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	 Sea surface chlorophyll concentration is one of the critical parameters of ocean color. It 
serves as a fundamental indicator for assessing marine net primary productivity and 
eutrophication. However, obtaining accurate data and conducting rapid sea surface chlorophyll 
concentration measurements present significant challenges. This study is based on the Coastal 
Zone Imager (CZI) data from China’s ocean color satellite HY-1C, which analyzes the sensitivity 
of spectral bands, and a remote sensing inversion model for sea surface chlorophyll 
concentration, which is suitable for the coastal waters of China, was constructed. The 
experimental results in the coastal waters near the Zhoushan Archipelago indicate the following: 
(1) The band combinations B3/B2 and B3/(B2 + B1) exhibit the highest correlation with sea 
surface chlorophyll concentration, with a correlation coefficient of 0.77. (2) The quadratic 
polynomial model (y = 105.42x2 − 175.67x + 75.167) constructed using B3/B2 as the independent 
variable demonstrates the highest inversion accuracy for sea surface chlorophyll concentration. 
The R² value is 0.9107 and the mean absolute percentage error is 26.85%. This study plays a 
significant role in advancing the operational level of domestic ocean satellites and in monitoring 
coastal water quality. 

1.	 Introduction

	 Sea surface chlorophyll concentration is one of the important indicators for measuring the 
health of the marine ecological environment.(1,2) It can not only reflect the abundance and 
developmental status of phytoplankton in the seawater, but it is also related to the productivity of 
the marine ecosystem, biodiversity, and the sustainable utilization of fishery resources.(3–5)

	 Currently, there are two main methods for obtaining sea surface chlorophyll concentration: 
direct measurement and remote-sensing-based methods.(6) The direct measurement method 
involves field sampling. In the laboratory, fluorescence spectrophotometry is used to isolate sea 
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surface chlorophyll from these samples, and the concentration of sea surface chlorophyll is then 
calculated on the basis of results.(7,8) The remote-sensing-based method uses the law of variation 
of the spectral curve of a water body with the different substances contained in the seawater, 
identifying the correlation between reflectance spectra in different bands and sea surface 
chlorophyll concentration, thereby constructing a remote sensing inversion model for sea surface 
chlorophyll concentration.(9,10) The direct measurement method provides high precision, is time-
consuming and labor-intensive, and has high economic costs. Additionally, owing to the complex 
nearshore geographical environment, strong ocean currents, and the impact of operators and 
sampling methods, the direct measurement method has limitations in reflecting the nearshore 
marine environment in terms of sea surface chlorophyll concentration. The remote-sensing-
based method can overcome these limitations, allowing for the real-time monitoring of sea 
surface chlorophyll concentration. It not only reflects the spatial and temporal changes in the 
marine environment but also reveals pollution sources and pollutant migration characteristics 
that are difficult to detect by conventional methods. This method has the advantages of being 
unrestricted by geographical areas, fast, cost-effective, and capable of long-term dynamic 
monitoring.(11–13)

	 The Coastal Zone Imager (CZI) is a sensor onboard China’s ocean color satellite HY-1C. It 
offers benefits such as a short revisit cycle (3 days) and a high signal-to-noise ratio, making it 
widely used in algal bloom monitoring and other related fields.(14) In this study, which is tailored 
to the characteristics of HY-1C CZI data, we utilized field-measured spectral data and sea 
surface chlorophyll concentration data to analyze the sensitive bands for the remote sensing 
inversion of sea surface chlorophyll concentration. We constructed a remote sensing inversion 
model for sea surface chlorophyll concentration in coastal waters for the monitoring of marine 
environments.

2.	 Study Area and Data Sources

2.1	 Study area

	 The Zhoushan Archipelago (121°30′–123°25′E, 29°32′–31°04′N) is under the jurisdiction of 
Zhejiang Province and comprises 2085 islands, accounting for approximately 20% of the total 
number of islands in China.(15,16) For the Zhoushan Archipelago with its numerous islands and 
abundant fishery resources, data from domestic ocean satellites are utilized to study the 
ecological elements of the coastal waters surrounding it.(17,18) The location of the study area is 
shown in Fig. 1.

