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Abstract

:

The Geostationary Ocean Color Imager (GOCI) provided images at hourly intervals up to 8 times per day with a spatial resolution of 500 m from 2011 to 2021. However, in the typical sediment-laden turbid water of Hangzhou Bay, valid ocean color parameters in operational data products have been extensively missing due to failures in atmospheric correction (AC) and bio-optical retrieval procedures. In this study, the seasonal variations in chlorophyll a (Chl-a) concentrations in Hangzhou Bay derived using GOCI data in 2020 were presented. First, valid remote sensing reflectance data were obtained by transferring neighboring aerosol properties of less to more turbid water pixels. Then, we improved a regionally empirical Chl-a retrieval algorithm in extremely turbid waters using GOCI-derived surface reflectance and field Chl-a measurements and proposed a combined Chl-a retrieval scheme for both moderately and extremely turbid water in Hangzhou Bay. Finally, the seasonal variation in Chl-a was obtained by the GOCI, which was better than operational products and in good agreement with the buoy data. The method in this study can be effectively applied to the inversion of Chl-a concentration in Hangzhou Bay and adjacent sea areas. We also presented its seasonal variations, offering insight into the spatial and seasonal variation of Chl-a in Hangzhou Bay using the GOCI.
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1. Introduction


Phytoplankton play a key role in the marine biogeochemical cycle and global carbon dynamics [1] and largely control the productivity of coastal ecosystems. The chlorophyll a (Chl-a) concentration has been widely used as an index of phytoplankton abundance to reflect the productivity and trophic conditions of estuaries and coastal and oceanic waters [2,3]. The change in Chl-a concentration is affected by climate and environmental factors, such as temperature, nutrients, rainfall, ocean currents, river inflow, and turbidity [4,5]. Monitoring the dynamics of Chl-a is of great interest and importance for biogeochemical researchers.



Water color remote sensing technology can observe the ocean synchronously over a large range, which is an important technical means for water research. The Chl-a concentration and primary production in oceanic waters can be estimated using data from spaceborne ocean-color sensors [6]. Compared with ocean color sensors (e.g., the Sea-viewing Wide Field-of-view Sensor (SeaWiFS) and the Moderate Resolution Imaging Spectroradiometer (MODIS)) onboard polar-orbiting satellites, geostationary satellites are capable of a high revisit frequency, and their high temporal sampling capacity can greatly enhance our ability to monitor and assess coastal ocean dynamics [7]. The world’s first geostationary spaceborne ocean color sensor launched by South Korea, the Geostationary Ocean Color Imager (GOCI), was in orbit from 2010 to 2021. It acquired data with a high spatial resolution (500 m) and a high temporal resolution (1 h, eight images per day) and was uniquely capable of monitoring short-term and regional oceanic phenomena (e.g., tide dynamics, red tides, river plumes, and sediment transport) [8].



Although operational satellite water color data of Chl-a concentrations in the open ocean have been proven to be reliable and useful, the quality of satellite data products often deteriorates in coastal waters, such as in Hangzhou Bay, where the operational atmospheric correction procedure and bio-optical retrieval algorithms often fail due to its sediment-laden highly turbid waters. This leads to few available valid Chl-a pixels in operational ocean color data products distributed by NASA’s Ocean Biology Processing Group (OBPG) and the Korea Ocean Satellite Center (KOSC) in Hangzhou Bay. Many efforts have been made to improve the accuracy of atmospheric correction and establish regional retrieval algorithms for Chl-a in various coastal waters.



To improve the atmospheric correction performance in turbid waters, several methods have been proposed. For example, Hu et al. [9] proposed a “nearest neighbor” method, which assumes that aerosol types do not vary much on a spatial scale of approximately 50–100 km, and the aerosol type of adjacent less turbid water pixels can be transferred to turbid water pixels, thus solving the problem of negative water-leaving radiance values in turbid water. Wang and Shi [10] proposed using two shortwave infrared (SWIR) bands rather than two traditional near-infrared bands (NIR) in atmospheric correction processing for highly turbid water by taking advantage of the fact that the absorption capacity of water bodies in the shortwave infrared band is stronger than that in the near-infrared band. This algorithm has been applied well using MODIS data and has been widely used in various coastal waters worldwide [11]. He et al. [12] proposed using the alternative ultraviolet wavelength for turbid waters (UV-AC) based on the neglectable water-leaving radiance in the ultraviolet spectral range, and to avoid extrapolation error amplification with the increase in extrapolation spectral distance in the traditional atmospheric correction procedure, an interpolation-based UV-SWIR-AC algorithm for turbid waters using one ultraviolet and two shortwave infrared bands was further developed. Tian et al. [13] proposed a regional atmospheric correction method based on an artificial neural network (ANN) model, deriving the water-leaving reflectance using the GOCI in turbid coastal water areas of the Bohai Sea. Wang et al. [14] improved the atmospheric correction algorithm based on the Gordon and Wang [15] scheme by estimating remote-sensing reflectance in the near-infrared bands with artificial neural networks over turbid waters.



In terms of Chl-a retrieval algorithms, many methods have been developed for different water types. In Case I waters, the water optical properties are dominated by phytoplankton [16], and the quantitative retrieval methods of Chl-a concentrations are usually empirical ocean color (OC) algorithms (OC3, OC4, OC5, OC6) using maximum blue-green band ratios [17,18,19]. Note that the OC3 algorithm is used in operational Chl-a products from the GOCI by the KOSC. For Case II waters with complex water components, the correlation between Chl-a concentration and spectral reflectance ratio using red/near-infrared bands could be stronger than using blue and green bands in Case I waters [20], and many retrieval methods, including empirical and semianalytical algorithms, have been developed for various estuaries and coasts. Empirical studies are based on the relationship between local measured Chl-a and band ratios of the remote sensing reflectance for different ocean color sensors [21,22,23,24]. For example, Shen et al. [21] established an empirical relationship between a synthetic chlorophyll index (SCI) and Chl-a concentration by using field data in the Yangtze River Estuary and its adjacent waters and proposed an inversion algorithm for MERIS in the seasonal Chl-a estimation of turbid sediment-laden waters. Siswanto et al. [23] provided alternative empirical ocean color algorithms for SeaWiFS in the Yellow and East China Seas. Such empirical algorithms are highly reliant on in situ datasets and are therefore usually only applicable in specific regions. Additionally, semianalytical algorithms, including spectral optimization methods, which are based on the relationship between Chl-a concentrations and water’s inherent optical properties, have also been utilized. For example, Le et al. [25] proposed a four-band semianalytical algorithm to estimate chlorophyll a in the highly turbid water of Taihu Lake, China. Yi et al. [26] proposed a four-band quasi-analytical algorithm for MODIS in the turbid waters of the Yellow River Estuary, the Gulf of Mexico, and Chesapeake Bay. These algorithms, however, rely on varying bio-optical relationships in different coastal waters [27].



