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A B S T R A C T

Dissolved organic carbon (DOC) plays a crucial role in ecological and biogeochemical processes. Many regional 
satellite algorithms for DOC in coastal waters have been developed. However, there is currently no global al
gorithm capable of addressing the variability and complexity of DOC dynamics in coastal waters. We address this 
gap by developing a global DOC satellite retrieval algorithm for coastal waters by using daily, 4-km resolution 
data from the European Space Agency (ESA) Ocean Colour Climate Change Initiative (OC-CCI) from 1997 to 
2023, combined with sea surface salinity (GLORYS12v1 database) and temperature (ESA SST-CCI, version 3.0 
database). For model development, we matched these satellite datasets with in situ DOC concentration data from 
the CoastDOM v1 database. A pairwise correlation between different variables was used to identify the most 
relevant predictor variables of coastal DOC concentrations. Several statistical methods, including multiple linear 
regression (MLR), random forest regression (RF), and extreme gradient boosting (XGBoost), were tested. The best 
performance was achieved by a RF model using sea surface salinity and temperature, the remote sensing 
reflectance at 560 nm and total absorption at 412 nm, with cross-validation metrics of R2 = 0.91, RMSE = 0.52 
mg C L− 1, and MAPE = 13.01%, and independent validation on unseen data giving R2 

= 0.83, RMSE = 0.64 mg 
C L− 1, and MAPE = 23.15%. Although the developed algorithm showed high performance, the relatively coarse 
resolution of OC-CCI poses challenges, as it may fail to resolve sharp DOC gradients in dynamic coastal waters 
such as river plumes and estuaries, potentially reducing accuracy in those areas. Still, OC-CCI offers climate- 
quality data for a longer period of time compared to individual ocean-colour sensors. Expanding in situ obser
vations, especially in underrepresented areas, will further enhance model accuracy and applicability. The results 
help to understand carbon dynamics in coastal ecosystems and offer a robust tool for satellite-based assessments 
of DOC in coastal waters globally.

1. Introduction

Knowledge of the coastal carbon cycle and its budget is key in un
derstanding and predicting the impact of climate change. Coastal waters 
are dynamic and productive areas between terrestrial and ocean sys
tems, and regulate nutrient flows, support marine biodiversity, and 
provide important ecosystem services, such as fisheries and carbon 
sequestration (Bauer et al., 2013; Campbell et al., 2022; Dunne et al., 
2007; Fennel et al., 2019; Gattuso et al., 1998; Muller-Karger et al., 
2005). Although coastal waters make up a relatively small portion of the 
total area of the ocean (7–11%), they have a considerable impact on the 
global carbon cycle and play a major role in climate regulation. These 
regions are also considered critical in achieving emission reductions 
necessary for fulfilling a variety of Sustainable Development Goals and 

the Paris Agreement targets (Hoegh-Guldberg et al., 2019). Unfortu
nately, coastal environments are strongly influenced by human activ
ities, including urbanisation, pollution, and climate change, which have 
significant effects on the biogeochemical processes of coastal waters 
(Regnier et al., 2013, 2022).

One of the key components of coastal biogeochemistry is Dissolved 
Organic Carbon (DOC) (Hansell and Carlson, 2013). DOC serves as an 
essential component of the marine as well as the global carbon cycle, and 
improving global carbon budget estimates and predicting ecosystem re
sponses to climate change depends on an awareness of the spatial and 
temporal variability of DOC in coastal waters. Additionally, DOC plays a 
crucial role in microbial food webs (Dafner and Wangersky, 2002), reduces 
light penetration, which limits photosynthesis by phytoplankton and 
macro-algae (Martin et al., 2021), and its decomposition releases CO2, 
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therefore contributing to seawater acidification (Semiletov et al., 2016).
Although much is known about carbon pools and fluxes in the open 

ocean (Brewin et al., 2021; Kulk et al., 2020; Siegel et al., 2023), 
numerous uncertainties concerning the coastal carbon cycle have 
remained, both regionally and globally. Barrón and Duarte (2015)
estimated DOC concentration in coastal waters based on 3510 in situ 
measurements worldwide, reporting a mean depth-averaged DOC con
centration of 285.7 ± 5.7 μmol C L− 1 (mean ± standard error), but 
acknowledging that the in situ measurements were unevenly distributed, 
with most measurements collected in the Northern Hemisphere and 
fewer studies on the coasts of Africa, South America, Australia, and Asia. 
Lønborg et al. (2024), in CoastDOM v1, compiled in situ observations 
from 1978 to 2022 and across all continents, with a total of 62,338 in
dividual data points. They showed that the average DOC concentration 
in coastal waters was 182 ± 314 μmol C L− 1 (mean ± standard devia
tion). However, most data are from the Northern Hemisphere, with gaps 
from the Southern Hemisphere showing that traditional field measure
ments, while accurate, are often limited in spatial coverage as well as in 
temporal resolution.

Satellite remote sensing can provide high spatial and temporal res
olution data and, therefore, support systematic carbon monitoring at 
local, regional, and global levels (Campbell et al., 2022). Satellite data 
have been used to monitor ocean carbon pools and fluxes by direct and 
indirect approaches, with some combining both (Brewin et al., 2021). 
Direct methods involve determining if a certain carbon fraction has an 
effect on the water colour (visible electromagnetic radiation) that the 
remote sensing instruments are detecting. Indirect techniques, on the 
other hand, relate the carbon pool or flux to “visible” proxies like 
retrieved variables of ocean colour, thermal radiometry, microwave 
radiometry, and satellite altimetry. These methods can be mechanistic, 
empirical, or statistical (Brewin et al., 2021). Most of the DOC pool does 
not have any effect on water colour and consequently cannot be mapped 
with remote sensing directly. Still, a small component of the DOC pool is 
chromophoric, which can be directly monitored by ocean-colour remote 
sensing. In many cases, there is a correlation between the concentration 
of DOC and its optically active component, Coloured Dissolved Organic 
Matter (CDOM) (Mannino et al., 2008), and it allows the retrieval of 
DOC from CDOM absorption or from remote sensing reflectance (Rrs(λ)). 
Therefore, several models have been developed to estimate DOC in 
coastal waters at a local scale by using ocean-colour remote-sensing data 
and its relationship with CDOM (Cao and Tzortziou, 2024; Liu et al., 
2019; Mannino et al., 2008) or Rrs(λ) (Cao and Tzortziou, 2021).

Strong correlations between CDOM absorption and DOC have been 
observed in many coastal regions (Ferrari et al., 1996; Fichot and Ben
ner, 2012; Vodacek et al., 1997). Unfortunately, the relationship is often 
regionally and seasonally highly variable due to terrestrial inflows, land 
use, and the proportion of autochthonous DOC in the overall DOC pool 
(Harvey et al., 2015; Kowalczuk et al., 2010). This makes it challenging 
to use a single model at a global scale. Several regional DOC algorithms 
can be found in the literature that primarily focus on relating satellite- 
derived Rrs(λ) to the absorption of coloured dissolved organic matter 
(aCDOM), and subsequently deriving DOC via empirical relationships 
with aCDOM (Cao et al., 2018; Cao and Tzortziou, 2024; Cherukuru et al., 
2016, 2021; le Fouest et al., 2018; Liu et al., 2014; Mannino et al., 2008, 
2016; Pan and Wong, 2015; Qiong et al., 2011; Tehrani et al., 2013; 
Tuzcu Kokal et al., 2024; Zhang et al., 2024), but no global algorithm 
that would be able to address the variability and complexity of DOC 
dynamics in coastal waters on a broader scale is currently available (also 
see section 4 Discussion).

