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Introduction: Estuaries are dynamic hydrodynamic biogeochemical interfaces
where riverine and marine processes converge, and their water quality is highly
sensitive to meteorological variability and human disturbances modulated by
tidal dynamics. Accurate prediction of water quality in estuarine environments is
essential for maintaining ecosystem stability and reducing ecological risks.
However, existing prediction approaches are often limited by incomplete
monitoring data and insuf cient capability for multi-indicator modeling, which
constrains their accuracy and timeliness.

Methods: This study proposes an enhanced Deep Forest XGBoost framework
(EDF-XGB) driven by high-resolution meteorological inputs for multi-indicator
water quality prediction. A global search whale optimization algorithm (GS-WOA)
was integrated for adaptive parameter tuning, together with a hierarchical feature
selection strategy based on feature importance and a dynamic weighting
mechanism to account for sample dif culty. The proposed model was
evaluated through a case study in the Min River Estuary.

Results: The results demonstrate that the EDF-XGB model achieves high
predictive accuracy for relatively stable water quality indicators, including pH,
total nitrogen (TN), and dissolved oxygen (DO), with R values exceeding 0.90.
For more variable indicators, such as ammonia nitrogen (NH -N) and the
permanganate index (CODMn), the proposed model shows clear performance
advantages over conventional approaches. SHapley Additive exPlanations (SHAP)
analysis reveals that water temperature (WT), surface temperature (ST), and
relative humidity (RH) are the dominant drivers of water quality variability.
Discussion: Regional generalization experiments indicate strong predictive
performance in upstream non-tidal sections, whereas prediction accuracy
decreases in downstream tidal reaches affected by complex hydrodynamic
conditions and anthropogenic activities. This suggests that incorporating
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hydrodynamic descriptors and human activity indicators could further improve
model performance. Overall, the proposed interpretable, data-driven, multi-
indicator framework provides a scienti ¢ basis for real-time water quality
prediction and ecological risk early warning in estuarine systems, supporting
improved meteorological resilience and sustainable management of vulnerable
coastal environments.

KEYWORDS

deep forest model, estuary, meteorological drivers, SHAP, water quality

prediction, XGBoost

1 Introduction

As transitional zones between terrestrial and marine
environments, estuaries function as dynamic interfaces with the
freshwater-seawater interactions. They rank among the most
ecologically productive and socioeconomically important
ecosystems globally, supporting sheries, wetlands, and
biodiversity, while also underpinning coastal agriculture, urban
water supply, port operations, and tourism (Wang et al., 2025).
On the other hand, the combined pressures of meteorological
change, rapid land-use conversion, and intensi ed anthropogenic
discharges have increasingly exposed these systems to saline
intrusion, nutrient loading, pollutant accumulation, and
ecosystem degradation (Murray et al., 2022; Osland et al., 2024,
Zhu et al., 2024). The resulting deterioration in water quality has
become a major constraint on ecological security and sustainable
regional development. In estuaries shaped by both tidal and
monsoonal dynamics, water quality exhibits marked
spatiotemporal variability owing to the interplay among tidal
back ow, river discharge, meteorological forcing, and human
activities (Jiang et al., 2025; Richardson et al., 2025; Wang et al.,
2025; Zhang et al., 2025). This inherent complexity poses signi cant
challenges to pollution control and the maintenance of
ecosystem services.

Therefore, water quality prediction has become a critical
component of environmental management, supporting watershed
planning, pollution early warning, and ecological protection (Chen
et al., 2020; Tiyasha et al., 2020). Among the available modeling
techniques, traditional process-based approaches have been widely
adopted. Models (e.g., MIKE and QUAL2K) rely on physically based
simulations of pollutant transport, transformation, and dilution,
capturing the underlying physical, chemical, and biological
processes (Cox, 2003; Mohamad Noor et al., 2025; Sadayappan
et al., 2024; Wu et al., 2024; Zheng et al., 2024). Although these
models offer strong interpretability and theoretical grounding, their
practical application is hindered by large parameter requirements,
dependence on extensive in situ data, and demanding calibration
procedures (Agrawal et al., 2021; Ahmed et al., 2020; Aldrees, 2022).
In estuarine settings characterized by highly dynamic
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hydrodynamics and limited monitoring coverage, such
approaches often struggle to sustain predictive accuracy or
achieve real-time applicability.

