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Highlights 

 A novel blended algorithm was proposed to remotely observe lake POC across 

China.  

 POC concentrations in 450 large lakes were first mapped using OLCI/Sentinel-3 

data. 

 Lake POC concentration across China was low in the west and high in the east. 
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Abstract: Remote sensing monitoring of particulate organic carbon (POC) 

concentration is essential for understanding phytoplankton productivity, carbon 

storage, and water quality in global lakes. Some algorithms have been proposed, 

but only for regional eutrophic lakes. Based on in-situ data (N = 1269) in 49 lakes 

across China, we developed a blended POC algorithm by distinguishing Type-I 

and Type-II waters. Compared to Type-I, Type-II waters had higher reflectance 

peak around 560 nm (> 0.0125 sr-1) and mean POC (4.65 ± 4.11 vs. 2.66 ± 3.37 mg/L). 

Furthermore, because POC was highly related to algal production (r = 0.85), a 

three-band index (R2 = 0.65) and the phytoplankton fluorescence peak height (R2 = 

0.63) were adopted to estimate POC in Type-I and Type-II waters, respectively. The 

novel algorithm got a mean absolute percent difference (MAPD) of 35.93% and 

outperformed three state-of-the-art formulas with MAPD values of 40.56 – 76.42%. 

Then, the novel algorithm was applied to OLCI/Sentinel-3 imagery, and we first 

obtained a national map of POC in 450 Chinese lakes (> 20 km2), which presented 

an apparent spatial pattern of “low in the west and high in the east”. In brief, water 

classification should be considered when remotely monitoring lake POC 

concentration over a large area. Moreover, a process-oriented method is required 

when calculating water column POC storage from satellite-derived POC 

concentrations in type-II waters. Our results contribute substantially to advancing 

the dynamic observation of the lake carbon cycle using satellite data. 

Keywords: particulate organic carbon; bio-optical properties; inland lakes; remote 

sensing; OLCI/Sentinel-3 imagery 

                  



 

1 Introduction 

Lakes regulate the global carbon cycle by receiving a large amount of carbon 

from the terrestrial ecosystems (Drake et al., 2017; Regnier et al., 2022), emitting 

greenhouse gases (0.32 Pg C/yr of carbon dioxide (CO2) and 0.10 Pg C/yr of 

methane (CH4) into the atmosphere (Bastviken et al., 2011; Raymond et al., 2013), 

outputting carbon (0.9 Pg C/yr) into the oceans (Tranvik et al., 2009), and storing 

carbon (not known) as various forms in water columns (Mendonca et al., 2017; 

Tranvik et al., 2009). Of the reserved carbon, particulate organic carbon (POC) 

refers to the organic carbon contained in suspended sediment, phytoplankton, 

bacteria, and excrement, which provide food/energy for microbial metabolism and 

consume dissolved oxygen via aerobic degradation (Artifon et al., 2019; Xu et al., 

2021). Moreover, POC concentration spatiotemporally varies across different lakes, 

eutrophication levels, and hydrological conditions (Liu et al., 2023; Wang et al., 

2021). Therefore, to better understand the lake carbon cycle and water quality, it is 

important to dynamically monitor lake POC using widely covered and periodically 

revisited satellite data. 

Because POC itself is not light-sensitive, remote sensing algorithms for POC 

are primarily determined by the host composition (Jiang et al., 2019; Son et al., 2009; 

Stramska, 2005). For the ocean, where POC is mainly produced by phytoplankton, 

POC remote sensing technology has been well-developed since the 1990s, and the 

algorithms fall into three types (Brewin et al., 2023; Stramska, 2005; Stramski et al., 

1999). Type I directly estimates POC from band reflectance through empirical 

                  



 

equations (Le et al., 2018; Stramski et al., 2022). Type II first derives chlorophyll-a 

(Chl-a) concentration from satellite reflectance and then calculates POC from Chl-a 

(Stramska, 2005). Type III calculates POC based on inherent optical properties 

(backscattering, attenuation, or absorption coefficients), which are priorly remotely 

derived through semi-analytic algorithms (Stramska, 2005; Stramski et al., 1999). 

Following the above three types, some algorithms have been proposed to 

remotely derive lake POC concentrations over the past decade. Compared to the 

ocean, lake POC is sourced from both algae production and sediment resuspension, 

both of which show high spatiotemporal variations (Liu et al., 2023; Wang et al., 

2021; Xu et al., 2021). However, all previous studies focused on turbid eutrophic 

lakes located along the Yangtze River, China (Huang et al., 2019; Jiang et al., 2019; 

Lin et al., 2018; Liu et al., 2023; Xu et al., 2021). The results indicated that the 

bio-optical properties of POC differ within intra- / inter-lake and water 

classification is priorly required to realize the remote sensing monitoring of POC in 

different lakes (Jiang et al., 2019; Liu et al., 2023; Xu et al., 2021). In general, lake 

waters are first identified as the phytoplankton- or sediment-dominated POC types, 

and then two kinds of bio-optical equations are respectively developed to derive 

POC (Jiang et al., 2019; Lin et al., 2018). 

Except for shallow turbid eutrophic lakes, 67% of the global lake area is 

characterized by deep water depth (≥ 6 m), low algae production, and high 

transparency (Hou et al., 2022; Messager et al., 2016; Song et al., 2022). In contrast 

to turbid eutrophic lakes, clear lakes usually have lower water reflectance and 

                  



 

Chl-a fluorescence peaks around 700 nm (Spyrakos et al., 2018); POC in clear lakes 

is less contributed by sediment resuspension (Jiang et al., 2019); moreover, clear 

lakes commonly have higher ratios of POC to Chl-a (POC:Chl-a) (Liu et al., 2023). 

