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Highlights

What are the main findings?

• Interpretable models were developed based on optimal combination of spectral envi-
ronmental features to estimate DIN and SRP in the Bohai Sea.

• Annual average concentrations of both DIN and SRP in the Bohai Sea have remained
relatively stable, exhibiting a slight downward trend.

What are the implications of the main findings?

• To address the issue of weak optical responses for non-optically active water quality
parameters, retrieval models that integrate spectral and environmental characteristics
can effectively improve model performance. The proposed strategy for optimizing
band combinations further enhances inversion accuracy.

• This method provides accurate and effective support for remote sensing monitoring of
marine eutrophication parameters and water quality assessment.

Abstract

Satellite remote sensing technology, characterized by high spatiotemporal resolution and
long-term continuous observations, has become a critical tool for water quality monitoring.
Excessive inputs of nutrients, particularly nitrogen and phosphorus, into marine environ-
ments can induce eutrophication and a range of associated ecological problems. Dissolved
Inorganic Nitrogen (DIN) and Soluble Reactive Phosphorus (SRP) are key parameters gov-
erning water quality. However, their inherently weak spectral response poses a persistent
challenge for the construction of accurate satellite-based inversion models. Incorporating
environmental variables into model input features alongside spectral reflectance represents
a promising approach to improving inversion performance. Taking the Bohai Sea as a case
study, multi-source environmental variables were integrated with remote sensing spectral
features, and the optimal feature combination and corresponding model were identified
using Bayesian optimization and an iterative feature-importance screening strategy. Bayes-
CatBoost demonstrated superior performance in estimating DIN and SRP, achieving R2
values of 0.82 and 0.68, respectively. After incorporating multi-source environmental vari-
ables, inversion errors decreased by 17.41% for DIN and 16.79% for SRP relative to models
based solely on multispectral remote sensing data. Application of the proposed model to
Sentinel-3 OLCI imagery enabled the generation of daily DIN and SRP distributions for the
Bohai Sea. The results indicate that from 2018 to 2023, DIN and SRP concentrations in the
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Bohai Sea exhibited an overall stable but slightly declining trend with pronounced seasonal
variability, accompanied by a gradual improvement in water quality.

Keywords: marine water quality inversion; eutrophication parameters; multi-source
environmental variables; Bayesian-optimized CatBoost; Bohai Sea

1. Introduction
The rapid economic development of coastal regions, together with population growth,

urban expansion, and intensified industrialization, has directly or indirectly resulted in
excessive discharges of nutrients, particularly nitrogen and phosphorus, into coastal wa-
ters [1]. Excessive nutrient inputs into marine environments lead to water pollution and
subsequently trigger eutrophication, frequent algal blooms, and hypoxic conditions. These
processes pose serious threats to marine biodiversity and human health [2]. Therefore,
timely and accurate monitoring of marine water quality, particularly the estimation of key
parameters such as inorganic nitrogen and reactive phosphorus, is of paramount impor-
tance. Traditional fixed-point sampling methods are labor-intensive and costly, and their
limited spatial coverage makes it difficult to comprehensively characterize the water quality
of large water bodies [3,4]. Satellite remote sensing technology, characterized by short
observation cycles, extensive spatial coverage, and strong retrospective data capabilities,
has become an indispensable tool for large-scale water quality monitoring [5].

In the context of satellite-based monitoring, understanding the responses of water
quality parameters to spectral characteristics is fundamental for remote sensing water qual-
ity monitoring [6]. Optically active parameters, such as chlorophyll-a and total suspended
matter, exhibit distinct responses to specific spectral bands, enabling development of empir-
ical or statistical regression models that link these parameters to spectral reflectance [7–9].
In contrast, non-optically active parameters such as DIN and SRP exhibit inherently weak
spectral responses, making their variations difficult to detect directly from satellite-derived
spectrum [10,11]. Traditionally, these parameters have been indirectly estimated by exploit-
ing their correlations with optically active parameters. For instance, elevated nitrogen and
phosphorus concentrations can promote algal proliferation, which increases chlorophyll-a
levels and modifies optical properties [12,13]. Based on spectral information derived from
optically active parameters, regression models can be developed to estimate optically in-
sensitive indicators. However, substantial variability in optical properties among different
water bodies limits the transferability of such models. Moreover, conventional statistical
approaches often suffer from limited predictive accuracy [14,15]. Machine learning (ML)
techniques offer significant advantages in capturing complex nonlinear relationships be-
tween non-optically active parameters and spectral information [16–18]. Consequently,
ML-based approaches have emerged as the preferred choice for developing inversion
models for non-optically active water quality parameters [15,19].

