Table 4.5. Seagrass species observed at each location. “Other” indicates the SWSG
beds other than Sargassum and Zostera. “Unknown” indicates a station wherein no

survey was conducted on the day, and “None” indicates the absence of SWSG beds.

Stations
Date
St. 1 St. 2 St. 3 St. 4 St. 5 St. 6 St. 7
Mar 19 Sargassum Other Other Sargassum Sargassum Sargassum Unknown
June 17 None Zostera Zostera Zostera Sargassum None Zostera
July 19 Zostera Unknown Unknown Other Sargassum Unknown Unknown
September 21 None None None None None None None

4.3.3. Proposal of a Method Distinguishing between Sargassum and Zostera

Figure 4.7a shows the spectral reflectance characteristics of Sargassum and
Zostera measured in 2021. The Sargassum at St. 4 and St. 6 on March 19, as shown
in Table 4.5, was confirmed in the underwater video. However, spectral reflectance
data could not be obtained as sampling was not possible. The common spectral
characteristics of Sargassum and Zostera are that they both exhibit relatively low
reflectance in the 400-500 nm range, relatively high reflectance at approximately
560 nm, and extremely strong absorption above 670 nm. The difference in the peak
reflectance between the two was noticeable in the wavelength range of 500—670 nm.
Thus, Sargassum and Zostera exhibit different reflectance maxima in the red region
at ~600—670 nm (particularly ~610-650 nm) and the green region at 550-570 nm
(particularly at ~560 nm). Figure 4.7b shows a diagram simulating the reflectance
characteristics of the wavelengths observed by Sentinel-2. Only at the wavelength
observed by Sentinel-2 was the difference in the reflectance between Sargassum and
Zostera remarkable. The peak shift in the green and red areas was somewhat unclear
in the low reflectance region (in particular, at the red of Sargassum, the peak

disappeared).
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Figure 4.7. Spectral reflectance of Sargassum and Zostera obtained through field

survey. Red and black indicate Sargassum and Zostera, respectively. (a) indicates the

original reflectance and (b) indicates the simulated Sentinel-2 reflectance extracted

from original reflectance.

Reflectance

Figure 4.8 shows the difference in spectral reflectance when the water depth is

changed using Equation (17) for the data with the highest spectral reflectance for

Sargassum and Zostera. As evident, the change in reflectance at 493 nm between

Sargassum and Zostera was minimal. Moreover, even for red objects, such as

Sargassum, the reflection was considerably weakened below a 1 m depth.

Furthermore, the red reflectance was ~0 at a ~4-m depth and remained constant at

approximately 0 at deeper water depths. However, the green band of Zostera tended

to exhibit a considerably higher reflectance than that of Sargassum, at least at depths

of >5 m.
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Figure 4.8. Simulated spectral reflectance of Sargassum and Zostera depending on

water depth. (a) Sargassum at St. 5 on 17 June 2021. (b) Zostera at St. 7 on 17 June.

Based on the above results, Sentinel-2 can distinguish Sargassum and Zostera
by changing the green area (560 nm: Sentinel-2 Band 2) reflectance at a depth of
approximately 5 m or less, regardless of the water depth. In addition, the relative size
of the green band is one indicator. Furthermore, following the floating algae index
(FAI) [27,74], which is used to detect floating algae, the background can be detected
by obtaining the difference between the line drawn by the reflectance of 493 and 665
nm (baseline) and the green reflectance. It is considered that the contrast between the
reflectance of water and SWSG beds would become clearer. Therefore, we defined
the SZDI from the relationship shown in Figure 4.9 and proposed the following

calculation formula:

SZDI = Rgreen — Rpiue — R'Green 24)

AGreen — A1
= (RRed - RBlue)' (25)

RI
Green
ARed - ABlue

where R is the reflectance, 4 is the wavelength, and the subscripts Blue, Green, and Red
indicate blue, green, and red bands, respectively (in the case of Sentinel-2, they are 493,
560, and 655 nm, respectively). Hence, when Equations (24) and (25) are applied to
satellite data, such as Sentinel-2, the larger the SZDI, the higher the possibility of
Sargassum; meanwhile, the smaller the SZDI, the higher the possibility of Zostera.

0.6
Sargassum
Zostera
0.5
] 0.4 7
o
c
)
E 0.3 1
T
o
0.2 4
0.1 4 s T:::_i_
S > SZDlSargassum
493nm 560nm 665nm
0 : , ‘ '
400 500 600 700 o0 -

Wavelength (nm)

Figure 4.9. Schematic of the proposed Sargassum and Zostera distinguishing index

(SZDI) of Sentinel-2 bands.



