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Highlights

e Machine learning enables efficient high-resolution monitoring of nearshore DOC dynamics.
e The AutoGluon-DOC model achieved high DOC retrieval accuracy (error of ~10 %).

e DOC gradients in Dongshan Bay are jointly driven by tides, Chl, and aquaculture.

e Satellite series reveal decreasing DOC trend in Dongshan Bay between 2021 and 2023.
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Abstract: Monitoring dissolved organic carbon (DOC) concentrations in coastal waters
is critical to elucidating carbon dynamics, thereby facilitating the understanding carbon
dynamics and quantifying lateral carbon fluxes to the open ocean. Machine learning
combined with ocean color remote sensing provides an effective approach to estimate
optically inactive substances such as DOC in complex coastal environments. In this
study, we compiled a comprehensive training dataset in Google Earth Engine by paring
Sentinel-2 radiometric measurements with in situ DOC measurements from coastal
waters of Southeast China. Based on this dataset, a machine learning-based model,
termed AutoGluon-DOC, was developed to retrieve DOC from Rayleigh-corrected top-
of-atmosphere reflectance (pre(4)) and auxiliary information (e.g., acquisition time).
The model achieved a median absolute percentage error of ~10 % on the validation

dataset. Application of AutoGluon-DOC to Sentinel-2 images over Dongshan Bay, a
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mangrove-estuary-aquaculture composite system, revealed a clear spatial gradient of
decreasing DOC from the bay head toward the open sea. DOC spatial variability was
primarily regulated by tidal fluctuations and Chl in the bay head, while aquaculture
activities dominated in the bay mouth. Satellite-derived DOC series also exhibited a
distinct seasonal cycle, with higher concentrations in summer and lower in winter,
mainly associated with biological production and episodically enhanced by river
discharge during extreme rainfall events. These results underscore the effectiveness of
AutoGluon-DOC for high-resolution monitoring of DOC dynamics in complex coastal
environments, with a framework adaptable to diverse regions as training datasets
expand.
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1 Introduction

Dissolved organic carbon (DOC) in aquatic environments is a vital component of
the global carbon cycle, as it regulates carbon fluxes and CO: emissions through its
interactions with microbial processes and biogeochemical cycling, thereby strongly
influencing ecosystem functioning (Mopper et al., 1991; Wu et al., 2015; Xiao et al.,
2024). Furthermore, coastal waters play a key role in the global carbon cycle by
facilitating the transport of DOC from terrestrial environments to the ocean (Dai et al.,
2012; Pan et al., 2014). Consequently, accurately characterizing the spatiotemporal
variations of DOC in coastal regions is crucial for improving assessments of the global
carbon cycle, as it aids in understanding and quantifying the contributions of the lateral
carbon fluxes into the ocean (Bonelli et al., 2022). Moreover, DOC concentrations in
wetlands, estuaries, and coastal ecosystems serve as proxies of carbon export from
diverse blue carbon ecosystems (Cao and Tzortziou, 2021; Sullivan et al., 2025). Given
its ecological and biogeochemical importance, DOC monitoring remains challenging
using conventional field sampling, whereas satellite remote sensing offers an efficient
alternative for large-scale observation.

However, as an optically inactive substance, DOC is typically estimated based on
its linear or non-linear correlations with the absorption coefficient of colored dissolved
organic matter (CDOM, denoted as a, in m™) (Cao et al., 2018; Yu et al., 2016). Yet,
such relationships are only valid in regions where DOC covaried with a, (Foltz et al.,
2025). Meanwhile, the sources of DOC in coastal waters are highly diverse,
encompassing inputs from inland soils, rivers, wetlands, and lakes (Fichot et al., 2023),
as well as natural production through marine primary productivity (Lenborg et al.,
2025). In addition, atmospheric deposition and human activities also significantly
contribute to DOC generation (Li et al., 2025; Qu et al., 2024). As a result, DOC often
does not follow a conservative mixing relationship with a,in most coastal areas (Bonelli
etal., 2022; Yu et al., 2016) , posing a challenge for accurately retrieving DOC through

remote sensing.
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Compounding this issue is the challenge of accurately retrieving a, from satellite-
measured remote sensing reflectance (Rs), which is always subject to substantial
uncertainties in coastal waters (Fichot et al., 2023; Wei et al., 2019). These uncertainties
are primarily caused by the poor performance of atmospheric correction algorithms due
to the complex optical properties of coastal waters and variable atmospheric conditions,
including diverse aerosol types (Pahlevan et al., 2021). Such uncertainties could lead
to negative Ry values in the blue bands (Zhao et al., 2023a), which further complicate
the reliable estimation of a,. To mitigate the potential uncertainties associated with
atmospherically corrected Ris, many studies have utilized the Rayleigh scattering-
corrected top-of-atmosphere reflectance (prc(4)) for retrieving water-quality parameters
(WQPs) (Feng et al., 2018; Hu, 2011). This is because Rayleigh scattering can be
precisely modeled, whereas aerosol scattering correction remains challenging in coastal
environments (Gordon, 1997). In particular, when coupled with well-trained machine
learning (ML) or neural network (NN) models, using pr(4) as model inputs could
significantly reduce retrieval uncertainties introduced by aerosol correction in coastal
waters, especially when the training datasets are both representative and comprehensive
(Lai et al., 2022). Thus, using prc(4) as the primary input features, ML or NN can offer
a promising solution for deriving DOC from ocean color satellite measurements.