Machine learning has increasingly become a key component of
data-driven water quality prediction, providing capabilities that
complement traditional process-based modeling (Beal et al., 2024,
Brehob et al., 2024; Tiyasha et al., 2020). Tree-based ensemble
algorithms, such as Random Forests, XGBoost, and related
gradient-boosting frameworks, are widely utilized for their
robustness to heterogeneous inputs, nonlinear interactions, and
partially missing data (Breiman, 2001; Chen and Guestrin, 2016; Lu
and Ma, 2020; Tang et al., 2015). These models effectively extract
stable relationships from multi-source environmental datasets;
however, their lack of explicit temporal modeling limits their
ability to represent the long-range dependencies characteristic of
estuarine systems (Goehry et al., 2023). Kernel-based approaches,
including support vector regression (SVR), also perform well in
high-dimensional feature spaces and under data-sparse conditions
(Cortes and Vapink, 1995; Dibike et al., 2001). However, their
reliance on prede ned kernel functions restricts their exibility in
representing multi-scale hydro-meteorological processes, and
computational cost increases rapidly with data volume (G nen
and Alpaydin, 2011). Recent advances in deep learning have
further reshaped water quality prediction. Recurrent neural
networks (LSTM and GRU) capture lag effects and delayed
biogeochemical responses; convolutional neural networks identify
localized temporal patterns; and Transformer architectures extend
temporal representation through attention mechanisms (Barzegar
et al., 2020; Yang et al., 2021). Although these models offer strong
representational power, they depend heavily on large, high-quality
datasets and are often computationally intensive. In addition, the
physical mechanisms encoded in their deep representations are
dif cult to interpret (Reichstein et al., 2019). Despite these
methodological advances, several critical gaps persist in the
operational application of ML for estuarine water quality
prediction. First, numerous studies have emphasized single-
parameter prediction and lacked comprehensive exploration of
multi-parameter coupling. Second, certain models rely on daily or
monthly averages and overlook the complex coupling between

frontiersin.org


https://doi.org/10.3389/fmars.2025.1730509
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Cai et al.

hourly meteorological and water quality dynamics, which can
reduce responsiveness to rapid changes. Third, under multi-
source feature inputs, feature importance assessment and physical
interpretability remain insuf ciently developed.

Meteorological drivers play a particularly important role in
shaping estuarine water quality. Variables such as air temperature
(AT), precipitation (P), humidity, wind speed (WS), and surface
heat ux in uence not only pollutant dispersion and dilution but
also the biogeochemical processes governing dissolved oxygen
(DO), organic matter degradation, and nutrient cycling (Liu et al.,
2022; Prum et al., 2024; Wang et al., 2024). Extreme weather events
(e.g., intense rainfall and heat waves) can generate abrupt short-
term uctuations in water quality, substantially increasing
prediction uncertainty (Graham et al., 2024; St-Laurent and
Friedrichs, 2024). Accordingly, developing a predictive framework
that integrates meteorological drivers and maintains a strong
generalization capability is essential for dynamic monitoring and
risk management in estuarine systems (Huan et al., 2025; Tian et al.,
2022; Waddington et al., 2023; Zheng et al., 2025).

In the aforementioned context, the DF model, as a non-neural
deep learning paradigm, has gained increasing attention owing to its

exible structure, lack of backpropagation requirement, and

computational ef ciency (Chen, 2020; Zhou, 2017). Through
cascading forests and multi-grained scanning, DF mimics the
hierarchical representation of deep neural networks, making it
well-suited for medium-sized datasets and high-dimensional
inputs. Nevertheless, existing DF frameworks still exhibit notable
limitations, including inadequate feature selection and reuse
mechanisms for multi-source, multi-indicator prediction, and
insuf cient adaptability to dynamic sliding window features
driven by hourly meteorological variability.