Relevant studies demonstrate that incorporating natural environmental drivers, such
as hydrological and meteorological factors, can enhance the inversion capability and stabil-
ity of water quality models. Different environmental factors exert distinct influences on
non-optically active water quality parameters [2]. Fluctuations in water levels affect the
transport and degradation of pollutants, thereby inducing changes in water quality [20,21].
Rainfall enhances runoff generation and convergence processes, thereby influencing nutri-
ent levels in water bodies [22]. Appropriate sea surface temperatures accelerate processes
such as nitrogen fixation and nitrification, thereby influencing the nitrogen cycle [23].
Ref. [23] incorporated ERA5 meteorological data, effectively mitigating model overfitting
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while maintaining high predictive accuracy. Ref. [24] constructed a spectral–environmental
model by integrating average temperature and cumulative precipitation during the seven
days prior with UAV-derived spectral data, achieving significant reductions in prediction
errors for total phosphorus, ammonia nitrogen, and chemical oxygen demand compared
with conventional spectral-based ML models. Overall, incorporating natural environmental
factors as feature variables has become a widely adopted strategy for constructing inversion
models of non-optically active water quality parameters. However, most existing studies
select spectral and environmental features solely based on statistical correlations with target
variables. This feature selection strategy generally overlooks interactions between spectral
data and natural environmental factors, thereby limiting the model’s ability to achieve an
optimal combination of features for best performance.

To address this issue, three ML models were constructed based on Bayesian optimiza-
tion, integrating multi-source environmental variables with spectral features as model
inputs. Feature importance rankings derived from the model were used to iteratively
remove the least significant features during training, thereby identifying the optimal fea-
ture combination for each parameter. Retrieval models for DIN and SRP were developed
using Sentinel-3 OLCI multispectral data (400–885 nm) combined with environmental
variables influencing marine water quality, and applied to characterize the spatiotemporal
distributions of DIN and SRP in the Bohai Sea. The main contributions of this study are
summarized as follows:

(1) An iterative feature selection strategy based on model-derived feature importance
ranking was proposed to identify the optimal combination of spectral and environ-
mental variables for non-optical parameter retrieval.

(2) SHAP value analysis revealed the contribution mechanisms of different environmental
factors to the distribution of DIN and SRP.

(3) A daily-resolution spatiotemporal distribution dataset for DIN and SRP in the Bohai
Sea (2018–2023) was constructed and the distribution patterns of DIN and SRP were
quantitatively analyzed, and the water quality of the Bohai Sea was assessed.

2. Materials
2.1. Study Area

The Bohai Sea (Figure 1) is a semi-enclosed, shallow marginal sea located at the north-
eastern margin of mainland China, covering approximately 77,000 km2 with an average
depth of about 18 m [25–27]. As China’s only inland sea, it is bordered by Liaodong
Bay, Bohai Bay and Laizhou Bay, and connects to the northern Yellow Sea through the
Bohai Strait, with a total coastline of approximately 3800 km [28]. The shore is covered by
densely populated and highly industrialized regions where strong river inputs, together
with intensive aquaculture, urban runoff, and industrial effluents, have led to elevated
levels of DIN and SRP, making the region highly susceptible to eutrophication and harmful
algal blooms [29–31]. High concentrations of suspended particulate matter (SPM), colored
dissolved organic matter (CDOM), and phytoplankton interact nonlinearly with nutrient
dynamics in the Bohai Sea, which generates pronounced optical complexity [32]. The
complexity poses a substantial challenge for satellite-based retrieval of water quality pa-
rameters, particularly non-optically active constituents such as DIN and SRP. Overcoming
these challenges to achieve reliable nutrient monitoring is essential for marine ecological
protection and water quality management in this region.
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Figure 1. Satellite image shows the study area (A) and geographical location of it (B), (C) shows the
spatial distribution of in situ water quality sampling sites.