In these cases, we believe previous POC algorithms for turbid lakes are not 

applicable to clear lakes (Jiang et al., 2019; Le et al., 2018); namely, we need to 

further develop a blended remote sensing algorithm to monitor POC 

concentrations across shallow-to-deep, turbid-to-clear, and 

oligotrophic-to-eutrophic lakes. Actually, the water classification method has also 

been recommended for remotely observing Chl-a (Liu et al., 2021) and total 

suspended matter (TSM) (Jiang et al., 2021) across global lakes. Moreover, the 

classification strategies are based on the bio-optical properties of the concerned 

variables (Jiang et al., 2021; Lin et al., 2018; Liu et al., 2021). 

Using in-situ bio-optical data in 49 lakes (N = 1269) across China, this study 

developed a novel blended algorithm for synchronously monitoring POC 

concentrations in different lake types. The algorithm was then applied to the 

advanced data acquired by the Ocean and Land Colour Instrument onboard the 

Sentinel-3 satellite (OLCI/Sentinel-3) to derive POC in 450 Chinese lakes (> 20 km2). 

Results were analyzed in regard to the spatial variations in lake POC across China, 

and the implications for water column-integrated POC storage estimation were 

discussed. This study is of great significance for developing POC remote sensing 

technology and better understanding the global lake carbon cycle. 

                  



 

2 Study area 

In China, there are 2693 natural lakes with an area of > 1 km2 (Fig. 1), which 

are mainly concentrated in the western Tibet Plateau and the eastern Yangtze-Huai 

Plain (Liu et al., 2023; NIGLAS, 2019). Overall, the western lakes generally have 

higher elevation, lower precipitation, lower turbidity, and lower eutrophication 

levels than the eastern lakes (Hou et al., 2022; Liu et al., 2020; Messager et al., 2016). 

According to the topography, precipitation, and province boundaries, previous 

studies defined five geographic lake zones (Ma et al., 2010; NIGLAS, 2019): the 

Inner Mongolia-Xinjiang Lake zone (IMXL), the Tibetan Plateau Lake zone (TPL), 

the Yunan-Guizhou Plateau Lake zone (YGPL), the Northeast Plain and Mountain 

Lake zone (NPML), and the Eastern Plain Lake zone (EPL) (Fig. 1). 

This study focuses on 450 Chinese lakes (> 20 km2), which are discernible from 

the OLCI/Sentinel-3 data with a spatial resolution of 300 m (Jiang et al., 2021; Lin et 

al., 2018) and have available remote sensing Chl-a and TSM products from the 

European Space Agency (Section 3.4). The studied lakes have a total water area of 

74,343 km2, which accounts for 91.31% of all Chinese lakes (Ma et al., 2010). Among 

them, 52, 274, 10, 26, and 88 lakes are distributed in the IMXL, TPL, YGPL, NPML, 

and EPL zones, respectively (Fig. 1). It should be noted that the entire lake bodies 

of the transnational Bangong (TPL), BuirNur, and Xingkai (NPML) were 

considered when calculating lake-based mean POC concentrations. 

                  



 

3 Materials and methods 

3.1 Field sampling and measurements 

For the studied lakes, 45 cruises were conducted to investigate the bio-optical 

properties of lake waters during 2011-2022 (Supplementary Table S1). Specifically, 

in-situ bio-optical data at 1269 stations were collected from 49 lakes, with 9, 19, 1, 1, 

and 18 in the IMXL, TPL, YGPL, NPML, and EPL zones, respectively (Table 1, Fig. 

1). In addition, profile sampling for POC concentration was also done in Lake 

Fuxian in 2022 (N = 12) and Lake Chaohu in 2017 (N = 50) (Table S2). For the deep 

Lake Fuxian (NIGLAS, 2019), the sampling depths were 0, 10, 20, 30, 40, 50, 60, 100, 

120, and 150 m. For the shallow Lake Chaohu, the sampling depths were 0, 10, 20, 

40, 70, 100, 150, 200, and 300 m (Liu et al., 2023). 

At each field station, raw water was sampled using a brown high-density 

polyethylene bottle and refrigerated at 4°C; conductivity was measured using a 

YSI multi-parameter meter (www.ysi.com); transparency was determined by the 

visible Secchi-disk depth (SDD) (Liu et al., 2020; Mueller et al., 2003); and radiance 

spectra of water (Lw), skylight (Lsky), and a grey diffuse reflectance standard plate 

(Lp) within 350-2390 nm with an interval of 1 nm were recorded using an ASD 

FieldSpec Spectroradiometer by following the NASA protocol (Mueller et al., 2003). 

Then, the field remote sensing reflectance (Rfield) was calculated via Eq. (1). 

field w sky p=( )/(π / )  R L r L L                       (1) 

where is the reflectance of the standard plate; r indicates the air-water interface 

reflectance and is calculated using the HydroLight platform (Mobley, 1999). 

                  



 

3.2 Lab analysis of biochemical parameters 

After field investigation, raw waters were immediately filtrated through 

Whatman GF/F filters (0.7 m pore size) to obtain POC and Chl-a samples within 

four hours. The filters for collecting POC had been pre-combusted at 450°C for six 

hours (Knap et al., 1996). Then, all samples were kept frozen at -18°C until lab 

analysis. In the Lab, POC samples were fumigated using 90% HCl to remove 

inorganic carbon (12 h), dried in an oven (105°C, 4 h), weighed (± 0.1 mg), and 

measured through the high-temperature combustion method using a Euro Vector 

EA3000 analyzer (Knap et al., 1996; Liu et al., 2023). Chl-a samples were extracted 

using 90% ethanol (10 mL, 24 h), heated in a thermostatic water bath (85°C, 3 – 5 

min), and determined by a Shimadzu UV2401 spectrophotometer (Knap et al., 1996). 

Finally, in-situ POC and Chl-a concentrations were calculated using Eq. (2): 

1

663 750 645 750

630 750 2

POC = ( ) /  

Chl-a = (116.4 ( - ) - 21.6 ( - ) 

              + 1.0 ( - ))/



 



W P V

A A A A

A A V

                (2)   

where V1 and V2 are the filtration volumes of raw waters for POC and Chl-a 

samples, respectively; W denotes the total dry weight of the POC sample; P 

indicates the carbon mass percent of the POC sample; A630, A645, A663, and A750 are 

the light absorbance of the ethanol extract of Chl-a at 630, 645, 663, and 750 nm. 

