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Assessing optical water types in Asian coastal ocean waters 
from space using GCOM-C/SGLI observations
Eko Siswanto a,b

aResearch Institute for Global Change (RIGC), Japan Agency for Marine-Earth Science and Technology 
(JAMSTEC), Yokohama, Japan; bAdvanced Institute for Marine Ecosystem Change (WPI-AIMEC), Yokohama, 
Japan

ABSTRACT
Human activities and climate change exert environmental and 
ecological pressures on the Asian coastal ocean waters through 
dramatic changes in optical water types. This necessitates the 
development of methods to observe and monitor optical water 
types with optimal spatiotemporal resolution, which can only be 
achieved through remote sensing techniques, particularly for opti
cally detectable water properties. This study utilized 250-mresolu
tion ocean colour data retrieved from the Second-Generation 
Global Imager (SGLI), covering waters across Asia, to develop 
a common optical water type algorithm for Asian coastal ocean 
waters. The algorithm is based on relationships among optical 
properties, threshold values, and criteria, classifying the waters 
into eight optical water types: turbid, high-coloured-dissolved 
organic matter (CDOM), mixed, oligotrophic, coccolithophore 
bloom, mesotrophic, diatom bloom, and dinoflagellate bloom 
waters. The values of remote sensing reflectance (Rrs) slope 
between 490 and 530 nm (3.0 × 10−6) and the Rrs at 490 nm 
(0.0013 sr−1) serve as optimal thresholds for distinguishing dino
flagellate blooms, diatom blooms, and high-CDOM waters. The 
proposed method performs well in classifying most water bodies, 
though some artefacts suggest that refinements are needed to 
improve the method’s robustness. The ability to classify optical 
water types provides a valuable tool for marine ecosystem and 
biogeochemical studies, especially in optically complex water 
bodies where land–ocean interactions are particularly strong.

Highlights
● Human activities and climate change alter optical water types in 

the Asian coastal ocean waters, necessitating optimal spatiotem
poral satellite-based observations.

● This study develops an optical water type algorithm for Asian 
coastal ocean waters, designed for use with the GCOM-C/SGLI 
ocean colour sensor.

● The algorithm effectively classifies Asian coastal ocean waters 
into eight types of optical water properties.
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1. Introduction

Currently, around 40% of Asia’s population resides within 100 km of the coast. The 
concentration of human settlements in coastal areas is driven by the economic benefits 
provided by multiple industries such as mariculture, tourism and recreation. However, the 
growing population and intense economic activities in these regions are putting increas
ing pressure on coastal ocean ecosystems, as evidenced by significant changes in water 
quality. Environmental pressures related to these changes include sedimentation, 
increases in dissolved organic and inorganic matter, eutrophication, red tides and 
hypoxia. These water quality shifts result in industrial damage, ecosystem and biodiversity 
loss, fish mortality, significant economic and livelihood losses, and adverse societal 
impacts. With climate change and global warming, these water quality issues are 
expected to worsen, further threatening marine life and food security by impairing fish
eries production.

The United Nations (UN) places significant emphasis on coastal ocean water quality as 
a key indicator for measuring progress towards the Sustainable Development Goals 
(SDGs). This is particularly evident in Goal 14: Life Below Water, which focuses on conser
ving and sustainably using oceans, coastal waters, and marine resources for sustainable 
development. Specifically, the UN identifies eutrophication as indicator 14.1.1, which can 
lead to red tide events. The UN also directly links red tides to climate change in both the 
IPCC 5th Assessment Report (AR5) and the IPCC 2019 Special Report. Many Asian coastal 
ocean waters experience long-term and periodic changes in water quality, associated with 
emerging issues such as nutrient enrichment, red tide outbreaks, and sedimentation. This 
is due to the dense populations surrounding these waters (e.g. Guilmoto and Oliveau  
2018) and their vulnerability to climate change, given their location between the Pacific 
and Indian Oceans (Siswanto et al. 2020).

Jakarta Bay, Manila Bay, the upper Gulf of Thailand, Chinese coastal waters, and Tokyo 
Bay (e.g. Feng et al. 2020; Luang-On et al. 2023) are among the coastal areas in Asia heavily 
affected by riverine effluent rich in dissolved organic and inorganic matter, leading to 
nutrient enrichment. As a result, these coastal oceans frequently experience eutrophica
tion, red tides, and hypoxic conditions, causing severe damage to marine ecosystems, 
fisheries resources, and significant socioeconomic impacts. This situation calls for rapid 
coastal water quality monitoring to support efforts in mitigating and adapting to these 
changes. However, in situ monitoring is costly and impractical for long-term observation 
on a large spatiotemporal scale. Such large-scale and rapid observations can only be 
effectively achieved through satellite remote sensing.

The colour, or apparent optical properties of the coastal ocean, can serve as 
a measure of optical water quality, attributed to the amounts of in-water substances 
with unique light absorption and/or backscattering properties. In-water substances 
such as phytoplankton, total suspended solids (TSS, mg l−1), and coloured-dissolved 
organic matter (CDOM) determine optical water types such as clear-blue waters, TSS- 
dominated turbid waters, and other optical water types (Moore, Campbell, and Dowell  
2009; Moore, Dowell, and Franz 2012). In this study, ‘optical water types’ refer to 
categories of in-water substances that dominated the water optical properties that, at 
a primary level, can be qualitatively assessed by satellite ocean colour sensors through 
observed apparent optical properties—i.e. properties dependent on both the medium
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and ambient lights (e.g. Chen, Zhang, and Guan 2018). To fully harness the potential of 
satellite remote sensing for monitoring coastal optical water types across Asia, it is 
essential to develop a common algorithm based on satellite data, particularly with 
optimal spatial resolution, as these optical water type changes typically occur in small 
coastal areas and embayments.