The water in Hangzhou Bay is extremely turbid and changes rapidly under the influence of strong tides, which has attracted widespread attention from researchers [28,29,30]. The GOCI has the advantage of monitoring dynamic environmental changes [31]; however, none of the Chl-a retrieval methods are tuned with high precision for the turbid waters of Hangzhou Bay. Moreover, we have observed that operational GOCI Chl-a products in Hangzhou Bay are usually missing. To obtain a more accurate estimation of Chl-a concentrations from GOCI data in Hangzhou Bay, we conducted atmospheric correction processing and developed an improved regional Chl-a concentration algorithm for highly turbid water. We also presented its seasonal variations, offering insight into the spatial and seasonal variation in Chl-a in Hangzhou Bay using the GOCI.




2. Data and Methods


2.1. Study Area


Hangzhou Bay is a bay in the Yangtze River delta region of the East China Sea, as shown in Figure 1, covering an area of approximately 5500 km2. The average depth of its water is 6–10 m. It is a famous strong tidal estuary bay with an average daily tidal range of 3.5 m. The coastal waters of the Hangzhou Bay area are also affected by the northbound Taiwan warm current and the diluted water of the Yangtze River [32]. Approximately 470 million tons of sediment are transported from the Yangtze River to the outer seashore every year, which provides a rich source of sediments for Hangzhou Bay [33]. Its water is highly turbid, with sediment concentrations ranging from 0 to 5000 mg/L.




2.2. Field Data


Two mooring buoys were deployed to monitor the ocean environment at the mouth of Hangzhou Bay (as shown in Figure 1) by the Shanghai Marine Monitoring and Forecasting Center. The data period of Buoy A is from 1 January 2020 to 31 December 2020, and that of Buoy B is from 1 February 2021 to 30 November 2021. The buoys were set to measure and transmit data hourly every day, and there are 24 in situ values per day. Each buoy is equipped with a multiparameter water quality sensor (YSI EXO2). The surface water salinity, temperature, turbidity, pH, Chl-a, and dissolved oxygen were synchronously measured per hour daily. Concerning the Chl-a levels used in this study, the measuring range of the instrument is 0 to 400 mg/m3, the resolution is 0.01 mg/m3, and the accuracy has been calibrated with a Rhodamine WT across the full range with an R2 no less than 0.999 (https://cdn.shopify.com/s/files/1/0065/4616/1748/files/YSI-EXO-Brochure.pdf?v=1667258816, accessed on 10 May 2023). The Chl-a data collected during three cruises (August 2016, August 2017, August 2018) in Hangzhou Bay by the Observation and Research Station of Marine Ecosystem in the Yangtze River Estuary, Ministry of Natural Resources, were also used in this study. The Chl-a data at 26 stations (8 stations in August 2016, 7 stations in August 2017, and 11 stations in August 2018) were measured (triangles in Figure 1). During these cruises, an ECO Fluorometer of the Sea-Bird Scientific was used to collect Chl-a. The measuring range of the instrument for Chl-a is 0 to 125 mg/m3, the resolution is 0.025 mg/m3, and the accuracy has been calibrated with a Rhodamine WT across the full range with an R2 no less than 0.999 (https://www.seabird.com/product.detail-print.version.jsa?id=60429374754, accessed on 10 May 2023). According to our calibration results using the standard Rhodamine WT (Chl-a of 0.0, 3.0, 30.0, and 300.0 mg/m3), the mean relative percentage error is within 2%. The waters in Hangzhou Bay and the adjacent coastal area are highly turbid, as illustrated in the RGB composite GOCI image in Figure 2a.




2.3. GOCI Data


The GOCI has eight visible to near-infrared bands (412, 443, 490, 555, 660, 680, 745, and 865 nm). It acquires images 8 times per day in hourly intervals from 00:15 UTC to 07:45 UTC with a spatial resolution of approximately 500 m, and its observation area of 2500 km × 2500 km covers Korea, Japan, and the eastern coast of China [8].



The GOCI level 1b data during 2020 and 2021 were downloaded from the Ocean Color web at https://oceandata.sci.gsfc.nasa.gov/ (accessed on 24 January 2022). Note that the time range of Buoy B is from February to November 2021, while the Chl-a product of the GOCI is only available until March 2021.



The Rayleigh-corrected reflectance at 8 spectral bands was processed from the level 1b files using the SeaWiFS Data Analysis System (SeaDAS) distributed by NASA’s Ocean Biology Processing Group (OBPG). The Chl-a data from the GOCI operational level 2 files were downloaded from the Korea Ocean Satellite Center (KOSC) website at https://kosc.kiost.ac.kr/index.nm (accessed on 24 January 2022), which was generated using the GOCI Data Processing System (GDPS) 2.0 distributed by the KOSC. As an example, an RGB image (Figure 2a) was composited from GOCI Rayleigh-corrected reflectance at 05:16 (UTC) on 10 February 2020, and the Chl-a concentration (Figure 2b) retrieved from OC3 algorithm using GDPS 2.0. It can be seen (Figure 2) that Chl-a data are missing for cloudless pixels in sediment-laden turbid waters of Hangzhou Bay (green solid-line rectangle) and adjacent coastal waters (green dashed-line rectangle).




2.4. Atmospheric Correction of GOCI Data


To obtain valid retrieval results for Chl-a concentration in the sediment-laden turbid waters of Hangzhou Bay and adjacent coastal areas, which may be missing from the operational data products, we used the cloud masking method for turbid water [34] in our atmospheric correction procedure, and the neighboring aerosol properties of less turbid water pixels were transferred to turbid water during the aerosol correction processing [9]. The steps we followed for our atmospheric correction procedure are outlined below.



2.4.1. Rayleigh Scattering Correction


The Rayleigh scattering corrected reflectance (    ρ   r c    ) for all bands was first calculated as:


    ρ   r c     λ   =   ρ   t     λ   −   ρ   r     λ   =   ρ   a     λ   +   t   v     λ   ×   ρ   w     λ    



(1)




where     ρ   t     is the total reflectance at the top of the atmosphere as measured by the GOCI,     ρ   r     is the Rayleigh scattering reflectance by air molecules in the absence of aerosols,     ρ   a     is the aerosol scattering reflectance including the interactive scattering between air molecules and aerosol,     ρ   w     is the desired water-leaving reflectance,     t   v     is the diffuse transmission coefficient from the sea surface to the satellite sensor, and   λ   is the wavelength.



The definition of the reflectance in Equation (1) is:


  ρ   λ   =   π × L   λ       F   0     λ   ×   cos  ⁡    θ   0        



(2)




where   L   is the upwards radiance,     F   0     is the extraterrestrial solar irradiance, and     θ   0     is the solar zenith angle.     ρ   r     was derived from the GOCI level 1b data using SeaDAS.