In the present study, we aim to address this gap by developing a 
global DOC retrieval algorithm for coastal waters by using daily 4-km 
resolution data from the European Space Agency (ESA) Ocean Colour 
Climate Change Initiative (OC-CCI; Sathyendranath et al., 2023) from 
1997 to 2023. Good spatial resolution data are needed in capturing the 
complexity of coastal waters, where significant gradients in DOC can 
occur over small spatial and short temporal scales. Although the 4-km 

resolution of OC-CCI may not detect all fine-scale spatial features, it 
still provides a robust framework for developing a global algorithm that 
balances spatial coverage and computational feasibility. In this study, 
we combine optical and environmental variables to advance DOC 
modeling in coastal waters beyond a region-specific approach. Since in 
situ measurements remain essential for developing and validating 
remote sensing models, the in situ DOC concentration data from the 
CoastDOM database (Lønborg et al., 2024) is used. Using the in situ and 
remote sensing observations, we tested three different methods, namely 
Multiple Linear Regression (MLR), Random Forest regression (RF), and 
Extreme Gradient Boosting regression (XGBoost), to develop a satellite- 
based algorithm for estimating DOC concentrations in coastal waters at 
the global scale.

2. Materials and methods

2.1. Study area and in situ data

The study focuses on global coastal waters (Fig. 1), which for the in 
situ data are defined according to the Coastal and Marine Ecological 
Classification Standard (CMECS, 2012), as areas with bottom depths less 
than 200 m. In situ data were used to develop the satellite-based model 
and validate the estimates of coastal DOC concentrations. The source of 
the in situ data of DOC concentration, as well as SST and SSS, was the 
CoastDOM database by Lønborg et al. (2024). In situ DOC data from the 
years between 1997 and 2023 of up to 1-m depth were used (in total 
18,810 measurements) and in situ data located in areas with depths less 
than 200 m were included in further analysis (in total 17,833 
measurements).

2.2. Satellite data

OC-CCI v6.0 data (1997–2023) were used to obtain daily ocean- 
colour remote sensing data (Sathyendranath et al., 2023). OC-CCI is a 
merged and bias-corrected time series product, that includes ocean- 
colour observations from MERIS, MODIS-AQUA, SeaWiFS, VIIRS and 
Sentinel-3 OLCI (with v6.0 being band-shifted to MERIS). In addition to 
Rrs(λ), OC-CCI products include inherent optical properties (IOPs), like 
absorption of dissolved and detrital materials (adg), phytoplankton ab
sorption (aph), total absorption (atot) and particulate backscattering (bbp) 
at six wavelengths (412, 443, 490, 510, 560 and 665 nm). It also includes 
the light diffuse attenuation coefficient at 490 nm (Kd_490), and chloro
phyll-a concentration (chl-a). The Kd_490 can be related to the absorption 
and light attenuation by all water constituents, including CDOM (Paavel 
et al., 2011). At the same time, chl-a serves as an indicator of phyto
plankton biomass and associated autochthonous DOC production in 
coastal waters. Therefore, all these available variables were considered in 
algorithm development. Additionally, the OC-CCI dataset provides pixel- 
by-pixel uncertainty estimates for each wavelength and information on 
water type classifications (Jackson et al., 2017). For the satellite data, 
coastal waters were defined by OC-CCI water classes 12–14 (Jackson 
et al., 2017). Pixels from classes 1–11 (representative of open ocean en
vironments) were removed from further analyses.

In addition, SST from ESA SST-CCI (daily temporal resolution; ~5 
km spatial resolution; SST-CCI) and SSS from GLORYS12V1 (daily 
temporal resolution; ~8 km spatial resolution; SSS-GLORYS) were used 
for algorithm development (Embury et al., 2024; Good and Embury, 
2024; Jean-Michel et al., 2021). Salinity indicates freshwater influence, 
which is closely tied to the distribution and variability of DOC and 
CDOM in coastal waters (Bowers et al., 2000; Fichot and Benner, 2011), 
while temperature affects microbial degradation and primary produc
tion, both of which influence DOC dynamics in coastal waters. There
fore, in addition to the OC-CCI products, SST and SSS were also 
considered in the algorithm development. To ensure consistency across 
datasets, SST-CCI (~5 km) and SSS-GLORYS (~8 km) were resampled 
using nearest-neighbour interpolation to align spatially with the 4-km 
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grid of the OC-CCI data. SST-CCI and SSS-GLORYS data correlated 
strongly with in situ temperature and salinity measurements (r = 0.97 
and r = 0.99, respectively; Fig. S1). The source of in situ data of SSS and 
SST was CoastDOM database by Lønborg et al., 2024 (see section 2.1). 
While the SSS-GLORYS dataset showed a strong overall correlation with 
in situ SSS, higher variance was observed at higher salinity levels 
(Fig. S1). This could reflect known regional biases in the GLORYS12v1 
product, with higher biases observed in the Arctic and western tropical 
Pacific Ocean, near the Amazon River plume and around Indonesia (i.e., 
in comparison with data from the World Ocean Atlas; Drévillon et al., 
2023). Yet, the global average bias in SSS-GLORYS remains close to zero 
(Drévillon et al., 2023). The higher error in SSS in specific regions could 
lead to higher uncertainty in the predicted DOC, but we note that error 
in other predictor variables, such as those from ocean colour data, are 
likely to dominate. To account for these and other sources of errors in 
OC-CCI, SST-CCI, and SSS-GLORYS datasets, uncertainties were propa
gated through the DOC retrieval algorithm using Monte Carlo simula
tions (see Section 2.7).

2.3. Match-up analyses

The nearest neighbour method from Python's xarray package (Hoyer 
and Hamman, 2017) was used to match satellite data with in situ DOC 
measurements. For quality control, a 3 × 3 pixel box around the nearest 
pixel was extracted, and at least 4 valid observations per 9 pixels and a 
coefficient of variation less than 0.2 were needed to pass the quality 
control. Outliers were identified and removed using the Interquartile 
Range (IQR) method with a 1.5 threshold.

Strict quality control was applied during model training to ensure 
that all candidate input variables met the same filtering criteria. Only 
common match-up data points where all variables passed the quality 
control were retained ensuring consistency across all variables during 
model development.