2.2. Data and Preprocessing
2.2.1. In Situ Water Quality Dataset

In situ water quality monitoring dataset used in this study was acquired by the
National Marine Environmental Monitoring Center (NMEMC), Ministry of Ecology and
Environment, China, from 2018 to 2023. The sampling time for each year is shown in Table 1.
Records with missing information on station coordinates, sampling time, or measured DIN
and SRP concentrations were excluded. DIN and SRP were measured and analyzed in
accordance with China’s Seawater Quality Standards (GB 3097-1997) (Table 2). Figure 1C
illustrates the spatial distribution of the in situ water quality monitoring stations used in
this study (green dots). The histograms of the frequency distributions of the DIN and SRP
data used in this study is shown in text.

Table 1. Sampling sites and time for in situ measurements.

Year Number of Station Sites Sampling Time (Month)

2018 322 2, 3, 5, 6, 7, 8, 10, 11, 12
2019 181 3, 5, 6, 7, 8, 10, 11, 12
2020 252 3, 5, 7, 8, 10, 11
2021 237 2, 3, 4, 5, 7, 8, 10, 11
2022 237 4, 5, 7, 8, 10, 11
2023 237 4, 5, 7, 8, 10, 11

Table 2. In situ data statistics for DIN and SRP. Statistical parameters include the minimum, maximum,
mean, standard deviation, and coefficient of variation (CV).

Min Max Mean Standard Deviation CV (%)

DIN 0.003 5.401 0.246 0.271 110.160
SRP 0.0003 0.2230 0.0088 0.0103 117.7690
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2.2.2. Satellite Remote Sensing Images

In this study, the Sentinel-3 Ocean and Land Color Imager (OLCI) Level-1 product
(OL_1_EFR) was used as the primary satellite data source. After excluding images affected
by extensive cloud and cloud-shadow contamination and applying quality control proce-
dures, a total of 612 daily remote sensing images were retained for the period 2018–2023.
Atmospheric correction was performed using the Dark Spectrum Fitting (DSF) algorithm
implemented in the ACOLITE processor [33]. During the generation of Level-2 products,
5 bands of the 21 Sentinel-3 OLCI bands are used as auxiliary inputs for atmospheric
correction. Water-leaving reflectance from the first 15 spectral bands within the visible–
near-infrared range (400–900 nm) was extracted and used as spectral input for model
construction. In situ measurements of DIN and SRP were matched with atmospheric-
corrected Sentinel-3 products using a 3 × 3 pixels spatial window and a temporal window
of ±1 day. This procedure resulted in 1010 SRP and 1027 DIN matched observations,
defined as valid water-reflectance pairs with quasi-synchronous satellite imagery.

2.2.3. Environmental Driving Data

The Copernicus Marine Environment Monitoring Service (CMEMS) is the marine com-
ponent of the European Union’s Earth observation program (https://marine.copernicus.eu,
accessed on 13 July 2025). It provides global and regional information on physical oceanog-
raphy, sea ice, and biogeochemical variables. GLORYS12V1 is CMEMS’s global ocean
eddy-resolving reanalysis dataset, with a horizontal resolution of 1/12◦ and 50 vertical
layers. It provides daily data from 1993 onwards. In this study, sea water temperature
(thetao), salinity (so), velocity of eastward and northward (uo and vo), and sea surface
height above geoid (zos) from the surface layer of the Bohai Sea were used for the period
2018–2023.