2.2	 Data sources

	 The data utilized in this study comprise HY-1C CZI data, field-measured spectral data, and 
sea surface chlorophyll concentration data.
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2.2.1	 HY-1C CZI data

	 In September 2018, China launched the ocean color satellite HY-1C, which is equipped with 
five sensors: the Chinese Ocean Color and Temperature Scanner, CZI, the Ultra-Violet Imager 
(UVI), the Satellite-based Calibration Spectrometer (SCS), and the Automatic Identification 
System (AIS).(19–23) Among them, the CZI has four bands, namely, red, green, blue, and near-
infrared, with a spatial resolution higher than 50 m and an observation swath width greater than 
950 km; it is mainly used for observing coastal waters, islands, and coastal zones. The main 
parameters of the HY-1C CZI are shown in Table 1.(24) After specific processing, the CZI data 
product in specific levels can be obtained. In this study, the remote sensing reflectance of CZI 
data was used, and radiometric calibration and atmospheric correction were performed. The 
pixel gray value was converted to radiance by physical means using calibration parameters 
through radiometric calibration, and atmospheric correction was performed to reduce the effects 
of atmospheric scattering and absorption on radiance and obtain reflectance data.

2.2.2	 Field-measured data

	 From September 24–26, 2021 and March 7–9, 2022, two field spectral data sampling tasks 
were conducted on Taohua Island in Zhoushan, resulting in 25 sets of field spectral data and sea 
surface chlorophyll concentration data. The distribution of the sampling points is shown in 
Fig. 2.

2.2.2.1	 Measured spectral data of water body

	 The sampling process utilized China’s first amphibious field spectrometer, the ISI921VF-512 
(shown in Table 2). To minimize the impact of water body surface specular reflection and boat 

Fig. 1.	 (Color online) Location of study area.
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shadow on the measurement results, and to better extract the water-leaving radiance and remote 
sensing reflectance that reflect the water body information, a certain observation angle is 
adopted for water body spectral observation during the measurement. The angle between the 
instrument’s observation plane and the sun’s incidence plane is 90 to 135° (against the direction 
of the sun), and the angle between the instrument and the water surface normal is about 30 to 
45°. Simultaneously, the skylight has a reflection on the surface, and this reflected component 
must be excluded to obtain unitary water body information. Therefore, after the instrument is 
oriented toward the water body for measurement, the instrument must be rotated upward by a 
specific angle within the observation plane (usually 90°, so that the zenith angle for the skylight 
observation is the same as the observation angle during the water surface measurement) to 
measure the radiance information of the skylight.
	 The spectral curve of a water body is the most direct manifestation of its optical characteristic 
and is the most widely used optical statistical information in ocean color research. It can 

Table 1
Parameter setting and main application of satellite HY-1C.

Band number Spectral range 
(nm) Resolution Revisit cycle Satellite 

altitude Application

1 0.42–0.50

50 m 3 days 782 km

Chlorophyll, Pollution, Ice, 
Shallow marine terrain

2 0.52–0.60 Chlorophyll, Low-concentration 
sediment, Pollution, Tidal flat

3 0.61–0.69 Moderate sediment, 
Vegetation, Soil

4 0.76–0.89 vegetation, High-concentration 
sediment, Atmospheric correction

Fig. 2.	 (Color online) Location of sampling points.
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intuitively reflect the law of variation in the radiation energy of the water body affected by 
absorption and scattering, and analyzing the spectral characteristics of a water body can provide 
insights into the composition of the water and the impact of each component on the spectral 
curve.(25,26) Equation (1) is used to convert the data obtained from the spectrometer into remote 
sensing reflectance (shown in Fig. 3).
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Here, Rrs is the remote sensing reflectance of the water body, Iwat is the radiance measured by 
the spectrometer, α is the water surface reflectance, which is taken as 0.028 in the calculation, 
Isky is the radiance from the sky’s diffuse reflection, Ip is the radiance from the reference panel, 
and Rp is the reflectance of the reference panel.
	 The remote sensing reflectance of the water body derived from 25 sets of field-measured 
spectral data is shown in Fig. 3. In the wavelength range of 380–500 nm, the curve has a small 
slope, the increase is relatively slow, and the overall trend is smooth, as shown in Fig. 3. This is 
due to the absorption effects of sea surface chlorophyll and other soluble organic materials. After 
500 nm, the growth of the water body’s spectral curve begins to accelerate, reaching a peak 

Table 2
(Color online) Parameters of the ground-object spectroradiometer ISI921VF-512.