This study aims to develop a common algorithm to assess optical water types in coastal 
oceans across Asia. It utilizes multispectral ocean colour data with a 250-m spatial resolu
tion, observed by the Second-Generation Global Imager (SGLI) onboard the Japanese 
Global Change Observation Mission (GCOM/C) satellite. This study presents an approach 
to mapping optical water types across the Asian coastal ocean waters with the optimal 
resolution – offering finer spatial resolution than the Aqua/MODIS, Suomi-NPP/VIIRS, and 
Sentinel-3/OLCI, as well as finer temporal and spectral resolutions than Landsat-8 and 
Sentinel-2. Unlike geostationary satellites or sensors (e.g. GOCI-II, Gaofen-4), this approach 
is globally scalable because GCOM-C is a sun-synchronous satellite.

2. Methodology

2.1. Site selection and rationale

To develop a common ocean colour algorithm applicable to the SGLI for assessing optical 
water types across Asian coastal ocean waters, this study followed the approach described 
by Siswanto et al. (2013) and Siswanto et al. (2024). The approach was designed to classify 
turbid water with high TSS, clear open oceans with low chlorophyll-a concentration (Chl- 
a, mg m−3), and waters dominated by phytoplankton. The waters dominated by phyto
plankton were further separated into diatom bloom or dinoflagellate bloom. Mixed 
waters interfering with CDOM were also classified. However, both approaches proposed 
by Siswanto et al. (2013) and Siswanto et al. (2024) were local algorithms, limiting their 
applicability to the entire Asian coastal ocean waters. To ensure broader applicability, SGLI 
data from various study sub-regions, as shown in Figure 1, were used.

The study sub-regions are the Arabian Sea (AraS), Bay of Bengal (BoB), southeastern 
Indian Ocean (SEIO), Malacca Strait (MS), South China Sea (SCS), Manila Bay (ManB), 
Jakarta Bay (JakB), upper Gulf of Thailand (uGoT), East China Sea (ECS), Bohai Sea (BoS), 
Yellow Sea (YeS), Tokyo Bay (TokB), Sagami Bay (SaB), southeast of Hokkaido (SeaHok), 
and Northern Caroline (NorCar). The sites were selected to represent a diverse and 
continuous range of bio-optical water properties, from end-members such as low-Chl-a 
waters in the open ocean to high-TSS or turbid waters, high-CDOM waters, and high-Chl-a 
waters or phytoplankton blooms. Additionally, the waters with phytoplankton blooms 
were further classified based on different types of phytoplankton blooms (Table 1).

2.2. GCOM-C/SGLI data acquisition and extraction

This study utilized the SGLI Level-2 dataset, incorporating the latest Version 3 atmo
spheric correction (Murakami et al. 2022; Toratani, Ogata, and Fukushima 2021). The 
dataset includes remote sensing reflectance (Rrs, sr−1) and Chl-a at a spatial resolution 
of 250 m. The Chl-a and Rrs values were converted from their digital numbers using 
the provided scale factors and offset values. A detailed explanation of the Rrs
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computation, including the bidirectional reflectance distribution function correction, is 
available in Toratani, Ogata, and Fukushima (2021). The SGLI data were obtained from 
the Japan Aerospace Exploration Agency (JAXA) via G-Portal (JAXA – G-Portal, https:// 
gportal.jaxa.jp/gpr/).

The Chl-a and Rrs data were extracted from the red transect lines in the study sub-regions 
(Figure 1). The Chl-a and Rrs values along these transect lines were defined as the mean values 
averaged from 3 × 3 pixel grids. Quality assurance (QA) flags – DATAMISS, LAND, ATMFAIL, 
CLDICE, STRAYLIGHT, and HIGLINT – were applied to ensure data quality. Detailed descrip
tions of these QA flags are available at: https://suzaku.eorc.jaxa.jp/GCOM_C/data/update/ 
Algorithm_IWPR_en.html. The SGLI observes Rrs at seven wavelengths (λ = 380, 412, 443, 
490, 530, 565 and 670 nm) in the UV-visible electromagnetic spectrum. However, due to the 
presence of negative values and low accuracy for Rrs at the UV band (380 nm) (hereafter 
Rrs380, and Rrsλ for other wavelengths), this study excluded Rrs380 from the analysis. A total of 
2,423 Rrs spectra were extracted from all red transect lines, representing a broad range of
water optical properties.

b.5 b.3 

b.2 
a.1 a.2 b.1

(a) 
a.3

(b) b.4

c.2 
c.5

c.1 c.3

c.4
(c) (d) 

Figure 1. Geographic maps showing the sub-regions of this study. The blue boxes denote the sub- 
regions, while the red lines indicate the transect lines where SGLI-retrieved Chl-a and Rrs were 
extracted. (a) Sub-regions on the Indian Ocean side include the AraS (a.1), BoB (a.2), and SEIO (a.3). 
(b) Sub-regions in Southeast Asian coastal ocean waters include the MaS (b.1), SCS (b.2), ManB (b.3), 
JakB (b.4), and the uGoT (b.5). (c) Sub-regions on the Pacific Ocean side include the ECS (c.1), BoS and 
YeS (c.2), TokB (c.3), SaB (c.4), and off SeaHok (c.5). (d) The sub-region of NorCar in the Atlantic Ocean 
side.
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2.3. Data analysis

To group the 2,423 extracted Rrs spectra into clusters, this study applied hierarchical 
cluster analysis. The Euclidean distance was calculated to determine the similarity or 
dissimilarity between each pair of Rrs spectra. Ward’s algorithm was applied to the 
squared Euclidean distances to assess the proximity of the Rrs spectra (Ward 1963). The 
agglomerative Ward’s algorithm, also known as the minimum variance algorithm, is 
a linkage method based on variance analysis that minimizes the sum of squares within 
each cluster to evaluate the distance between them.