Precipitation data (TD7pre) were obtained from NASA’s Global Precipitation Mea-
surement (GPM) mission (https://gpm.nasa.gov/data/imerg, accessed on 15 July 2025).
Specifically, the GPM Integrated Multi-satellite Retrievals for GPM (IMERG) Final Pre-
cipitation L3 dataset (1-day, 0.1◦ × 0.1◦, V07; GPM_3IMERGDF) was used. The dataset
used in this study spans 2018–2023, with a spatial resolution of 0.1◦ × 0.1◦ and a temporal
resolution of 1 day.

First of all, we applied a mask to the CMEMS and GPM precipitation data to retain
only the imagery within the Bohai Sea. Both CMEMS and GPM datasets were resampled
(bilinear for them) to a spatial resolution of 300 m to match Sentinel-3 OLCI data. Corre-
sponding pixel values were matched to latitude and longitude coordinates according to the
in situ measurements.

3. Methods
As shown in Figure 2, the overall technical approach of this study involved the

following parts: data preparation, model development, and the application and analysis
of results. Data preparation primarily involves spatio-temporal matching of spectral data,
environmental data, and field measurement locations to construct datasets of spectral and
environmental features. Subsequently, the optimal feature combinations for each model
are selected using an iterative method based on the importance ranking of model features.
Model development involves training the models and optimizing them using Bayesian
methods, while model evaluation is used to select the inversion models. Finally, the results
are applied to Sentinel-3 OLCI imagery to derive water quality products, and the results
are analyzed.
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Figure 2. Flowchart of the proposed approach.

3.1. Extraction of Spectral Feature
3.1.1. Spectral Band Combination

Mathematical transformations were applied to individual bands and band combi-
nations, including the Normalized Difference Index [34], Fractional Subtraction Differ-
ence [35], and Tri-band Index combinations [1] (Table 3). These operations included
calculating the sum, difference, product, and ratio of any two bands; computing nor-
malized indices and reciprocals for band pairs and performing three-band combinations.
All possible band combinations were exhaustively enumerated, and their correlation coeffi-
cients with DIN and SRP were calculated, with significant features identified using t-tests
(p < 0.05) [36,37]. Comprehensive band combinations can mitigate the inherent limitations
of single-band water quality inversion and enhance feature representation [38]. To reduce
feature redundancy and obtain optimal variables, the Competitive Adaptive Reweighted
Sampling (CARS) algorithm was applied for selection of band combinations. CARS inte-
grates Monte Carlo sampling with partial least squares regression coefficients to identify
variable subsets that minimize the cross-validation SHapley Additive exPlanations [39,40].
Fifty iterations of CARS were conducted on significantly correlated bands, and the vari-
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able set yielding the lowest 10-fold cross-validation RMSE was selected as the optimal
feature dataset.

Table 3. Band Combination include two-band and three-band combinations, where N0(i) represent
single band, N1 (i, j) to N9 (i, j) represent the name of these combinations. The boundary of i, j, k is
from 1 to 16, which sequentially represent the band of spectra.

Combination Expression Combination Name Source

Two-band
combinations

Bi + Bj, Bi − Bj, Bi × Bj, Bi/Bj N1 (i, j)–N4 (i, j) [38](
Bi − Bj

)
/
(

Bi + Bj
)

N5 (i, j) [34]
1
Bi
+ 1

Bj
, 1

Bi
− 1

Bj
N6 (i, j), N7 (i, j) [35]

Three-band combinations

[
1
Bi
− 1

Bj

]
× Bk N8 (i, j, k)

[1][
Bj − Bi

]
− [Bk − Bi]×

λj−λi
λk−λi

N9 (i, j, k)

3.1.2. Extraction of Spectral Morphological Features

Spectral bands and band combinations typically capture the spectral characteristics
of only one or a few bands closely associated with the target variable. The complex re-
lationships between non-optically active water quality parameters and satellite spectral
bands indicate that reliance solely on specific bands or band combinations is insufficient to
capture deeper spectral characteristics [14]. Variations in these parameters can alter spectral
curve morphology, including changes in elevation, undulation, and curvature. To capture
such structural information, the simplified Multispectral Morphological Combination Fea-
ture (MSMCF) method [41] was adapted for the extraction of multispectral morphological
features, which derived mean reflectance, gradient, curvature, and spectral similarity to
class-averaged spectrum.