4.3.4. Validation of the Sargassum and Zostera Distinguish Index

Figure 4.10 shows the SZDI maps for 19 March, 23 May, and 27 June 2021 (a—
¢) and the SZDI thresholds for Sargassum and Zostera. The discrimination maps (d—
f) are shown as well. The threshold values adopted are described below. First,
referring to Table 4.5, based on actual measurements, we assumed that the images of
St. 1 changed from March to July, and that the images of St. 4 changed from March
to May. As shown in Figure 4.11, the threshold value was set at 0.015; this was the
value near the boundary, wherein the SZDIs at both stations calculated from Sentinel-
2 data were commonly divided. Consequently, it was determined that anything over
0.015 was Zostera, and anything less than that was Sargassum. Figure 4.10 (d—f),
obtained in this manner, shows that Zostera increases from March to May and almost
disappears in July. In contrast, Sargassum increases from March to May, but its area
reduces in July, despite occupying large amounts of area in the study area. These
temporal changes were synchronous with the overall measured results presented in
Table 4.5. Furthermore, Figure 4.12 shows a comparison between the marine forest
map obtained from Sentinel-2 and that previously conducted by the MOEJ [75] to
verify the effectiveness of the SZDI method. The characteristics of the distribution
of water area A, wherein Sargassum and Zostera tended to interchange easily, and
water area B, wherein Zostera was abundant throughout the year, were observed.
However, in Mitsu Bay on the left side of the screen, the wide distribution area of
Zostera appeared to be considerably different. In a recent field survey of the western
half of the bay by the MOEJ [76], as shown in Figure 4.13, Zostera was observed
along the shore and around the islands and appeared mature from March to June but
exhibited decrease in July, observed by Sentinel-2. It is notable that the absence of
data on the right part of Mitsu Bay is attributed to the lack of field work conducted
by Ministry of the Environment, Government of Japan. Figure 4.14 shows the
changes in the area of Sargassum and Zostera throughout the screen during the three
periods. In March, Sargassum and Zostera each occupied approximately 50% of the
image. However, as May and July progressed, the proportion of Zostera decreased.

Consequently, by July, the proportion had reached 15% each.
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Figure 4.10. Distribution maps of Sargassum and Zostera on 19 March, 23 May, and

27 July 2021. The green and red colors represent Zostera (EL) and Sargassum (SG),

respectively. The white and black colors represent sea water (WT) and land (LD),

respectively. (a—c) represents SZDI maps on 19 March, 23 May, and 27 July 2021. (d—

f) represents Sargassum and Zostera maps obtained after applying the determined

threshold of SZDI.
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4.4. Discussion



4.4.1.  Validity of Underwater Forest Area Selection Using Bottom Index

This section discusses the validity of the marine forest distribution map of the
study area based on the BI method shown in Figure 4.6a,b. As mentioned previously,
marine forests in the Seto Inland Sea occur at depths of less than 10 m. The BI method
used in this study included the SWSG bed distribution maps presented in Figures
4.12b and 4.13c, which were measured SWSG bed distribution maps over almost the
entire area. Thus, it was judged to be appropriate in that respect. However, in general,
the setting of k;; (or the combination of bands) in Equation (23) is crucial when
applying the BI method. Herein, the combination of Band 3 (green band) and Band
4 (red band) of Sentinel-2, which had a high correlation coefficient, was adopted.
However, depending on the environment, a combination of blue and green bands is
also effective [77]. This is because short wavelengths, which are more transparent,
are effective in clean waters, such as coral reefs. However, in eutrophic waters, such
as the Seto Inland Sea, absorption by color-dissolved organic matter (CDOM) in the
blue band is relatively large owing to the strong absorption of CDOM and
chlorophyll derived from rivers and sediments. Consequently, their absorption
effects were weaker and the green and red bands appeared to be more effective.
Moreover, upon the application of Terra ASTER (Advanced Spaceborne Thermal
Emission and Reflection Radiometer)’s green and red bands to BI in the same region,
they were effective in mapping Zostera beds [31], confirming the validity of the
present results. Moreover, the potential monthly carbon storage amounts were
estimated. According to the UNEP report [12], the average storage rate per unit area
of seagrass is 0.83 carbon t/ha/year, with a range of 0.56 to 1.82 carbon t/ha/year.
Applying these rates, the estimated carbon sequestration in our study area was found
to be 53.08 t in March, 62.43 t in May, and 48.64 t in July [12,78]. It is important to
note that the area of seagrass beds in the Seto Inland Sea decreased between 1960
and 1991, but has recently experienced revival due to improvements in water quality
[12]. This highlights the significance of water quality improvement in enhancing the

carbon sequestration capacity of seagrasses.