After identifying the best-performing model, an independent vali
dation dataset was compiled. In this step, the same quality control 
thresholds were used, but applied only to the variables used in the final 
model. As a result, it was possible to include additional match-up data 
that had been previously excluded due to other variables having no 

match-up or failing quality control. All variables in the validation 
dataset needed to pass the same quality control as the training set, 
including the coefficient of variation threshold and IQR-based outlier 
filtering. The resulting independent validation dataset comprised 452 
match-ups and provided broad spatial and seasonal coverage. Impor
tantly, the training and validation datasets were non-overlapping, and 
the training set was not re-adjusted after regressor selection prioritising 
maximum data quality for training and broader coverage for validation. 
Frequency histograms of the validation dataset are presented in Fig. S2. 
These new match-up data were used as an independent validation 
dataset to assess the performance of the final model.

2.4. Feature selection

Band combinations are usually more effective compared to single 
bands in detecting the optical properties of water. Therefore, fifteen 
formulas (Toming et al., 2024) based on two- or three-band combina
tions (Table 1) were tested with various OC-CCI spectral bands (resulted 
in a total of 1170 band combinations).

Fig. 1. Spatial distribution of match-up data points with in situ Dissolved Organic Carbon (DOC, mg C L− 1) concentrations.

Table 1 
Formulas based on two- or three-band combinations that were tested with 
various OC-CCI spectral bands. B represents the water-leaving reflectance and 
index a, b, or c denotes different OC-CCI spectral bands (6 bands in different 
options).

Formula
Ba + Bb

Ba − Bb

Ba / Bb

Ba * Bb

Ba + Bb + Bc

Ba + Bb * Bc

(Ba + Bb) * Bc

(Ba − Bb) * Bc

(Ba + Bb) / Bc

Ba * Bb / Bc

(Ba − Bb) / (Ba + Bb)
(Ba / Bb) * (Ba / Bb)
Ba / Bb − Ba / Bc

Ba − (Bb + Bc) / 2
Ba / (Bb + Bc)
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Before model development, a visual inspection of pair-wise correla
tion between different variables (see section 3.2) was used to identify 
the most relevant predictor variables of coastal DOC concentrations.

Variables and band combinations with moderate to strong correla
tions with DOC concentrations were considered for further model 
development if the correlation coefficient was r ≥ 0.7 for Rrs(λ) band 
combinations, and r ≥ 0.5 for absorption-related variables (including 
chl-a and Kd_490). Additionally, SSS, SST and all 6 Rrs(λ) and adg were 
included for further model development.

2.5. Model development

Using the selected features (see section 3.2), MLR, RF and XGBoost 
were used to develop an algorithm for predicting global DOC 

concentrations in coastal waters. MLR is an easily interpretable regres
sion model that estimates the linear relationship between a dependent 
variable and multiple independent variables. RF is an ensemble learning 
method that creates multiple decision trees to handle complex nonlinear 
relationships and make accurate predictions (Breiman, 2001). XGBoost 
is also an ensemble learning method that effectively handles complex 
relationships, and it is based on gradient boosting that enhances model 
performance through iterative optimisation (Chen and Guestrin, 2016). 
All three models have previously been used in environmental studies, 
including for predicting the DOC concentrations in the global open 
ocean (Laine et al., 2024).

Due to the strong correlations between Rrs(λ) and IOPs, careful 
manual selection of input variables was done to avoid issues related to 
multicollinearity, particularly for the MLR model. For the RF and 
XGBoost models, multicollinearity is less critical. However, avoiding the 
inclusion of too many variables or highly collinear ones can help to 
optimise model performance, avoid overfitting and reduce unnecessary 
complexity. Consequently, the models were configured to include either 
2, 3 or 4 regressors (Table 2).

The Scikit-learn package, version 1.5.2 (Pedregosa et al., 2012), was 
used to perform development and accuracy evaluation of the MLR and 
RF models and the XGBoost package, version 2.1.2 (Chen and Guestrin, 
2016), was used for the XGBoost model. All predictor variables were 
standardised using z-score standardisation, and model development and 
evaluation were done using 5-fold cross-validation (CV). For hyper
parameter optimisation of the RF and XGBoost models, the Optuna 
package, version 4.1.0 (Akiba et al., 2019), was employed. All compu
tations were conducted in Python 3.10.

2.6. Quality assessment

The selection of the best model for retrieving DOC in coastal waters 
was based on multiple statistical accuracy metrics, including the coef
ficient of determination (R2), the root-mean-squared error (RMSE) and 
the mean absolute percentage error (MAPE). R2 is the squared correla
tion between the measured and predicted values (the closer to 1, the 

Table 2 
Combinations of regressors used in the Dissolved Organic Carbon (DOC) 
satellite-retrieval models. Abbreviations: Remote sensing reflectance (Rrs(λ)), 
Inherent Optical Properties (IOP), Sea Surface Salinity (SSS), and Sea Surface 
Temperature (SST).

Number of Regressors Combinations of regressors

2 regressors SSS + SST
SSS + Rrs(λ)

SSS + Rrs(λ) band combination
SSS + IOP
SST + Rrs(λ)

SST + Rrs(λ) band combination
SST + IOP
IOP + Rrs(λ)

IOP + Rrs(λ) band combination
3 regressors SSS + SST + Rrs(λ)

SSS + SST + Rrs(λ) band combination
SSS + SST + IOP
SSS + Rrs(λ) + IOP
SSS + Rrs(λ) band combination + IOP
SST + Rrs(λ) + IOP
SST + Rrs(λ) band combination + IOP

4 regressors SSS + SST + Rrs(λ) + IOP
SSS + SST + Rrs(λ) band combination + IOP

Fig. 2. Illustration of uncertainty propagation by Monte Carlo simulation of errors domains of OC-CCI, SST-CCI and SSS-GLORYS data denoted by X, T and S, 
respectively; domain of uncertainties denoted by U; range of estimated DOC denoted by D.
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better the model) and it was calculated using Eq. 1: 

R2 = 1 −

∑n

i=1
(yi − ŷ)2

∑n

i=1
(yi − y)2

, (1) 

where ŷ is the predicted value, y is the measured value, ӯ is the mean 
value of measured y values, and n is the number of measurements. RMSE 
is the mean difference between the measured and predicted values (the 
lower the value, the better the model) and it was calculated using Eq. 2: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ŷ − yi)

2

√

(2) 

where ŷ is the predicted value, y is the measured value, and n is the 
number of measurements. MAPE is the mean absolute percentage error 
(the lower the value, the better the model) and it was calculated using 
Eq. 3: 

MAPE =
100%

n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒ (3) 

where ŷ is the predicted value, y is the measured value, and n is the 
number of measurements.

The performance metrics were then normalised to a [0,1] or [1,0] 
range, depending on the metric. The R2 was normalised so that higher 
values corresponded to better performance, while the other metrics were 
normalised so that lower values, which indicate better model perfor
mance, received higher normalised scores. Each model's final score was 
calculated by summing the normalised values, and the model with the 
highest score was selected as the best one.

After training and identifying the optimal model, an extended match- 
up dataset was created (see Section 2.3). This extended dataset was used 
as an independent validation dataset to evaluate the performance of the 

best-performing model using the same statistical accuracy metrics (R2, 
MAPE, RMSE) that were used to select the best model.