2.4.2. Cloud Masking


The cloudy pixels were masked out using an improved method of Lu et al. [34] based on Nordkvist et al. [35] for turbid water as follows:


     ρ   r c     412   n m   > 0.07   and     ε   m a x   < 2.5     and     ρ   r c     865   n m   ≥ 0.027   



(3)






       ρ   r c     412   n m       ρ   r c     660   n m     > 1   and     ε   m a x   < 2.5     and     ρ   r c     865   n m   ≥ 0.027   



(4)




where     ε   m a x   =   M A X [   ρ   r c     412   n m   ,   ρ   r c     660   n m   ,   ρ   r c     680   n m   ,   ρ   r c     865   n m   ]   M I N [   ρ   r c     412   n m   ,   ρ   r c     660   n m   ,   ρ   r c     680   n m   ,   ρ   r c     865   n m   ]    .




2.4.3. Correction of Aerosol Contribution


The aerosol contribution was corrected according to Hu et al. [9]. Assuming that aerosol types vary little over relatively small spatial scales (~50–100 km), the aerosol types over less turbid water were first obtained and then transferred to the nearest neighboring turbid water area. In this study, by observing the GOCI-derived aerosol radiance (    L   a    ) data in less turbid water in 2020, the ranges of     L   a     at different wavelengths over our study area, as shown in Table 1, are defined as reasonable values for nearby less turbid water pixels.



Subtracting the aerosol contribution, we obtained the remote sensing reflectance (Rrs):


    R   r s     λ   =     L   w     λ         t   s     λ   ×   cos  ⁡    θ   0     × F   0     λ      



(5)




where     L   w     is the water-leaving radiance and     t   s     is the diffuse transmission coefficient from the sun to the sea surface.





2.5. Related Chl-a Retrieval Algorithms


2.5.1. Regional Chl-a Retrieval Algorithm in Highly Turbid Water around Hangzhou Bay


Using MERIS data, Shen et al. [21] developed a retrieval algorithm for Chl-a based on a synthetic chlorophyll index (SCI), as shown in Equations (6)–(8), which was designed for turbid waters with high sediment concentrations in the Yangtze River Estuary:


    H   c h l   =   [ R   r s       λ   4     +     λ   4   −   λ   3       λ   4   −   λ   2     ×     R   r s       λ   2     −   R   r s       λ   4       ] −   R   r s       λ   3      



(6)






    H   △   =     R   r s       λ   2     − [ R   r s       λ   4     +     λ   4   −   λ   2       λ   4   −   λ   1     ×     R   r s       λ   1     −   R   r s       λ   4       ]  



(7)






  S C I =   H   c h l   −   H   △   = 1.24   R   r s       λ   4     −   R   r s       λ   3     − 0.74   R   r s       λ   2     + 0.5   R   r s       λ   1      



(8)




where     H   c h l     is a parameter relevant to chlorophyll pigments,     H   △     is a correction factor for     H   c h l     in the presence of mid- or high-sediment loads, and λ represents the wavelength. The     λ   1   ~   λ   4     are 560, 620, 665, and 681 nm, respectively.




2.5.2. The OC3 Algorithm Used in the GOCI Level 2 Operational Chl-a Data Product


The OC3 algorithm is used to generate the GOCI level 2 data product in GDPS version 2.0. The OC3 algorithm applicable in waters with low and moderate turbidity is shown in Equations (9) and (10).


      log   10    ⁡      C   C h l − a     =     c   0   +   c   1       log   10    ⁡  X   +   c   2         log   10     2    ⁡  X   +   c   3         log   10     3    ⁡  X   +   c   4         log   10     4    ⁡  X    



(9)






  X =   max  ⁡      R   r s     443   n m   ,   R   r s     490   n m       /   R   r s   ( 555   n m )  



(10)







The     c   0   ~   c   4     values are 0.0831, −1.9941, 0.5629, 0.2944, and −0.5458, respectively, and they were obtained using a total of 130 field data points near the coastal Korean Peninsula [19].




2.5.3. Preprocessing for an Improved Chl-a Retrieval Algorithm in This Study


To improve the Chl-a retrieval algorithm in the highly turbid water of Hangzhou Bay, we first obtained the match-up dataset of GOCI-derived Rrs and field Chl-a. The time difference between the satellite data and the field Chl-a measurements of the buoy and cruises is within ±30 min, and the GOCI Rrs were calculated using the arithmetic mean values of 3 × 3 pixels centered at the location of cruise sites and Buoys A and B to reduce the random noise effects of the satellite data. We obtained 159 match-up samples, with 26, 26, 44, and 63 samples in spring, summer, autumn, and winter, respectively. Thereinto, cruise data at 6 stations (4 stations in August 2017 and 2 stations in August 2018) were used (red triangles in Figure 1).



Using our 159 match-up data, the GOCI-derived Rrs data (at 555, 660, 680 nm) obtained using three windows of 1 × 1, 3 × 3, and 5 × 5 pixels were intercompared (Figure 3). The MAPE of Rrs values for the 1 × 1 versus 3 × 3 pixel window and the 3 × 3 versus 5 × 5 pixel window are smaller than those of the 1 × 1 versus 5 × 5 pixel window. This means that the 3 × 3 pixel window can reduce noise as well as the 5 × 5 pixel window, and the mean values of the 3 × 3 pixel window are closer to the 1 × 1 pixel values. Therefore, the 3 × 3 pixel window was selected to calculate the GOCI Rrs.



The water turbidity varies greatly (0–5000 mg/L) [36] as affected by strong tides, coastal currents, and river flow input in Hangzhou Bay. A combined Chl-a retrieval algorithm applicable in both clear and turbid water of Hangzhou Bay is needed. We used a Rrs (745 nm)/Rrs (490 nm) band ratio to discriminate moderately turbid and extremely turbid water and combined the OC3 algorithm and our improved method.



Using a threshold of 0.4686 for the Rrs (745 nm)/Rrs (490 nm) band ratio, our GOCI-derived Rrs at 159 match-up points were grouped into two categories in moderately turbid water (24) and extremely turbid water (135), as shown in Figure 4. The Rrs (745 nm)/Rrs (490 nm) band ratio was selected as it has been used in an empirical algorithm (Equations (11) and (12)) for retrieving sediment concentrations (CSediments ranging from 8 to 5275 mg/L) in Hangzhou Bay by He et al. [36]. Based on the empirical algorithm, a threshold of 0.4686 for Rrs (745 nm)/Rrs (490 nm) is related to water with CSediments of 40 mg/L.


