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ABSTRACT 

The East/Japan Sea (hereafter, East Sea (ES)) is a semi-enclosed marginal sea and 

considered as a miniature ocean with oceanic features (e.g., currents, eddies, fronts, upwelling) 

and dynamic marine environments. The ES is significantly influenced by the global ocean 

warming with fast increases in sea surface temperature during the last several decades. The 

climate-induced environmental changes can affect marine ecosystem and food webs in the ES. 

Therefore, more accurate estimates in phytoplankton biomass in the ES with high spatial and 

temporal resolutions are necessary to investigate phytoplankton production, fisheries, and carbon 

budget as well as biological responses to the environmental and climate changes. The NASA ocean 

chlorophyll-type (OCx) chlorophyll-a (Chl-a) algorithms based on blue to green band ratio for the 

satellite ocean color data in the global ocean have been evaluated using the in situ radiometric and 

Chl-a measurements in the ES. The model-derived Chl-a data using the OC Chl-a algorithms 

present systematic overestimation in the lower Chl-a concentrations between about 0.1 and 1.0 

mg/m3 in the ES (with ~40% uncertainties). New Chl-a algorithms for the ES has been derived 

from the 3rd polynomial regression fits of in situ Chl-a and maximum band ratios of remote sensing 

reflectance (Rrs). The revised Chl-a algorithms considerably improve the Chl-a data in the ES from 

the satellite ocean color data in the lower Chl-a concentrations. Thus, the new Chl-a algorithms 

can provide more accurate assessments in biological and biogeochemical processes such as 

primary productivity, phytoplankton phenology, phytoplankton dynamics, and carbon cycles. 
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1. INTRODUCTION 

Phytoplankton form the base of the aquatic food web. The phytoplankton blooms can affect 

the species composition, abundance, and diversity of marine organisms in the upper levels of the 

food web (Ardyna and Arrigo 2020). Through photosynthesis, phytoplankton also play essential 

roles in transferring CO2 to the surface ocean from the atmosphere. The organic carbon produced 

by photosynthesis is exported into the deep waters, influencing the carbon cycles in the ocean. 

Because of their far-reaching importance on the ecosystem and carbon cycles, many researchers 

have been studying the dynamics and phenology of phytoplankton and estimating primary 

productivity (Ardyna and Arrigo 2020; Chen et al. 2017; Sapiano et al. 2012). Satellite ocean color 

sensors provide chlorophyll-a (Chl-a) concentrations, the principal photosynthetic pigment 

commonly found in all phytoplankton, with high temporal and spatial resolutions. The Chl-a 

concentrations, as an indicator of phytoplankton biomass, have been used to investigate 

phytoplankton dynamics and estimate primary productivity in various aquatic ecosystems (Chen 

et al. 2017; Sapiano et al. 2012).  

The East/Japan Sea (hereafter, East Sea (ES)) is typical of a semi-enclosed marginal sea. 

But it has been often referred to as a miniature ocean due to its oceanic features such as basin-scale 

gyres, deep-water formation, and thermohaline circulation (Chang et al. 2009; Kim et al. 2001). In 

this respect, the ES is regarded as an optimal region for monitoring physical and biological 

responses to climate changes (e.g., Kim et al. 2008; Lee et al. 2009). Recently, the ES showed 2-

3 times faster increases in sea surface temperature than the global ocean during the last 51 years 

(Han and Lee 2020). Indeed, the primary productivity of phytoplankton can be strongly related to 
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abundance of commercially important fish species in the ES (Lee et al. 2018; 2019). Moreover, 

the Chl-a concentration can be important in the local distribution of common Mink Whale in the 

ES (Lee et al. 2017). Recently, Lee et al. (2022) reported that potential fishery can be variable 

depending on the primary production of phytoplankton through physical and chemical structures 

in the ES ecosystem since lower Chl-a concentration could be expected with increasing water 

temperature (Joo et al. 2017). It is expected to significantly affect phytoplankton in the base of the 

food web of the ecosystem. Therefore, it is necessary to gain insights into spatial and temporal 

distributions of phytoplankton biomass and primary productivity and phytoplankton phenology in 

the ES to understand responses to environmental and climate changes. Many prior studies have 

been using the Chl-a concentrations derived from ocean color to investigate spatial and temporal 

variations of phytoplankton biomass in the ES and relationships between their variations and 

environmental factors (e.g., Ashjian et al. 2006; Jo et al. 2014; Kim et al. 2000; Lee et al. 2014; 