This study followed and expanded upon the approach proposed by Siswanto et al. 
(2013) and Siswanto et al. (2024), which used the relationship between the Rrs spectral 
slope between the blue (443 nm) and green (565 nm) wavelengths (hereafter 
Rrs_slope443_565) and Chl-a. This relationship has been effective in distinguishing between 
low-Chl-a waters, turbid waters with high non-phytoplankton inorganic particulate mat
ter, and high-Chl-a waters, which may include seasonal phytoplankton blooms or blooms 
associated with red tide events. Threshold values and regression-based borderline expres
sions were then applied to further differentiate other optical water types, such as those
influenced by different phytoplankton groups, CDOM-laden waters, and mixed waters.

Table 1. Names of the study sub-regions selected for this research, along with their corresponding 
short names. The table 1 also includes the observation dates by GCOM-C/SGLI and descriptions of the 
expected or confirmed optical water types.

Sub-region
Short 
name Observation date

Consideration/ 
confirmation

Arabian Sea AraS 3 January 2024 No presumption
Bay of Bengal BoB 19 July 2022 No presumption
Southeastern 

Indian Ocean
SEIO 2 December 2023 Phytoplankton bloom due to upwelling associated with 2023 El 

Niño
Malacca Strait MaS 1 July 2021 Well-known turbid water (Tan et al. 2006)
South China 

Sea
SCS 25 January 2024 No presumption

Manila Bay ManB 23 December 2020 Presumed to be optically complex water attributed to riverine 
organic and nutrient loading from untreated wastes (Manuel 
et al. 2021)

Jakarta Bay JakB 30 March 2024 Presumed to be optically complex water attributed to riverine 
organic and nutrient loading from untreated wastes

Upper Gulf of 
Thailand

uGoT 10 January 2022 Well-known to be optically complex and eutrophic water due to 
riverine nutrient load (e.g. Luang-On et al. 2023)

East China Sea ECS 30 January 2021 Well-known turbid water especially in winter due to intense wind- 
driven vertical mixing (Yamaguchi et al. 2013)

Bohai Sea BoS 30 January 2022 Well-known turbid water especially in winter due to intense wind- 
driven vertical mixing (Wang et al. 2019)

Yellow Sea YeS 30 January 2022 Well-known turbid water especially in winter due to intense wind- 
driven vertical mixing (Wang et al. 2019)

Tokyo Bay TokB 17 July 2023 Well-known to be optically complex water attributed to riverine 
effluent rich in CDOM (Furukawa 2015; Higa et al., 2020; Kubo 
et al. 2023)

Sagami Bay SaB 17 May 2020 Confirmed phytoplankton coccolithophore bloom (Yano et al. 2024)
Southeast 

Hokkaido
SeaHok 13 October 2021 Confirmed red tide caused by phytoplankton from the 

dinoflagellate group (Kuroda et al. 2022; Siswanto et al. 2024)
8 May 2022 Expected to be seasonal blooms of phytoplankton diatom
7 May 2022 Expected to be seasonal blooms of phytoplankton diatom

Northern 
Caroline

NorCar 28 September 2018 Confirmed to be optically complex water due to riverine effluent 
rich in CDOM following Hurricane Florence landfall (Paerl et al.  
2020)
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3. Results

3.1. Association between eRGB and in-water substances

Pairs of enhanced red-green-blue composite (eRGB, left) and Chl-a (right) images in the 
study sub-regions are shown in Figure 2. Following the approach of Hu et al. (2005), the 
eRGB was generated using normalized water-leaving radiance (nLw, W m−2 sr−1 μm−1) of 
three SGLI bands (565, 490 and 443 nm). Rrs was not used to create the eRGB composite 
image, as low Rrs values (where nLw is typically greater than 150 times Rrs) resulted in 
dark eRGB image. Collocations of vivid eRGB and high Chl-a can particularly be seen in 
the coastal waters of AraS (Figure 2(a.1)), BoB (Figure 2(a.2)), MaS (Figure 2(b.1)), SCS 
(Figure 2(b.2)), ECS (Figure 2(c.1)), BoS (Figure 2(c.2)), and SaB (Figure 2(c.4)). Reddish 
eRGB colours co-located with high Chl-a were observed especially in TokB (Figure 2(c.3)) 
and the SeaHok (Figure 2(c.5.1)). Additionally, brownish and dark-brown eRGB colours, 
accompanied by high Chl-a, were noted in the SeaHok (Figures 2(c.5.2, c.5.3)) and 
NorCar (Figure 2(d)), respectively.