2.7. Uncertainty propagation

Uncertainties in OC-CCI, SST-CCI and SSS-GLORYS datasets were 
propagated by means of Monte Carlo simulation of uncorrelated random 
errors (Quast and Shevchuk, 2025). Errors in OC-CCI datasets were 
simulated by random draws from normal or lognormal error distribu
tions encoded by OC-CCI per-datum estimates of bias and root mean 
squared errors obtained from comparison to in situ measurements 
(Jackson et al., 2017). Errors in SST-CCI datasets were simulated by 
random draws from a normal distribution defined by per-datum total 
standard uncertainty associated with remotely sensed SST. Random er
rors in the SSS-GLORYS dataset were drawn from a normal distribution 
adopting a global per-datum standard uncertainty of 0.1 PSU. Monte 
Carlo simulations generated an ensemble of N = 10 possible variants per 
datum, which were sequentially processed by the DOC estimation al
gorithm, in addition to the nominal DOC estimation. Eventually, per- 
datum DOC was obtained by computing standard uncertainty, i.e., the 
standard deviation of DOC estimates from the nominal estimate. Fig. 2
illustrates the uncertainty propagation workflow.

3. Results

3.1. Match-ups

The final, quality-controlled, match-up dataset consisted of 970 ob
servations for each variable (Fig. 1). The majority of the match-up data 
were from the Northern Hemisphere, similar to the full in situ dataset. 
This spatial bias reflects the uneven distribution of available coastal in 
situ observations and represents a limitation in extrapolating the model 
to less-represented regions such as the Southern Hemisphere and trop
ical coasts. Nevertheless, the dataset still covered a wide range of 

Fig. 3. Frequency histograms of the match-up dataset (A – C; N = 970) and whole in situ dataset (up to 1 m, D – F; N = 17,813). A and D – in situ Dissolved Organic 
Carbon concentration (DOC, mg C L− 1); B and E – years of DOC measurements and C and F – months of DOC measurements.
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conditions, ensuring a diverse representation of the data (Table S1). 
DOC values ranged from 0.52 mg C L− 1 to 9.00 mg C L− 1. The median 
DOC concentration was 3.92 mg C L− 1, and the mean was 3.41 mg C L− 1 

(±1.71 mg C L− 1 standard deviation). Based on the interquartile range 
(IQR), 25% of the observations had DOC concentrations below 1.53 mg 
C L− 1, and 75% of the observations were less than 4.50 mg C L− 1. 
Similarly, the frequency of the used in situ DOC concentrations had two 

distinct peaks at approximately 1.0 mg C L− 1 and 4.0 mg C L− 1 (Fig. 3A). 
These peaks mainly reflect differences between DOC concentrations in 
the Baltic Sea (a relatively closed waterbody with strong river influence) 
and coastal areas that are more open to the ocean (Fig. 1). The match- 
ups between in situ and OC-CCI data are more frequent during the 
years between 2003 and 2005 and 2008–2015 (Fig. 3B), with most 
occurring between April and October and a notable peak in June 

Fig. 4. Scatter plots showing the correlations (r) between in situ Dissolved Organic Carbon concentration (DOC, mg C L− 1) and Remote sensing reflectance (Rrs(λ), 
sr− 1). Red regression line shows the best-fit relationship and the shaded area around the line shows the 95% confidence interval of the regression. The p-values <
0.001 are marked red.

Fig. 5. Scatter plots showing the correlations (r) between in situ Dissolved Organic Carbon concentration (DOC, mg C L− 1) and absorption of dissolved and detrital 
materials (adg, m− 1). The red regression line shows the best-fit relationship, and the shaded area around the line shows the 95% confidence interval of the regression. 
The p-values < 0.001 are marked red.

Fig. 6. Scatter plots showing the correlations (r) between in situ Dissolved Organic Carbon concentration (DOC, mg C L− 1) and total absorption (atot, m− 1). The red 
regression line shows the best-fit relationship, and the shaded area around the line shows the 95% confidence interval of the regression. The p-values < 0.001 are 
marked red.
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(Fig. 3C). This seasonal pattern is typical to satellite data, as its avail
ability is heavily influenced by atmospheric conditions (cloud cover) 
and ice cover at higher latitudes between November and March. 
Fig. 3D–F show frequency distributions of the full in situ dataset (depths 
up to 1 m, N = 17,813) that is generally consistent with frequencies of 
the match-up dataset, supporting the representativeness of the match-up 
subset.

3.2. Feature selection, model development and uncertainty

The feature selection analysis showed that the correlation between in 
situ DOC concentration and Rrs(λ) was strongest for wavelengths at 412, 

443, and 490 nm (r = − 0.72 to r = − 0.68; Fig. 4). The correlation be
tween in situ DOC and adg was moderate and consistent across all 
wavelengths (r = 0.48 to r = 0.49; Fig. 5) due to exponential decrease of 
adg. The correlation between in situ DOC concentration and aph was 
somewhat weaker than with adg (r = 0.07 to r = 0.47; Fig. S3). The 
correlation between in situ DOC concentration and atot was similar to 
that of aph, ranging from r = 0.16 to r = 0.50 (Fig. 6). In contrast to the 
absorption variables, all bbp products showed negligible correlations 
with in situ DOC concentration (Fig. S4). Consequently, the bbp products 
were excluded from further analyses. There was a moderate positive 
correlation between in situ DOC concentration and chl-a as well as with 
Kd_490 (r = 0 0.46; Fig. 7). In situ DOC concentrations showed a strong 

Fig. 7. Scatter plots showing the correlations (r) between in situ Dissolved Organic Carbon concentration (DOC, mg C L− 1) and chlorophyll-a (chl-a), diffuse 
attenuation coefficient at 490 nm (Kd_490, m− 1), Sea Surface Salinity (SSS) from GLORYS12V1 (SSS-GLORYS, PSU) and Sea Surface Temperature from ESA SST-CCI 
(SST-CCI, ◦C). The red regression line shows the best-fit relationship, and the shaded area around the line shows the 95% confidence interval of the regression. The p- 
values < 0.001 are marked red.

Table 3 
List of variables tested in the Dissolved Organic Carbon (DOC) prediction model. 
Abbreviations: Remote sensing reflectance (Rrs(λ), sr− 1), absorption of dissolved 
and detrital materials (adg, m− 1), total absorption (atot, m− 1), Sea Surface 
Salinity (SSS) from GLORYS12V1 (SSS-GLORYS, PSU) and Sea Surface Tem
perature from ESA SST-CCI (SST-CCI, ◦C).

Category Variable

Salinity and temperature SSS-GLORYS 
SST-CCI

Remote sensing reflectance Rrs(412) 

Rrs(443) 

Rrs(490) 

Rrs(510) 

Rrs(560) 

Rrs(665) 

Rrs(665) - Rrs(412) 

Rrs(665) - Rrs(443) 

Rrs(665) - Rrs(490) 

Rrs(412) * Rrs(490) / Rrs(510) 

Rrs(443) * Rrs(490) / Rrs(560) 

Rrs(443) * Rrs(510) / Rrs(560) 

Rrs(490) * Rrs(443) / Rrs(510) 

Rrs(510) * Rrs(412) / Rrs(560) 

Rrs(490) - (Rrs(510) + Rrs(665)) / 2 
Rrs(665) - (Rrs(412) + Rrs(490)) / 2 
Rrs(665) - (Rrs(490) + Rrs(443)) / 2 
Rrs(665) - (Rrs(443) + Rrs(412)) / 2 
Rrs(665) - (Rrs(510) + Rrs(412)) / 2 
Rrs(665) - (Rrs(510) + Rrs(443)) / 2 
Rrs(665) - (Rrs(510) + Rrs(490)) / 2

IOPs adg_665 

adg_412 

adg_560 

adg_443 

adg_510 

adg_490 

atot_412

Table 4 
The best satellite-retrieval models and their performance metrics for Multiple 
Linear Regression (MLR), Random Forest (RF) and XGBoost across combinations 
with 2, 3, or 4 regressors. Highlighted in blue is the overall best-performing 
model.