3.3 OLCI/Sentinel-3 imagery 

OLCI instruments, carried by the Sentinel-3A and -3B satellites, have 

spatiotemporal coverage advantages (300 m, ~1.5 days) for observing lakes and 

will provide consecutive data in the following 20-30 years along with the future 

                  



 

launches of the Sentinel-3C and -3D satellites (Doerffer, 2010; Liu et al., 2023). 

Therefore, OLCI/Sentinel-3 data were adopted to retrieve POC concentrations in 

the 450 studied lakes (Fig. 1). To be specific, we first downloaded daily 

OLCI/Sentinel-3A data (Level-1B) acquired in July 2017 from the Copernicus Open 

Access Hub (https://scihub.copernicus.eu/), then atmospherically corrected them to 

obtain water reflectance using the C2RCC processor in SNAP platform 

(Brockmann et al., 2016; Doerffer, 2010), and finally geographically clipped 

according to the lake boundaries from the National Earth System Science Data 

Center (http://lake.geodata.cn/). C2RCC could get good results for Case-II lake 

waters, which has been validated in various studies (Brockmann et al., 2016). Then, 

the output water reflectance was applied to further estimate POC using the 

calibrated algorithms (Section 4). 

3.4 Multi-source product datasets 

Except for POC, the corrected OLCI/Sentinel-3 band reflectance was also used 

to calculate the absorption coefficient of phytoplankton pigment (apig(443), m-1) and 

the backscattering coefficient of TSM (bTSM(443), m-1) at 443 nm through an inverse 

neural network system in SNAP platform (Doerffer, 2010). Then, Chl-a and TSM 

contents were calculated using apig(443) and bTSM(443), respectively (Eq. (3)): 

1.04
pig

TSM

[Chl-a] = 22 (443)

[TSM] 1.7 (443)



 

a

b
                         (3) 

where [Chl-a] and [TSM] indicate Chl-a and TSM concentrations, respectively. Eq. 

(3) denotes the recommended algorithms to derive Chl-a and TSM in global lakes 

                  



 

from OLCI/Sentinel-3 imagery with satisfactory results (Doerffer, 2010). 

In addition, depth, elevation, and population data were also used to describe 

the spatial variations in lakes’ POC concentrations. Lake depth and elevation were 

obtained from the HydroLAKES dataset (Messager et al., 2016). Km-grid 

population density data in 2015, sourced from the Resource and Environment 

Science and Data Center (https://www.resdc.cn/), were adopted to calculate the 

mean value of each lake watershed. As shown in supplementary Fig. S1, the lake 

watershed was defined using the user-friendly WWF hydroBASINS tool provided 

by the USGS (www.hydrosheds.org) and manually checked (Liu et al., 2020). 

3.5 Statistical methods 

Linear and curve fittings were conducted to determine the relationships 

among different variables in a PASW Statistics software (v18.0, SPSS Inc.). The 

coefficient of determination (R2, 0 – 1) was used to measure how well a fitting 

model predicted the dependent variable. Pearson’s r (-1 – 1) indicated the linear 

dependence between two variables, with |r| > 0.7 being highly related through a 

firm linear rule and 0.7 > |r| > 0.3 being moderately correlated via a fuzzy-firm 

linear rule (Ratner, 2009). Moreover, we did the independent-sample t-test to 

check the difference between two clusters, and the results with a significance 

level of p < 0.05 (two-tailed test) were significant (Liu et al., 2023). In addition, 

the modelled results were evaluated using the indicators of mean absolute error 

(MAE), mean relative error (MRE), mean absolute percent difference (MAPD), 

root mean square error (RMSE), and/or bias (Eq. (4)). 
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            (4)  

where POC
mod 

i  and POC
field 

i  are the modelled and field POC concentrations for 

sample i, respectively; N indicates the sample size (Liu et al., 2020). 

4 Algorithm development and application 

4.1 Developing a blended POC algorithm 

To synchronously remotely monitor lake POC in the EPL zone, previous 

studies indicated that water classification was priorly needed and the classification 

strategy depended on the bio-optical properties of POC (Jiang et al., 2019; Lin et al., 

2018; Xu et al., 2021). For different lake zones in China, we also found noticeable 

changes in the water reflectance spectra and POC concentrations (Supplementary 

Fig. S1). In general, compared with western lakes in the IMXL and TPL zones, 

eastern lakes in the YGPL, NPML, and EPL zones had higher POC concentrations 

and water reflectance peak heights around 560 nm (PH1); moreover, eastern lakes 

presented higher phytoplankton fluorescence peak heights around 700 nm (PH2) 

for those with higher POC concentrations (Fig. S1a). In these cases, we developed a 

novel blended algorithm by first classifying waters into two types (I and II) using 

PH1 and then calculating POC from PH2. Three main steps were included: 

[1] We calculated the equivalent remote sensing reflectance (Rrs) of each 

OLCI/Sentinel-3 band from the in-situ Rfield spectra (Section 3.1) using Eq. (5): 
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rs field
380 380

= (λ) (λ) (λ)dλ / (λ) (λ)dλ R f R L f L                 (5) 

where f() denotes the spectral response function (SRF, Fig. S1b); L() indicates the 

solar irradiance at the mean Earth-Sun distance (Thuillier et al., 2003). 

[2] Furthermore, we calculated PH1 using Rrs and selected 10% of the in-situ 

data with the lowest (Type-I) and highest (Type-II) PH1 values to determine the 

independent variables for estimating POC concentrations (Figs. 2a-b). By referring 

to previous studies (Jiang et al., 2019; Stramska, 2005; Stramski et al., 1999), we 

found that a three-band Index and the PH2 could be alternative indicators to predict 

POC in Type-I and Type-II waters, respectively (Figs. 2a-b). 