    C   S e d i m e n t s   =   10   1.0758 + 1.1230 × R a t i o    



(11)






  R a t i o =   R   r s   ( 745   n m ) /   R   r s   ( 490   n m )  



(12)







As seen in Figure 4, the water in Hangzhou Bay is generally turbid, with an obvious “redshift phenomenon”; that is, the reflection peak of the spectrum moves towards the longer red part of the spectrum with increasing water turbidity [37]. A threshold of 0.4686 (CSediments of 40 mg/L) of the Rrs (745 nm)/Rrs (490 nm) band ratio can clearly discriminate the water reflectance with moderate or extreme turbidity. The peak spectral value of moderately turbidity water is near the green band (555 nm). The peak value of the spectrum in extremely turbid water moves to longer wavelengths (660–680 nm).



Therefore, we used the OC3 algorithm to invert Chl-a in moderately turbid water and our improved algorithm in extremely turbid water. A threshold of 0.4686 (CSediments of 40 mg/L) of the Rrs (745 nm)/Rrs (490 nm) band ratio was used to switch between these two algorithms.



Among the 135 match-ups between field and GOCI data in highly turbid water, 94 were randomly selected as calibration data to develop the Chl-a retrieval algorithm around Hangzhou Bay, and the other 41 were used to validate the algorithm’s performance.





2.6. Accuracy Assessment Indicators


The accuracy of Chl-a concentrations retrieved in this study was evaluated with field measurements using median absolute percentage error (MAPE) and root median square error (RMSE).


  M A P E = m e d i a n (  |     C   r e t r i e v e d , i   −   C   f i e l d , i       C   f i e l d , i     | * 100 %  ) , i = 1 ⋯ n  



(13)






  R M S E =  m e d i a n     (   C   r e t r i e v e d , i   −   C   f i e l d , i   )   2      , i = 1 ⋯ n  



(14)




where     C   r e t r i e v e d , i     and     C   f i e l d , i     are the estimated and measured values of Chl-a concentration at sample   i  , respectively, and   n   is the total number of samples.




2.7. Spectral Clustering Analysis


In this study, a spectral clustering algorithm was used to analyze the GOCI-derived Chl-a data in 2020 to distinguish the seasonal variation between the Hangzhou Bay and offshore water types. Spectral clustering is a popular clustering algorithm widely used in pattern recognition. It regards data clustering as a graph partitioning problem and makes no assumptions about the form of data clustering [38]. In this study, using GOCI-derived Chl-a data in 2020, median Chl-a values in 4 seasons were first calculated, and a matrix with 4 columns (4 seasons) was derived. The number of rows is equal to the number of valid pixels in each seasonal median data (excluding cloud and land pixels). The 4 columns in the matrices correspond to seasonally median Chl-a concentrations from spring to winter. To avoid errors induced by maximum and minimum values, all data were normalized following Shi and Malik [39]. Then, we carried out cluster analysis using the normalized dataset and the spectral cluster tool in MATLAB. By conducting spectral clustering analysis on curves with different shapes, we selected the optimal cluster number of 4, and these clusters are in accordance with results from Hao et al. [40].





3. Results


3.1. Comparison between Rrs Derived in This Study and Operational Level 2 Data Products


The Rrs derived in this study was compared with that from concurrent GOCI level 2 products from the KOSC. By comparing 1,494,932 Rrs from 5 GOCI datasets (one scene in spring, autumn, and winter and two scenes in summer), the valid Rrs of GOCI level 2 products from the KOSC generally agree well with the corresponding data processed in this study (Figure 5). Their average relative percentage differences are 22.57% (412 nm), 15.09% (443 nm), 12.92% (490 nm), 10.22% (555 nm), 21.47% (660 nm), 20.75% (680 nm), 88.24% (745 nm) and 144.91% (865 nm), and their root mean square differences are 0.0025 sr−1 (412 nm), 0.0016 sr−1 (443 nm), 0.0015 sr−1 (490 nm), 0.0014 sr−1 (555 nm), 0.0010 sr−1 (660 nm), 0.0010 sr−1 (680 nm), 0.0010 sr−1 (745 nm), and 0.0008 sr−1 (865 nm). The rather large percentage differences occur at two near-infrared bands (745 nm, 865 nm) due to the small water reflectance (this can be seen in Figure 6b,d,f,h). In the visible bands, the average relative percentage differences at the blue band (412 nm, 22.57%) are larger than those of the green and red bands (443–680 nm, 10.22–21.47%). Note that the 3 bands of 555, 660, and 680 nm were used in our improved Chl-a retrieval algorithm.



For invalid Rrs data pixels in GOCI level 2 products from the KOSC, compared with field data measured in the Yangtze River Estuary and its adjacent coastal sea during the early spring and summer seasons of 2008 by Shen et al. [21], the 135 Rrs derived using GOCI data in highly turbid water in this study are similar in spectral shape and amplitude range.



Moreover, this study can derive more valid Rrs data in highly turbid water, where the operational level 2 data are usually invalid. In turbid water where Buoys A and B were located during 2020 and 2021, as well as where the cruises were conducted in August 2017 and August 2018, 159 buoy–GOCI match-ups were acquired in this study, while only 24 valid data points were obtained from the KOSC’s GOCI level 2 files. According to the spectrum (Figure 4b), they are all in moderately turbid water. This means that the KOSC’s GOCI level 2 files were valid in the moderately turbid waters and were missing (invalid) in the extremely turbid waters. This indicates that the valid data percentage of GOCI level 2 data from the KOSC in Hangzhou Bay is lower than that in this study.




3.2. The Improved Chl-a Retrieval Algorithm in This Study


Based on the Shen et al. [21] regional algorithm developed for MERIS images in the Yangtze River Estuary and its adjacent water, the Rrs at 555, 660, and 680 nm (GOCI bands) were used to replace the 560, 665, and 681 nm (MERIS bands) for     λ   1    ,     λ   3     and     λ   4    , and the average of Rrs at 555 and 660 nm replaced Rrs at 620 nm for     λ   2     in Shen et al. [21], as MERIS and GOCI sensors have different bands. Since the GOCI does not have the 620 nm band, we chose the average of 555 and 660 nm as a substitution. Then, we calculated the SCI index values using our GOCI-derived Rrs data. The improved regional Chl-a retrieval algorithms were finally obtained by fitting the 94 match-ups of Chl-a data and the SCI values by quadratic polynomial and exponential functions in spring (17), summer (9), autumn (24), and winter (44) (Table 2).



To quantify the accuracy of the retrieval algorithm proposed in this study around Hangzhou Bay, the performance of the improved Chl-a retrieval algorithm in this study was evaluated using calibration and validation data (Figure 7a,b, Table 3). As a reference for comparison, the performance of the OC3 algorithm used in operational GOCI level 2 data products from the KOSC was also demonstrated (Figure 7c, Table 3).