Model Regressors R2 RMSE (mg C 
L− 1)

MAPE 
(%)

MLR_4 SSS-GLORYS 
SST-CCI 
Rrs(490) − (Rrs(510) + Rrs 

(665)) / 2 
atot_412

0.85 0.67 17.45

MLR_3 SSS-GLORYS 
SST-CCI 
atot_412

0.84 0.68 17.72

MLR_2 SSS-GLORYS 
atot_412

0.84 0.68 18.06

RF_4 SSS-GLORYS 
SST-CCI 
Rrs(560) 

atot_412

0.91 0.52 13.01

RF_3 SSS-GLORYS 
Rrs(560) 

atot_412

0.90 0.55 13.62

RF_2 SSS-GLORYS 
adg_443

0.88 0.60 14.36

XG_BOOST_4 SSS-GLORYS 
SST-CCI 
Rrs(560) 

atot_412

0.90 0.54 13.70

XG_BOOST_3 SSS-GLORYS 
SST-CCI 
Rrs(560) − (Rrs(443) + Rrs 

(412)) / 2

0.89 0.57 14.57

XG_BOOST_2 SSS-GLORYS 
atot_412

0.86 0.64 17.29
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negative correlation with SSS (r = − 0.89; Fig. 7). There was a moderate 
negative correlation between DOC concentration and SST (r = − 0.20; 
Fig. 7).

Following this analysis, all variables and variable combinations 
included as one of the 2, 3 or 4 regressors (see paragraph 2.7) in the 
satellite-retrieval model development are shown in Table 3. All Rrs(λ) 
bands (412–665 nm) and multiple band combinations were systemati
cally tested in combination with environmental and IOP variables to 
identify the best predictor sets. Although Rrs(λ) in the blue wavelengths 

(412–443 nm) showed the strongest individual correlation with in situ 
DOC, the combination that yielded the best overall model performance 
in cross-validation indicated that predictive strength depended on the 
combined effect of complementary variables rather than on correlation 
strength alone.

The best satellite-retrieval models and their performance metrics 
across configurations with 2, 3, or 4 regressors are shown in Table 4. For 
the best-performing MLR models, atot_412 and SSS were included as fea
tures in each model, regardless of the number of regressors. The SST was 

Fig. 8. Estimates of satellite-based Dissolved Organic Carbon (DOC) against in situ DOC concentrations for the best-performing models: A-C) Observed (in situ) 
versus predicted DOC in mg C L− 1 from 5-fold cross-validation of the Multiple Linear Regression (MLR), the Random Forest Regression (RF) and the XGBoost 
Regression (XGBoost) models, respectively, and D) Observed (in situ) versus predicted DOC (mg C L− 1) using the Random Forest model applied to an independent 
unseen validation dataset. The best-fit line (dashed), the ideal 1:1 line (solid) and the accuracy metrics (R2, RMSE, and MAPE) of each model are shown.
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an additional feature in the 3- and 4-regressors MLR models, whereas 
the 4-regressor model also included a band ratio based on Rrs(λ). For the 
best-performing RF models, SSS was again an important feature in all 
models. While adg_443 was a feature in the 2-regressor RF model, the 
atot_412 and the Rrs(560) were features in the 3- and 4- regressors models, 
with SST being the additional feature in the 4-regressor RF model. For 
the best-performing XGBoost models, again SSS was a feature in all 
models regardless of the number of regressors. The SST featured in the 3- 
and 4-regressor XGBoost models, while the atot_442 featured in the 2- and 
4-regressor models. The 4-regressor XGB model also included the Rrs(560) 
and the 3-regressor model contained a band ratio based on the Rrs(λ) at 
three wavebands. The parameterisation of the best-performing satellite- 
retrieval models is shown in Table S2, with MLR equations and Optuna 
hyperparameter tuning results for the RF and XGBoost models. The 
corresponding estimates of DOC of the best-performing MLR, RF and 

XGboost models against in situ DOC concentrations are shown in 
Fig. 8A–C. The MLR model showed slightly lower R2 and higher RMSE 
and MAPE compared to the RF and XGBoost models, which showed very 
similar performance. The model with 4 regressors (SSS-GLORYS, SST- 
CCI, Rrs(560), and atot_412) using RF was the optimal model (R2 = 0.91, 
RMSE = 0.52 mg C L− 1 and MAPE = 13.01%) for the generation of 
coastal DOC concentrations from satellite observations. To further 
validate this best-performing model, an extended match-up dataset (N 
= 452), containing only the variables included in the optimal model, 
was used as an independent validation set and the results are shown in 
Fig. 8D (R2 = 0.83, RMSE = 0.64 mg C L− 1, and MAPE = 23.15%).

The relative standard uncertainty of DOC estimates ranged from 
<1% to >11%. Figs. 9 and 10 illustrate examples of the geographical 
and statistical distribution of relative DOC standard uncertainty.

3.3. Mapping of global coastal DOC using the developed model—an 
example

We used the best-performing RF model with 4-regressors (SSS- 
GLORYS, SST-CCI, Rrs(560), and atot_412) to map satellite estimates of 
monthly DOC in global coastal regions for two randomly selected 
months—April and September 2019 (Fig. 11A–B). Some coastal regions 
lack DOC estimates in the global maps (e.g., along the coasts of North 
America, South America, and eastern Africa), this is primarily due to the 
spatial masking criteria used to define coastal waters (bathymetry 
shallower than 200 m, and water classes 12–14 from the OC-CCI data
set), which represent optically coastal environments. In areas where 
water classes 12–14 are not present within the ≤200 m depth zone, no 
DOC estimates were generated. Since global-scale maps limit the visi
bility of such narrow coastal zones, a zoomed-in view of the Baltic Sea 
for April 2019 is shown in Fig. 11C and a zoomed-in view of the Rio de la 
Plata area for September 2019 is presented in Fig. 11D. The maps 
demonstrate that the model can map DOC concentrations globally using 
data from OC-CCI, SST-CCI and GLORYS, with relatively high DOC 
concentrations in the Baltic Sea and other river-influenced areas such as 
the Rio de la Plata.

Fig. 9. Example of relative standard uncertainty of estimated DOC (April 2019).