The vivid eRGB in the MaS (Figure 2(b.a)) can be associated with turbid waters or 
high TSS, primarily consisting of non-phytoplankton particulate inorganic matter. In 
this study, TSS refers to suspended matter dominated by non-phytoplankton parti
culate inorganic material. It is well known that satellite-retrieved Chl-a in the MaS 
overestimates in situ Chl-a (Tan et al. 2006). This overestimation is caused by the 
significant presence of TSS. Vivid eRGBs observed during winter (30 January 2021) 
in the BoS, YeS, and ECS (Figures 2(c.1, c.2)) can also be attributed to high TSS. 
Strong winter winds drive vertical mixing, resuspending sediment from the sea 
bottom and increasing TSS. Yamaguchi et al. (2013) and Wang et al. (2019) reported 
that TSS caused a systematic overestimation of satellite-retrieved Chl-a in the ECS, 
BoS, and YeS during winter. Vivid eRGB was also observed in the SaB, but it was 
accompanied by moderate Chl-a (Figure 2(c.4)). Yano et al. (2024) recently found 
that the vivid colour observed on 17 May 2020 was due to a bloom of coccolitho
phores, a group of phytoplankton that produce calcium carbonate coccoliths 
(scales).

The reddish colour of eRGB observed in the waters off SeaHok (Figure 2(c.5.1)), 
collocated with high Chl-a, was identified as red tide waters caused by a bloom of 
phytoplankton from the dinoflagellate group (e.g. Kuroda et al. 2022; Siswanto et al.  
2024). This red tide, which occurred in the fall of 2021, resulted in the severe 
mortality of salmon and sea urchins, causing significant economic losses totalling 
USD 70 million for local fisheries industries (Taniuchi et al. 2023). The brownish eRGB 
and high Chl-a observed in the spring (7–8 May 2022) in the waters off SeaHok 
(Figures 2(c.5.2, c.5.3)) were likely associated with a seasonal spring bloom, typically 
due to a bloom of phytoplankton from the diatom group. Coastal upwelling is well 
known to occur in the SEIO during El Niño years, leading to phytoplankton blooms 
(e.g. Siswanto 2015; Siswanto et al. 2020). These blooms in the upwelling waters are 
usually dominated by diatoms (e.g. Hutchings et al. 1995). Romero, Rixen, and 
Herunadi (2009) also reported an increase in diatom phytoplankton during 2002 El 
Niño in the SEIO. Therefore, diatom blooms are also expected to occur in the SEIO
(Figure 2(a.3)) during the strong El Niño of 2023.
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The dark brown eRGB, accompanied by high Chl-a in the coastal waters of NorCar 
(Figure 2(d)), was observed on 28 September 2018, 2 weeks after the landfall of extreme 
Hurricane Florence (14 September 2018). Paerl et al. (2020) reported a twofold increase in 
CDOM in the coastal waters of NorCar two weeks after Hurricane Florence’s landfall. The
dark brown eRGB was thus associated with high CDOM discharged by river flow.

(a) 

(b) 

(c) 

(d) 

a.1 

a.2 

a.3 

b.1 
b.2 

b.3 

b.4 

b.5 

c.1 c.2 
c.3 c.4 

c.5.1 

c.5.2 c.5.3 

Chl-a (mg m-3) 

Figure 2. Pairs of eRGB (left) and Chl-a (right) images from the study sub-regions mentioned in 
Figure 1. The eRGB images were created by compositing nLw at 565 nm, 490 nm, and 443 nm 
following Hu et al. (2005). The red lines represent the transect lines from which the Rrs values were 
extracted and used for cluster analysis.
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3.2. Classifying water optical properties in oligotrophic-mesotrophic waters

A total of 2,423 Rrs spectra (Figure 3(a)) were extracted from all red transect lines shown in 
Figure 1. Cluster analysis divided the Rrs spectra into 21 clusters (C-1 to C-21), as shown in 
Figure 3(b). A scatter plot of Rrs_slope443_565 against Chl-a (Figure 4) was created to 
demonstrate how the different optical properties of the waters and the clusters of Rrs 
spectra relate to Chl-a.

The Rrs spectra marked by the yellow circle in their graphs (C-8 – C-12, C-15, C-18 and 
C-20, Figure 3) showed remarkable peaks at 565 nm, moderate peaks at 530 nm, and low 
Rrs at 412 nm. These Rrs spectra were extracted from turbid waters, primarily from the 
ECS, BoS, MaS and AraS coastal waters. The group of clusters marked by a blue circle (C-1, 
C-2, C-5, C-6, C-13, C-16, C-21 and C-19), which exhibited gradual changes in Rrs at 412  
nm, were extracted from clear waters with low Chl-a, located mainly in the open ocean 
regions of AraS, BoB, SEIO and SCS. Cluster C-14 (marked by a green circle), characterized 
by low Rrs at all wavelengths, mainly represented waters optically dominated by phyto
plankton and/or CDOM. Two clusters C-7 and C-17 (marked by a brown circle), character
ized by low Rrs412 and low peaks at 530 nm or 565 nm, primarily belonged to embayment 
and coastal waters such as the ManB, JakB, the uGoT and NorCar coastal waters. The Rrs 
spectra from the coccolithophore bloom that occurred in the SaB on 17 May 2020 were 
grouped into two clusters (C-3 and C-4), marked by a light blue circle. The Rrs cluster C-14 
(phytoplankton and/or CDOM-dominated) was distinguishable from C-17 by its relatively 
lower Rrs peak at 565 nm. This suggests that cluster C-17, along with cluster C-7, was 
significantly influenced by TSS interference.