[3] Finally, we tested all possible PH1 values for dividing Type-I and Type-II 

waters and obtained the optimal PH1 threshold (0.0125 sr-1) with the minimum 

MAPD for all POC estimations. Then, in-situ data were used to calibrate the novel 

blended POC algorithm (Figs. 2c-d) shown as Eq. (6): 

(560) ( (490) 0.27 ( (754) (490)))

0.35

1 rs rs rs rs

1

-1 -1
rs rs rs

1

     PH  = 

Type-I waters (PH   0.0125)

     ln(POC) = 7.38  -  

      = (754)( (490)  - / (560) )

Type-II waters (PH  > 0.0125)

     l

R R R R

Index

Index R R R

   





：

：

3760.87 [ [ 0.26

(708) ( (681) 0.37 ( (754) (681)))

2
2 2

2 rs rs rs rs

n(POC) = - PH ]  +198.99 PH ]  

     PH  = R R R R

  

   

           (6) 

Where ln(POC) is the natural logarithm of POC; Rrs(490), Rrs(560), Rrs(681), Rrs(708), 

and Rrs(754) denote the Rrs at the OLCI/Sentinel-3 bands with central wavelengths 

of 490, 560, 681, 708, and 754 nm, respectively (Figs. 2a-b). 

                  



 

4.2 Comparing with the published POC algorithms 

Some remote sensing algorithms have been published to retrieve POC 

concentrations in inland and/or coastal Case-II waters (Brewin et al., 2023; Jiang et 

al., 2019; Liu et al., 2023). Based on the in-situ Rrs (Section 4.1), we recalibrated the 

published state-of-the-art POC algorithms (Jiang et al., 2019; Le et al., 2018; Liu et 

al., 2023; Son et al., 2009; Stramski et al., 2008). Moreover, when calibrating the 

band ratio algorithms, different band ratios were selected for Type-I and Type-II 

waters. Except for the algorithm developed by this study, the three with the 

smallest MADP values were the band ratio, the normalized difference carbon index 

(NDCI), and the color index (CI) algorithms (Table 2). Then, we compared the 

results modelled by the novel developed algorithm with the results of the 

published algorithms. 

4.3 Applying the novel algorithm to OLCI/Sentinel-3 imagery 

Using the novel blended POC algorithm (Eq. (6)), this study derived daily 

POC concentrations in 450 large lakes across China (Section 2) from the corrected 

OLCI/Sentinel-3 reflectance (Section 3.3). For a specific lake, land and cloud cover 

areas were identified by the IdePix module in the SNAP platform (Jiang et al., 2021; 

Liu et al., 2021); moreover, by moving a 3 × 3 window, data within two pixels near 

land and cloud were also excluded to weaken their adjacency effects (Feng and Hu, 

2016). Finally, based on the daily results, the pixel- and lake-based monthly mean 

POC concentrations in July 2017 were calculated via the arithmetic average 

method. 

                  



 

5 Results 

5.1 Bio-optical characteristics of Chinese lakes 

Across China, lakes covered wide ranges of Chl-a (0.002 – 1131.96 g/L), SDD 

(7 –1400 cm), and POC (0.13 – 41.34 mg/L) (Table 1). Overall, lake POC was 

sourced from both phytoplankton production and sediment resuspension. In-situ 

ln(POC) was strongly related to ln(Chl-a) (r = 0.85, p < 0.01, Fig. 3a) and moderately 

negatively correlated with ln(SDD) (r = -0.62, p < 0.01, Fig. 3b). However, the linear 

fitting coefficients of slopes and intercepts changed for different water types 

(Section 4.1). Moreover, for Type-II (vs. Type-I) waters with high Chl-a (43.14 ± 

82.57 vs. 24.91 ± 46.55 ug/L), low SDD (31.04 ± 17.59 vs. 156.55 ± 197.8 cm), and high 

POC (4.65 ± 4.11 vs. 2.66 ± 3.37 mg/L), there was only a weak linear relationship 

between ln(POC) and ln(SDD), with r = 0.02. Namely, compared to Type-I waters, 

sediment resuspension contributed more to POC for Type-II waters. 

The differences in POC sources differentiated the optical properties of Type-I 

and Type-II waters. Water reflectance for Type-I waters was high at the blue-green 

bands around 490 nm but low at the red-NIR bands around 708 nm (Figs. S1b, 2b). 

In contrast, water reflectance for Type-II waters showed evident phytoplankton 

absorption valleys around 681 nm and fluorescence peaks around 708 nm. Of all 

band ratios for OLCI/Sentinel-3 data, the best indicators for predicting POC in 

Type-I and Type-II waters were the Rrs(708)/Rrs(490) and Rrs(681)/Rrs(708) (Figs. 

3c-d), which were used in the band ratio algorithm in this study (Table 2). 

                  



 

5.2 Performance of the developed POC algorithm 

5.2.1 When applying to in-situ Rfield 

The novel blended POC algorithm outperformed the previously published 

algorithms (Section 4.2). For the 1269 stations with Rfield and POC match-ups, the 

novel algorithm obtained satisfactory POC evaluation results of MAPD = 35.93% 

and RMSE = 2.64 mg/L (Fig. 4a). In comparison, for the band ratio, NDCI, and CI 

indicators, the MAPD values were 40.56%, 66.92%, and 76.42%, respectively; the 

RMSE values were 2.73 mg/L, 3.71 mg/L, and 3.71 mg/L, respectively (Table 2, Fig. 

4). However, all the four algorithms overestimated POC concentrations for Type-I 

waters but underestimated POC for Type-II waters, especially the NDCI and CI 

indexes which estimated POC without prior water classification. Therefore, we 

believe that prior water classification could improve the estimation of POC in 

Chinese lakes. 