Ground-object spectroradiometer ISI921VF-512

Spectral range 380–1050 nm 
(The spectral range can be adjusted by ±30 nm on the basis of user requirements.)

Spectral resolution 2 nm (512 channels)
Wavelength accuracy 0.7 nm
Signal-to-noise ratio Equivalent noise radiance 1 × 10−9W·cm−2·nm−1·sr−1

Measurement accuracy 2%
Continuous runtime 5 h
Sensor head 1.0 kg 174 × 115 × 51mm
Main device 3.8 kg 285 × 198 × 100mm
Number of stored curves 512 curves
Two-meter measurement rod present
Laser indicator present
Additional functions GPS, video recording, and other functions
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around 577 nm. In the wavelength range of 577–700 nm, the reflectance values fluctuate 
minimally, forming a “broad peak” phenomenon. Some sampling points exhibit a minor 
reflection at 640 nm, primarily due to the absorption effect of sea surface chlorophyll in this 
wavelength interval. Different concentrations of chlorophyll have varying impacts on the 
spectral curve. Around 710 nm, there are sudden increases in values, which are attributed to the 
increase caused by the reflection of chlorophyll. In the wavelength range of 770–810 nm, the 
values initially rise and then fall, with a lower peak, which is approximately half of the maximum 
peak value, and a smaller width. This phenomenon is caused by the scattering of surface-
suspended particles. After 870 nm, the effects of environmental factors lead to a high level of 
noise, significantly reducing the validity of the data; therefore, they were excluded.

2.2.2.2	 Measured sea surface chlorophyll concentration data

	 In this study, the domestically produced YG-multi-parameter water quality sensor was 
utilized to measure the sea surface chlorophyll concentration at a depth of 50 cm by the 
fluorescence method. The technical parameters of the YG-multi-parameter water quality sensor 
are shown in Table 3. The sea surface chlorophyll concentrations at the various sampling points 
are shown in Table 4.

Fig. 3.	 (Color online) Spectral curves of water with different sea surface chlorophyll concentrations in the coastal 
waters of Zhoushan. The horizontal axis is wavelength, the vertical axis is remote sensing reflectance, and the curve 
reflects the change in remote sensing reflectance with wavelength.
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3.	 Methods

	 This study is based on the CZI remote sensing data from China’s ocean color satellite HY-1C. 
We used the remote sensing inversion method to determine the sea surface chlorophyll 
concentration, with the specific process shown in Fig. 4. This study encompasses four 
components: image preprocessing, band sensitivity analysis, model establishment, and accuracy 
assessment.

3.1	 Image preprocessing

	 Radiometric calibration and reflectance correction were performed on the HY-1C CZI data to 
obtain reflectance data.

Table 3 
(Color online) Technical parameters of YG-multi-parameter water quality sensor.

YG -multi-parameter water quality sensor

Measurement range 0–400 μg/L or 0–100 RFU
Accuracy ±5% or 0.5 μg/L, whichever is greater
Resolution 0.01 µg/L
Protection rating IP68
Temperature range 0–50 ℃
Sensor interface Supports RS-485, MODBUS protocol
Power information DC 12–24 V

Table 4
Sea surface chlorophyll concentrations at various sampling points. 

Sampling 
point Longitude and latitude

Sea surface 
chlorophyll 

concentration
(μg/L)

Sampling 
point Longitude and latitude

Sea surface 
chlorophyll 

concentration
(μg/L)