The results from the improved algorithm in this study are generally scattered around the 1:1 line (Figure 7a,b,d), while it appears that there is nearly no relationship between field data and retrievals from OC3, with values mostly around the average of 2.43 mg/m3 (Figure 7c). The MAPE and RMSE of the improved Chl-a algorithm in this study (45.11% and 0.49 mg/m3 for 94 calibration data points, 42.46% and 0.47 mg/m3 for 41 validation data points) are much smaller than those of the OC3 method used in GOCI level 2 data products (144.10% and 1.56 mg/m3 for 94 calibration data points, 200.68% and 1.72 mg/m3 for 41 validation data points). It is worth noting that low correlation coefficients can be observed in Figure 7, and they are supposed to be affected by a few outliers deviating from the 1:1 line, which are mostly in spring and winter.



Using 41 validation data, the MAPE and RMSE of the retrieval results in this study are much smaller in winter (29.12% and 0.25 mg/m3 for 19 data points in winter, not shown in Table 3) than those in other seasons (36.46% and 0.40 mg/m3 for 8 data points in spring, 39.93% and 0.84 mg/m3 for 4 data points in summer, and 79.93% and 0.85 mg/m3 for 10 data points in autumn, not shown in Table 3). Among the four seasons, the accuracy of the retrieval method in this study in autumn is the lowest, though it is better than that of the OC3 algorithm (145.81% and 1.57 mg/m3 for 159 total points).



In extremely turbid water (N = 135), the retrieval results of the OC3 algorithm have more uncertainties (RMSE of 1.72 mg/m3 and MAPE of 200.68% for the validation data; RMSE of 1.57 mg/m3 and MAPE of 167.05% for total data) than this study (RMSE of 0.47 mg/m3 and MAPE of 42.46% for validation data). In moderately turbid water (N = 24), if our improved Chl-a retrieval algorithm for extremely turbid water is applied, the performance of the OC3 algorithm (RMSE of 0.86 mg/m3) seems better than that in this study (RMSE of 0.99 mg/m3, not shown in Table 3). However, both algorithms show large uncertainties in moderately turbid water around Hangzhou Bay.



Considering the uncertainty goal of 35% in SeaWiFS Chl-a concentration in global open ocean waters [41], the percentage of retrievals with MAPE no more than 35% was also calculated. In the extremely turbid water, it accounts for 37.78% for this study and is higher than the 11.11% using OC3. Considering all match-up Chl-a data, it accounts for 37.74% for this study and is 2.5 times higher than the 15.09% for OC3.




3.3. Seasonal Variations in Chl-a in Hangzhou Bay


The seasonal variation in Chl-a in Hangzhou Bay and adjacent coastal water derived by this study (Figure 8b,d,f,h) is more significant than the results of the level 2 data products by the KOSC (Figure 8a,c,e,g). In Figure 8, the Chl-a values in summer and autumn are higher than those in spring and winter for both retrieval methods, while the Chl-a values derived in this study are generally lower than the OC3 values, especially in winter and spring.



To quantitatively demonstrate the seasonal variation, the seasonal mean values of Chl-a collected by the two buoys (A and B) and the GOCI in Hangzhou Bay are listed in Table 4 and Figure 9. A comparison between the Chl-a derived using the GOCI in this study with the KOSC level 2 data product with buoy data shows that the data from the two buoys (0.86–4.38 mg/m3 of Buoy A, 0.98–2.11 mg/m3 of Buoy B) generally vary seasonally, consistent with this study (0.79–2.69 mg/m3 at the location of Buoy A, 0.84–2.65 mg/m3 for Hangzhou Bay), and Chl-a data show the highest values in summer, followed by autumn, and finally spring and winter. However, the GOCI Chl-a values (1.80–2.15 mg/m3 at the location of Buoy A, 1.93–2.27 mg/m3 for Hangzhou Bay) from OC3 do not vary much throughout the year, although the Chl-a average in summer is slightly higher than that in other seasons.



Note that the Chl-a values of Buoy A in 2020 have a much higher average in the summer than Buoy B in 2021. High Chl-a concentrations occurred frequently at Buoy A in summer in 2020. Specifically, the time series data of Buoy A have extremely high Chl-a values ranging from 20 to 98.62 mg/m3 from 13 June to 15 June, 20 July to 29 July, 2 August to 3 August, and 10 August to 19 August. We checked that these high Chl-a signals cannot be inferred from spectral characteristics of the GOCI Rrs data. Then the seasonal average values including and excluding the portion of extremely high Chl-a data at Buoy A in summer were calculated (4.38 mg/m3 versus 3.35 mg/m3), respectively, and results are presented in Figure 9 and Table 4. Compared with the GOCI level 2 data product from the KOSC at Buoy A in summer (2.15 ± 0.25 mg/m3), the seasonal average derived using GOCI data at Buoy A in this study (2.69 ± 2.31 mg/m3) is closer to that calculated using Buoy A measurements by excluding the portion of extremely high Chl-a data.



In Figure 8, the Chl-a concentrations showed a zonal distribution along the longitude from coastal Hangzhou Bay to offshore water. The concentrations of Chl-a generally show a low, high, and low trend from coastal to offshore water in spring, autumn, and winter, respectively. The KOSC level 2 data generally show high values in coastal waters and low values in offshore waters.



To compare this Chl-a zonal variation from nearshore to offshore, we selected a transect indicated by A to E in the study area (Figure 10). The Chl-a from the KOSC generally agrees well with this study in coastal and offshore water (from B to E) and has higher values than this study in Hangzhou Bay in spring, autumn, and winter. The retrieved Chl-a in this study shows a zonal distribution trend of low, high, and low from Hangzhou Bay to offshore water in winter, autumn, and spring, while Chl-a data from the KOSC have no such trend. Both the Chl-a retrieved in this study and the Chl-a data from the KOSC show high values in coastal waters and low values in offshore waters in summer. In addition, these trends in this study are similar to the results from Zhang et al. [42] based on their field measurements in 2008.




3.4. Classification of Chl-a Seasonal Cycle


As shown in Figure 11, the four seasonal cycles in Chl-a in 2020 correspond to four areas from coastal to offshore water: (1) Hangzhou Bay and its adjacent areas (P area) with significant seasonal cycles, where high values of Chl-a occur in summer and low values occur in spring and winter; (2) nearshore area (Q area) with distinct seasonal variations, where high values of Chl-a occur in summer and the lowest values occur in autumn, and the average Chl-a is about 1.5 mg/m3; (3) offshore area (M area) with seasonal variations, where the highest Chl-a occurs in winter and the lowest in summer, and the average Chl-a is lower than 1 mg/m3; and (4) open sea (N area), where Chl-a is low (approximately 0.5 mg/m3) and the seasonal variation is not significant. With the increase in offshore distance, both the Chl-a concentration levels and seasonal variations for the four areas exhibit a decreasing trend. The most significant seasonal variation of Hangzhou Bay and its adjacent areas (P area) can be seen in this study, while it cannot be observed from the GOCI operational L2 data in 2020 (Figure 8 and Figure 9).