Following the approaches of Siswanto et al. (2013) and Siswanto et al. (2024), a scatter 
plot of Rrs_slope443_565 against Chl-a (Figure 4) was created, and a regression line of 
Equation (1) 

is proposed as a borderline to separate turbid waters with high TSS from other optical 
water types. Data with a Rrs_slope443_565 higher than that of Equation (1) represent turbid
waters. Data with a Rrs_slope443_565 lower than that of Equation (1) consist of low-to- 
moderate Chl-a, phytoplankton blooms, high CDOM, and mixed waters. Mixed waters 
were classified based on their location within the scatter plot, positioned between those 
representing turbid waters and those dominated by phytoplankton or high CDOM.

It is essential to classify coastal oceans based on (Chl - a) to indicate their productivity, 
trophic status, and the risk of suffering from eutrophication and red tide events. Previous 
studies have defined the trophic status of coastal oceans using different ranges of Chl-a 
(Hagy et al. 2022; O’Reilly and Werdell 2019; Sathishkumar et al. 2022). This study redefines 
oligotrophic (<1 mg m−3), mesotrophic (1–5 mg m−3), and eutrophic (>5 mg m−3) waters 
based on new ranges of Chl-a that simplify and incorporate the ranges mentioned in 
previous studies (Figure 4).

It is worth noting that data from phytoplankton coccolithophore blooms fall within the 
mesotrophic waters category (1–5 mg m−3). The Rrs spectra from coccolithophore blooms 
are characterized by moderate Rrs peaks at 490 nm and relatively higher Rrs412 compared 
to those from turbid waters (Figure 3). By exploiting these Rrs spectral characteristics,
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Figure 3. (a) A total of 2,423 Rrs spectra were extracted from all red transect lines in the study sub- 
region. (b) The 21 clusters (C-1 – C-21) of Rrs spectra resulted from the cluster analysis. In each graph, 
the blue line represents the mean Rrs spectrum, with the 10th (red dashed lower line) and 90th (red 
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a scatter plot of the Rrs slope difference (Rrs_slopediff, i.e. Rrs_slope490_530 minus 
Rrs_slope412_443) against Rrs412 was generated to differentiate coccolithophore bloom 
waters from other optical water types of mesotrophic waters (Figure 5(a)). Data with 
a Rrs_slopediff higher than the values along the borderline expressed by Equation (2)
below 

dashed upper line) percentiles. The vertical dashed black lines indicate the SGLI wavelengths (412, 
443, 490, 530, 565 and 670 nm). The colours of the circles below the cluster labels correspond to those 
shown in Figure 4. Clusters marked by dark blue and dark yellow circles consist of Rrs spectra 
representing clear waters and turbid waters, respectively. Clusters marked by bright blue circles 
(C-3 and C-4) consist of Rrs spectra from waters with coccolithophore blooms. Clusters marked by 
brown circles (C-7 and C-17) consist of Rrs spectra from mixed waters. The cluster marked by a green 
circle (C-14) consists of Rrs spectra from waters with dinoflagellate blooms, diatom blooms, and high 
CDOM.

Figure 4. Scatter plot of Rrs_slope443_565 against Chl-a for all clusters resulting from the cluster 
analysis. Data in dark blue and dark yellow represent various clusters corresponding to clear waters 
and turbid waters, respectively. Data in bright blue represent clusters associated with waters contain
ing coccolithophore blooms. Data in green represent clusters associated with waters containing 
dinoflagellate blooms, diatom blooms, and high CDOM (see Figure 3 for the clusters of Rrs from the 
cluster analysis). Data in brown represent clusters corresponding to mixed waters. The dashed line, 
with equation (1) (Rrs_slope443_565 = 0.00002 × Ln(Chl-a) + 0.00002), is a regression line that separates 
clusters of turbid waters from clusters of other water types. The two vertical dashed green lines divide 
the trophic status of waters based on Chl-a: oligotrophic (<1 mg m−3), mesotrophic (1–5 mg m−3), and 
eutrophic (>5 mg m−3) waters.
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are classified as coastal oceans experiencing phytoplankton coccolithophore blooms. The 
remaining non-coccolithophore bloom data in mesotrophic waters are simply classified as 
waters with moderate Chl-a, ranging from 1 to 5 mg m−3.

3.3. Classifying water optical properties in eutrophic waters

Previous studies have used a threshold of satellite-retrieved Chl-a >5 mg m−3 to classify 
waters as being susceptible to eutrophication (Maúre et al. 2021) and red tide outbreaks

(a) (b)

(c)

Figure 5. (a) Scatter plot of Rrs_slopediff against Rrs412. The grey line in (a) is a regression line (Equation 
(2): Rrs_slopediff = −0.0973 × Rrs412 + 0.0005), which separates clusters representing coccolithophore 
bloom waters (light blue circles) from other clusters within mesotrophic waters (Chl-a of 1–5 mg m−3), 
where Rrs_slopediff = Rrs_slope490_530 – Rrs_slope412_443. (b) Scatter plot of Rrs_slope490_530 against 
Rrs490. The grey line in (b), expressed by equation (3) (Rrs_slope490_530 = −0.0322 × Rrs490 + 0.00008), 
serves as a borderline separating mixed waters (brown circles) from other optical water types (green, 
red, and purple cirles representing diatom bloom, dinoflagellate bloom, and high-CDOM waters, 
respectively) within eutrophic waters (Chl-a > 5 mg m−3). (c) The mean Rrs spectra for mixed waters 
(brown), diatom bloom waters (green), dinoflagellate bloom waters (red), and high-CDOM waters 
(purple).
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(Shang et al. 2014). The same threshold (Chl-a >5 mg m−3) is applied in this study when 
classifying the bloom-causing phytoplankton types (diatom or dinoflagellate).