Yamada et al. 2004). The timings of the onset of the spring bloom have been derived from the 

satellite-derived Chl-a data to understand phytoplankton dynamics and phenology (Jo et al. 2007; 

Maúre et al. 2017; Yamada et al., 2004). The Chl-a concentrations have also been used as key 

variables to calculate primary productivity (Joo et al. 2014, 2016; Son et al. 2005; Yamada, 

Ishizaka, and Nagata 2005) and export production ratios in the ES (Jo et al. 2021).  

Ocean color remote sensing data (e.g., Moderate Resolution Imaging Spectroradiometer 

(MODIS) on Aqua, Visible Infrared Imaging Radiometer Suite (VIIRS) on the Suomi National 

Polar-orbiting Partnership (SNPP), Ocean and Land Color Instrument (OLCI) on the SENTINEL-

3, Geostationary Ocean Color Imager I and II (GOCI-1, GOCI-2)) can estimate Chl-a 

concentrations reasonably well in the global open ocean waters using the NASA Ocean Color (OC) 
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chlorophyll-type (OCx) approach based on empirical relationship from Chl-a measurements and 

blue-green reflectance ratios (O’Reilly et al. 1998, 2000) as the NASA OC Chl-a algorithms. 

However, it has been reported that there are systematic uncertainties in the satellite estimation of 

Chl-a by oceans (e.g., Atlantic, Pacific, Indian, and Southern Oceans) because of their optical 

differences possibly due to phytoplankton community structure or biogeochemical processes 

(Szeto et al. 2011). Thus, in this study, we evaluate the performance of the existing Chl-a 

algorithms for the various satellite ocean color data in the ES with the in situ measured radiometric 

and chlorophyll-a data. Then we derive revised Chl-a algorithms for the satellite ocean color data 

in the study area. Finally, we implement the revised Chl-a algorithms to the satellite ocean color 

data to provide improved Chl-a products in the ES. 

 

2. DATA and METHODS  

2.1. SeaBASS in situ measurements 

All available in situ radiometric data, remote sensing reflectance (Rrs(λ)), and Chl-a data in 

the ES (Fig. 1) were downloaded from the SeaWiFS Bio-optical Archive and Storage System 

(SeaBASS) database website (https://seabass.gsfc.nasa.gov/) maintained by the NASA Goddard 

Flight Space Center’s Ocean Biology Processing Group (OBPG) (Werdell et al. 2002, 2003) to 

evaluate the current ocean color Chl-a algorithms for the satellite ocean color remote sensing data 

and improve the Chl-a algorithms in the ES. Total number of the available data set including the 

in situ (Rrs(λ)) and Chl-a measurements is 53 since 1999 (24 in June–July 1999, 11 in April 2001, 

and 18 in May 2016). Those measurements are processed following to the special requirements 

from the SeaBASS including data calibration. More detailed information of the measurements and 

processing methods can be found in the SeaBASS website (https://seabass.gsfc.nasa.gov/). The 

Rrs(λ) data were interpolated with 1 nm interval and Rrs(λ) at the following wavelengths are used 

in this study for the satellite ocean color sensors, MODIS-Aqua (443, 488 and 547 nm), VIIRS-
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SNPP (443, 486 and 551 nm), GOCI-1, GOCI-2 (443, 490, 510, and 555 nm), and OLCI (443, 

490, 510 and 560 nm). 

To evaluate the performance of the Chl-a algorithms based on the maximum band ratio 

(MBR) of blue to green band for the satellite ocean color data (KIOST 2021; Morel and Antoine 

2011; Morel et al. 2007a, 2007b; O’Reilly et al. 1998, 2000), five Chl-a OCx algorithms for 

MODIS-Aqua, VIIRS-SNPP, OLCI, GOCI-1, and GOCI-2 were applied to the SeaBASS in situ 

Rrs(λ) measurements in the ES. The in situ Chl-a measurements were compared with the model-

derived Chl-a using OC3M for MODIS-Aqua (O’Reilly et al. 1998, 2000), OC3V for VIIRS-

SNPP (O’Reilly et al. 1998, 2000), OC4Me for OLCI (Morel and Antoine 2011; Morel et al. 