P01 (122.31686 E, 29.79153 N) 5.2703 P14 (122.32012 E, 29.78399 N) 11.691
P02 (122.31116 E, 29.78751 N) 1.6041 P15 (122.32339 E, 29.78532 N) 7.5979
P03 (122.31120 E, 29.78756 N) 1.406 P16 (122.32423 E, 29.78639 N) 13.998
P04 (122.31304 E, 29.78593 N) 2.0626 P17 (122.32511 E, 29.78715 N) 9.091
P05 (122.31368 E, 29.78606 N) 2.0789 P18 (122.31721 E, 29.78877 N) 2.8347
P06 (122.31424 E, 29.78671 N) 3.3407 P19 (122.31939 E, 29.78938 N) 11.5649
P07 (122.31376 E, 29.78550 N) 2.7913 P20 (122.32049 E, 29.78919 N) 2.8468
P08 (122.31374 E, 29.78589 N) 2.7018 P21 (122.32128 E, 29.78886 N) 3.9012
P09 (122.31508 E, 29.78729 N) 2.7329 P22 (122.32232 E, 29.78811 N) 6.8351
P10 (122.31642 E, 29.78814 N) 3.9927 P23 (122.32446 E, 29.78658 N) 8.4579
P11 (122.31866 E, 29.78760 N) 4.632 P24 (122.32538 E, 29.78689 N) 7.3662
P12 (122.32070 E, 29.78571 N) 5.5864 P25 (122.31839 E, 29.79051 N) 5.4649
P13 (122.32101 E, 29.78499 N) 3.9073
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3.2	 Band sensitivity analysis

	 In the remote sensing inversion of key ocean color parameters in coastal waters, the spectral 
curve of the water body is a result of the combined effects of water molecules, sea surface 
chlorophyll, suspended sediments, and other ocean color elements. Therefore, to construct a 
more accurate remote sensing inversion model for sea surface chlorophyll concentration, we 
comprehensively considered single bands, different band combinations, and remote sensing 
indices (such as NDWI, NDVI, and EVI) to deeply explore the relationship between satellite 
remote sensing data and sea surface chlorophyll concentration. We statistically analyzed the 
correlation coefficients between single bands, different band combinations, and remote sensing 
indices with the field-measured chlorophyll concentrations, selecting the spectral band with the 
highest correlation coefficient as the sensitive band. The sensitivity analysis of sea surface 
chlorophyll concentration is shown in Table 5.
	 From Table 5, in terms of single bands, the correlation coefficients of the HY-1C CZI data’s 
B1, B2, B3, and B4 with sea surface chlorophyll concentration are −0.23, 0.14, 0.55, and 0.48, 
respectively, with B3 (red band) showing the highest correlation. In terms of different band 
combinations, the correlation coefficient of B3/B2 and B3/(B1 + B2) with sea surface chlorophyll 
concentration is 0.77. In terms of remote sensing indices, the correlation coefficients of NDWI, 
NDVI, and EVI with sea surface chlorophyll concentration are −0.43, 0.27, and −0.45, 
respectively. Therefore, in this study, we selected B3/B2 and B3/(B1 + B2) as the sensitive factors 
for the remote sensing inversion of sea surface chlorophyll concentration.

3.3	 Construction of RS inversion model of sea surface chlorophyll concentration

	 On the basis of the band sensitivity analysis of sea surface chlorophyll concentration, the 
band combinations B3/B2 and B3/(B1 + B2) were selected as independent variables. Models were 

Fig. 4.	 (Color online) Technical flowchart.
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constructed in mathematical forms such as linear, quadratic polynomial, exponential, and 
logarithmic to reverse the sea surface chlorophyll concentration in the Zhoushan coastal waters, 
with the precision of the models assessed using the R2.
	 R2 is commonly used to represent the fit between two sets of data; the larger the R2, the better 
the model fits the data.
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Here, n is the number of observations, yi is the true observed value of the i-th instance, fi is the 
predicted value for the i-th observation, and ȳ is the mean of all true observed values. The sea 
surface chlorophyll concentration remote sensing reversion model constructed in this study and 
its accuracy assessment results are shown in Table 6.
	 From Table 6, with the band combination B3/B2 as the independent variable, the reversion 
model constructed in the form of a quadratic polynomial has the highest R2, which is 0.9107, 
indicating that this model has the highest precision. Therefore, this model is selected as the 
remote sensing reversion model for sea surface chlorophyll concentration using HY-1C CZI data, 
and its formula is as follows:

	 2105.42 175.67 75.167y x x= − + ,	 (3)

where x is the ratio of remote sensing reflectance between the red and green bands of the HY-1C 
CZI data.