Figure 5(b) shows a scatter plot of Rrs_slope490_530 against Rrs490 derived from all data 
with Chl-a greater than 5 mg m−3, excluding the data previously classified by Equation (1) 
as turbid waters with high TSS. The reasons for selecting Rrs_slope490_530 and Rrs490 as 
variables for the scatter plot are as follows: 1) contrasting slopes of diatom blooms
(negative) against dinoflagellate blooms (positive); and 2) high Rrs490 during diatom 
blooms but low Rrs490 during dinoflagellate blooms (Figure 5(c)). Notably, mixed waters 
are grouped separately (Figure 5(b)) above the grey regression line of Equation (3) 

below which are the data belonging to diatom blooms, dinoflagellate blooms, and high 
CDOM. The mean Rrs from mixed waters exhibited high values at green wavelengths 
(Figure 5(c)), indicating a mixture with turbid waters. Higher Rrs during diatom blooms 
compared to dinoflagellate blooms (Figure 5(c)) is consistent with in situ hyperspectral Rrs 
measurements reported by Shang et al. (2014). Higher Rrs_slope443_490 during diatom blooms, 
relative to dinoflagellate blooms, is also consistent with Shang et al. (2014) results. However, 
this study did not utilize Rrs_slope443_490, as its similarity (high positive slope values) in both 
diatom bloom and high-CDOM waters made it difficult to distinguish between the two. While 
classifying mixed waters is relatively straightforward, it is challenging to discriminate between 
waters with diatom blooms, dinoflagellate blooms, and high CDOM.

The scatter plot in Figure 5(b) is particularly useful for distinguishing waters with 
diatom blooms from those with dinoflagellate blooms. Data associated with diatom 
blooms tend to have low Rrs_slope490_530, which can be approximately separated using 
an Rrs_slope490_530 threshold value of less than 0.000003. Following the discrimination of 
diatom bloom waters, dinoflagellate bloom waters can be approximately separated using 
an Rrs490 threshold value of less than 0.0013 sr−1. The remaining unclassified data are 
defined as waters with high CDOM, as they primarily originate from the NorCar coastal 
waters following the landfall of Hurricane Florence.

The aforementioned procedures classify water optically into eight types: 1) 
turbid waters with high TSS, 2) clear or oligotrophic waters with Chl-a <1 mg m−3, 3) 
phytoplankton coccolithophore bloom waters, 4) mesotrophic waters with moder
ate Chl-a (1–5 mg m−3), 5) mixed waters, 6) diatom bloom waters, 7) dinoflagellate 
bloom waters, and 8) high CDOM waters. The procedures, including the criteria 
and thresholds used for classification, are schematically summarized as a flowchart 
in Figure 6.

3.4. Geographical distribution of optical water types in the study sub-regions

Figure 7 presents maps of optical water types in the study sub-regions, classified using the 
proposed method. To facilitate comparisons between water classification results and their 
corresponding eRGB and Chl-a images, the figure indices in Figure 7 match those in 
Figure 2, regardless of their order of reference in this section.

Turbid or TSS-rich waters were identified mainly in the marginal seas of the ECS 
(Figure 7(c.1)), BoS (Figure 7(c.2)), northeastern coast of AraS (Figure 7(a.1)), northwestern 
coast of BoB (Figure 7(a.2)), coastal waters of the MaS (Figure 7(b.1)), northern coast of SCS
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(Figure 7(b.2)), northern coast of ManB (Figure 7(b.3)), northeastern coast of uGoT 
(Figure 7(b.5)), and northern coast of SaB (Figure 7(c.4)). A large portion of mixed waters 
was identified in the ManB (Figure 7(b.3)), JakB (Figure 7(b.4)), TokB (Figure 7(c.3)), and 
along the southern coast of NorCar (Figure 7(d)). Waters with high CDOM were classified 
along the southern coast of NorCar and in TokB.

In the mesotrophic waters with Chl-a <5 mg m−3, the presence of phytoplankton 
coccolithophores was identified in the SaB (Figure 7(c.4)). In the eutrophic waters with 
Chl-a >5 mg m−3, blooms caused by phytoplankton from the dinoflagellate (Figure 7 
(c.5.1)) and diatom (Figures 7(c.5.2, c.5.3)) groups were also identified. Waters with Chl-a

Figure 6. Flowchart outlining the method and criteria for classifying optical water types into eight 
categories: turbid waters, mixed waters, clear-oligotrophic waters, coccolithophore bloom waters, 
mesotrophic-moderate Chl-a waters, cdom-dominated waters, eutrophic-diatom bloom waters, and 
eutrophic-dinoflagellate bloom waters.
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Figure 7. Maps of optical water types in the sub-regions of the study classified using the method 
outlined in Figure 6 proposed by this study. Eight optical water types are produced by the proposed 
method: turbid, high-cdom, mixed, oligotrophic, coccolithophore bloom, mesotrophic, diatom bloom, 
and dinoflagellate bloom waters.
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ranging from 1 to 5 mg m−3, other than those dominated by coccolithophores, were 
classified as mesotrophic for the sake of simplification and because they are unlikely to 
cause harmful effects within that Chl-a range. The rationale for the approach taken in this 
study will be discussed below as a guide for interpreting the results of optical water 
property classifications.