2007a, 2007b), OC3G and OC4G for both GOCI-1 and GOCI-2 (KIOST 2021) in the ES (Table 

1 and Fig. 2). 

 

2.2. Satellite Ocean Color data 

To compare the satellite-derived Chl-a images using the OC Chl-a algorithms with those 

using revised Chl-a algorithms for the ES, MODIS-Aqua and VIIRS-SNPP ocean color data were 

used. The MODIS-Aqua and VIIRS-SNPP Level-2 daily ocean color products including Chl-a 

concentration and Rrs(λ) were downloaded from the NASA OBPG

(http://oceancolor.gsfc.nasa.gov/) in June 2016. Both MODIS-Aqua and VIIRS-SNPP level-2 

ocean color data were processed using the atmospheric correction algorithm using the near infrared 

(NIR) radiance corrections (Bailey, Franz, and Werdell 2010; Stumpf et al. 2003). First, three 

Level-2 data flags (high sun glint, high sensor-zenith angle and high solar-zenith angle) were 

applied to both MODIS Aqua and VIIRS SNPP Level-2 data. The present and revised Chl-a 
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algorithms were implemented to the MODIS-Aqua and VIIRS-SNPP Level-2 data and then the 

Level-2 data were remapped with Cylindrical projection at 2×2-km spatial resolution for the ES 

and then used to generate monthly composite images. 

 

3. RESULTS 

3.1. Chl-a algorithms for Satellite Ocean Color Data 

The model-derived Chl-a data using the OC algorithms are generally well correlated to the in 

situ Chl-a measurements but systematically overestimated in the lower Chl-a concentrations (< 

~1.0 mg/m3) in all satellite ocean color sensors in the ES (Fig. 2). Mean (median & standard 

deviation) ratio values of the model-derived Chl-a to the in situ Chl-a for OC3M, OC3V, OC4Me, 

OC3G, and OC4G (Fig. 2(a)-(e)) are 1.45 (1.50 & 0.75), 1.41 (1.44 & 0.72), 1.59 (1.44 & 1.21), 

1.44 (1.49 & 0.76), 1.42 (1.41 & 0.85), respectively. These results show the model-derived Chl-a 

data are about 40% overestimated compared with the in situ Chl-a data. For more accurate 

assessments in phytoplankton production in the ES, it is required to improve Chl-a algorithms in 

the ES for the ocean color satellite data. 

The SeaBASS Chl-a measurements are compared with the Rrs(λ) ratios of blue to green bands 

to derive an improved Chl-a algorithm for the ES. Figure 3 provides scatter plots of Chl-a with 

MBR with 3 bands (OC3) for MODIS-Aqua (Fig. 3(a)), VIIRS-SNPP (Fig. 3(b)), and GOCI (Fig. 

3(d)), and 4 bands (OC4) for OLCI (Fig. 3(c)) and GOCI (Fig. 3(e)). The 4th polynomial regression 

lines between Chl-a and MBR from the OC3 and OC4 Chl-a algorithms are shown as blue dashed 

lines. The MBR of OC3 and OC4 are noticeably not well correlated (higher) to Chl-a data in the 

lower Chl-a range of about 0.1 - 1.0 mg/m3.  

After intensive analysis, we derived the best regression fits between Chl-a and MBR using 

three band ratios (OC3x) for the five ocean color sensors (Table 2).  Red lines in Fig. 3 indicate 

the best 3rd polynomial regression fits. The Chl-a data are well correlated with MBR of 3 band 
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ratios for OC3M (r2=0.73), OC3V (r2=0.72), OC4Me (r2=0.69), OC3G (r2=0.72), and OC4G 

(r2=0.72) in the ES. New-derived regression fits are well correlated to the Chl-a data, particularly 

in the low Chl-a range from 0.1 to 1.0 mg/m3 while both the present and new-derived regression 

lines are quite similar in Chl-a higher than 1.0 mg/m3 (except OC4Me). The revised ocean color 

Chl-a algorithms for the satellite ocean color sensors in the ES are shown in Table 2.  