In addition to atmospheric correction, retrieving DOC in coastal waters is further
challenged by the spatial mismatches between satellite and field measurements and the
difficulty of efficiently compiling a large matchup dataset. On the one hand, coastal
waters typically exhibit high spatial heterogeneity, and traditional ocean color satellite
data with resolutions ranging from hundreds of meters to kilometers often fail to capture
fine-scale features in these regions (Fichot et al., 2023). Therefore, higher-resolution
satellite data is strongly desired to monitor DOC dynamics in coastal waters. In this
regard, Sentinel-2 Multispectral Instrument (MSI), with a 10-meter resolution and a
revisit of approximately 5 days for both Sentinel-2A/2B satellites, provides an effective

data source for high-resolution spatial monitoring of coastal waters. On the other hand,
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the conventional approaches for pairing satellite-field matchups involve downloading
satellite imageries that match in situ measurements within a specific temporal window.
This process requires substantial storage, time, and manpower, especially when
handling large data volumes of high spatial-resolution images. Fortunately, the vast
accumulation of satellite data on the Google Earth Engine (GEE) platform now enables
efficient matching of in situ data with processed satellite data, thereby significantly
streamlining the data preprocessing workflow. Consequently, many studies have
already utilized the GEE platform for remote sensing retrieval of WQPs (Altuntas et al.,
2025; Das et al., 2024).

To address the above-mentioned challenges, this study develops an automated
machine-learning framework for estimating DOC concentrations in coastal waters. This
DOC retrieval framework consists of three key components: 1) automatically
processing Sentinel-2 MSI imagery with Acolite to generate p.c(4) data on the GEE
platform and compile a dataset pairing pic(4) and in situ DOC measurements across
different temporal windows; 2) training the AutoGluon-DOC model and assessing its
performance by comparing retrieved DOC with in situ observations; 3) applying the
model to Dongshan Bay to demonstrate its capability for capturing high-resolution
DOC dynamics and identifying potential driving factors in a complex coastal
environment. By using DSB as a representative study case, we aim to illustrate the
practical utility of the AutoGluon-DOC framework for monitoring optically inactive

constituents in diverse and dynamic coastal ecosystems.

2 Materials and methods
2.1 Field measurements

Multiple cruises were conducted in Xiamen Bay (XMB), Dongshan Bay (DSB),
and Beibu Gulf (BBG) to collect field DOC measurements between 2021 and 2023.
XMB and DSB are located in southern Fujian Province, while the BBG is in southern

Guangxi Province, China. The collection of DOC data from various regions aimed not
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only to expand the overall sample size but also to enhance the spatial representativeness
of the dataset across diverse nearshore water types. The locations of all sampling sites
are shown in Fig. 1, while Appendix A Table S1 summarizes the corresponding
sampling dates and the ranges of DOC concentrations (in mg/L) for each cruise. Water
samples collected at each sampling site were filtered through pre-combusted GF/F
filters (0.7 um) to obtain the filtrate. DOC concentrations were then determined using
the high-temperature catalytic oxidation method with a Shimadzu total organic carbon
(TOC) analyzer (model: TOC-CPH). Details on the standard procedure for DOC
measurements, including pre-cruise preparation, water sample collection, filtration

setup, and analysis of DOC samples, can be found in Wu et al. (2013).

2.2 Satellite data processing

The proposed framework for DOC retrieval is illustrated in Fig. 2 and comprises
three main parts, i.e., 1) compilation of the training dataset from satellite-field matchups,
2) development and evaluation of the DOC retrieval model, and 3) model application
and analysis of driving factors.

The Level 1C top-of-atmosphere reflectance (p«(4)) from Sentinel-2A/B MSI that
matches the in situ DOC measurements was extracted via GEE. The matched p«(1) were

then processed into pr(4) using the Acolite Python package (v. 20220222.0,

https://github.com/acolite/acolite/). Flags were applied to mask out non-water, retaining
only pixels exempt from flags such as land, cloud, and sun glint (Vanhellemont, 2019).
The matching criteria include a temporal window of £3.5 days and a spatial window of
3-by-3 pixels. A matchup was considered valid only if it contained more than five valid
pixels and the coefficient of variation of p..(4) across the visible (443-560 nm) and 865
nm bands remained below 0.15 (Bailey and Werdell, 2006; Pahlevan et al., 2016). As a
result, 1,005 satellite-field matchups were obtained through this initial matching
process, forming a preliminary dataset for further analysis.

The matched pr(4) were further screened through a quality control procedure to
7
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ensure only reasonable spectra were retained. Specifically, to mitigate adjacency effects
in nearshore waters, typical pw(4) spectra from clear to turbid waters, along with
surrounding land covers (e.g., vegetation, buildings), were compared to identify and
exclude anomalous pc(4) spectra for water pixels (Appendix A Table S2 and Fig. S1).
Here, only pre(4) spectra that exhibited typical water spectral features were retained and
used as high-quality input to train the AutoGluon-DOC. Based on the spectral features
of different objects (Appendix A Fig. S3), a straightforward screening approach was
applied to filter out anomalous spectra using prc(4) values at 443 nm, 865 nm, and the
spectral difference between p,c(704) and p,<(740). Detailed screening criteria can be
found in Appendix A Egs. (S1)-(S3). After this quality control process, 367 matchups
were retained for model development, which is hereafter referred to as Dataset-3.5d.
Considering the high spatiotemporal heterogeneity of coastal waters, different
temporal windows for matchups were applied to evaluate the robustness of the model
performance. A few subsets were extracted from Dataset-3.5d by narrowing the
temporal match window between the field measurement and satellite overpass. Three
subsets, termed Dataset-2.5d (N = 163), Dataset-1d (N = 56), and Dataset-3h (N = 7),
were generated when the temiporal windows were set to £2.5 days, +1 day, and £3 hours,

respectively.