Fig. 10. Example of the distribution of relative standard uncertainty of esti
mated DOC (April 2019).
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4. Discussion

4.1. Match-ups and in situ DOC observations

Most of the carbon transported from land to the sea is processed in 
near-coastal waters, with up to 80% buried in sediments, never reaching 
the deep ocean carbon pool (Bauer et al., 2013). Therefore, estimating 
DOC in coastal waters is needed for understanding the global carbon 
cycle. Although satellite remote sensing offers better spatial and tem
poral coverage, the development and accuracy estimation of remote 
sensing-based DOC retrieval models needs high-quality in situ data. 
Therefore, in situ data are critical for validating and calibrating satellite- 
derived estimates (Bailey and Werdell, 2006). The most comprehensive 
global in situ DOC dataset for coastal waters is part of the CoastDOM 
database (Lønborg et al., 2024). It includes over 62,000 individual DOC 
measurements providing an invaluable resource for broader DOC as
sessments in coastal waters, as well as for validating remote sensing 
products. However, despite the large volume of available in situ data, the 
use of this dataset in satellite validation is somewhat constrained by 
sampling depth and timing. After filtering surface layer data and per
forming a match-up analyses, only approximately 1000 of the 62,000 
measurements, i.e., less than 2%, were available to use for model 
development and validation. This low match-up number is partly due to 
the strict temporal and spatial criteria and quality control measures 
applied, but it also reflects the limited availability of cloud-free ocean 
colour observations at daily resolution, particularly in coastal regions. 
Data gaps caused by persistent cloud cover are less pronounced when 

using temporally aggregated products (e.g., 5-day, 8-day, or monthly 
composites).

Despite this, the mean DOC concentration of the in situ data used in 
the current study (3.41 ± 1.71 mg C L− 1 (standard deviation), i.e., 284.2 
± 142.5 μmol C L− 1) was very close to the mean DOC concentration 
estimated by Barrón and Duarte (2015) (285.7 ± 5.7 μmol C L− 1 stan
dard error). However, the mean DOC concentration was higher than the 
mean reported in the CoastDOM database (182 ± 314 standard devia
tion μmol C L− 1) (Lønborg et al., 2024), but still within the range of their 
reported standard deviation. The higher mean is expected as only sur
face layer values were used in the current study. In general, DOC con
centrations are higher in surface layers due to terrestrial runoff and 
photochemical processes that predominantly occur near the surface 
(Ding et al., 2019; Shinomura et al., 2005). Furthermore, the spatial bias 
in the in situ dataset (largely dominated by samples from the Northern 
Hemisphere) presents a limitation that may affect the performance of 
DOC retrieval models in less-represented areas, such as the Southern 
Hemisphere and tropical coastal regions. However, the dataset still 
covers a broad range of environmental conditions that provide a strong 
basis for model development.

In situ radiometry is generally preferred for algorithm development 
because it avoids errors related to atmospheric correction and ensures 
that optical and biogeochemical measurements are taken from the same 
location at the same time (Bailey and Werdell, 2006). However, one of 
the main challenges in developing and training models is the lack of 
simultaneous radiometric and biogeochemical data, especially for 
models that require large training data sets, e.g., machine learning 

Fig. 11. A. Monthly global coastal dissolved organic carbon (DOC) for April 2019. The RF model with 4 regressors (SSS-GLORYS, SST-CCI, Rrs(560), and atot_412) was 
used for the estimation. B. Monthly global coastal dissolved organic carbon (DOC) for September 2019. The RF model with 4 regressors (SSS-GLORYS, SST-CCI, Rrs 

(560), and atot_412) was used for the estimation. C. Monthly coastal dissolved organic carbon (DOC) for April 2019 in the Baltic Sea. The RF model with 4 regressors 
(SSS-GLORYS, SST-CCI, Rrs(560), and atot_412) was used for the estimation. D. Monthly coastal dissolved organic carbon (DOC) for September 2019 in the Rio de la 
Plata area. The RF model with 4 regressors (SSS-GLORYS, SST-CCI, Rrs(560), and atot_412) was used for the estimation.
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models. In contrast, satellite-derived Rrs provides extensive spatial and 
temporal coverage, enabling consistent global analysis and model 
application across a wide range of environments. Since in situ radio
metric measurements are still rare, especially those made simulta
neously with dissolved organic carbon measurements, this study relied 
on Rrs data obtained from satellites. Strict quality control and matchup 
selection criteria were used to help to minimise potential errors.

Nevertheless, to optimise the use of in situ data for remote sensing 
applications, greater spatial and temporal overlap between field cam
paigns and satellite overpasses is needed. Additionally, more in situ data, 
especially from areas not well represented in this study (Fig. 1) are 
needed to reduce the uncertainty in global DOC algorithms. Therefore, it 
is highly encouraged that CDOM, DOC and other carbon fractions 
together with radiometric measurements are included in monitoring 
programmes and plans of scientific cruises.

4.2. Predicting DOC in coastal waters using satellite remote sensing

Several models have been developed to predict DOC in coastal waters 
using remote sensing data (Table 5). Most of these models have been 
developed for specific regions and require validation if used in other 
coastal areas (Cao et al., 2018; Cao and Tzortziou, 2024; Cherukuru 
et al., 2016, 2021; le Fouest et al., 2018; Liu et al., 2014; Mannino et al., 

2008, 2016; Pan and Wong, 2015; Qiong et al., 2011; Tehrani et al., 
2013; Tuzcu Kokal et al., 2024; Zhang et al., 2024). The most common 
approach follows two-steps: (1) Relating aCDOM or the spectral slope of 
aCDOM to Rrs(λ) at specific wavelengths or Rrs(λ) band ratios, and (2) 
Deriving DOC from aCDOM using empirical relationships. The aCDOM and 
DOC often have a strong relationship in coastal waters, but it tends to 
vary across regions and seasons (Fichot and Benner, 2011; Harvey et al., 
2015). Using the aCDOM spectral slope can improve DOC retrieval ac
curacy in those cases (Cao et al., 2018; Harvey et al., 2015; Mannino 
et al., 2016). However, there are also other approaches. For example, 
machine learning methods like deep neural networks (DNN) have been 
used to retrieve DOC concentrations directly from Rrs(λ) data (Zhang 
et al., 2024), and variables like chl-a concentrations and SST have also 
been used to improve DOC estimations (Liu et al., 2014; Pan and Wong, 
2015). Zhang et al. (2024) proposed a novel DNN-based DOC retrieval 
method using spatial interpolation to expand sparse in situ data into a 
virtual training dataset. This approach significantly increased sample 
diversity and model robustness, resulting in very high retrieval accuracy 
(RMSE = 0.08 mg C L− 1). Although our approach differs methodologi
cally, their work underscores the growing potential of machine learning 
for DOC estimation, especially in data-limited regions. However, there 
are important limitations to consider. The model was developed and 
tested in a single, optically constrained coastal region (Jiangsu) with 

Table 5 
Overview of models for satellite-based DOC estimations in coastal waters.