To address the challenges of predicting estuarine water quality
under complex meteorological and anthropogenic in uences, this
study proposed the Deep Forest XGBoost (EDF-XGB) framework
(Figure 1), which is designed for multi-source meteorological data
fusion and simultaneous prediction of multiple water quality
indicators. The EDF-XGB architecture integrates four key
methodological innovations: (1) a hybrid ensemble of XGBoost
and Extra Trees as the base learners to enhance robustness and
computational ef ciency; (2) an adaptive parameter-tuning
mechanism powered by the global search whale optimization
algorithm (GS-WOA) to improve optimization speed and model
stability; (3) a hierarchical structure re ned through feature-
importance-based selection to optimize information utilization
and reduce over tting; and (4) a dynamic sample-weighting
strategy guided by instance dif culty to strengthen performance
under heterogeneous and complex data distributions. The Minjiang
River Basin in Fujian Province, China, was used as a case study,
where hourly ERA5 meteorological reanalysis data (2021 2023)
were fused with national surface water quality monitoring records
to evaluate model performance across both tidal and non-tidal
reaches using dynamic sliding window features. Model
interpretability was further achieved through SHAP analysis,
enabling mechanistic insights into the contribution and physical
plausibility of key meteorological predictors. This study pursued
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three primary objectives: (1) to develop a data-driven and multi-
indicator water quality prediction system for estuarine
environments using only meteorological inputs; (2) to assess the
model transferability across hydrodynamically distinct zones and
quantify how tidal complexity could modulate predictive skill; and
(3) to support a transition from black-box prediction to a
mechanism-informed modeling paradigm by identifying
dominant meteorological drivers and their temporal pathways in
shaping estuarine water quality dynamics. Overall, this study
established a novel, interpretable, and operationally viable
framework for near-real-time water quality prediction in data-
scarce estuaries, providing a robust scienti ¢ foundation for
management that is resilient to meteorological variability, early
warning systems, and sustainable governance of vulnerable coastal
ecosystems under changing environmental conditions.

2 Study area and data
2.1 Study area

The Minjiang River Basin (Figure 2) is situated in southeastern
Chinas Fujian Province and represents the largest independent
river system that discharges into the sea in this province (Wang
et al,, 2021). The main stream extends approximately 562 km,
draining a catchment area of approximately 61,000 km? which
accounts for nearly half of Fujians total land area. The basin is
in uenced by subtropical monsoon meteorological conditions, with
an annual mean precipitation exceeding 1,000 mm, most of which
occurs during the ood season from April to September. Its
hydrological regime is largely shaped by monsoonal precipitation,
where abundant runoff and frequent oods characterize the
summer wet season, whereas ows during the dry season remain
comparatively low (Yin et al., 2010). The spatial and temporal
variability in hydrological conditions is pronounced, particularly in
the Fuzhou section of the main stream, where tidal effects interact
with river discharge.

The Minjiang River is dominated by low-mineralized
freshwater of bicarbonate-type soft water, primarily derived from
carbonate weathering. Major pollution sources include industrial
ef uents, domestic and medical wastewater, and agricultural runoff,
with industrial discharge contributing to approximately 70 percent
of the total wastewater load (Kong et al., 2024). According to the
Bulletin on the State of Fujians Ecological Environment (2021
2023) (Fujian Provincial Local Chronicles Compilation Committee,
2001; Xu, 2022, 2021), the overall surface water quality in Fujian is
generally outstanding, with Class | 111 waters (as de ned in China's
Environmental Quality Standards for Surface Water, GB 3838
2002) accounting for approximately 99% of all monitored sections.
However, the proportion of high-quality Class I 11 waters declined
from 81.4% in 2022 to 68.6% in 2023, indicating the localized
deterioration. Notably, the Zhugi monitoring section in Minhou
County has occasionally recorded Class IV, V, or inferior-V water,
posing risks because a nearby water intake directly in uences
domestic water safety (Li et al., 2015).
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FIGURE 1

General framework of the Enhanced Deep Forest XGBoost (EDF XGB) model for water-quality prediction. The framework includes three stages:

(1) Data acquisition and pre-processing, integrating meteorological and water-quality datasets; (2) Model construction and optimization, combining
XGBoost and Extra Trees within a Deep Forest cascade and optimized using GS-WOA with feature-importance and sample-weight adjustments; and
(3) Model evaluation, regional generalization, and interpretation, assessing predictive performance, spatial transferability, and feature in uence via

Therefore, this study selected the Zhugi section (119 0528 E,
26 1000 N), located in the tidal reach, as the focal site for model
development and evaluation. Given its ecological and hydrological
representativeness, the modeling framework developed here can be
extended to other monitoring sites along the Minjiang River main
stem for regional generalization and validation. The Hongshan
Bridge exhibited the tidal current limit, delineating the transition
between the uvial-dominated upper reach and the tidally
in uenced estuarine reach of the Minjiang River (Fujian
Provincial Local Chronicles Compilation Committee, 2001).
Subsequent analyses were performed separately for these two
hydrodynamic regions to evaluate spatiotemporal variations in
the water quality.
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2.2 Data sources

Water quality data were obtained from the National Surface
Water Quality Automatic Monitoring System managed by the
China National Environmental Monitoring Center. The dataset
covered the period from 1 January 2021 to 31 December 2023,
with a 4-hour sampling interval. Nine key water quality parameters
were adopted as inputs: water temperature (WT), pH, total nitrogen
(TN), total phosphorus (TP), ammonia-nitrogen (NHs-N), DO,
Permanganate Index (CODpy), turbidity, and electrical
conductivity (EC).

Meteorological drivers were retrieved from the ERA5 reanalysis
dataset provided by the European Centre for Medium-Range
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FIGURE 2

also indicated for regional context.

Geographic location of water-quality monitoring stations along the mainstream of the Minjiang River. The gure shows the spatial distribution of six
monitoring stations Shilian an, Huangtian, Xiongjian, Zhugi, Min an, and Guantou along the Minjiang River. The Hongshan Bridge, marked in yellow,
represents the tidal current limit, separating the uvial reach from the estuarine reach. Fujian Province and its position within southeastern China are

Weather Forecasts (ECMWF). Hourly meteorological records from
1 December 2020 to 31 December 2023 were extracted from 0.25
0.25 grid cells involving the main channel monitoring sites. The
selected meteorological variables included AT, relative humidity
(RH), WS, wind direction (WD), surface temperature (ST), total
cloud cover (TCC), and P, which exerted key atmospheric effects
on hydrological and biogeochemical processes in the
estuarine environment.

2.3 Data pre-processing

To ensure temporal consistency across datasets, hourly
meteorological records were synchronized with 4-hourly water
quality observations using direct timestamp matching (Reichstein
et al., 2019; Shen, 2018). For each water quality sampling time, the

corresponding meteorological value was obtained by selecting an
hourly record with an identical timestamp. This procedure
preserved the original temporal structure of the meteorological
drivers while ensuring consistent sampling intervals for
subsequent modeling analyses.

Missing observations were handled using a deletion approach to
avoid interpolation bias, and outliers were identi ed and removed
using the interquartile range (IQR) method (Dallah et al., 2025;
Dong and Peng, 2013). To enhance model performance and
introduce additional predictive information under limited
monitoring conditions, the hourly meteorological drivers were
further processed using statistical sliding window techniques.
Through these procedures, structured feature variables suitable
for model training were generated from the hourly data (Table 1).
For each factor, including AT, RH, WS, WD, ST, total cloud cover,
and P, statistical sliding window metrics (e.g., mean, standard

TABLE 1 Meteorological data feature construction after statistical processing.

Original variable Constructed
Constructed feature 1 Constructed feature 2 Constructed feature 3
(target) feature 4
Hourly AT Mean AT within window AT at previous timestep Max AT within window Min AT within window
Hourly WD Mean WD within window WD at previous timestep Std. dev. of WD within window
Hourly P Total precipitation within window Max precipitation within window C’I.')UI’.'II Of. hours with P>0.01 mm
within window
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