5.2.2 When applying to OLCI/Sentinel-3 imagery 

The novel blended POC algorithm (Eq. (6)) was then applied to the water 

reflectance of OLCI/Sentinal-3 (Section 3.3). For the 49 sampled lakes (Table 1), the 

OLCI-derived lake-based mean POC in July 2017 was strongly linearly related to 

the in-situ values, with r = 0.85 and p < 0.01. Moreover, being consistent with the 

in-situ data (Section 5.1), the OLCI-derived POC had high values in Type-II waters 

indicated by high Chl-a and/or TSM concentrations. For the 450 studied lakes (Fig. 

1), the OLCI-derived lake-based mean POC in July 2017 exponentially elevated 

along with increasing both Chl-a (R2 = 0.52, p < 0.01, Fig. 5a) and TSM 

                  



 

concentrations (R2 = 0.44, p < 0.01, Fig. 5b). Moreover, the same as the in-situ results 

(Table S1), the spatial variations (the standard deviations) were more pronounced 

for lakes in the NPML and EPL zones with higher POC levels (Figs. 5a-b). 

Therefore, the novel blended algorithm can be applied to OLCI/Sentinel-3 data to 

retrieve lake POC across China. 

5.3 Spatial variations in lake POC across China 

POC concentration changed greatly across China and showed a spatial pattern 

of “low in the west and high in the east”, which agreed with the measurements 

(Figs. 1, 6). Across different lakes, there was a strong positive linear correlation 

between lake-based mean POC in July 2017 and the lake’s centroid longitude, with 

r = 0.71 and p < 0.01 (Fig. 6b). A similar relationship was also found for the IMXL 

zone oriented on an east-west axis, with r = 0.61 and p < 0.01. The spatial 

distributions of lake POC were mainly influenced by population density and water 

depth (Fig. 6). Strong human activities in the east increased lake POC (r = 0.81) by 

promoting algal proliferation (r = 0.47), which was also witnessed by the negative 

relationship between elevation and POC (r = -0.69). On the contrary, water depth 

decreased lake POC (r = -0.33) by weakening sediment resuspension (r = -0.39). 

For a specific zone, mean POC also spatially differed across different lakes, 

especially in the western IMXL, TPL, and YGPL zones (Figs. 7-8). For example, 

although most lakes (83.21%) in the TPL zone had low POC concentrations (< 3.19 

mg/L), some small lakes still presented high POC (Fig. S2). This might be due to 

high POC contributions of sediment resuspension in shallow lakes, which was 

                  



 

indicated by the positive relationship between POC concentration and water depth 

(r = 0.43, p < 0.01). By comparison, high POC concentrations were found for almost 

all lakes in the eastern NPML (100%) and EPL (90.8%) zones, where POC was 

mainly sourced from phytoplankton production (Fig. S2, Table S1). 

POC concentration also spatially varied within a specific lake, especially for the 

eastern POC-rich lakes (Figs. 7-8, S3-S5). Across different lakes, the standard 

deviations of POC logarithmically increased along with the increasing lake-based 

mean values, with R2 = 0.75 and p < 0.01. For the three typical western lakes, 

Bositeng, Qinghai, and Selin, POC was only 0.93 ± 0.09 mg/L, 0.88 ± 0.16 mg/L, and 

0.83 ± 0.13 mg/L, respectively (Fig. S5). In contrast, POC concentrations in the three 

typical eastern lakes, Hulun, Dongting, and Taihu, were as high as 7.42 ± 1.92 mg/L, 

2.85 ± 1.40 mg/L, and 2.27 ± 0.98 mg/L, respectively. In addition, POC generally 

had high values in the lake bays and/or nearshore waters, as shown in the lakes 

Qinghai and Taihu (Fig. S5). 

6 Discussion 

6.1 Strengths and limitations of the novel algorithm 

Due to the absorbing aerosol types and glint/adjacency effects, accurate 

atmospheric correction over lakes is difficult (Kutser et al., 2016; Pahlevan et al., 

2021). To weaken the effects of atmospheric correction errors, therefore, some 

studies directly adopted the Rayleigh-corrected reflectance to monitor lakes (Hu et 

al., 2010; IOCCG, 2018). Moreover, because reflectance errors tend to be spectrally 

flat and related (Mitchell et al., 2017), algorithms using band reflectance ratio or 

                  



 

difference indicators allow removing the effects to a certain extent (Hu et al., 2010; 

IOCCG, 2018; Kutser et al., 2016). In this study, the novel POC algorithm based on 

band ratio and difference is also resistant to atmospheric correction errors, 

especially for Type-I waters. When with ±50% errors in the in-situ water reflectance 

in Section 3.1 (Brockmann et al., 2016; Doerffer, 2010), MAR and MRE were 41.8 – 

46.56% (29.91 – 58.79%) and 18.46 – 25.23% (-8.77 – 47.71%) for the Type-I (Type-II) 

waters, respectively (Fig. 9). 

The novel POC algorithm could also obtain satisfactory results for waters 

covered by river plumes, minor algal blooms, and/or thin clouds. For the turbid 

estuaries (Lakes Bositeng and Dongting), lake bays (Lakes Qinghai and Selin), and 

waters near algal blooms (Lake Taihu), the expected high POC concentrations were 

retrieved (Fig. 10). Moreover, the OLCI-derived POC in thin cloud-covered waters 

(Lake Hulun) did not show abnormally high/low values. In addition, the novel 

POC algorithm could be extended to other ocean color satellite sensors, equipping 

bands for the water reflectance peak around 560 nm and phytoplankton 

fluorescence peak around 700 nm, for example the MODerate-resolution Imaging 

Spectroradiometer (Brockmann et al., 2016; Huang et al., 2019). 

The novel algorithm might have limitations in two aspects. Firstly, it might 

achieve a higher accuracy by classifying waters into more types. Based on the 

reflectance spectrum shapes, Spyrakos et al. (2018) resolved 13 spectrally distinct 

lake types globally. Further studies may build on this work by investigating the 

sensitivities of the algorithm to an increasing number of bio-optical water types. 