Type of model Description Error Metrics Sensor and its 
spatial resolution

Study area Reference

Empirical model Rrs(λ) was used to retrieve aCDOM at various 
wavelengths and aCDOM spectral slope in the 
275–295 nm (S275–295). DOC concentrations were 
obtained from aCDOM and S275–295. 
DOC = aCDOM (300)/(exp(− 15.05–33.95* S275–295) 
+ exp.(− 1.502–104.3*S275–295)

Mean absolute percent 
difference (MAPD) =18% 
(MERIS Envisat) and 
MAPD = 33% (MODIS 
Aqua)

MODIS Aqua (1 
km); MERIS- 
Envisat (300 m)

The Chesapeake Bay and 
Delaware Bay estuaries and 
coastal waters of the Middle 
Atlantic Bight, the northern Gulf 
of Mexico, USA

(Cao et al., 
2018)

Empirical model The non-linear relationship between the DOC- 
specific aCDOM(300) and S275–295 was used.

MAPD = 10% Sentinel-3, OLCI The Long Island Sound-tidal 
estuary of the North Atlantic 
Ocean, USA

(Cao and 
Tzortziou, 
2024).

Empirical model DOC = 327.5*exp.(− 3.638*Rrs(412)/Rrs(488)) R2 = 0.86 MODIS Aqua (1 
km)

Moreton Bay, Australia (Cherukuru 
et al., 2016).

The Inversion 
model (three- 
component)

1) a regional spectral optical library of specific 
IOPs; 2) a forward model to simulate total 
absorption, total backscattering and backscattering 
albedo; 3) an inversion mechanism to derive 
biogeochemical parameters through spectral 
matching of remote sensing and forward-modelled 
backscattering albedo.

Bias = 0.96 Mean Average 
Error (MAE) = 1.36 μmol C 
L− 1

MODIS Aqua (1 
km)

Sarawak coastal waters, Malaysia (Cherukuru 
et al., 2021).

Empirical model If chl-a < 0.8 mg− 1 m3, the relationship between 
DOC and aCDOM was used and if chl-a > 0.8 mg− 1 

m3, the DOC was retrieved using a multilinear 
model that incorporated aCDOM and chl-a.

Average Relative Error =
10.2%–24.8%

MODIS Aqua (1 
km)

East China Sea, China (Liu et al., 
2014)

Empirical model The aCDOM was correlated with in situ Rrs(λ) band 
ratios, and DOC was then derived from aCDOM.

MAPD = 9.3 ± 7.3% SeaWiFS (1.1 
km), MODIS Aqua 
(1 km)

Middle Atlantic Bight, USA (Mannino 
et al., 2008)

Empirical model Rrs at 443 and 547nm were related to aCDOM at 
specific wavelengths (412 nm, 443 nm, and 355 
nm), and then aCDOM was used to estimate DOC 
concentration.

MAPD = 11.1–18.8, RMSE 
= 15.2–25.0 μmolL− 1, R2 

= 0.42–0.90

SeaWiFS (1.1 
km), MODIS Aqua 
(1 km)

Middle Atlantic Bight, USA (Mannino 
et al., 2016)

Empirical model aCDOM(412) was related to the Rrs(488) and Rrs(555) by 
the empirical relationship and then aCDOM(412) and 
SST were used to retrieve DOC.

R2 = 0.917, RMSE = 9.8 
μmol C L− 1, MAPD = 7.3%

SeaWiFS (1.1 
km), MODIS Aqua 
(1 km)

Northern South China Sea Shelf- 
sea, China

(Pan and 
Wong, 2015)

Empirical model Band ratio algorithms that use the seasonal 
relationships between aCDOM- Rrs(λ) and aCDOM- 
DOC

R2 = 0.4–0.72 
RMSE = 26.69–44.22 μmol 
C L− 1

SeaWiFS (1.1 
km), MODIS Aqua 
(1 km), and 
MERIS (300 m)

Gulf of Mexico on the Texas- 
Louisiana shelf, USA

(Tehrani 
et al., 2013)

Empirical model 1) the algorithm estimates the aCDOM at 250 nm 
from the Rrs(490)/Rrs(665) band ratio using a double 
exponential fit. 2) the algorithm retrieves DOC 
concentration from aCDOM using a quadratic fit.

R2 = 0.75, MAPE = 19.12% Sentinel-2 MSI 
(10–60 m)

Plum Island Estuary, 
Massachusetts, USA

(Tuzcu Kokal 
et al., 2024)

Machine 
learning

A deep neural network (DNN) was used to retrieve 
DOC concentration from Rrs(λ).

RMSE =0.08 mg C L− 1, 
MAPE = 4.13%, Relative 
Prediction Deviation 
(RPD) = 3.28

MODIS Terra 
(500 m)

Coastal waters of Jiangsu, China (Zhang et al., 
2024)
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very limited in situ data, and its applicability to more complex or diverse 
environments remains uncertain. Additionally, the interpolation process 
assumes spatial continuity, which may not hold for all biogeochemical 
variables, potentially affecting retrieval accuracy. In contrast, approach 
of the current study is trained and validated, using observed in situ data, 
with regressors derived from remote sensing satellite observations, to 
capture a wide range of environmental variability.

Global DOC retrieval algorithms for the open ocean have been 
developed and validated (Aurin et al., 2018; Laine et al., 2024). How
ever, these algorithms were optimised for open-ocean conditions. 
Coastal waters are optically more complex and spatially heterogeneous, 
and while recent in situ data-based syntheses now describe global pat
terns and stocks of coastal DOC (Lønborg et al., 2025), there remains a 
need for satellite-based DOC retrievals specifically developed and vali
dated across the global coastal ocean. Hence, in the current study, we 
introduced an approach that enables daily, global-scale DOC estimation 
in coastal waters using the ESA OC-CCI dataset at 4-km resolution 
together with the ESA SST-CCI and GLORYS12V1 SSS. While the spatial 
resolution of the OC-CCI merged dataset is coarser than that of single 
sensors, like MODIS (1 km) or Sentinel-3 OLCI (300 m), which are used 
in regional algorithms (see Table 5), the OC-CCI data provide daily 
global coverage since 1997, which gives it a significant advantage for 
tracking DOC dynamics over time.