4.4.2.  Spectral Characteristics of Zostera and Sargassum

This section discusses the spectral reflectance characteristics of Sargassum and
Zostera in the target area, as shown in Figure 4.7. In this study, the differences in the
spectral characteristics of Sargassum and Zostera can be approximately summarized
as blue (400-500 nm), with low reflectance for both, red band (610—-650 nm) for
Zostera, and green band (550-560 nm) for Sargassum. This feature is also evident
from the fact that the photographs of Sargassum and Zostera in Figure 4.3 appeared
red and green, respectively. Upon further examining the reflectance characteristics,
the present results showed that the reflectance for Sargassum was low in blue (400—
500 nm) and in green (500—600 nm), and was high in near red (610 and 650 nm),

compared to Zostera.

Previous studies on the spectral reflectance characteristics of these species
include those on seagrass Zostera capricorni, Posidonia australis, and Halophila
ovalis in eastern Australian waters [26] and the seagrass Thalassia in southern
Florida [79]. Furthermore, studies on the green algae Ulva on the coast of China by
Shin et al. [80] and Sargassum species in the Gulf of Mexico and the Atlantic Ocean
by Hu et al. [68] represent other such research. For example, from past spectroscopic
studies on Sargassum, Sargassum is known to be a type of brown macroalgae that
contains the accessory pigments fucoxanthin and chlorophyll ¢ [33]. The bio-
absorption peaks of fucoxanthin are at blue and green wavelengths (480 and 520 nm).
Additionally, chlorophyll ¢ exhibits absorption peaks at blue (460 and 485 nm) and
red (635 nm) [33,35] wavelengths. Conversely, the Zostera leaf and syringodium
wrack contain chlorophyll b, with absorption peaks at blue and red wavelengths (470,
600, and 650 nm) [33]. To summarize these past studies, the spectral reflectance
characteristics of Sargassum and Zostera are low for blue (460, 470, and 480 nm)
wavelengths. A low reflectance at green (520 nm) wavelengths for Sargassum and a
low reflectance for Zostera at red (600, 635, and 650 nm) wavelengths have also been
confirmed. This indicates that the fundamental characteristics of Sargassum and
Zostera 1in this study area are consistent with the characteristics of Zostera around

the world.



4.4.3. Validity and Limitations of the SZDI Method

This section discusses the validity and limitations of the SZDI method, as shown
in Figure 4.9 and Equations (24) and (25). As mentioned in Section 4.4.2, the
definitive spectral characteristics of Zostera and Sargassum were characterized by a
maximum near red (610 nm and 650 nm) wavelength for Sargassum and a minimum
at ~630 nm for Zostera. Thus, it is desirable to use an index, such as the ratio of green
to red, to separate Zostera and Sargassum. Dierssen et al. [33] proposed the ratio of
reflectance values at 650 and 630 nm as the Sargassum index (SI). However,
Sentinel-2 does not observe these bands (particularly the 630 nm band), and when
considering only the Sentinel-2 bands, as shown in Figure 4.7b, the sentinel-2
reflectance does not necessarily reflect the green reflectance of Sargassum. The red
area is not necessarily higher than the green area. Rather, the difference in the green
reflectance appeared to be more useful for separation. Furthermore, by emphasizing
the contrast with the reflectance of the background water, the difference in the green
reflectance became clearer and more helpful when employed to distinguish
Sargassum and Zostera. Considering all these ideas, Equations (24) and (25)
(applicable to the FAI) [20,33] were considered to be effective methods for
separating Sargassum and Zostera. This method, as summarized in Figure 4.9,
calculated the baseline reflectance obtained using Band 2 (480 nm) and Band 4 (655
nm) from Sentinel-2 Band 3 (560 nm) reflectance. The higher the value, the more
likely it was to be Zostera, whereas the lower the value, the more likely it was to be
Sargassum. When the SZDI was calculated using Equations (24) and (25) and
mapped using the thresholds set, as shown in Figure 4.10, seasonal distribution
changes were evident. Furthermore, the distribution indicates that Zostera thrives in
shallow sandy areas, while Sargassum prefers comparatively deeper, rocky, and
intertidal zones, aligning well with their biological characteristics. In the Seto Inland
Sea, Sargassum is predominantly composed of three species: S. condusum, S.
yezoense, and S. trichophyllum, with maturity periods spanning from March to June,
June to August, and October to December, respectively [69]. These findings
contribute to explaining the rationale for the presence of Sargassum in our study
during the period from March to July. Some studies also suggest that Zostera matures