                  



 

Secondly, it might be insensitive to sediment-sourced POC for Type-II waters. The 

novel algorithm adopted the phytoplankton fluorescence peak height near 708 nm 

(PH2) (Gower et al., 1999; IOCCG, 2018) to calculate POC in Type-II waters (Eq. (6)). 

Nevertheless, PH2 is not sensitive to sediment-related POC, because the absorption 

and backscattering spectra of suspended sediment exponentially decrease to low 

values and are spectrally flat around 708 nm (Cael and Boss, 2017; Sun et al., 2010). 

This might be one reason for the underestimation of POC concentrations in some 

turbid estuaries, such as Lakes Bositeng and Selin (Figs. 10, S5). 

6.2 Impacts factors on POC retrieval 

6.2.1 The POC:Chl-a ratio 

POC:Chl-a ratio is an essential factor impacting POC retrieval. For waters 

where POC is mainly sourced from phytoplankton, the satellite-derived Chl-a is 

commonly adopted to estimate POC (Jiang et al., 2015; Stramska, 2005; Stramski et 

al., 1999, 2008). The novel algorithm also estimated POC from Chl-a fluorescence 

peak height for Type-II waters (Section 4.1). However, POC:Chl-a (or carbon:Chl-a) 

spatiotemporally varies under different biogeochemistry conditions (Geider, 1987; 

Jakobsen and Markager, 2016; Sathyendranath et al., 2009). For the sampled lakes, 

POC:Chl-a ranged from 0.07 to 10.52 mg/ug and presented an apparent spatial 

pattern of “high in the west and low in the east” (Fig. 11a). Moreover, compared to 

Type-I waters, Type-II waters had significantly higher Chl-a concentrations but 

lower POC:Chl-a ratios (p < 0.05, t-test, Figs. 11b-c). 

                  



 

There are three possible explanations for the spatial pattern of POC:Chl-a ratio. 

① Eutrophication increased Chl-a (Hou et al., 2022; Liu et al., 2023) but decreased 

POC:Chl-a ratios in the eastern lakes (R2 = 0.57, p < 0.01). ② Along with a chlorosis 

adaption of phytoplankton (Geider, 1987; Wang et al., 2008), low air temperature 

elevated POC:Chl-a ratios in the western lakes (R2 = 0.36, p < 0.01, Fig. 11d). ③ 

Diatom dominance (Sathyendranath et al., 2009) and nitrogen reduction  

(Jakobsen and Markager, 2016) could elevate carbon:Chl-a, which also contributed 

to the high POC:Chl-a ratios in the western oligotrophic lakes (NIGLAS, 2019). In 

these cases, the relationship between POC and Chl-a varied across water types (Fig. 

11e), which further influenced the POC calculation based on Chl-a. 

6.2.2 Suspended sediment composition 

Because suspended sediment dominates POC sources in some waters (Jiang et 

al., 2019; Lin et al., 2018), Chl-a was only moderately related to POC for all the 

in-situ match-ups (N = 1234; r = 0.61). The suspended sediment composition also 

affects POC inversion accuracy. First, suspended sediment contributes significantly 

to the reflectance of shallow turbid lakes, which leads to significant uncertainties in 

estimating Chl-a (Liu et al., 2023; Sun et al., 2010). Second, there are spatial 

variations in the weight percent of POC in sediment (%POC), which is linearly 

correlated with the loss-on-ignition for lakes in the EPL zone (Dong et al., 2012). 

Third, the %POC decreases with the increase in the particle size of suspended 

sediment (Qu et al., 2020). Therefore, more work is needed to improve POC 

inversion by considering suspended sediment composition. 

                  



 

6.3 Implications for estimating lake POC storage 

Lakes act as an important POC reservoir (Liu et al., 2023; Tranvik et al., 2009). 

Moreover, water column-integrated POC storage is related to carbon cycle 

processes such as photosynthesis, flocculation, and oxidative decomposition (Jiao 

et al., 2010; Regnier et al., 2022; Tranvik et al., 2009). Despite the importance, 

research on lake POC storage is still very limited. Chen et al. (2015) simply 

assumed that POC accounted for 10% of the total organic carbon when estimating 

lake POC storage globally, which might greatly underestimated POC storage in 

eutrophic and/or shallow lakes. For the eutrophic Lake Taihu in China, POC 

accounted for 23.39% – 68.72% of the total organic carbon content (Song et al., 2008). 

Because of its importance and spatiotemporal variations, remote monitoring of 

POC storage is necessary for better understanding the lake carbon cycle.  

Based on the OLCI-derived surface POC concentration (Section 5.3), lake POC 

storage could be further estimated via three strategies: ① classification method 

assuming a fixed POC profile for each water type (Cui, 2017); ②  empirical 

method using the relationship between POC storage and concentration 

(Duforêt-Gaurier et al., 2010); ③  process-oriented method by remotely 

parameterizing POC profiles (Liu et al., 2023). However, lake POC profiles vary 

spatiotemporally; for the Type-I Lake Fuxian, POC profiles presented as vertically 

mixed decay or Gauss peak types (Figs. 12a-b); for the Type-II Lake Chaohu, 

however, POC profiles showed uniform, exponential decay, or power decay types 

(Figs. 12c-d). In these cases, the relationship between surface POC concentration 

                  



 

and POC storage was strong for Lake Fuxian (r = 0.85) but only moderately for 

Lake Chaohu (r = 0.53). Therefore, like oceans (Cui, 2017; Duforêt-Gaurier et al., 

2010), POC storage in Type-I lakes could simply use the empirical or classification 

method; however, the process-oriented method is recommended for Type-II lakes 

(Liu et al., 2023). 