4. Discussion


4.1. Comparison of Multitemporal Observations for Hangzhou Bay


Different spaceborne water color sensors observe the ocean at different times. It is well known that sensors with high temporal and spatial resolutions have great advantages in monitoring dynamic systems. We quantified the accuracy and difference of single, dual, or multitemporal observations (polar-orbiting or geostationary orbiting ocean color sensors) using continuously measured buoy data in Hangzhou Bay. The accuracy and difference are calculated using buoy data and not using satellite data. This can exclude the difference from calibrations and corrections of different satellite sensors.



The polar-orbiting sensors of MODIS-Aqua and MODIS-Terra and the geostationary sensors of the GOCI are commonly used in various studies. MODIS-Aqua and MODIS-Terra usually take measurements at approximately 02:30 or 05:30 UTC, and GOCI acquired images 8 times per day in hourly intervals from 00:15 to 07:45 UTC. Before choosing suitable data from different data products in studies, it is necessary to know how the accuracy and difference of observations at different temporal frequencies vary.



To quantify the difference in Chl-a observations in the 24 h temporal (buoy), multitemporal (buoy data at GOCI time), dual-temporal (buoy data at MODIS-A and MODIS-T time), and single-temporal (buoy data at MODIS-T time) ranges in Hangzhou Bay, the Buoy A data were averaged at 24 h (daily average), 8 h (at GOCI time), 2 h (at MODIS-Aqua and MODIS-Terra time), and 1 h (at MODIS-Terra time) and compared (Figure 12).



As shown in Figure 12a, different temporal-range averages can generally follow the 24 h daily averages well throughout 2020. However, as shown in Figure 12b, the daily averages of the 8 h multitemporal observations are the closest to the results of the 24 h daily averages, in both the trend and value. The trend and value of the single-time observation show the largest difference from the 24 h daily average. The trend of dual-temporal observations is consistent with that of single-time observations. As shown in Figure 12c, the mean absolute percentage error of the multitemporal observation is the lowest (approximately 15–25%), then the dual-temporal observation (approximately 15–35%), and finally the single observation (approximately 25–50%). The three observation methods have the largest MAPE in autumn and the smallest MAPE in spring. This shows that multitemporal observations are more accurate, and the GOCI has advantages in monitoring dynamic coastal areas than other low-temporal polar-orbiting sensors. However, when multitemporal observations are not available for analyzing seasonal variations, the dual-temporal average can be a good substitute. For a short-term change study of daily averaged Chl-a, multitemporal observations are needed in Hangzhou Bay. Note that this analysis is based on data from Buoy A in Hangzhou Bay in 2020. The accuracy and difference should differ spatially and could vary temporally.




4.2. Seasonal Variation in Chl-a in Hangzhou Bay


Previous studies have studied the Chl-a seasonal cycle using field data [42,43,44] or spaceborne ocean color data [45,46] in the East China Seas. However, Chl-a retrievals are not accurate in coastal turbid water [47]. Typically, Chl-a data are missing in operational ocean color products in the highly turbid coastal water of Hangzhou Bay and its adjacent coastal water (Figure 8). The Chl-a seasonal cycles in Hangzhou Bay and its adjacent coastal waters have not been fully described in previous studies. Therefore, we demonstrated a typical Chl-a seasonal cycle in Hangzhou Bay and its adjacent coastal water in 2020. This could vary with time, and needs to be further validated using more field and satellite data. However, this would be helpful for studies on different factors affecting varying Chl-a seasonal cycles in Hangzhou Bay and adjacent coastal waters.



In spring and winter, the concentration of Chl-a in Hangzhou Bay and the Yangtze River Estuary is lower than that in the open sea area, while in summer and autumn, it is much higher than that in the open sea area, which is related to the water temperature and input and diffusion of nutrients from the land [48].



In summer, southerly winds prevail in the study area, and the surface water temperature is the highest year-round. The runoff of the Yangtze River is in the rainy season, and a large amount of fresh water is injected and diffused, carrying a large amount of sediment and nutrients [43]. The concentration of Chl-a in Hangzhou Bay and the Yangtze River Estuary is higher than that in the open seas. The high value area of Chl-a nearshore weakened in autumn, which may be due to less sunshine and lower water temperature than that in summer.



In winter, northerly winds prevail in the study area, the temperature drops sharply, and the surface water temperature drops. At this time, the runoff of the Yangtze River is in the dry season, and the diluted water of the Yangtze River is weak [43]. The content of Chl-a in Hangzhou Bay decreased significantly and presented a zonelike distribution in space, with the highest value at approximately 123° E and decreasing to the east and west, which was consistent with the research results of Zhang et al. [49]. In spring, with increasing water temperature, the concentration of Chl-a in Hangzhou Bay and the Yangtze River Estuary increases slowly.




4.3. Limitations of the Atmospheric Correction Procedure and Retrieval Algorithms in This Study


In the atmospheric correction procedure of this study, the cloud masking method is from Lu et al. [34], which is designed for the GOCI and used in Chinese coastal turbid water. Although this method is supposed to be applied to almost all other ocean color sensors, the threshold values are supposed to be slightly adjusted depending on the specific sensor, such as MODIS. Its performance also varies from water to water; for example, it could retain some thin cloudy pixels in less turbid water [34]. In terms of the aerosol contribution correction procedure based on Hu et al. [9] in this study, for other specific research areas and ocean color sensors, the range of     L   a     in less turbid water should be modified accordingly. Thus, the constant parameters in our atmospheric correction procedure are region- and sensor-specific and need to be adjusted according to different local regions and sensors. It should be noted that the Rrs derived in extremely turbid water in this study were not validated using synchronous field data, and thus, the performance of the atmospheric correction procedure of this study needs to be further verified in the future.



Differences in Rrs derived in this study and the KOSC’s GOCI L2 data can be observed in less turbid water (Figure 5 and Figure 6). Therefore, there is also a slight difference in Chl-a concentrations (RMSE of 0.16 mg/m3, not shown) in offshore water (Figure 8). However, our seasonal trends are similar to the results from Hao et al. [40]. Considering that our study is mainly concentrated in Hangzhou Bay and the adjacent coastal water, these differences in the offshore sea are not assessed in this study. Further research on merging coastal results with offshore data products is needed.