in June and experiences a decline thereafter [81], supporting our result that Zostera



occupied the largest area in the May image but decreased in the July image. In
conclusion, the distribution not only exhibits a high level of consistency with the
optical characteristics of Sargassum and Zostera, but also aligns closely with the
findings from our field survey, as presented in Table 4.5 and the data provided by the
MOE]J in Figure 4.12. Additionally, it resonates with the biological attributes of both

Sargassum and Zostera.

However, at present, this method has certain limitations. One limitation is the
influence of water depth z and & on Equation (17) within the SWSG bed area
extracted using the BI method. Nevertheless, the reason why the seasonal changes in
Zostera and Sargassum were valid (Figure 4.11) can be attributed to the assumptions
or water depth correction method being effective to a certain extent during the
analysis period. However, in reality, the spectrum of SWSG considerably changes
depending on chlorophyll a and turbidity, which greatly affects k. Thus, to improve
the accuracy of SWSG classification, the water quality information at the time of
observation must be considered and the SWSG must be reflected. Furthermore, the
rate may require correction. Meanwhile, in situations where the seagrass develops to
maturation and releases floating seaweed, the upper seagrass may cover the lower
seagrass, rendering the lower seagrass undetectable. Another challenge lies in the
difficulty of achieving precise mathematical verification at present. In fact, there has
only been one existing field survey conducted by the Ministry of the Environment,
Government of Japan, primarily due to economic and time constraints; this was in
2014. Thus, there appears to be a lack of precise mathematical verification at present.
To address these issues, the use of a hyperspectral sensor or the strategic design of a
field survey tailored to match the satellite image of the specific area beforehand could

be considered.

4.4.4. Application of the SZDI Method in the Study Area During Other Period

The field survey at Stn. 1-7 in the same region has been conducted in May, June
and July of 2023. And the process of the algae detection and mearsurement remained

the same. It is found that in the situation that the threshold of BI value was



appropriately set, the application of the SZDI method with a SZDI threshold of 0.015
can leading to a result correlated with the foundings from the field survey. The
distribution maps of Sargassum and Zostera obtained through the SZDI method are
shown in Figure 4.15. The observation results from the field survey are shown in
Table 4.6. However, it is notable that the SZDI method may not able to accurately
depict the distribution of Sargassuma and Zostera if a appropriate thereshold for BI
value can not be chosen. Regarding the decision method for the theshold of the BI
value, Matsunaga et al. mentionedthe bimodal characteristics of BI value to
classify the “Benthic Community.” which including coral, seagrass and algae, from
sand. Matsunaga et al. finally chosed the combination of the blue and the green band
of Landsat TM because the difference in means between “Sand” and “Benthic
Community” of B> is smaller than in that of Bl»; [32]. However, when applying
this method to Sentinel-2 data of 2023, the BI value does not absorutely exhibit the
bimodal characteristics. Therefore, objective observations from experienced
individuals and the references to the result of field sureys are still necessary in
deciding the threshold value of BI, posing an challenge to the accurate classification

of Sargassum and Zostera to some extent.
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Figure 4.15 Distribution maps of Sargassum and Zostera in 2023. The green and red
colors represent Zostera (EL) and Sargassum (SG), respectively. The white and black
colors represent sea water (WT) and land (LD), respectively. (a—e) represents
obtained Sargassum and Zostera maps on Jan. 11, Mar. 14, May 16, Jun. 20, and Jul.
22,2023.

Table 4.6. Seagrass species observed at each location in 2023. “Other” indicates the
SWSG beds other than Sargassum and Zostera. “Unknown” indicates a station wherein

no survey was conducted on the day, and “None” indicates the absence of SWSG beds.

Date Stations
St. 1 St. 2 St. 3 St. 4 St. 5 St. 6 St. 7
May. 25 Unknown Zostera None Zostera/Sargassum Unknown Zostera/Sargassum Unknown
Jun. 19 Unknown None Zostera Zostera Unknown Zostera Unknown

Jul. 19 Unknown Zostera/Sargassum None Other Unknown Zostera Unknown



4.5. Conclusions

This study proposed a method for separating Sargassum and Zostera in the Seto

Inland Sea using Sentinel-2 data and examined the validity of the method.