2.3 Development of AutoGluon-DOC

Selecting an appropriate modeling framework is critical for achieving accurate and
efficient retrieval of DOC from satellite data, particularly when dealing with limited
training samples and complex hyperparameter tuning. In this context, AutoGluon offers
significant advantages as an automated machine learning framework. It simplifies
model selection and hyperparameter optimization by automatically adjusting model
configurations, thereby enabling rapid, adaptive, and high-performing model
development with minimal manual intervention (Erickson et al., 2020). A key strength

of AutoGluon lies in its ability to stack and ensemble a diverse set of machine learning
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and neural network models. Its base models include algorithms such as k-nearest
neighbors, neural networks, LightGBM, random forests, CatBoost, and XGBoost, with
each layer optimizing the combination of these models. This is achieved through a
multi-layer stacking strategy where the predictive outputs from a preceding layer are
utilized as augmented features to train the models in the subsequent layer, enabling
higher-level models to effectively correct the systematic biases of the base learners.

During training, AutoGluon conducts automated model selection and
hyperparameter optimization by exploring model-specific hyperparameter search
spaces. Randomized and adaptive search strategies are used to evaluate candidates
based on validation performance, with underperforming configurations pruned via early
stopping and well-performing models integrated through bagging and stacking
ensembles (Erickson et al., 2020). Building upon this automated optimization
framework, additional measures were implemented to further enhance model
generalization and mitigate overfitting. Specifically, 5-fold bagging and a stacking layer
were employed throughout the training process, in conjunction with Bayesian
optimization for more efficient hyperparameter exploration. Model performance was
evaluated using the root mean squared error (RMSE) as the primary metric. The
resulting performance leaderboard for the AutoGluon-DOC model is detailed in
Appendix A Table S3. Based on this multi-stage optimization, the final optimal model
was identified as WeightedEnsemble L3, a multi-layer stacked ensemble. This model
achieved a validation score of -0.175, outperforming all individual base models from
the L1 and L2 layers.

The input features for the AutoGluon-DOC consist of pre(4) from Sentinel-2A MSI
(at 443, 492, 560, 665, 704, 740, 783, 833, and 865 nm) and Sentinel-2B MSI (at 442,
492, 559, 665, 704, 739, 780, 833, and 864 nm), along with the acquisition time of the
imagery. Following established practices in recent water quality studies (Caballero et
al., 2020; Cao and Tzortziou, 2021; Pahlevan et al., 2019), we treat Sentinel-2A and

Sentinel-2B as a unified “twin satellite mission”. Corresponding bands with similar
9



Journal Pre-proof

central wavelengths are treated as equivalent inputs during model training. In addition
to spectral information, AutoGluon can automatically extract temporal features from
the image acquisition time, including year, month, day, and season, which can influence
DOC patterns. By incorporating these features, the model is better able to capture the
temporal dynamics of DOC concentrations. The output of the AutoGluon-DOC is the
logarithmic value of DOC concentration (i.e., In(DOC)). The logarithmic
transformation helps reduce data skewness and improves the robustness and stability of
the model. The AutoGluon-DOC model was subsequently trained on 70 % of the
randomly selected datasets using pre(4) from Sentinel-2 MSI, with validation on the

remaining 30 % confirming its strong performance.

2.4 Statistical analysis

To evaluate the accuracy of the AutoGluon-DOC and its subsequent validation,
statistical metrics, including the coefficient of determination (R?), root mean square
error (RMSE), and mean absolute percentage error (MAPE) were employed. These

metrics are calculated following,

N 2
Xiestimated _ Ximea.sured
R?=1- Zl( . (1)
N _ 2
z (X _ Ximeasured)

i=1

N 2 1
RMSE = \/( (Xiestimaled _ Ximeasured )] x— (2)
i1 N
N estimated _measured
wape [ 3% X (10, )
L ximeasure | N

where, X" and X™*™ are the satellite-estimated and in situ measured DOC,

respectively, and X is the mean value of measured DOC.

2.5 Elasticity factor model

Meteorological, hydrological, and tidal factors, including precipitation (mm),

10
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riverine discharge (m*/month), and tidal height (m), could regulate freshwater input and
biogeochemical processes in estuarine ecosystems (Cao and Tzortziou, 2021, 2024).
Additionally, as a key indicator of phytoplankton biomass, Chlorophyll-a (Chl, mg/m?)
reflects the contribution of autochthonous biological processes to DOC dynamics
(Liang et al., 2025).

Precipitation data from 2021 to 2023 were obtained from the Yunxiao
meteorological station. Riverine discharge data at the Zhangjiang Estuary during the
same period were estimated using calibrated measurements from surrounding inflow
rivers within the estuarine catchment, following the procedure described in detail in Yu
et al. (2018). In addition, since DSB is characterized by an irregular semidiurnal tide,
with two flooding and ebbing cycles per day, tidal eftects significantly influence the
biogeochemical cycling within the bay. Tidal height data for the same period were
obtained from Dongshan station, as provided by the National Marine Data and

Information Service (http://global-tide.nmdis.org.cn/). The locations of the Yunxiao and

Dongshan stations are highlighted in Fig. 5a. Chl concentrations were derived from
Sentinel-2 imagery using the OC3E algorithm (O'Reilly and Werdell, 2019), with
Acolite-processed Rys products as inputs. This NASA standard three-band algorithm
was selected because its spectral configuration aligns with the center wavelengths of
Sentinel-2. Note that the Chl products are used for qualitative analysis only and
reducing its uncertainties is out of the scope of this work.