The model-derived Chl-a data using the new-derived algorithms are compared with the in situ 

Chl-a in figure 4. The results show that Chl-a data using the new algorithms are clearly improved 

in the ES compared with those using the OC algorithms, particularly in the low Chl-a values (0.1 

to 1.0 mg/m3). Mean (median & standard deviation) ratio values of the model-derived Chl-a to the 

in situ Chl-a for OC3M, OC3V, OC4Me, OC3G, and OC4G are 1.14 (1.07 & 0.66), 1.15 (1.05 & 

0.69), 1.16 (1.09 & 0.76), 1.15 (1.04 & 0.70), 1.14 (1.06 & 0.69), respectively, inferring that the 

revised algorithms reduce uncertainties of the model-derived Chl-a for the satellite ocean color 

data from about 40% to 15% in the ES.  

 

3.2. Comparison of Satellite-derived Chl-a Images 

To compare the performance of the new-derived Chl-a algorithms in the ES, MODIS-Aqua 

and VIIRS-SNPP ocean color data were used. The present OC3 (OC3M and OC3V) and the 

revised algorithms were implemented to the MODIS-Aqua and the VIIRS-SNPP daily ocean color 

data in June 2016 as examples. Then, monthly composite images of the MODIS and VIIRS Chl-a 

were generated. Figure 5 shows the VIIRS-derived Chl-a images using the OC3V and the revised 

OC3V Chl-a algorithm in June 1st, 2016 covering a large area (~two thirds) of the ES. General 
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spatial distributions of the VIIRS-derived Chl-a using both OC3V and the new algorithm are very 

similar. However, compared with the VIIRS-derived Chl-a concentrations from the OC3V (Fig. 

5(a)), those from the new algorithm are prominently lower in the middle and eastern area of the 

south ES, and eddies and patches (blue colors in Chl-a less than ~1.0 mg/m3) are clearly shown 

(Fig. 5(b)). The monthly composite images of the VIIRS-derived Chl-a using the OC3V and the 

revised OC3V Chl-a algorithm in June, 2016 are also compared (Fig. 6). Similar to the daily Chl-

a images, the lower Chl-a concentrations using the new algorithm revealed in the middle and 

eastern area of the south ES. In both the daily and monthly composite images, Chl-a concentrations 

and its spatial distributions from both OC3V and the new algorithms are very similar in the higher 

values (over 1.0 mg/m3). In addition, histogram plots are generated for the VIIRS-derived daily 

Chl-a images in June 1st 2016 (Fig. 7(a)) and the monthly composite Chl-a images in June 2016  

(Fig. 7(b)) using OC3V (blue dashed lines) and new algorithm  (red lines). The histogram results 

provide that Chl-a concentrations using the new algorithm (peak in ~0.16 mg/m3) are lower than 

those using OC3V (peak in ~0.25 mg/m3) in Chl-a below ~1.0 mg/m3, while Chl-a from both 

algorithms are almost identical in higher Chl-a (> ~1.0 mg/m3). 

MODIS-derived Chl-a images are also investigated for the same day and month with the 

VIIRS-derived Chl-a images shown in figures 5–7. The MODIS-derived Chl-a image using the 

OC3V (Fig. 8(a)) in June 1st, 2016 is compared with that using the revised OC3V algorithm (Fig. 

8(b)). Similar to the pattern in the VIIRS-derived Chl-a images, lower Chl-a concentrations using 

the new algorithm (Chl-a < ~1.0 mg/m3) are apparent in the middle and eastern area of the south 

the ES showing clearer eddies and patches, and Chl-a concentrations over about 1.0 mg/m3 are 

very similar in the Chl-a images from both algorithms. Less valid areas in the MODIS Chl-a image 

compared with the VIIRS-derived Chl-a image are because of the slightly different passing times 

and coverages over the study area. The monthly composite images of the MODIS-derived Chl-a 

data in June, 2016 also show the very similar patterns (Fig. 9). Histogram results from the MODIS-
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derived Chl-a images are almost consistent with those from the VIIRS-derived Chl-a images (Fig. 

10). The MODIS-derived Chl-a concentrations using the new algorithm are lower with peak in 

~0.16 mg/m3 lower than those using OC3V with peak in ~0.25 mg/m3, and the pattern of higher 

Chl-a (> ~1.0 mg/m3) are very almost identical, but histogram shapes from the VIIRS- and 

MODIS-derived Chl-a data are slightly different. The difference could be because the passing 

times and coverages are slightly different in the study area as well as number of VIIRS and MODIS 

Level-2 data passing over the study area are different (total numbers of MODIS-Aqua and VIIRS-

SNPP Level-2 files covering the ES in June 2016 are 122 and 131, respectively).  