Consequently, the following points were clarified.

1.

The BI method was an effective method, using a combination of Band 3 (green)
and Band 4 (red) Sentinel-2 data for estimating the area of SWSG beds in the

sS€a.

The spectral reflectance characteristics of Sargassum and Zostera measured on
site were understood. In general, the characteristics exhibit low reflectance in
the blue and red bands for both Sargassum and Zostera, but exhibit relative high

reflectance in the green band for Zostera.

The SZDI, which used the height from the background of Sentinel-2 Band 3 (560
nm) as an index, was proposed as a method for separating Sargassum and
Zostera. Its validity was confirmed through field surveys, the examination of

past SWSG bed maps, and the consideration of biological characteristics.

In the future, we will improve methods for automatically determining BI

thresholds, which are currently determined by trial and error. Furthermore, we intend

to promote classification methods that use artificial intelligence and hyperspectral

sensors, which have been rapidly developed in recent years, to classify kelp and green

algae in addition to Sargassum and Zostera beds.



Chapter 5: Distinguishing Sargassum and Zostera Using

Machine Learning

5.1. Introduction

5.1.1.  Backgrounds

In Chapter 4, the proposed algorithm, SZDI, has demonstrated effectiveness in
distinguishing Sargassum and Zostera. Nonetheless, challenges persist in the
application of the SZDI algorithm. These included the subjective determination of
the SZDI threshold and extended algorithm development time and program creation
times. Consequently, the utilization of machine learning, knowing for its ability to

conduct rapid and objective analyses, is anticipated in the remote sensing field.

5.1.2. Previous Studies

According to the study of Arthur Samuel, computers can be programmed to
learn and play a better game of checkers more effectively than humans through machine
learning technology. These learning schemes may also be applicable in many other
fields [82,83]. With the development of machine learning and the availability of vast
datasets, applications of machine learning in image preprocessing, classification, and
target recognition in remote sensing have been realized. For instance, the 2001 National
Land-cover Database (NLCD) land cover classification for the contiguous USA was
produced by using decision trees (DTs) [84,85]. Furthermore, According to the nature
of data processing, the machine learning method can be broadly categorized as either
supervised or unsupervised, with the former requiring supervised classification before

analysis and the latter performing direct classification without provided information



[86]. Due to the difficulty in obtaining prior knowledge owing to the varied
characteristics and complex backgrounds, the application of unsupervised learning has
been significant [87,88]. In remote sensing, three well-known unsupervised
classification models exist. Lv et al. classified construction and vegetation in aerial
remote sensing images of Shanghai districts using K-Means and analyzing CIELAB of
pixels [89]. Irvin et al. employed ISODATA classification techniques to classify
landform elements in southwestern Wisconsin, USA, and verified the effectiveness of
this algorithm [90]. Wang and Cheng experimented with the Ant colony optimization
algorithm (ACO) to divide TM images into 6 classes, finding it superior to the
ISODATA algorithm and K-means algorithm. Anil K. Jain praises the K-Means
clustering algorithm as a standard and simple algorithm, that can be widely applied in
various fields and over 50 years [91](Jain, 2010). ABBAS and Wang have employed
mean squared error (MSE) to evaluate the performance of image-processing models

[87,92].

5.1.3. Objectives

The objective of this chapter is to utilize an unsupervised learning model, K-
Means to distinguish Sargassum and Zostera in the same area as discussed in the
previous chapter, using Setinel-2 images. Building upon the SZDI algorithm
explored in the preceding chapter, the reflectances of band 2 (blue), band 3 (green),
and band 4 (red) will be designated as the features for unlabeled data. Ultimately, the

accuracy of this model will be evaluated using MSE.



5.2. Materials and methods

5.2.1. Study area and satellite data

To evaluate the accuracy of the chosen model, the binary SZDI images were
assumed as the correct answers, and the same study area, satellite data, and dates are
employed for the analysis in this chapter. Repeatedly, the study area was the Seto
Inland Sea off the coast of Takahara City, located in the south-central part of Hiroshima
Prefecture, as illustrated in Figure 4.1. The satellite data utilized consisted of
atmospherically corrected reflectance (level 2) data from the Sentinel-2 multispectral
instrument (MSI). The specific dates for the satellite data were March 19, May 23, and

July 27, 2021.