First, the average values of spectral reflectance, gradient, and curvature were calcu-
lated. The expression is as follows:

L1 =
1
15

[1 1 · · · 1 1]1×15 (1)

L2 =

{[
− 1

2 0 1
2

]
, x = 1, 15

[−1 1], x ∈ [2, 14]
(2)

L3 = [−1 0 1], x ∈ [1, 15] (3)

In the formula, L1 was used to calculate the average spectral reflectance, whereas L2

and L3 were used to calculate the gradient and curvature, respectively. Here, x denotes
the spectral index, with a step size of 1. The average gradient and average curvature were
computed as the mean of the gradient and curvature values across all wavelengths.

Second, hierarchical clustering was employed to classify water bodies, grouping
spectral curves into three categories (Figure 3). Finally, the cosine similarity between each
spectrum and the average spectrum of its cluster was calculated. The cosine similarity was
calculated using the following formula:

G1 =
F × F1

|F|×|F1|
(4)

G2 =
F × F2

|F|×|F2|
(5)

G3 =
F × F3

|F|×|F3|
(6)
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where F denotes characteristic points on the spectral curve, while F1–F3 represent the
obtained from clustering.

Figure 3. (a) Average spectral curve of each category. Light red, light green, and light blue represent
the average spectral characteristics of the first, second, and third water body categories, respectively,
where the shaded area represent the range of wavelengths for each spectral band after classification.
(b) DIN and SRP concentration distribution of different clusters. Red represents DIN, and blue
represents SRP.

3.2. Construction and Optimization of Model
3.2.1. Initial Feature Variable Input

Considering that dynamic changes in water quality parameters and remote sens-
ing data are driven by inherent spatiotemporal heterogeneity in the environmental
context [42–44]. Potential spatiotemporal variations in environmental variables were in-
corporated into the feature set [1,45]. Water quality parameters generally exhibit higher
concentrations in estuarine and coastal regions than in open waters and show pronounced
seasonal variability [46,47]. Spatial information was represented by geographic coordinates
(latitude and longitude), while temporal variables include month of year (MOY), day of
week (DOW), and day of year (DOY). Considering the cyclical nature of temporal variations
in marine and environmental drivers [45,48], temporal features were expressed in aperiodic
form. The periodic form was calculated using the following expression:

cT = 1 − cos
(

t
NT

× 2π

)
(7)

where t represents the calendar month, the calendar weekday, and the calendar day, with
NT corresponding to 12, 7, and 365 respectively.

The spectral, environmental and spatiotemporal feature inputs for the inversion model
was defined as Equation (8). We refer to the combination of bands after CARS feature
filtering, spectral morphology, multi-source environmental and spatiotemporal features, as
the initial feature input variables. The expression summarizes the specific categories and
quantities of these initial input features used were in Tables 4 and S1.

NWQP = f (inputvariables) = f (CSC, CED, CST) (8)

where C denotes the feature variable category, CSC, CED, CST represent, respectively, the
factors of spectral characteristics, environmental data, spatiotemporal information, and
f represents the nonlinear relationship between the input features and the water quality
parameter to be inverted.
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Table 4. Model input dataset for DIN and SRP, where 16 represents sixteen single band, 35 for DIN
and 414 for SRP represent band combination, 6 in spectral characteristics represents six morphological
features, 6 in spatio-temporal information represents time features, and 2 represents spatial features.
NAWQPs represent non-optically active water quality parameters.