To assess the sensitivity of DOC variations to changes in precipitation, riverine
discharge, tidal height, and Chl, we employed an elasticity factor model to quantify the
relationships between the relative changes of DOC and these influencing factors
(Sankarasubramanian et al., 2001). The elasticity factor model offers a robust, non-
parametric approach for assessing the sensitivity of DOC to relative changes in these
influencing factors. For example, the climatic elasticity of DOC (e) with respect to

precipitation (ep;) can be expressed as:

11
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dDOC/DOC _ ADOC, /DOC _ (DOC, ~DOC)/DOC
dPr/Pr AP | Pr (pn_ﬁ)/ﬁ

“

where, DOC; represents an individual DOC concentration estimated by the AutoGluon-
DOC model, and Pr; represents an individual precipitation observation during January
2021 to December 2023. Correspondingly, the DOC and Pr were calculated as the
multi-year means over the same observation period. The numerator and denominator
indicate the relative changes in DOC and precipitation compared to their long-term
averages. The climatic elasticity value is statistically significant only when a significant
correlation (P < 0.05) exists between the long-term ADOC, / DOC and AP/ Pr .
Similarly, the elasticity of DOC with respect to riverine discharge (era), tide height
(etn), and Chl (ecn) were calculated via Eq. (5) by replacing the precipitation data with
the respective factor data. The precipitation, river discharge, and tidal height data used
in the elasticity analysis were preprocessed prior to the analysis. Precipitation data were
aggregated from daily to monthly totals to examine cumulative effects and account for
potential lagged DOC responses. River discharge data were provided at a monthly
resolution and were used without further resampling. Tidal height data, available at an
hourly resolution, were linearly interpolated to the satellite overpass time (UTC 02:51)
to align with the instantaneous satellite-derived AutoGluon-DOC estimates. Notably,
since Chl concentrations were derived directly from the same Sentinel-2 imagery as the
DOC estimates, they provide perfectly synchronized biological information, allowing
for a direct assessment of the coupling between phytoplankton dynamics and DOC

variability without further resampling.

3 Results and discussion
3.1 Evaluation of AutoGluon-DOC

The AutoGluon-DOC model was first trained separately using the four compiled
datasets (i.e., Dataset-3.5d, Dataset-2.5d, Dataset-1d, and Dataset-3h) to evaluate its
robustness across datasets compiled using different temporal windows. The scatter plots
in Fig. 3 illustrate the overall performance of AutoGluon-DOC on the four datasets.

As shown in Fig. 3, AutoGluon-DOC demonstrated overall consistent and good

12
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performance among the four training datasets. The MAPE of derived DOC remained
relatively low (~ 10 %), suggesting the model’s robustness in predicting DOC for the
data collected in the coastal waters in Southeast China. As the temporal window
narrowed, the number of matchups decreased significantly, while the overall
performance of AutoGluon-DOC improved, except when the temporal window was set
to =3 hours. However, with only 11 samples in Dataset-3h, the resulting MAPE of
derived DOC (= 10.2 %) may lack statistical significance. Thus, balancing the overall
sample size and the accuracy of retrieved DOC, the AutoGluon-DOC trained on
Dataset-2.5d was ultimately selected for subsequent analyses. In addition, the £2.5-day
temporal window corresponds to the revisit cycle of the MSI sensor, increasing the
likelihood of pairing each field DOC observation with at least one valid satellite-
measured prc(4), assuming cloud-free conditions.

To identify the most influential spectral and temporal variables for DOC estimation,
we conducted a feature sensitivity analysis by calculating importance scores for each
predictor within the AutoGluon-DOC model. These scores were quantified using the
permutation importance method, which evaluates a feature's contribution by measuring
the degradation in model performance when its values are randomly shuffled. A more
pronounced decrease in predictive accuracy signifies a higher model dependency on
that specific feature (Molnar et al., 2024).

As summarized in Table 1, the analysis provides a comprehensive ranking of
feature contributions to the DOC retrieval model. The results reveal that imagery
acquisition time is the most critical variable, yielding an importance score of 0.035.
When the model was executed without temporal features, it experienced a significant
degradation in performance, with the MAPE increasing by 2 % compared to the version
with temporal features. This finding suggests that temporal dynamics, likely associated
with seasonal variations in hydrological runoff or biological processes, play a dominant
role in governing DOC fluctuations. Regarding spectral influence, the model

demonstrates the highest sensitivity to short-wavelength bands, specifically Bl and B2
13



Journal Pre-proof

with scores of 0.018 and 0.012, respectively. This is physically consistent with the
optical properties of CDOM, which is characterized by strong absorption in the blue
and ultraviolet bands (Yu et al., 2016). Furthermore, while the near-infrared bands,
specifically B8 and B8A, exhibit relatively lower importance scores (0.009 and 0.008),
they are fundamental for ensuring the accuracy of the atmospheric correction process

(Lai et al., 2025).