5.2.2. Data collection and pre-processing

According to SZDI algorithm constitution outlined in equations (17 - 18) in
subsection 4.3.3., the most significant differentiation between Sargassum and Zostera
occurs in the reflectance values of band 2 (blue), band 3 (green), and band 4 (red).
To achieve precise automated distinguishing, the reflectances of these three bands
were selected as the features for K-means clustering. The training data were derived
from a 770 x 1400 supervised-selected rectangle, which closely resembled the size
of the study area depicted in Figure 4.1. The water dept effect corrected reflectance
values for Band 2, Band 3, and Band 4 were utilized. After unrolling the matrix of
770 x 1400, a list containing 1,078,000 pixels was created. Lists of reflectance of

Band 2, band 3, band 4, SZDI value and expected clusters were merged to form csv



files using Python in Jupyter Lab. The csv files for the three dates are presented in

Table 5.1.

Table 5.1. (a), (b) and (c) depict the CSV data obtained after preprocessing all
1,078,000 pixels within the 770 % 1400 rectangle. The lists labeled “band 2”, “band
3” and “band 4” contain the reflectance values of the corresponding bands. The list
labeled “SZDI” contains the original SZDI values of these pixels, where “-1”
represents land and “0” represents the sea deeper than -10m. The list labeled “Cluster”
represents the clusters assigned after undergoing K-means clustering, with “-1”

representing land, “1” representing Sargassum, and “2” representing Zostera.
(a)

band2 band3 band4 SZDI Cluster
NaN NaN NaN -1 -1
2 NaN NaN NaN -1 -1

739005 0.061228 0.064213 0.061228 0.019017
739006 0.060643 0.070313 0.060643 0.019481 2

739007 0.058927 0.071137 0.058927 0.02289

1077999  NaN NaN NaN -1 -1

1078000 NaN NaN NaN -1 -1
(b)
band2 band3 band4 SZDI Cluster
NaN NaN NaN -1 -1
2 NaN NaN NaN -1 -1

739005 0.060417 0.061763 0.060417 0.013986
739006 0.062294 0.063784 0.062294 0.014757
739007  0.060875 0.067472 0.060875 0.016509

1077999  NaN NaN NaN -1 -1
1078000  NaN NaN NaN -1 -1

(c)



band2 band3 band4 SZDI Cluster
NaN NaN NaN -1 -1
2 NaN NaN NaN -1 -1

738995 0.057685 0.051308 0.057685 0.010312
738996 0.058978 0.052721 0.058978 0.010842
738997 0.055735 0.051958 0.055735 0.010842

1077999  NaN NaN NaN -1 -1
1078000  NaN NaN NaN -1 -1

5.2.3. Application of unsupervised machine learning model

Let X= {Xi}, 1=1,..., n be the set of d-dimensional points to be clustered into a
set of K clusters, C={Cx ; K=1,...,K}.The K-means algorithm seeks a partition such
that the squared error between the empirical mean of a cluster and the points in the
cluster is minimized. Let px be the mean of cluster Ci. The squared error between ik
and the points in cluster Ci is defined as [91]:

J(€) = TxecillXi = pell? (26)
The objective of K-means is to minimize the sum of the squared error across all K
clusters,

J(€) = T 1 ExecylIXi = well® 27)

As the squared error cconsistently decreases with an increase in the number of
clusters K (with J(C)=0 when K=n), it can only be minimized for a fixed number of

clusters [91].

Given that this chapter aims to distinguish Sargassum and Zostera from the

SWSG area, which has been extracted by the bottom index, the cluster K for this



chapter will be best to 2. Utilizing reflectances of band 2, band 3, and band 4 as
features and employing the KMeans function imported from sklearn.cluster, the

distribution of Sargassum and Zostera will be mapped.

5.2.4. Evaluation of the machine learning model

Two evaluation measures were utilized to assess K-means performance, one of
the most common criteria for optimization is the mean square error (MSE) (equation
21). MSE is the sum of the squares of the differences between true values and
predicted values for each data, divided by the total number of data
(https://paddlepedia.readthedocs.io/en/latest/tutorials/deep learning/loss functions/

MSE.html; Accessed on Dec. 5, 2023).

MSE = =37 (y; — §1)? (28)

m

where m represents the number of samples (all pixels in the cropped study area), y;
is the true value (binarated SZDI results), and y; is the predicted value (K-means
clustering results). A smaller MSE value, closer to 0, indicates that the predicted
value is closer to the true value. In this study, MSE value was calculated by

employing the ‘mse squared_error’ function from ‘sklearn.metrics’.