3.4	 Accuracy assessment

	 Accuracy assessment is an essential step in remote sensing information extraction and target 
identification, serving as an important basis for assessing model accuracy and adjusting model 

Table 5
Analysis table of correlation between measured spectral data and chlorophyll concentration at sea surface.
Independent 
variable

Correlation 
coefficient

Independent 
variable

Correlation 
coefficient

Independent 
variable

Correlation 
coefficient

Independent 
variable

Correlation 
coefficient

B1 −0.23 B2/B1 0.61 B4/(B3 + B2) 0.35 NDWI −0.43
B2 0.14 B3/B1 0.74 B4/(B1 + B2) 0.51 NDVI 0.27
B3 0.55 B4/B1 0.60 B3/(B1 + B2) 0.77 EVI −0.45
B4 0.48 B3/B2 0.77 (B4 + B3)/B2 0.63

B4/B2 0.42 (B2 + B3)/B1 0.69
B4/B3 0.26 (B3 +B4)/(B2 + B1) 0.72

B4/(B3 + B2 + B1) 0.44
Note: In the table, B1, B2, B3, and B4 respectively represent the blue, green, red, and near-infrared bands of the CZI 
remote sensing data from the satellite HY-1C.
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parameters.(27,28) Table 6 indicates that there are four models with an R2 greater than 0.85. These 
include the quadratic polynomial model and the exponential model with B3/B2 as the 
independent variable, with R2 values of 0.9107 and 0.9034, and the quadratic polynomial model 
and the exponential model with B3/(B1 + B2) as the independent variable, with R2 values of 
0.8563 and 0.864, respectively. In this study, 10 out of 25 sampling points were selected to 
conduct an accuracy verification of the inversion results.
	 The mean absolute percentage error (MAPE) is a parameter for assessing accuracy, with a 
smaller value indicating a more precise model.(29,30)

	
1

(y )1(%) 100%
y

n
i i

ii

fMAPE
n =

−
= ∑  	 (4)

Here, n is the number of observations, yi is the actual value at the i-th instance, and fi is the 
predicted value at the i-th instance.
	 The comparison results between the field-measured sea surface chlorophyll concentration 
and the chlorophyll concentration calculated using the model are presented in Table 7. For the 
model with B3/B2 as the independent variable, the quadratic polynomial model yielded a 
maximum error of 49.50% and a minimum error of 12.63%, with a MAPE of 26.85%. The 
exponential model resulted in a maximum error of 63.92% and a minimum error of 16.55%, with 
a MAPE of 32.03%. For the model with B3/(B1 + B2) as the independent variable, the quadratic 
polynomial model showed a maximum error of 73.77% and a minimum error of 6.49%, with a 
MAPE of 35.04% The exponential model had a maximum error of 70.28% and a minimum error 
of 19.71%, with a MAPE of 38.20%.

4.	 Results and Analysis

	 We used Rayleigh-scattering-corrected HY-1C CZI L2A remote sensing reflectance data for 
the reversion of sea surface chlorophyll concentration. The remote sensing data comes from the 
National Satellite Ocean Application Service Center of China (https://osdds.nsoas.org.cn). A 
total of seven scenes of imagery were used, covering the Zhoushan Archipelago and its coastal 

Table 6
Remote sensing inversion model construction with sea surface chlorophyll concentration.
Independent variable Model Formula R2

B3/B2

linear y = 37.04x − 31.207 0.8393
quadratic polynomial y = 105.42x2 − 175.67x + 75.167 0.9107

exponential y = 0.0069e6.5394x 0.9034
logarithmic y = 36.708ln(x) + 5.9961 0.8397

B3/(B1 + B2)

linear y = 45.446x − 20.831 0.7848
quadratic polynomial y = 163.17x2 − 146.25x + 34.603 0.8563

exponential y = 0.0416e8.0926x 0.8640
logarithmic y = 25.767ln(x) + 19.786 0.7513

Note: y represents the sea surface chlorophyll concentration; x represents the remote sensing reflectance ratios of B3/B2 
and B3/(B1 + B2).

https://osdds.nsoas.org.cn
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Table 7
Summary of accuracy of sea surface chlorophyll concentration inversion model in Zhoushan coastal waters.
Independent variable Reversion model Mathematical formula R2 MAPE