3.2 Validation of AutoGluon-DOC in Dongshan Bay

Since most field data was collected from DSB, this region was selected to evaluate
the performance of AutoGluon-DOC. To evaluate the reliability of AutoGluon-DOC,
time series of DOC derived from all cloud-free MSI images were compared with in situ
measurements during 2021-2023 (Fig. 4).

Due to the lack of continuous long-term monitoring at fixed stations, four regions
of interest (ROIs) were utilized to pool synchronous in situ measurements within a
+2.5-day window (consistent with the criteria in Section 3.1). This ROI-based approach
provides a statistically representative characterization of sub-regional water masses,
with the mean and one standard deviation (+ 1 std) of in situ DOC shown in Fig. 4.
These ROIs were strategically positioned along a transect from the Zhangjiang River
Estuary (ZRE) to the bay mouth (Fig. 5a) to capture DOC variability while avoiding
aquaculture-induced interference (blue cross-hatched areas). Comparing these
aggregated field data with MSI-derived time series (2021-2023) demonstrates the
model's reliability in capturing realistic spatial and temporal DOC patterns (Fig. 4).

As shown in Fig. 4, the time series DOC derived by AutoGluon-DOC showed
overall good agreements with the in situ measurements across four ROIs in the DSB
from January 2021 to December 2023 (Fig. 4). However, there are a few exceptions
where the derived DOC was notably overestimated, such as retrievals in ROI 1 (2023)
and ROI 3-4 (May-June 2022). These overestimations likely stem from tidal-driven

hydrodynamic disturbances that trigger rapid DOC fluctuations (Cao and Tzortziou,
14
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2021). Specifically, for these specific outliers, the tidal height differences between
satellite overpasses and field samplings ranged from 24 to 64 cm, indicating that
measurements were captured during divergent tidal phases. Such phase-related shifts in
water mass properties significantly heighten the uncertainty of satellite-based DOC
retrievals.

Despite these localized discrepancies, the MSI-derived DOC remained in strong
agreement with in situ measurements across all four ROIs. Building on this reliability,
linear regression analysis of the 2021-2023 time series revealed distinct and significant
long-term trends across the ROIs. while ROI 1 and ROI 2 exhibited highly significant
declines (P < 0.01, slopes of -0.0004 and -0.0003, respectively), a similarly significant,
albeit slightly weaker, decrease was observed in ROI 3 (£ <0.05). In contrast, the trend
in ROI 4 was not statistically significant (P = 0.05), suggesting that DOC levels in
this region remained relatively stable compared to the others. The underlying factors
driving the declining trend of DOC at the bayhead are discussed in Section 3.5. The
progressive decrease in slope magnitude from ROI 1 to ROI 4 reveals a clear spatial

gradient in long-term DOC variability within the bay.

3.3 Spatial variations of DOC

AutoGluon-DOC was further applied to MSI images to analyze the spatiotemporal
variations in DOC distribution within DSB. Here, we selected two cloud-free MSI
images per season from 2021 to 2023, representing low- and high-tide scenarios, to
assess the spatiotemporal variations of DOC and the influence of tide on DOC
distribution in DSB.

As shown in Fig. 5, the spatial distribution of DOC in DSB exhibits a clear gradient,
with higher concentrations near the bay head and lower concentrations toward the bay
mouth. This spatial pattern is highly consistent with previous local research.
Specifically, Guo et al. (2020) reported that DOC concentrations gradually increase

from the upper to lower reaches of the Zhangjiang River, peak within the mangrove
15
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creek zone, and then decline along the estuary toward the bay. Such a seaward-
decreasing trend is a characteristic feature of most nearshore systems. Other studies
have similarly documented that DOC levels typically decline as water moves from the
estuary into the bay and eventually toward offshore areas (Cao and Tzortziou, 2021;
Mannino et al., 2016). This reasonable spatial pattern further confirms the capability of
AutoGluon-DOC to capture realistic DOC dynamics in DSB.

Generally, DOC concentrations in DSB are lower during high tide (1.31 - 1.49
mg/L) than during low tide (1.51 - 1.89 mg/L), with low-tide values about 1.2 times
higher on average. A notable exception occurred in the summer of 2022, when DOC
concentrations in the upper bay exceeded 2 mg/L despite high-tide conditions (Fig. Sc).
This anomaly contrasts sharply with the typical tidal patterns observed in other seasons
(Fig. 6a, e, g) and is likely driven by extreme precipitation. According to the discharge
data in Fig. 6a, riverine flow during summer 2022 was roughly 2.5 times higher than
in other years due to rainfall. Such extreme events can trigger massive flushing of
terrestrial organic matter from upstream wetlands into the bay. Studies have shown that
a single extreme precipitation event can elevate DOC concentrations to more than twice
the baseline levels (Cao and Tzortziou, 2024; Letourneau and Medeiros, 2019). This
intensified land-to-ocean transport significantly elevates DOC levels and can override

the typical diluting effect of the incoming tide (D'Sa et al., 2023).

3.4 Seasonal variations of DOC

Seasonal averages of DOC in four ROIs were calculated using all available cloud-
free MSI images acquired between 2021 and 2023, with each season comprising six
scenes on average. Based on these seasonal composites, a clear seasonal cycle in DOC
concentrations was observed, characterized by a decreasing trend from summer to
winter (Fig. 6). These seasonal patterns are consistent with previous studies reporting
similar variations in DOC concentrations in the Chesapeake Bay estuary and other

coastal waters (Cao and Tzortziou, 2024; Lebrasse et al., 2025; Menendez et al., 2022).
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A further interpretation of the downward seasonal shift in DOC concentrations is
provided in Section 3.5.