The other measure is Cohen’s Kappa coefficient. It is generally considered a
robust statistic that is useful for evaluating the consistency between either interrater
or intrarater agreements. The range of the kappa coefficient is from -1 to +1, with
values closer to 1 indicating higher consistency. The kappa coefficient is defined as

[93,94]:

Jo = DePe — 1 _ TP (29)
1-pe 1-pe



where p, represents the actual consistency when measuring the same thing. And p,
represents the hypothetical probability of a random match [95]. In this study, the
binarized SDZI value and the K-means clustering value are assumed to be two raters,
and k value is considered as the assessment of consistency. Finally, the k value will be
interpretated based on Table 5.1. In this study, k value is calculated by employing the

‘cohen_kappa_score’ function imported from ‘sklearn.metrics’.

Table 5.1. Interpretation of Cohen’s kappa.

Value of Kappa Level of Agreement

0-0.20 None
0.21-0.39 Minimal
0.40-0.59 Weak
0.60-0.79 Moderate
0.80-0.90 Strong

Above 0.90 Almost Perfect

(https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3900052/; Accessed on Dec. 3,

2023)

5.3. Results

5.3.1.Sargassum and Zostera Distribution Obtained Using Machine Learning

As described in subsection 5.2, the K-means clustering was applied using the same
study area and date. Then, two clusters were obtained, with the cluster representing
Sargassum presented in red, and the cluster representing Zostera presented in green.
The land is depicted in black, and the sea in white. The K-means images are shown

in Figure 5.2.
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Figure 5.2. Sargassum and Zostera distribution maps using K-means clustering. (a),
(b) and (c) represents the distribution map on Mar. 19, May 23 and Jul. 27, 2023. In
these maps, Sargassum 1s represented by the red color, Zostera by the green color,
land by the black color, and sea by the white color. The labels on the colorbars denote

different cluster labels during calculations.

Figure 5.2 (a), (b), and (c) show high consistency with binarized SZDI images
(depicted in Figure 4.6) by manual visual inspection. According to the figures,
Zostera predominantly exists in the sandy mud areas shallower than the 2m depth,
while Sargassum predominantly exists in the reef areas shallower than the 10m depth.
The figures also suggest that the peak season for Zostera is around May, and the
maturation period for the Sargassum extends from March to December. To precisely
assess the accuracy of the K-means clustering model, MSE and Kappa coefficient

methods were employed.



53.2.

Evaluation of the Machine Learning Model

After comparing the K-means images and binarized SZDI images using the

MSE and Kappa coefficient algorithm, the obtained MSE value and k value are as

follows in Figure 5.3.
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Figure 5.3. (a) illustrates the MSE value of K-means images compared to binarized

SZDI images on Mar. 19, May 23, and Jul. 27, 2023, (b) illustrates the K value of K-

means images compared to binarized SZDI images on the same dates.



The MSE values for each date are under 0.14, approaching 0, indicating that
the K-means images closely resemble the binarized SZDI images. Furthermore, the
k values for each date are over 0.87, signifying ‘strong’ and ‘almost perfect’
agreement between the K-means images and binarized SZDI images, according to
Table 5.1. Thus, it is confirmed through quantitative evaluation that the K-means

clustering model in this study is effective in certain aspects.

5.4. Discussion

54.1 Validity of the K-Means Model

In this study, when the verified binarized SZDI images were assumed to be the
true dataset, the K-means images demonstrated high consistency with them. The
consistency was confirmed through the MSE algorithm and Kappa coefficient.
Subsequently, to explore wider applicability, band 1 to band 5 (after band 5, the
reflectance is corrected to be zero, so it is not considered) were selected as five
features of K-means clustering. The MSE value is 0.13, the K value is 0.89 on Mar.
19, 2023. The MSE value is 0.07, and the k value is 0.88 on May 23, 2023. The MSE
value is 0.02, the k value is 0.97 on Jul. 27, 2023. These values are similar to those
when features are selected as band 2 to band 4, indicating that the k-means clustering

model can be validly used for classifying in this study area.

Moreover, it is noteworthy that, compared to the SZDI method, K-means
clustering can demonstrate its effectiveness without subjective judgment, and the
development of the algorithm and programming time can be substantially reduced.

These advantages show high potential in the remote sensing field in the future.