4. Discussion

4.1. Rationale and advantages of the optical water type classification 
interpretation

Turbid and clear waters can be classified with high likelihood by the scatter plot of 
Rrs_slope443_565 against Chl-a (Figure 4). The vivid colours in the eRGB imagery provide 
self-validation for the presence of turbid water with high TSS, regardless of the magnitude 
of Chl-a. Waters with low Chl-a, particularly in the open ocean, are undoubtedly clear and 
oligotrophic. Defining clear water directly by referring to low Chl-a is more straightfor
ward and certain compared to the approach that relies on Rrs spectral recognition (e.g. 
Siswanto et al. 2013, 2024). This is especially true because retrievals of Rrs in the short 
wavelengths by all ocean colour sensors are generally more prone to atmospheric 
correction issues and, therefore, more uncertain compared to those in the longer 
wavelengths.

Vivid colours in the eRGB imagery are, however, not always associated with turbid 
waters. The vivid eRGB observed in the SaB on 17 May 2020 was confirmed to be caused 
by the presence of phytoplankton coccolithophores (Yano et al. 2024). The method 
proposed here detected the presence of coccolithophores in mesotrophic waters 
(Figure 2(c.4)). In the northern coast of SaB, however, the vivid colour (Figure 2(c.4)) was 
classified as turbid waters, exhibiting a discrepancy with the results obtained using the 
flagging method demonstrated by Yano et al. (2024).

Interpreting the likely optical water types in mesotrophic waters (Chl-a range: 1–5  
mg m−3) is challenging. Although the current study does not classify optical water 
types in mesotrophic waters for the sake of simplicity and the expectation of no 
harmful effects, it is worthwhile to describe the rationales for interpreting the like
lihood of these optical water types. The geographic location of classified mesotrophic 
waters and the main optical water types adjacent to them are important considera
tions when interpreting mesotrophic waters.

In offshore waters, the types of mesotrophic waters located adjacent to phytoplankton 
blooms caused by specific phytoplankton species or groups are likely the same as the 
main optical water types. For instance, during the events of dinoflagellate (Figure 7(c.5.1)) 
and diatom (Figure 7(c.5.2)) blooms (Chl-a >5 mg m−3), the mesotrophic waters are likely 
extensions of the dinoflagellate and diatom blooms, albeit with lower bloom intensities 
associated with lower Chl-a (1–5 mg m−3). Mesotrophic waters classified adjacent to 
coccolithophore waters (Figure 7(c.4)) were likely extensions of the main coccolithophore 
bloom waters.

A similar interpretation also applies to mesotrophic waters adjacent to main turbid 
waters, such as in the ECS (Figure 7(c.1)), BoS (Figure 7(c.2)), and MaS (Figure 7b.1). These 
mesotrophic waters are likely to contain moderate levels of TSS. However, detached
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patches of mesotrophic waters from the main turbid waters might exhibit optical proper
ties that differ from those of the surrounding turbid waters. For instance, the mesotrophic 
waters located southeast of the main turbid waters in the ECS and southwest of the main 
turbid waters in the AraS (Figure 7(a.1)) may be more associated with phytoplankton 
rather than TSS.

Understanding whether high Chl-a is optically more associated with high TSS or 
phytoplankton is essential for marine ecosystem and biogeochemical studies. Chl-a is 
commonly used to assess the status of eutrophication (Maúre et al. 2021; Terauchi et al.  
2014), which is adopted by the United Nations for measuring progress towards 
Sustainable Development Goal 14: Life Below Water. Applying satellite Chl-a data that is 
interfered with by TSS (e.g. Wang et al. 2019; Yamaguchi et al. 2013) can result in an 
incorrect assessment of eutrophication status. Modelling phytoplankton primary produc
tion, particulate organic carbon flux and air-sea carbon dioxide flux in coastal oceans will 
also be problematic when erroneous satellite Chl-a data is used. The optical water type 
maps mentioned in Figure 7 can thus serve as a guide for marine ecosystems and 
biogeochemical studies in coastal oceans.

4.2. Challenging issues to be addressed

One issue identified in the classification results is the mesotrophic waters classified in the 
northern portion of the NorCar coastal waters (Figure 7(d)). Due to the criterion applied 
for classifying mesotrophic waters based on Chl-a that ranges from 1 to 5 mg m−3, the 
waters that were expected to optically belong to post-hurricane CDOM-laden waters 
(based on their dark brown eRGB imagery) were simply classified as mesotrophic waters 
with moderate Chl-a (Figure 2(d)). This occurs because the classification approach used in 
this study emphasizes optical water types in eutrophic waters with Chl-a >5 mg m−3 due 
to the potential risk of red tide occurrences. However, as CDOM can lead to hypoxic 
conditions, which can be detrimental to marine organisms below the surface, it is 
recommended that future work includes water type classification in mesotrophic waters.