B3/B2 quadratic polynomial y = 105.42x2 − 175.67x + 75.167 0.9107 26.85%
exponential y = 0.0069e6.5394x 0.9034 32.03%

B3/(B1 + B2) quadratic polynomial y = 163.17x2 − 146.25x + 34.603 0.8563 35.04%
exponential y = 0.0416e8.0926x 0.864 38.20%

Fig. 5.	 (Color online) Inversion results of sea surface chlorophyll concentration in Zhoushan coastal waters. 
(a) 2021.09.25, (b) 2021.10.10, (c) 2021.11.15, (d) 2021.12.09, (e) 2022.01.11, (f) 2022.02.25, and (g) 2022.03.09.

waters. The imaging dates are September 25, 2021, October 10, 2021, November 15, 2021, 
December 9, 2021, January 11, 2022, February 25, 2022, and March 9, 2022.
	 Utilizing the sea surface chlorophyll concentration remote sensing reversion model [Eq. (3)] 
constructed in this study and on the basis of HY-1C CZI remote sensing data, we obtained the 
sea surface chlorophyll concentration of the Zhoushan Archipelago coastal waters (Fig. 5). 
Figure 5 shows that the inversion results accurately reflect the spatiotemporal distribution of sea 
surface chlorophyll concentration in the coastal waters near the Zhoushan Archipelago, where 
the coastal waters have higher concentrations, exceeding 20 μg/L, and the values in seas farther 
from land were generally lower than 10 μg/L.
	 By comparing the two sets of inversion results from September and October, we observed 
that there are areas with low chlorophyll concentrations in the nearshore regions, with distinct 

(a) (b)

(c) (d)
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boundaries. The main reason is the high volume of shipping channels and busy cargo 
transportation in these areas, which leads to lower sea surface chlorophyll concentrations. From 
March to September each year, owing to the discharge of domestic sewage and other pollutants, 
the nearshore areas have high levels of nutrients and the water temperature is suitable, leading to 
the rapid reproduction of marine life and an increase in sea surface chlorophyll concentration.
	
5.	 Conclusion and Prospects

	 This study is oriented towards the CZI remote sensing data obtained by China’s ocean color 
satellite HY-1C. We developed a remote sensing reversion model for sea surface chlorophyll 
concentration, which is suitable for China’s coastal waters, and achieved the remote sensing 
reversion of sea surface chlorophyll concentration in the Zhoushan Archipelago and its coastal 
waters.
(1)	�Band sensitivity analysis was performed. For the CZI remote sensing data obtained using 

China’s ocean color satellite HY-1C, the bands with the highest correlation to sea surface 
chlorophyll concentration are B3/B2 and B3/(B2 + B1), with correlation coefficients both 
being 0.77.

(e) (f)

(g)

Fig. 5.	 (Color online) (Continued) Inversion results of sea surface chlorophyll concentration in Zhoushan coastal 
waters. (a) 2021.09.25, (b) 2021.10.10, (c) 2021.11.15, (d) 2021.12.09, (e) 2022.01.11, (f) 2022.02.25, and (g) 2022.03.09.
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(2)	�A remote sensing inversion model for sea surface chlorophyll concentration was constructed 
on the basis of CZI remote sensing data from China’s ocean color satellite HY-1C. The 
quadratic polynomial model (y = 105.42x2 − 175.67x + 75.167), using B3/B2 as the independent 
variable, had the highest R-square at 0.9107. The average error between the field-measured 
data and the model results was 26.85%.

(3)	�The remote sensing reversion of sea surface chlorophyll concentration in the Zhoushan 
Archipelago and its coastal waters has been achieved. The spatial distribution characteristics 
of sea surface chlorophyll concentration are evident, with higher concentrations in the coastal 
waters where human activities are more intensive and lower concentrations in the coastal 
waters farther from land.

	 There are some shortcomings in this study. First, the sampling sites were concentrated in a 
limited area around the island, which leads to the limitation of the constructed model. Therefore, 
more field-measured data from coastal waters will be added to optimize the model and improve 
its accuracy in the future. Second, the coastal zone is cloudy and rainy, which restricts the 
application of a single image. Therefore, producing monthly sea surface chlorophyll 
concentration products based on multi-temporal HY-1C CZI remote sensing data is another 
research topic in the future.
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