54.2 Limitations of the K-Means Model

There still exist two major challenges with the practical application of the K-
means model. The first challenge is that the results of K-means are difficult to
accurately verified when the true dataset is absent. In this study, the true dataset was
tentatively assumed as the binarized SZDI images obtained from Chapter 4. Although
these binarized SZDI images have been verified, there may still be some errors
compared with the true distribution. Moreover, in many cases, the true situation is
not easy to grasp, making it more challenging to access the effectiveness of machine
learning models. The second challenge is that the number of clusters needs to be
defined before applying K-means. If the study area contains multiple seaweeds and
seagrass species, determining the appropriate number of clusters will be challenging,

resulting in inaccurate classification.

5.5 Conclusions

This chapter attempted an unsupervised machine learning model, K-means
clustering to distinguish Sargassum and Zostera from the SGSW area obtained from
Chapter 4. The results were then assessed by comparing them with the SZDI images
using the MSE algorithm and Kappa coefficient. Consequently, the following points

were clarified.

1. The K-means clustering is confirmed to be effective for classifying Sargassum

and Zostera in this study area in some aspects.



2. Compared with the SZDI method proposed in Chapter 4, K-means clustering
demonstrates prominent advantages, including an objective process and a shorter

development time for algorithms and programming.

In the future, additional work is expected to further complete this study. This includes
increasing field surveys to provide a true dataset for machine learning and developing
an automated and reliable method to define the number of clusters. These

enhancements are believed to broaden the scope of application of the methods.



Chapter 6: Conclusions

This study is primarily divided into three research components, including the
detection of floating marine debris using Landsat-8 data, the classification of
Sargassum and Zostera using Sentinal-2 data, and the classification of Sargassum and

Zostera classification using machine learning.

Firstly, in the background of the yearly increasing rain disasters attributed to
climate change, the damage caused by widespread and devastating floods, landslides,
and mudflows has been more severe. These damages contain a significant amount of
marine debris that flows into the sea, posing hazards to the environment, fishing
industry, and navigation transportation. As a contribution to immediately removing
these hazards and promoting post-disaster reconstruction, the first research component

has clarified the following items:

(1) It is confirmed that the marine debris had a high peak reflectance in band 5 (central

wavelength 865 nm), from the spectral reflectance data of Landsat-8 level-2

(2) It 1s confirmed that the corrected Floating Algae Index (cFAI) method performed
better than the original Floating Algae Index (FAI) method in remove the

background water signals from the Landsat-8 images.

(3) It is confirmed that the Otsu method, commonly used in image binarization, is
effective in objectively determining images of cFAIL This makes it possible to

automatically detect marine debris from complicated backgrounds.

(4) Based on the findings (1) - (3), the distribution and movement change of marine
debris in the Seto Inland Sea off the coast of Hiroshima Prefecture after the heavy

rain in July 2018 was reproduced and verified.



Secondly, considering the importance of conserving the blue carbon ecosystems,
the distribution of the seaweed and seagrass beds has become crucial. Moreover, due to
variations in the storage ability of organic carbon among species, there is a need for the
development of a classification method. In response to this requirement, this study has

clarified the following items:

(1) It is confirmed that the Bottom Index is effective for estimating the area of the
seaweed and seagrass beds in the Seto Inland Sea, when using a combination of

Band 3 (green) and Band 4 (red) of Sentinal-2 data.

(2) Itis confirmed that the spectral reflectance characteristics of Sargassum and Zostera
both exhibit low reflectance in the blue and red bands. But relatively high

reflectance in the green band is observed for Zostera.

(3) Based on the findings (1) — (2), we proposed a classification method named
Sargassum and Zostera Distinguishing Index (SZDI) and reproduced the
distribution of the two species in the Seto Inland Sea. This method was verified by

several field surveys and their specific biological characteristics.

Finally, considering the existing challenges of SZDI algorithm, including subjective
determination of threshold and extended algorithm development time and program
creation times, the machine learning methods, K-means clustering was employed for
classification. Through the attempt with K-means clustering, this study has clarified the

following items:

(1) It is confirmed that the 2-clustering K-means clustering algorithm is effective for

distinguishing Sargassum and Zostera in this study in some aspects.

(2) It is confirmed that K-means clustering demonstrated prominent advantages,
including an objective process and a shorter development time for algorithms and

programming, compared with the SZDI method.



In the future, additional work is expected to further complete the study. This includes
increasing the widening and frequency of field surveys, which are expected to be
effective verification materials. Clarifying the biological characteristics is also
important. Furthermore, the development of a more accurate water depth correction

method is needed.
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Appendix A

(a) True color image
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Figure Al. (a) True color, (b) FAIL (c) cFAI, and (d) marine debris images
calculated from Landsat-8 data acquired on 9 July 2018. Results over a wider

area than that in Figure 7 are shown.