Notably, in the summer of 2022, extreme rainfall caused a significant reduction in
DOC concentrations in ROI 1, disrupting the characteristic seasonal cycle (Fig. 6a).
Its spatial distribution is illustrated in Fig. Sc. Previous studies have documented that
DOC concentrations in the upstream reaches are typically lower than those within the
mangrove-dominated zone (Guo et al., 2020). Consequently, as shown in Fig. Sc, this
decline was driven by strong dilution from upstream riverine runoff, which carried
relatively lower DOC than the mangrove zone. In contrast, DOC concentrations in the
downstream regions (ROI 2 and ROI 3) were higher than typical summer levels during
the same period. This spatial pattern suggests that extreme rainfall events exert a dual
effect: they dilute the existing DOC pool at the bay head while simultaneously flushing
high-DOC mangrove water further into the bay (Letourneau and Medeiros, 2019; Zhou
et al., 2023). Such event-driven anomalies demonstrate that although seasonal
composites usually reflect = steady-state hydrological transitions, extreme
meteorological shocks can momentarily decouple DOC dynamics from their typical
seasonal trajectories by overwriting baseline signals with transport-dominated

signatures.

3.5 Driving factors of the spatiotemporal distribution of DOC in DSB

To further explore the influence of environmental drivers on DOC dynamics,
elasticity models for precipitation, riverine discharge, tide height, and Chl were
established based on Eq. (5). The elasticity models focused solely on the proportional
response of DOC to a 1 % increase in these driving factors across the four ROIs. R* was
used to assess the strength of the correlation, thereby evaluating the sensitivity of these
factors in influencing DOC dynamics (Fig. 8).

The sensitivity analysis highlights a clear zonation of DOC drivers in Dongshan

Bay, a phenomenon attributed to the bay’s status as a unique composite system
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integrating mangroves, estuaries, and aquaculture zones. In the upper bay (ROI 1 and
ROI 2), DOC levels are mainly controlled by tides and Chl. Specifically, there is a
significant negative correlation between DOC and tidal height in ROI 1 (R? = 0.26, P
< 0.01) and ROI 2 (R? = 0.11, P < 0.05). This result is supported by time-series
measurements at station S1 (Fig. 8a), which show a clear inverse trend between DOC
and tidal height. This tidal pattern is consistent with the observations of Jiang et al.
(2023) in the Zhangjiang River Estuary, who demonstrated that the mangrove pump
drives the outwelling of carbon-rich pore water from mangrove soils into the bay during
low tides. This outwelling process represents a major pathway for the transfer of organic
matter from wetlands to the coastal ocean. Such mechanisms are common in many
subtropical mangrove or salt marsh areas (Knoke et al., 2024; Liang et al., 2023; Xu
and Zhang, 2025).

In parallel, Chl emerges as a pivotal biological driver, exhibiting strong positive
correlations with DOC (R?> = 0.21, P < 0.01 for ROI 1 and R* = 0.16, P < 0.01 for
ROI 2). The coupling between Chl and DOC is a characteristic feature of mangrove-
dominated ecosystems (English et al., 2025; Sharma et al., 2023), where algal exudation
and subsequent microbial processing contribute to the dissolved carbon pool.

The analysis presented above provides a plausible explanation for the seasonal
DOC cycle observed in the upper bay areas of ROI 1 and ROI 2. Since DOC is
significantly related to Chl, the seasonal variations in DOC likely stem from biological
phenology and the corresponding primary production. These observations align with
the findings of Cao and Tzortziou (2021) for the Chesapeake Bay marsh estuarine
system. Their study described a clear seasonal DOC pattern, with elevated
concentrations in summer and autumn followed by a decline in winter. DOC
concentrations were consistently higher in summer, coinciding with peak marsh plant
biomass, and remained elevated into fall as vegetation began to senesce. In this study,
a similar seasonal pattern is evident in the in situ DOC measurements from ROI 1, the

sub-region in closest proximity to the mangrove fringe of DSB, which show a clear
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seasonal pattern with higher DOC concentrations in summer (1.52 = 0.48 mg/L) and
lower values in winter (1.11 + 0.34 mg/L), consistent with the satellite-derived
estimates. Mangroves are known to be important sources of dissolved organic matter in
tropical and subtropical coastal waters (Dittmar et al., 2006), releasing DOC through
root exudation, canopy leaching, and microbial decomposition of organic matter during
the warm growing season. In winter, reduced vegetation activity and lower
decomposition rates lead to diminished DOC inputs from the mangrove fringe,
contributing to the observed seasonal minimum (Qiu et al., 2019; Zhu et al., 2019). A
consistent seasonal cycle was also observed in ROI 2, ROI 3, and ROI 4, suggesting
that this pattern reflects a bay-wide characteristic driven by the combined effect of
biological production and mangrove-associated organic matter inputs.

Furthermore, the seasonal dynamics of organic matter in such systems are heavily
influenced by the transport and transformation of carbon within mangrove and marsh
environments. As depicted in Fig. 6a, the riverine runoff exhibits distinct seasonal
fluctuations. However, the driver analysis in Fig.7 a-b indicates that the correlation
between DOC variability and runoff is relatively low in the upper bay, where the R*
value is nearly zero. Consequently, seasonal variability in DOC is primarily driven by
biological activity cycles, with additional influence from organic matter transport
during extreme weather events. On a shorter temporal scale, the daily spatial
distribution of DOC is jointly regulated by tidal fluctuations and Chl concentrations
(Garcia-Martin et al., 2023; Zhao et al., 2023b).