In the current study, various optical and environmental variables 
were included in the feature selection of the satellite-based DOC model. 
Most of the features showed a moderate to strong correlation with in situ 
DOC concentrations. Among Rrs(λ), DOC correlated best with the blue 
wavelengths, which was expected since CDOM absorption decreases 
exponentially with increasing wavelength (Mannino et al., 2008; Mar
itorena et al., 2002). However, despite this stronger correlation, the 
best-performing model used Rrs(560) in combination with SSS, SST, and 
atot_412. Water-leaving signals at blue wavelengths may be negligible in 
coastal and inland waters due to higher concentrations of CDOM and 
phytoplankton that both absorb strongly in the blue part of the spec
trum. All bands were tested in the model selection process, and Rrs(560) 
proved to be the most reliable predictor in the optimal set, i.e., the 
model's performance was driven by the combined effect of multiple 
variables rather than the strength of any single-band correlation. adg 
includes absorption by both CDOM and detrital material. While CDOM 
absorption is directly related to DOC, the presence of detrital material 
weakens the correlation between adg and DOC, as detrital material is not 
directly related to DOC. Additionally, the variability of the detrital 
material depends largely on sediment resuspension and riverine inputs, 
which may not always coincide with the variability of DOC concentra
tion (Aurin and Dierssen, 2012). The moderate relationship between aph 
and DOC concentrations suggests that although some of the DOC is 
formed by autochthonous organic matter from phytoplankton, other 
sources, such as allochthonous organic matter from land-based inputs, 
play a more important role in coastal waters (Matsuoka et al., 2012). As 
expected, negligible correlations were found between bbp and DOC 
concentration since dissolved material primarily affects water absorp
tion rather than backscattering (Stramski et al., 2004). The positive 
relationship between DOC and chl-a concentration reflects that phyto
plankton exudation and decomposition contribute to the dissolved 
organic matter and thereby also affects the DOC concentration (Toming 
et al., 2013). The correlation with Kd_490 suggested that light attenuation 
increases in water in conjunction with increasing DOC concentration, 
due to the absorption of CDOM in the blue part of the spectrum, which 
reduces water transparency and increases Kd_490 values (Paavel et al., 
2011). Among the analysed features, DOC concentration showed the 
strongest correlation with SSS. Lower salinity indicates freshwater in
puts, such as river discharge, that are associated with DOC transported 
to coastal waters from land (Pan and Wong, 2015; Tehrani et al., 2013). 
The weak correlation between DOC concentration and SST suggests that 
temperature has an inconsistent effect on DOC variability, as tempera
ture significantly affects the DOC concentration through multiple 

mechanisms. For example, warmer temperatures can enhance biological 
activity, including phytoplankton exudation and microbial decomposi
tion of organic matter, which has a positive effect on DOC concentration. 
On the other hand, higher temperatures are often associated with more 
intense solar radiation, which enhances the photochemical degradation 
of DOC, decomposing it into smaller, more labile compounds or leading 
to its mineralisation into CO2. These opposing processes may explain the 
relatively moderate overall correlation between DOC concentration and 
SST in coastal waters observed in our study.

In addition to the DOC relationships with predictor variables, the 
accuracy of DOC retrievals is also influenced by the characteristics of the 
satellite data products themselves. The present model benefits from the 
long-term, globally consistent coverage of OC-CCI, SST-CCI, and 
GLORYS12V1 datasets. However, the rather coarse spatial resolution of 
these satellite products introduces additional limitations in dynamic and 
heterogeneous coastal regions. Multi-kilometre pixels often integrate 
signals from optically distinct water masses, e.g., in river plume areas, 
which can smooth or dilute the sub-pixel variability of DOC and its 
optical proxies (Aurin et al., 2013). Aurin et al. (2013) demonstrated 
that pixel sizes of 500 m or smaller are generally required to resolve 
more than 90% of optical variability in river plumes and coarser reso
lutions significantly underestimate the variability. Although match up 
criteria that include inter-pixel variability filters partially address this 
issue, residual biases are likely to remain in areas with strong horizontal 
gradients. Therefore, retrieval performance in such heterogeneous 
coastal waters (e.g., Rio de la Plata, Fig. 11D) may be lower than in more 
homogeneous coastal environments. To improve predictions in highly 
heterogeneous areas, future work could use input data from higher 
spatial resolution satellites, like Sentinel-2 MSI or Sentinel-3 OLCI. This 
would help better resolve spatial variability and improve retrieval ac
curacy in those areas. However, the uncertainty analysis showed that for 
most coastal waters the uncertainty remains low (mostly below 5%), 
suggesting that the model can be effectively applied across diverse 
coastal environments.

Another potential source of error is the use of a combined multi- 
mission OC-CCI dataset, which may introduce temporal in
consistencies that could affect DOC retrievals, especially in coastal and 
high-latitude regions. Although the OC-CCI dataset uses advanced har
monisation methods, like sensor-based atmospheric correction, band- 
shifting, and gain bias correction (Sathyendranath et al., 2019), recent 
studies (e.g., van Oostende et al., 2022) have shown that inter-mission 
discontinuities persist. These arise not only from differences in the 
radiometric properties of the sensors, but also from variable spatial and 
temporal coverage, especially in optically complex waters. Such in
consistencies can introduce artificial steps in time series and may bias 
retrievals in regions where sensor coverage has changed over time. The 
Temporal Gap Detection Method (TGDM) proposed by van Oostende 
et al. (2022) help to homogenise temporal coverage. However, it was not 
implemented in the current study as our main objective was model 
development, with a focus on match-ups rather than long-term trend 
analysis. TGDM effectively reduces temporal artefacts but does so by 
masking irregularly observed days, which can substantially reduce the 
number of valid observations and potentially exclude regions of high 
interest. However, if the model developed in this study is later applied 
for time-series or trend analysis, integrating TGDM or similar temporal 
homogenization approaches may help reduce artefacts and improve the 
robustness of DOC retrievals, particularly in coastal zones where 
coverage and atmospheric correction performance vary most.

5. Conclusions

This study developed and evaluated a novel approach to DOC con
centrations in global coastal waters using multi-source satellite remote 
sensing data, including ESA OC-CCI, SST-CCI and SSS-GLORYS. We 
demonstrated that incorporating both optical and environmental vari
ables into one statistical model, like MLR, RF, and XGBoost, improves 
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DOC estimations in coastal waters from satellite observations. The best- 
performing RF model used SSS, SST, Rrs(560) and atot_412 as regressors, 
with cross-validation metrics of R2 = 0.91, RMSE = 0.52 mg C L− 1, and 
MAPE = 13.01%, and independent validation on unseen data gave R2 =

0.83, RMSE = 0.64 mg C L− 1, and MAPE = 23.15%. This model out
performed many empirical models developed for coastal waters, where 
MAPD ranged from 7.3% to 33% and R2 varied between 0.4 and 0.91, 
showing the importance of considering both optical proxies and key 
environmental drivers to improve DOC estimations from remote sensing 
data in coastal waters. While the developed DOC model showed high 
performance compared to earlier regional satellite-based models, the 
application of the model to the relatively coarser resolution of OC-CCI 
remains a challenge, particularly in highly dynamic coastal zones 
where DOC can vary significantly over short distances, for example, in 
river plumes or estuaries. Yet, the OC-CCI time series does offer the 
benefit of a continuous ocean-colour dataset since 1997. There is po
tential for further development of the DOC model using other ocean- 
colour or multi-spectral satellite sensors. There are land remote 
sensing satellites, like Sentinel-2 MSI, that provide sufficient spatial 
resolution (10 m), 2–5 days revisit time and even the capability to map 
DOC from surface waters (Toming et al., 2016). However, creating 
coastal zone maps with Sentinel-2 MSI resolution at the global scale 
remains computationally challenging.
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Mathieu, H., Olivier, L.G., Charly, R., Tony, C., Charles-Emmanuel, T., Florent, G., 
Giovanni, R., Mounir, B., Yann, D., Pierre-Yves, L.T., 2021. The Copernicus global 1/ 
12◦ oceanic and sea ice GLORYS12 reanalysis. Front. Earth Sci. 9. https://doi.org/ 
10.3389/feart.2021.698876.

Kowalczuk, P., Zabłocka, M., Sagan, S., Kuliński, K., 2010. Fluorescence measured in situ 
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