7 Conclusions 

Based on the bio-optical properties in 49 lakes across China (N = 1269), this 

study developed a novel blended POC inversion algorithm, which obtained a 

lower MAPD (35.93%) than three previously published formulas (40.56% – 76.42%) 

and could be applied to OLCI/Sentinel-3 imagery. However, the POC:Chl-a ratio 

and suspended sediment composition should be considered so as to improve POC 

estimation. The OLCI-derived lake POC concentration in China showed an 

obvious spatial pattern of “low in the west and high in the east”. Furthermore, the 

OLCI-derived POC concentration could be used to estimate POC storage in Type-I 

lakes by an empirical or classification way, but a process-oriented method is 

required for Type-II lakes. This study is significant for dynamically monitoring the 

lake carbon cycle on a large spatial scale using satellite data. 
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Fig. 1. All studied lakes and the sampled lakes in China. Lake code and mean in-situ POC 

concentration are shown (Table 1). The digital elevation model (DEM) acquired via the Shuttle 

Radar Topography Mission (SRTM) was sourced from the National Aeronautics and Space 

Administration (NASA) (www.earthdata.nasa.gov). The white numbers indicate lake codes 

shown in Table 1. The aerial view in the top left corner was obtained from Google Earth. 

 

 

 

 

 

 

 

 

                  



 

 

 

Fig. 2. Algorithm development and calibration. (a) Binary decision tree for developing the 

blended algorithm. (b) Equivalent Rrs at the OLCI/Sentinel-3 bands for two types of waters. (c – 

d) POC estimation equations for Type-I and Type-II waters, respectively. 

 

 

 

 

 

 

 

 

 

                  



 

 

 

Fig. 3. The bio-optical properties of lake POC. The linear correlations (a) between ln(POC) and 

ln(Chl-a) and (d) between ln(POC) and ln(SDD). The r values of the linear relationships 

between band ratio (band1/band2) and ln(POC) for (a) Type-I and (b) Type-II waters. The red 

dotted circles denote the ratios which get the highest r values. 

 

 

 

 

 

 

 

 

 

                  



 

 

 

Fig. 4. Validation for POC concentrations modelled using (a) the novel blended algorithm (Eq. 

(6)), (b) the band ratio, (c) the NDCI, and (d) the CI algorithms (Table 2). 

 

 

 

 

 

 

 

 

 

 

 

                  



 

 

 

 

Fig. 5. Relationships between the OLCI-derived POC and (a) Chl-a, (b) TSM, and (c) other 

environmental factors. Chl-a and TSM were retrieved using Eq. (3). Symbol ‘*’ indicates the 

significant correlations (p < 0.01). 

 

 

 

 

 

 

 

 

 

 

                  



 

 

 

Fig. 6. The OLCI-derived mean POC concentrations in 450 large lakes. (a) The lake-based mean 

POC. (b) Mean POC in grid longitude from west to east. (c – g) are the histograms of POC 

levels for the five lake zones. OLCI/Sentinel-3 data in July 2017 were employed to derive POC. 

 

 

 

 

 

 

 

 

 

 

 

                  



 

 

 

 

Fig. 7. OLCI-derived mean POC concentrations in lakes across the TPL and YGPL zones. The 

OLCI/Sentinel-3 data in July 2017 (Section 3.3) were adopted to retrieve POC. The inserted 

aerial view was obtained from Google Earth. 

 

 

 

 

 

 

 

 

 

 

                  



 

 

 

 

Fig. 8. OLCI-derived mean POC concentrations in lakes across the EPL zone. OLCI/Sentinel-3 

data in July 2017 (Section 3.3) were adopted to derive POC. The inserted aerial view was 

obtained from Google Earth. 

 

 

                  



 

 

Fig. 9. Sensitivities of the novel algorithm to assumed errors in in-situ Rfield for (a) Type-I and (b) 

Type-II waters. The numbers show how many stations were reclassified as Type-I (up) and 

Type-II (down) under different conditions. 

                  



 

 

Fig. 10. OLCI-derived POC for the six typical lakes across China. The red dashed ellipses 

indicate the turbid estuary waters (Lakes Bositeng and Dongting), turbid bay waters (Lakes 

Qinghai and Selin), cloud-covered waters (Lake Hulun), or algal bloom waters (Lake Taihu). 

                  



 

 

Fig. 11. Variations in the POC:Chl-a ratios. (a) Mean POC:Chl-a in the sampled lakes. (b – c) 

The histograms of in-situ Chl-a and POC:Chl-a for Type-I and Type-II waters. (d) The 

exponential dependence of the POC:Chl-a ratio on air temperature. (e) Linear relationships 

between ln(POC) and ln(Chl-a) for two water types. 

                  



 

 

Fig. 12. In-situ POC profiles in the typical (a – b) Type-I Lake Fuxian in the YGPL and (c – d) 

Type-II Lake Chaohu in the EPL (Fig. 1). The colored bands in Fig. 12d show the standard 

deviations. POC profiles were measured at the stations in Figs. 12a-b (Section 3.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                  



 

 

Table 1. Statistical information of the sampled lakes. Lake area and DEM were obtained from 

NIGLAS (2019). Cond.: conductivity; SDD: water transparency indicated by Secchi-disk depth. 

 

No. Lake name 
Area 

(km2) 

DEM 

(m) 

Longitude 

(E) 

Latitude 

(N) 
Stations 

Cond. 