The underlying factors driving the declining trend of DOC at the bayhead remain
unclear. One possibility is that DOC inter-annual variability is linked to Chl, given the
significant relationship between DOC and Chl discussed above (Fig.7 m-n). However,
our analysis did not reveal a significant declining trend in Chl over the 2021-2023
period, which makes it difficult to attribute the DOC decline solely to changes in
phytoplankton biomass. This discrepancy may stem from uncertainties in satellite-

derived Chl retrieval in optically complex coastal waters, or from the relatively short
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time series (2021-2023) used here, which may be insufficient to separate long-term
trends from natural inter-annual variability. Clarifying the drivers of DOC trends at the
bayhead and extending the analysis with longer time series and improved Chl
algorithms will be addressed in future work.

On the other hand, the driving mechanisms are different at the bay mouth (ROI 3
and ROI 4). In these regions, the influence of tides and Chl becomes much weaker.
Instead, riverine discharge shows a greater statistical influence on DOC (P < 0.05 in
Fig. 7g-h). Time-series data from fixed station S2 (Fig. 8b) also show that the expected
inverse relationship between DOC and tides is not evident. This shift is closely linked
to the intensive aquaculture activities in Dongshan Bay. Cai et al. (2023) reported that
sediment total organic carbon concentrations in these specific aquaculture zones were
notably high (0.77 %-1.08 %), with carbon-to-nitrogen ratios ranging from 7.0 to 9.0,
indicating predominantly endogenous inputs such as excessive feed and fish feces.
During periods of high-water flow, strong currents can resuspend organic material from
the sediment (Cai et al., 2023; Wang et al., 2025), acting as a fluctuating source that
drives irregular variations in DOC levels. Consequently, in such aquaculture zones and
under the broader context of seasonal runoff, human activities effectively override both

tidal and biological signals.

3.6 Limitations and perspectives

Although AutoGluon-DOC achieved promising performance, several limitations
must still be considered. One major limitation concerns the temporal matching window
used to construct the dataset for model training. Due to the high-frequency variability
of DOC concentrations within DSB, driven primarily by tidal dynamics, expanding the
temporal window can lead to mismatches between satellite-derived and in situ
measurements. This mismatch introduces errors into the retrieval results, particularly
when DOC concentrations differ substantially across tidal phases.

Another limitation is associated with the insufficient temporal resolution of the
20
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remote sensing observations. Accurately capturing seasonal DOC dynamics requires
frequent, high-quality observations. However, frequent cloud cover during the local
rainy season, combined with the non-daily revisit cycle of MSI sensors, resulted in a
limited number of low-tide measurements in this study. This limitation may lead to
seasonal average DOC concentrations that do not fully reflect true conditions and
restricts the ability to finely resolve seasonal variability. In particular, DOC
concentrations are generally higher during low-tide periods, which may not have been
adequately captured. To overcome this issue, future efforts should integrate multi-
source remote sensing data to enhance temporal resolution, thereby enabling more
accurate assessments of seasonal mean states and long-term DOC dynamics. This
framework could be extended to moderate-resolution sensors with higher revisit
frequencies, such as VIIRS and OLCI, and further combined with neural network-based
approaches (e.g., transfer learning) to learn the mapping between lower- and higher-
spatial-resolution observations, thereby deriving higher-spatial-resolution DOC
products.

Future efforts will focus on enhancing model performance through multiple
improvements. First, although AutoGluon-DOC has demonstrated good capability in
handling small-sample datasets, machine learning models are inherently data-
dependent. Expanding the training dataset with high-quality, matched samples across
different water types (e.g., highly turbid waters) is expected to enhance model’s
robustness and generalizability. Second, incorporating additional environmental
parameters closely related to DOC distribution could further improve retrieval accuracy.
In coastal regions, salinity and colored dissolved organic matter (CDOM) typically
exhibit conservative mixing behavior (Liu et al., 2018). Experimental results have
shown a strong relationship between coastal DOC concentrations and salinity.
Integrating salinity as an input feature has been reported to improve DOC retrieval
accuracy in several studies (Laine et al., 2024; Lenborg et al., 2025). However,

obtaining reliable, high-spatial-resolution salinity data in coastal waters remains a
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significant challenge (Chen and Hu, 2017; Kim et al., 2020). The development of high-
quality salinity datasets is therefore essential before salinity-based DOC retrieval can
be fully implemented. In future applications, salinity will be included as an additional
input to evaluate its contribution to enhancing model performance in coastal

environments.

4 Conclusions

In this study, a machine learning model, termed AutoGluon-DOC, was developed
based on the AutoGluon framework to efficiently and accurately retrieve DOC
concentrations in coastal waters. The model was trained on a large dataset consisting of
field-measured DOC and matched p:(1) measurements trom Sentinel-2 MSI, obtained
through Google Earth Engine. As a demonstration, AutoGluon-DOC was applied to a
series of Sentinel-2 MSI images over Dongshan Bay (DSB) from 2021 to 2023,
revealing pronounced spatiotemporal variability in DOC distribution. Spatially, a clear
decreasing gradient in DOC concentrations was observed from the bay head toward the
bay mouth. Temporally, DOC followed a seasonal cycle, with higher concentrations in
summer and lower levels in winter.