Using the 159 match-up Chl-a data in the range of 0.01 to 10 mg/m3, the retrieval method of Chl-a in this study is developed with better accuracy (MAPE of 44.97%, RMSE of 0.52 mg/m3) than OC3. Note that the high Chl-a data of Buoy A in summer were not used. We checked that these high Chl-a signals cannot be inferred from spectral characteristics of the GOCI Rrs data. We speculated that the high Chl-a events of Buoy A in 2020 could occur in a very small spatial area. Alternatively, high Chl-a might cause high reflectance in the near-infrared when forming surface algae blooms; however, in the sediment-laden water, the high near-infrared reflectance resulted from both the high Chl-a [50] and the high sediment concentrations [51], which are difficult to be distinguished. Using limited match-ups in summer, a larger RMSE of the Chl-a algorithm (0.84 mg/m3 for 4 validation match-ups) can be observed. In addition, the larger MAPE and RMSE can also be observed in autumn (72.02% and 1.00 mg/m3 for 24 calibration data, 79.93% and 0.85 mg/m3 for 10 validation data) in Section 3.2. Thus, the performance of our approach in summer and autumn needs to be further validated or improved using more field data. As noted in Section 3.2, low correlation coefficients are observed in Figure 7, and they are supposed to be affected by a few match-up outliers in spring and winter. In spring and winter, the water in Hangzhou Bay is extremely turbid, and the Chl-a concentrations are low (Figure 8). We speculate that the outliers could be due to the noises in field measurements of buoy Chl-a, or due to the error in spectral Rrs from the atmospheric correction procedure in turbid water. The correlation coefficients between field Chl-a and GOCI-derived Rrs could be further improved when more match-up data samples can be obtained in the future. Additionally, since the GOCI does not have the 620 nm band as MERIS, in this study, we chose the average of Rrs at 555 and 660 nm as a substitution for Rrs at 620 nm using the SCI in Shen et al. [21]. This could increase the Chl-a estimation uncertainties using the GOCI (from June 2010 to March 2021, 500 m spatial resolution), and the retrieval accuracy could be further improved when the GOCI-II data (with a 620 nm band, launched in February 2020, 250 m spatial resolution) are continuously to be used in the future. Moreover, in moderately turbid water, using our limited match-up data (N = 24), although the performance of the OC3 algorithm (RMSE of 0.86 mg/m3) seems better than that in this study (RMSE of 0.99 mg/m3, not shown in Table 3, mentioned in Section 3.2), the performance of OC3 needs to be further improved using more field data.



Synoptic seasonal maps of Chl-a in Hangzhou Bay in 2020 were derived using GOCI data in this study. Many data are missing for seasonally averaged Chl-a data products from the KOSC due to the highly turbid water and frequent clouds in Hangzhou Bay and coastal water (Figure 8a,c,e,g); however, the synoptic seasonal maps of Chl-a derived by this study have more valid data in Hangzhou Bay, as more data can be retrieved over cloudless highly turbid water (Figure 8b,d,f,h). This proves the better performance of this study in obtaining more valid data over highly turbid water. Of particular note is that the Chl-a values in this study seem to have much noise in summer (Figure 10b), which may be because the cloud masking method is designed for turbid waters, which could misjudge some thin cloud pixels as water. However, compared with published studies using field data [42,43,44] or spaceborne ocean color data [40,46] in East China Seas, our GOCI-derived Chl-a data in 2020 generally show consistent seasonal and spatial variations. For example, based on field measurements, Shen et al. [43] found that there was a clear peak area of Chl-a concentration near the Yangtze River Estuary in summer in 1988 and 1989, Wang et al. [44] noted that the high Chl-a concentration in Hangzhou Bay appeared in summer in 2006, and Zhang et al. [42] demonstrated that the Chl-a concentration in the coastal area had a significant seasonal variation in 2008. Based on the spaceborne ocean color data, Sha et al. [46] pointed out that the annual variation range of Chl-a concentration in distant seawaters is small using MODIS data from 2002 to 2007; Hao et al. [40] indicated that summer bloom occurred frequently in coastal seas around East China Seas using the OC-CCI dataset from 1998 to 2013, and the OC-CCI dataset is merged from MODIS, SeaWiFS, and MERIS data. Although our results seem reasonable compared with our two buoys, as well as previous studies, the accuracy should be further checked using more data in Hangzhou Bay over a longer temporal range.





5. Conclusions


The geostationary ocean color sensor GOCI offers good opportunities to study diurnal variabilities in coastal environment dynamics. However, in the typical sediment-laden turbid water in Hangzhou Bay, valid ocean color parameters in operational data products are missing. In this study, the Chl-a concentrations in Hangzhou Bay were derived with GOCI data in August 2017 and August 2018 and from 2020 to 2021 by using an existing atmospheric correction procedure and an improved Chl-a retrieval method in Hangzhou Bay. Compared with the OC3 method used in the GOCI level 2 data product of the KOSC, this study improves the valid Chl-a data sample number (from 24 to 159), and the proportion of Chl-a data within an uncertainty of less than ±35% increased by 2.5 times. The seasonal variation in Chl-a in Hangzhou Bay and adjacent coastal waters in 2020 was also presented. The Chl-a retrievals of this study are more consistent with buoy data than the GOCI level 2 data products from the KOSC in Hangzhou Bay. This study offers a scheme to obtain comparatively accurate Chl-a retrievals using the GOCI in the highly turbid water of Hangzhou Bay and effectively increases the reliability of chlorophyll inversions using the GOCI. This could offer insight into the spatial and seasonal variations in Chl-a in Hangzhou Bay using the GOCI.
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Figure 1. Location of the study area. Hangzhou Bay is indicated in a green rectangle. The two red stars (A and B) indicate the locations of the two buoys used in this study. The 26 triangles (in yellow and red) indicate site locations of cruises (6 match-up sites in red were used in this study). The background color represents the water depth. 
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Figure 2. (a) RGB image composited from GOCI Rayleigh-corrected reflectance at 680, 555, and 443 nm at 05:16 (UTC) on 10 February 2020. (b) The corresponding chlorophyll a concentration retrieved by the OC3 algorithm using GDPS 2.0, and the white color represents no valid data. Hangzhou Bay is indicated by a green solid line rectangle, and the adjacent coastal waters are indicated by a green dashed rectangle. 
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Figure 3. Comparison of GOCI spectral Rrs data (at 555, 660, 680 nm) obtained using three windows of 1 × 1, 3 × 3 and 5 × 5 pixels. (a) Rrs values of the 1 × 1 vs. 3 × 3 pixel window. (b) Rrs values of the 1 × 1 vs. 5 × 5 pixel window. (c) Rrs values of the 3 × 3 vs. 5 × 5 pixel window. 
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Figure 4. (a) Relationship between the CSediments and Rrs (745 nm)/Rrs (490 nm) band ratio. (b) The match-up GOCI-derived Rrs spectrum (in blue) in moderately turbid waters (CSediments from 16.51 to 39.02 mg/L). (c) The match-up GOCI-derived Rrs spectrum (in pink) for the extremely turbid waters (CSediments from 40.05 to 1761.32 mg/L) in Hangzhou Bay. 
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Figure 5. Comparison of valid Rrs data pixels from the KOSC’s GOCI level 2 products and this study. 
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Figure 6. Comparison between GOCI Rrs level 2 products (blue triangles) and GOCI Rrs from this study (red dots). The results in less turbid water at 02:16 UTC on 1 February 2020 (a,b) and at 06:16 UTC on 21 December 2020 (c,d), in turbid water at 02:16 UTC on 19 June 2020 (e,f) and at 03:16 UTC on 12 October 2020 (g,h). The red crosses (a,c,e,g) indicate locations where Rrs spectrums (b,d,f,h) were obtained. 
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Figure 7. Scatter plot between field Chl-a and the retrieval results from GOCI data. (a) Calibration of 94 match-ups (in pink) in extremely turbid waters, (b) validation of 41 match-ups (in blue) in extremely turbid waters, (c) scatter plots of Chl-a between field data and results derived using OC3, and (d) scatter plots of Chl-a between field data and results derived using the improved method in this study. The retrievals obtained in extremely turbid waters and moderately turbid waters are indicated in red and grey, respectively. 
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Figure 8. Seasonal averaged maps of Chl-a in Hangzhou Bay and adjacent coastal waters. (a,c,e,g) represent the Chl-a seasonal variation derived by the GOCI level 2 data products of the KOSC, and (b,d,f,h) are the Chl-a seasonal variation derived after atmospheric correction and the improved combined regional Chl-a retrieval algorithm. Hangzhou Bay is indicated in a red rectangle. 
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Figure 9. Seasonal mean values of Chl-a from buoys and GOCI data in Hangzhou Bay (HZB). 
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Figure 10. The Chl-a seasonal variation in the study area retrieved by the GOCI. (a) The location of the selected representative transect indicated by A to E in the study area. (b) The seasonal variations in Chl-a at the representative transect (the dashed line represents the GOCI Chl-a of the KOSC, and the solid line is the Chl-a of this study). 
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Figure 11. Different Chl-a seasonal cycle types in 2020 in the study area: (a) distribution of four Chl-a seasonal cycle types: Hangzhou Bay and its adjacent areas (P area, in pink), nearshore area (Q area, in green), offshore area (M area, in red), and open sea (N area, in blue); (b) seasonal Chl-a variations for different types (the pink, green, red and blue lines represent the P, Q, M and N areas, respectively). 
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Figure 12. Chl-a comparison among the 8 h multitemporal (in blue), dual-temporal (in yellow), and single-time (in pink) observations and the 24 h daily (in black) averages. (a) Comparison of the time series in 2020. (b) Comparison of the time series from 30 September to 7 October 2020. (c) The mean average percentage errors of three temporal observations (8 h multitemporal in blue, dual-temporal in yellow, single-time in pink) in four seasons compared with the 24 h daily averages. 
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Table 1. Data range of La over less turbid water pixels near Hangzhou Bay.
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	Wavelength (nm)
	La (W·m2·sr−1)