 

4. DISCUSSION and CONCLUSION 

The present Chl-a OCx algorithms for the satellite ocean color data such as MODIS-Aqua, 

VIIRS-SNPP, OLCI, GOCI-1 and GOCI-2 in the global ocean have been assessed using the in situ 

radiometric and Chl-a measurements in the ES. The model-derived Chl-a data using the OCx 

algorithms are systematically overestimated in the lower Chl-a concentrations (< ~1.0 mg/m3) in 

the ES with about 40% overestimation. The ES can be classified as Case I waters whose optical 

properties are mainly determined by phytoplankton concentration because the ES is a relatively 

deep ocean with mean depth of ~1,650 m and there is no major freshwater input from the rivers 

(Hong et al. 2008; Kim et al. 2016). The Chl-a OCx algorithms generally work well in the open 

ocean waters. However, it has been shown that there are optical differences in the oceans and these 

optical differences in the different regional oceans can be related to variations in phytoplankton 

community structures (sizes, species, accessory pigments) and the abundance in colored dissolved 
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organic matter (CDOM) (Szeto et al. 2011). Therefore, improved OCx-based Chl-a algorithms 

have been derived from the best 3rd polynomial regression fits between the in situ Chl-a and MBR 

data using the in situ measurements for the ES to provide more accurate estimation of 

phytoplankton biomass. Comparison results show that, indeed, the new Chl-a algorithms for the 

ES are improved for low Chl-a concentrations (between ~0.1 and 1.0 mg/m3) with about 30% 

reduced uncertainties, while those are very similar to the original OCx algorithms in the higher 

Chl-a concentrations over ~1.0 mg/m3. However, it should be noted that the in situ Chl-a 

measurements used in the revised Chl-a algorithms for the ES are all higher than 0.1 mg/m3. Thus, 

the new Chl-a algorithms may not accurately represent Chl-a concentrations lower than 0.1 mg/m3 

although lower Chl-a concentrations are rarely reported in the ES.  

This study has demonstrated that the revised regional Chl-a OCx algorithms can estimate 

more accurate Chl-a data using the satellite ocean color data (e.g., MODIS-Aqua, VIIRS-SNPP, 

OLCI, GOCI-1, and GOCI-2) and provide more reliable assessments in phytoplankton production 

and biogeochemical cycles in the ES. 
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Table 1. The Chl-a OCx algorithms for MODIS-Aqua and VIIRS-SNPP (O’Reilly et al. 1998, 
2000; https://oceancolor.gsfc.nasa.gov/atbd/chlor_a/), OLCI (Morel and Antoine 2011; Morel et 
al. 2007a, 2007b), and GOCI-1 and GOCI-2 (KIOST 2021). 
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 380 

Algorithm Sensor X Chl-a 

OC3M MODIS-Aqua 𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(488)�

𝑅𝑅𝑟𝑟𝑟𝑟(547) � 10(0.2424−2.7425𝑋𝑋+1.8017𝑋𝑋2+0.0015−1.2280) 

OC3V VIIRS-SNPP 𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(486)�

𝑅𝑅𝑟𝑟𝑟𝑟(551) � 10(0.4503−3.2595𝑋𝑋+3.5227𝑋𝑋2−3.3594+0.9496) 

OC4Me OLCI 𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(490),  𝑅𝑅𝑟𝑟𝑟𝑟(510)�

𝑅𝑅𝑟𝑟𝑟𝑟(560) � 10(0.2228−2.4683𝑋𝑋+1.5867𝑋𝑋2−0.4275−0.7768) 

OC3G GOCI-1, 
GOCI-2 𝑙𝑙𝑙𝑙𝑙𝑙 �

𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(490)�
𝑅𝑅𝑟𝑟𝑟𝑟(555) � 10(0.2515−2.3798𝑋𝑋+1.5823𝑋𝑋2−0.6372−0.5692) 

OC4G GOCI-1, 
GOCI-2 𝑙𝑙𝑙𝑙𝑙𝑙 �

𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(490),  𝑅𝑅𝑟𝑟𝑟𝑟(510)�
𝑅𝑅𝑟𝑟𝑟𝑟(555) � 10(0.3272−2.9940𝑋𝑋+2.7218𝑋𝑋2−1.2259−0.5683) 