Analysis of drivers across the bay showed that, under typical conditions, the spatial
distribution of DOC was jointly regulated by tidal fluctuations and Chl in the bay head,
and by aquaculture activities overriding these natural drivers in the bay mouth. The
seasonal pattern was likely driven mainly by biological production and could be
strongly influenced by river discharge during extreme rainfall events. These results
demonstrate that AutoGluon-DOC is an effective tool for high-spatial-resolution
monitoring of DOC from satellite data and for tracking DOC dynamics in complex
coastal systems, with a framework that can be extended to other regions as the training

dataset is expanded.
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Feature Importance scores  Feature Importance scores
Imagery 0.035 B8A (865/864 nm) 0.008
acquisition time
B1 (443/442 nm) 0.018 B7 (783/780 nm) 0.007
B2 (492 nm) 0.012 B5 (704 nm) 0.007
B6 (740/739 nm) 0.011 B3 (560/559 nm) 0.006
B8 (833 nm) 0.009 B4 (665 nm) 0.002
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Fig. 1 Sampling locations (red crosses) of all field dissolved organic carbon (DOC) measurements used
in this study, covering several coastal regions in Southeast China. General layout of all sampling locations

(a) and detailed sampling locations in (b) Xiamen Bay, (c¢) Dongshan Bay, and (d) Beibu Gulf.
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Fig. 2 Framework for DOC retrieval from Sentinel-2 MSI Rayleigh- corrected reflectance (pr(4)) using
Google Earth Engine and the automated machine learning model AutoGluon-DOC, including data

processing, model development, and model application.
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Fig. 3 Training and validation performance of the AutoGluon-DOC based on four training data subsets
constructed across different temporal windows. (a) Dataset-3.5d, (b) Dataset-2.5d, (c) Dataset-1d, (d)
Dataset-3h. Blue circles indicate training samples and orange squares indicate validation samples. The
solid diagonal denotes the 1:1 line. Statistics shown in the upper-left and lower-right corners of each
panel correspond to the training and validation sets, respectively, including the coefficient of
determination (R?), root mean square error (RMSE, mg/L), mean absolute percentage error (MAPE, %),

and the number of samples (N).
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Fig. 4 Comparison between the time series of derived Dissolved Organic Carbon (DOC) retrieved by

AutoGluon-DOC and in situ measurements across four Regions of Interest (ROIs) in Dongshan Bay

(DSB) from
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DOC concentrations and the standard deviation in each ROI retrieved by AutoGluon-DOC. The black

dashed lines
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indicate the linear trend of the derived DOC. The linear regression equations and statistical

are displayed in the upper-left corner.
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Fig. 5 Spatial distribution of Dissolved Organic Carbon (DOC) retrieved from Sentinel-2 MSI by
AutoGluon-DOC in Dongshan Bay (DSB) during relatively high (the upper panel) and low tides (the
lower panel) in (a-b) spring from March to May, (¢-d) summer from June to August, (e-f) autumn from
September to November, and (g-h) winter from December to the following February, respectively. In
panel (a) (omitted in the others for clarity): red boxes mark the selected Regions of Interest (ROIs); the
red star indicates the mangrove area; the green and blue dots denote the Yunxiao meteorological station
and the Dongshan station, respectively; the orange triangles denote the two fixed stations used for time-
series DOC analysis; and the blue cross-hatched areas indicate aquaculture zones. The inset in the lower-
left corner of each panel shows the daily tidal cycle, with the red dot marking the tidal height at the time

of acquisition for each MSI image.
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Fig. 6 Seasonal time series of AutoGluon-DOC-retrieved DOC concentrations averaged over four
Regions of Interest (ROIs) in Dongshan Bay (DSB) from January 2021 to December 2023: (a) ROI 1,
(b) ROI 2, (¢) ROI 3, and (d) ROI 4. In each panel, the solid line represents the seasonal mean DOC
and the shaded band denotes + 1 standard deviation. Seasonal abbreviations on the x-axis: SP — spring
(March-May); SU — summer (June-August); AU — autumn (September-November); WI — winter
(December-February). The gray bars in panel (a), referenced to the right y-axis, show the corresponding

monthly riverine discharge (10% m*/month) at the Zhangjiang Estuary, the main freshwater source of DSB.
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Fig. 7 Sensitivity analysis and correlation analysis for the four regions of interest (ROIs) in DSB.
Sensitivity analysis of the relative changes in DOC concentration with respect to (a-d) precipitation (Pr),
(e-h) riverine discharge (Rd), (i-1) tidal height (7/) and (m-p) chlorophyll-a concentration (C#/). In each
panel, the solid line shows the linear best fit and the shaded areas represent the 95 % confidence interval
of the best-fit line. R? quantifies the goodness of the linear fit between dDOC/DOC and dPr/Pr, dRd/Rd,
dTh/Th or dChl/Chl as calculated using the elasticity model, and P-values are shown only when P < 0.05.
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Fig. 8 Time series of tidal height (blue curves, left y-axis) and concurrent in situ DOC measurements
(orange markers with connecting lines, right y-axis) at two fixed stations in Dongshan Bay (DSB): (a)
station S1, from 21 to 23 December 2022; (b) station S2, from 31 August to 2 September 2021. Orange

markers represent individual DOC samples. Tidal heights are from the Dongshan station. Station

locations are shown in Fig. Sa.
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