	412, 443
	0~3



	490, 555
	0~4



	660, 680, 745
	0~4.5



	865
	0~3.5
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Table 2. Regional Chl-a retrieval algorithms in four seasons in highly turbid water of Hangzhou Bay.
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	Seasons
	    Retrieval Algorithms   ( y : Chl-a in mg /  m 3  )    
	N
	R
	MAPE (%)
	RMSE (mg/m3)





	Spring
	   y = − 113369.64 ×   S C I   2   − 866.47 × S C I − 0.18   
	17
	0.62
	36.76
	0.31



	Summer
	   y = 483762.95 ×   S C I   2   − 508.80 × S C I + 1.28   
	9
	0.58
	33.73
	0.58



	Autumn
	   y = 368596.23 ×   S C I   2   − 223.35 × S C I + 0.94   
	24
	0.32
	72.02
	1.00



	Winter
	   y = 1.596 ×   ⅇ   −       S C I − 0.0001142   0.001306       2       
	44
	0.38
	43.89
	0.39
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Table 3. Accuracy statistics of the two retrieval algorithms for Chl-a in Hangzhou Bay.
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Category

	
Accuracy

Indicator

	
This Study

	
OC3




	
All

	
Extremely Turbid Water

	
Moderately Turbid Water

	
All

	
Extremely Turbid Water

	
Moderately Turbid Water






	
Calibration

	
N

	
94

	
94

	
/

	
94

	
94

	
/




	
MAPE (%)

	
45.11

	
45.11

	
/

	
144.10

	
144.10

	
/




	
RMSE (mg/m3)

	
0.49

	
0.49

	
/

	
1.56

	
1.56

	
/




	
* P±35% (%)

	
37.23

	
37.23

	
/

	
13.83

	
13.83

	
/




	
Validation

	
N

	
41

	
41

	
/

	
41

	
41

	
/




	
MAPE (%)

	
42.46

	
42.46

	
/

	
200.68

	
200.68

	
/




	
RMSE (mg/m3)

	
0.47

	
0.47

	
/

	
1.72

	
1.72

	
/




	
* P±35% (%)

	
39.02

	
39.02

	
/

	
4.88

	
4.88

	
/




	
Total

	
N

	
159

	
135

	
24

	
159

	
135

	
24




	
MAPE (%)

	
44.97

	
44.85

	
60.84

	
145.81

	
167.05

	
60.84




	
RMSE (mg/m3)

	
0.52

	
0.47

	
0.86

	
1.57

	
1.57

	
0.86




	
* P±35% (%)

	
37.74

	
37.78

	
37.50

	
15.09

	
11.11

	
37.50








* P±35% means proportion of data with uncertainties (absolute percentage error) less than ±35%.
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Table 4. Comparison of seasonal mean Chl-a values from buoys and GOCI data in Hangzhou Bay (HZB) (mg/m3).
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	Spring
	Summer
	Autumn
	Winter





	Chl-a of Buoy A
	1.07 ± 0.67
	4.38 ± 3.25
	1.57 ± 1.57
	0.86 ± 0.57



	Chl-a of Buoy A (excluding extremely high Chl-a values in summer) *
	1.07 ± 0.67
	3.35 ± 2.85
	1.57 ± 1.57
	0.86 ± 0.57



	Chl-a of Buoy B
	0.98 ± 0.56
	2.11 ± 2.71
	1.17 ± 1.02
	1.10 ± 0.67



	GOCI Chl-a of this study at Buoy A
	0.79 ± 0.48
	2.69 ± 2.31
	1.90 ± 0.64
	1.04 ± 0.45



	GOCI Chl-a of the KOSC at Buoy A
	1.80 ± 0.16
	2.15 ± 0.25
	2.03 ± 0.25
	1.87 ± 0.20



	GOCI Chl-a of this study in HZB
	0.84 ± 0.17
	2.65 ± 0.33
	1.61 ± 0.28
	1.12 ± 0.29



	GOCI Chl-a of the KOSC in HZB
	1.93 ± 0.30
	2.27 ± 0.29
	2.00 ± 0.34
	1.99 ± 0.29







* Chl-a of Buoy A (excluding extremely high Chl-a values in summer) means that the long-term high Chl-a concentrations at Buoy A in summer in 2020 have not been taken into account (high Chl-a values ranging from 20 to 98.62 mg/m3 from 13 June to 15 June, 20 July to 29 July, 2 August to 3 August, and 10 August to 19 August).
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