There is a discrepancy in the detection results of phytoplankton coccolithophores 
between this study and Yano et al. (2024). The area of coccolithophores detected in this 
study was smaller than that reported by Yano et al. (2024). They adopted nLw thresholds 
proposed by Iida et al. (2002, 2012) to classify the presence of phytoplankton coccolitho
phores when nLw at 443 nm (nLw₄₄₃) and 565 nm (nLw₅₆₅) are higher than 1.1 and 0.8  
mW cm−2 μm−1 sr−1, respectively. Such a flagging method appears to work properly in 
optically homogeneous waters where there is no significant interference from TSS. 
However, applying these thresholds alone led to the false classification of TSS-laden 
waters, such as those in the ECS and MaS, as coccolithophore bloom water types (data 
not shown). This occurred because the nLw₄₄₃ and nLw₅₆₅ in the turbid waters exceed Iida 
et al. (2002, 2012) nLw thresholds. Even when the thresholds of the three band ratios in 
Iida et al. (2002, 2012) were applied, less turbid waters were unexpectedly classified as 
coccolithophore bloom waters.

The current study’s approach also classified the northern coast of the SaB as turbid 
waters. This classification is reasonable, as the Rrs values were high and peaked at 565 nm 
(data not shown), exhibiting common optical properties in optically complex waters with 
high TSS. However, the classification of turbid waters was also somewhat overestimated,
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as the classified turbid waters exhibited Rrs peaks at 490 and 530 nm, which are typical 
optical properties of waters with coccolithophore blooms (e.g. Cazzaniga, Zibordi, and 
Mélin 2021; Moore, Dowell, and Franz 2012). A likely false coccolithophore bloom detec
tion also occurred in the coastal waters east of JakB (Figure 7(b.4)). In future studies, an 
improved method capable of discriminating coccolithophore blooms from TSS-laden 
waters may involve identifying the wavelengths at which the Rrs peaks occur.

The northern portion of TokB is classified as an optically mixed water type 
(Figure 7(c.3)). It is likely due to the mixing of water with high Chl-a and riverine 
effluent rich in CDOM, as TokB is a highly urbanized, semi-enclosed water body 
(Furukawa 2015;; Kubo et al. 2023). The mixed water, characterized by high CDOM 
and high Chl-a, can be identified by patches of high CDOM waters and 
a phytoplankton bloom from the dinoflagellate group. The occurrence of red tide 
events, as indicated by elevated Chl-a levels, is reasonable because the image was 
taken during summer (17 July 2023), the peak season for red tides in TokB (e.g. 
Kusano, 2019). Unfortunately, there were no coinciding field observations of red tides 
to confirm the phytoplankton species responsible. However, based on the long-term 
data (2000–2017), Kusano (2019) reported that dinoflagellates are the second most 
frequent cause of red tides in TokB after diatoms.

The areas showing dinoflagellate phytoplankton blooms off SeaHok (Figure 7(c.5.1)) 
are approximately collocated with the areas of high dinoflagellate cell density reported by 
Kuroda et al. (2022). As discussed above, it is reasonable to expect that the mesotrophic 
waters (Chl-a range: 1 ~ 5 mg m−3) surrounding the main dinoflagellate blooms are 
extensions of the primary bloom but with lower intensity. This is supported by Kuroda 
et al. (2022) dinoflagellate cell density map (Figure 13 in Kuroda et al. 2022), which shows 
lower cell densities surrounding the main blooms. Although red tides are typically 
associated with Chl-a higher than 10 mg m−3 (e.g. Kuroda et al. 2022; Luang-On et al.  
2023; Yunus, Dou, and Sravanthi 2015), Luang-On et al. (2024) recently found that red 
tides observed by the GCOM-C/SGLI sensor can exhibit Chl-a levels lower than 10 mg m−3. 
Therefore, selecting a 5 mg m−3 Chl-a threshold to capture the main red tide areas is 
plausible, particularly when using GCOM-C/SGLI observations.

Classifying waters with Chl-a levels ranging from 1 to 5 mg m−3 simply as meso
trophic waters presents challenges, such as unclassified high-CDOM waters, the 
inability to distinguish between TSS-dominated and phytoplankton-dominated 
waters, and the inability to identify the dominant phytoplankton group within 
mesotrophic waters. The approaches used in this study primarily rely on Chl-a, 
thresholds, and regression lines derived from relationships observed among the 
water’s optical properties. The robustness of these borderlines and threshold values 
largely depends on the size of the dataset used. It would be beneficial to improve 
the current method by incorporating additional datasets from other sub-regions to 
enhance its robustness. This study also recommends including criteria capable of 
classifying optical water types within mesotrophic waters. Future work should focus 
on identifying Rrs spectrum peaks (to distinguish coccolithophore blooms from 
turbid waters), defining thresholds and borderlines in mesotrophic waters (to classify 
high-CDOM waters and map areas with less intense blooms), and applying inherent 
optical property models (e.g. Siswanto et al. 2024) to differentiate diatom from
dinoflagellate blooms.
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5. Conclusions

This study proposes a method based on apparent water optical properties to assess 
optical water types across Asian coastal ocean waters, designed for use with the GCOM- 
C/SGLI ocean colour sensor. The relationships among optical properties, threshold values, 
and criteria form an ocean colour algorithm that classifies Asian coastal ocean waters into 
eight optical water types: turbid, high-CDOM, mixed, oligotrophic, coccolithophore 
bloom, mesotrophic, diatom bloom, and dinoflagellate bloom waters. The SGLI-derived 
Rrs_slope490_530 of 3.0 × 10−6 and Rrs490 of 0.0013 sr−1 serve as the borderlines that 
separate dinoflagellate bloom, diatom bloom, and high-CDOM waters. Overall, the 
method performs well in classifying most coastal ocean waters, although some artefacts 
remain, requiring refinement in future studies. The ability to classify water optical types 
provides a valuable tool for marine ecosystem research and biogeochemical research.
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