Algorithm Sensor X Chl-a 

OC3M MODIS-Aqua 𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(488)�

𝑅𝑅𝑟𝑟𝑟𝑟(547) � 10(0.2054−2.7557𝑋𝑋+1.0013𝑋𝑋2−0.5140) 

OC3V VIIRS-SNPP 𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(486)�

𝑅𝑅𝑟𝑟𝑟𝑟(551) � 10(0.2724−2.5283𝑋𝑋+1.3375𝑋𝑋2−1.1431) 

OC4Me OLCI 𝑙𝑙𝑙𝑙𝑙𝑙 �
𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(490),  𝑅𝑅𝑟𝑟𝑟𝑟(510)�

𝑅𝑅𝑟𝑟𝑟𝑟(560) � 10(0.2169−2.5984𝑋𝑋+1.0546𝑋𝑋2−0.7604) 

OC3G GOCI-1, 
GOCI-2 𝑙𝑙𝑙𝑙𝑙𝑙 �

𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(488)�
𝑅𝑅𝑟𝑟𝑟𝑟(555) � 10(0.2289−2.4851𝑋𝑋+1.1496𝑋𝑋2−0.8978) 

OC4G GOCI-1, 
GOCI-2 𝑙𝑙𝑙𝑙𝑙𝑙 �

𝑀𝑀𝑀𝑀𝑀𝑀�𝑅𝑅𝑟𝑟𝑟𝑟(443),  𝑅𝑅𝑟𝑟𝑟𝑟(490),  𝑅𝑅𝑟𝑟𝑟𝑟(510)�
𝑅𝑅𝑟𝑟𝑟𝑟(555) � 10(0.2438−2.7800𝑋𝑋+2.1076𝑋𝑋2−1.6199) 
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Figure Captions 

Figure 1. Map of the East/Japan Sea. Pink circles indicate the locations of the in situ 

measurements. 

Figure 2. Comparisons of the in situ Chl-a measurements in the ES with the model-derived Chl-a 

using (a) OC3M, (b) OC3V, (c) OC4Me, (d) OC3G, and (e) OC4G algorithms. 

Figure 3. Comparison results of the in situ Chl-a data with the maximum band ratio of (a) OC3M, 

(b) OC3V, (c) OC4Me, (d) OC3G, and (e) OC4G. Red straight lines indicate the best 3rd 

polynomial fits of Chl-a versus the maximum band ratio, while the blue dashed lines 

indicate the original relationship of OC3M, OC3V, OC4Me, OC3G, and OC4G. 

Figure 4. Comparisons of the in situ Chl-a measurements in the ES with the model-derived Chl-a 

using the new revised Chl-a (a) OC3M, (b) OC3V, (c) OC4Me, (d) OC3G, and (e) OC4G 

algorithms. 

Figure 5. Daily images of VIIRS-SNPP Chl-a in June 1st, 2016 derived using (a) OC3V and (b) 

the new Chl-a algorithm for VIIRS-SNPP.  

Figure 6. Monthly composite images of the MODIS-SNPP Chl-a in June 2016 derived using (a) 

OC3V and (b) the new Chl-a algorithm for VIIRS-SNPP.  

Figure 7. Histogram results of VIIRS-SNPP (a) daily Chl-a data in June 1st, 2016 and (b) monthly 

composite Chl-a data in June 2016 derived using OC3V (blue dashed lines) and the new 

Chl-a algorithm for VIIRS-SNPP (red lines). 
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Figure 8. Daily images of MODIS-Aqua Chl-a in June 1st, 2016 derived using (a) OC3V and (b) 

the new Chl-a algorithm for MODIS-Aqua.  

Figure 9. Monthly composite images of the MODIS-Aqua Chl-a in June 2016 using (a) OC3V 

and (b) the new Chl-a algorithm for MODIS-Aqua.  

Figure 10. Histogram results of MODIS-Aqua (a) daily Chl-a data in June 1st, 2016 and (b) 

monthly composite Chl-a data in June 2016 derived using OC3V (blue dashed lines) and 

the new Chl-a algorithm for MODIS-Aqua (red lines). 
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