(s/cm) 

Chl-a 

(g/L) 

SDD 

(cm) 

POC 

(mg/L) 

1 Ayakkum 616 3876 89°44’ 37°29’ 4 48548 0.76 140.00 0.45 

2 Aibi 565 194 82°59’ 44°52’ 12 284759 5.25 16.25 3.15 

3 Bange 122 4527 89°28’ 31°42’ 3 47842 3.50 30.00 2.15 

4 Bangda 107 4904 81°35’ 34°56’ 2 28847 0.15 450.00 1.55 

5 Bositeng 962 1050 86°59’ 41°58’ 44 1257 2.04 290.45 0.77 

6 Buluntuo 855 478 87°18’ 47°16’ 24 3441 1.94 148.13 1.07 

7 Caizi 71 6 117°9’ 30°47’ 9 141 49.08 33.89 3.01 

8 Chabo 35 4513 84°12’ 33°21’ 3 120282 0.24 113.33 0.73 

9 Chagan 247 126 124°17’ 45°15’ 19 896 34.31 3.72 4.45 

10 Chaohu 787 5 117°31’ 31°34’ 310 263 56.87 27.85 5.38 

11 Cuoe 267 4563 88°48’ 31°39’ 4 413 0.47 722.50 0.26 

12 Daili 214 1223 116°33’ 43°18’ 3 9527 21.68 3.87 5.33 

13 Daihai 87 1218 112°42’ 40°34’ 10 23428 1.95 240.00 1.30 

14 Dianchi 298 1886 102°41’ 24°49’ 69 430 106.22 36.91 10.03 

15 Dongting 144 19 112°57’ 29°19’ 25 228 8.23 73.60 1.33 

16 Eya 57 4822 88°40’ 32°59’ 8 87994 0.39 214.38 0.31 

17 Gasikule 123 2854 90°52’ 38°3’ 2 105680 0.30 70.00 0.75 

18 Gaoyou 703 2 119°13’ 32°47’ 7 422 28.29 31.23 3.29 

19 Gehu 162 0 119°48’ 31°35’ 11 410 92.35 13.00 6.89 

20 Guozha 248 5080 80°56’ 35°0’ 1 3876 0.07 370.00 0.17 

21 Hala 586 4076 97°35’ 38°13’ 6 16418 0.12 754.00 0.16 

22 Hongjian 46 1223 109°53’ 39°5’ 6 10697 1.41 4.24 0.96 

23 Honghu 215 19 113°21’ 29°51’ 19 342 72.50 32.63 4.86 

24 Hongze 1374 10 118°37’ 33°18’ 172 506 17.55 24.74 2.80 

25 Huangda 262 9 116°21’ 30°1’ 6 277 25.44 31.67 3.30 

26 Jili 166 479 87°27’ 46°55’ 8 1668 2.40 203.75 0.85 

27 Jieze 105 4525 80°53’ 33°56’ 3 90629 0.05 221.67 0.27 

28 Keluke 54 2814 96°53’ 37°16’ 2 990 2.75 330.00 0.60 

29 Liangzi 302 16 114°33’ 30°14’ 20 165 35.72 49.25 3.09 

30 Lingge 102 5062 88°37’ 33°53’ 4 3709 0.31 322.50 0.22 

31 Longgan 302 9 116°10’ 29°56’ 14 278 49.81 27.14 5.05 

32 Chaboer 347 4812 81°24’ 33°57’ 3 17081 1.45 68.33 0.60 

33 Luoma 55 17 118°10’ 34°5’ 9 308 16.65 59.67 1.33 

34 Meima 128 4920 82°18’ 34°11’ 1 9841 0.23 675.00 0.83 

35 Nanyi 198 5 118°58’ 31°6’ 14 174 17.04 31.17 2.53 

36 Nvshan 107 11 118°5’ 32°58’ 3 318 6.67 33.75 1.32 

37 Pohu 128 9 116°27’ 30°9’ 15 180 13.79 54.55 1.88 

38 Poyang 2398 10 116°18’ 29°12’ 25 92 7.09 52.78 1.66 

39 Pu’er 39 5048 81°56’ 34°53’ 4 1213 1.44 98.75 0.63 

40 Sailimu 460 2072 81°3’ 44°37’ 2 3063 0.01 1392.50 0.40 

41 Shijiu 214 4 118°55’ 31°29’ 5 239 5.03 58.60 1.97 

42 Songmuxi 25 5051 80°13’ 34°36’ 3 601 0.57 25.00 0.81 

43 Sugan 103 2793 93°55’ 38°52’ 4 16530 1.03 510.00 0.73 

44 Taihu 2329 0 120°9’ 31°17’ 323 496 38.56 34.21 4.53 

45 Tuosu 143 2805 96°53’ 37°10’ 8 22386 0.61 531.25 0.41 

                  



 

46 Wabu 141 16 116°53’ 32°6’ 4 251 57.20 29.00 5.23 

47 Weishan 175 28 117°15’ 34°36' 14 1259 66.33 32.36 6.28 

48 Chaidan 62 3173 95°27' 37°28' 1 45188 0.53 4.41 0.32 

49 Yibu 65 4557 86°38' 32°51' 1 56605 3.71 105.00 2.03 

 

Table 2 Comparisons of the POC algorithms. Rrs(413), Rrs(443), Rrs(490), Rrs(560), Rrs(674), 

Rrs(681), and Rrs(708) indicate the Rrs with central wavelengths of 413, 443, 490, 560, 674, 681, 

and 708 nm, respectively (Fig. 2b). 

 

No. The calibrated algorithms 
MAPD 

(%) 

RMSE 

(mg/L) 

Bias 

(%) 
References 

1 The novel blended algorithm (Eq. (6)) 35.93 2.64 -2.73 / 

2 1

rs rs

1

rs rs

Type-I waters (PH   0.0125)

     ln(POC) = 1.52 (708) / (490) 0.62

Type-II waters (PH  > 0.0125)

     ln(POC) = -1.89  (681) / (708) 3.16 

R R

R R



 

 

:

:
 

40.56 2.73 -11.38 Stramski et 

al., 2008 

3 
rs rs rs rs

rs rs rs rs

ln(POC)  =  4.64 NDCI + 0.09

(560) max( (413), (443), (490))
NDCI  =  

(560) max( (413), (443), (490))

R R R R

R R R R







 
66.92 3.71 -20.62 Son et al., 

2009 

4 

rs rs

rs rs

ln(POC)  =  4.64  CI + 0.09

CI  =  (560)  ( (490) 

          0.38 ( (674) (490)))

R R

R R



 

 

 

76.42 3.71 -22.07 Le et al., 

2018 
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