NAWQPs Spectral
Characteristics

Environmental
Data

Spatio-Temporal
Information

DIN 16 + 35 + 6 6 6 + 2
SRP 16 + 414 + 6 6 6 + 2

3.2.2. Model Building

To address performance differences among models and ensure accurate inversion of
DIN and SRP, multiple inversion models were constructed for each parameter using Ran-
dom Forest Regression (RFR), eXtreme Gradient Boosting (XGBoost), and Categorical Boost-
ing (CatBoost), with hyperparameters optimized via Bayesian optimization (Section 3.2.3).
The initial feature dataset was input firstly (Section 3.2.1). Based on the feature importance
rankings generated during each training iteration, the least important features were se-
quentially removed to identify the optimal feature combination for model inversion. After
model training, the final inversion model was selected based on the performance of the
three models on DIN and SRP. Using an R2-based voting mechanism, the model with the
highest R2 score was chosen as the inversion model for each parameter [24].

The dataset was randomly split into 80% for training and 20% for testing. To improve
model generalization, five-fold cross-validation was applied to the training set, which was
partitioned into five subsets, with four used for training and one for validation in each
iteration. The mean R2 across the five validation folds was used as the criterion for final
feature selection.

3.2.3. Hyperparameter Optimization

The adjustment and optimization of model hyperparameters is critical for model
performance [15]. Traditional methods, such as random search and grid search, for find-
ing optimal hyperparameters are time-consuming and computationally intensive [49].
Bayesian optimization, which employs a Tree-structured Parzen Estimator (TPE) as a sur-
rogate model, iteratively guides the search toward optimal hyperparameters based on
previous evaluation results [15,50,51]. Accordingly, Bayesian optimization was adopted for
hyperparameter tuning in this study, as formulated below:

I(x) = max(0, y∗ − y) (9)

p(x|y) =
{

l(x) = p(x|y < y∗)
g(x) = p(x|y ≥ y∗)

(10)

EI(x) = E[I(x)] =
∫ y∗

−∞
(y∗ − y)p(y|x)dy =

∫ y∗

−∞
(y∗ − y)

p(x|y)p(y)
p(x)

dy (11)

EI(x) =
γy∗l(x)− l(x)

∫ y∗
−∞ p(y)dy

γl(x) + (1 − γ)g(x)
∝
(

γ +
g(x)
l(x)

(1 − γ)

)−1
(12)

where I(x) denotes the improvement function, x represent the hyperparameters set, y
is the observed value, and y∗ is the predefined quantization value, with the threshold
set at the current observation corresponding to the γ = 0.15 quantile. The probability
density functions l(x) and g(x) serve as TPE surrogate models, with expected improvement
derived via maximum likelihood estimation serving as the acquisition function. Based
on the threshold y∗, the two surrogate models were subsequently fitted. The candidate
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points with the maximum l(x)/g(x) was selected for objective evaluation. This process was
iteratively repeated until convergence, yielding the optimal hyperparameter combination.

3.2.4. Model Evaluation

Four evaluation metrics—coefficient of determination (R2), mean absolute error (MAE),
root mean square error (RMSE), and mean absolute percentage error (MAPE)—were em-
ployed to assess the inversion models for DIN and SRP. The corresponding formulas are
provided below.

R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − yi)

2 (13)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (14)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (15)

MAPE =
100%

n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (16)

where n represents the number of samples; yi and ŷi represent in situ measured
and estimated values, respectively. yi is the average value of the measured water
quality concentration.

4. Results
4.1. Evaluation of Model Performance

Table 5 summarizes the regression performance of the RFR, XGBoost, and CatBoost
models optimized using Bayesian optimization on the test dataset. Compared with the RFR
and XGBoost models, CatBoost exhibited the highest accuracy and stability, particularly for
SRP, and was therefore selected to construct the final inversion models for DIN and SRP.
Figure 4 illustrates scatter plots of the test set results. Most data points are concentrated
around the 1:1 line and display a relatively uniform distribution. The R2 were 0.82 and
0.68, MAE were 0.06 and 0.003, RMSE were 0.099 mg/L and 0.004 mg/L, and MAPE were
29.34% and 40.89%, respectively. Table S2 presents the specific hyperparameter search
space for each model.

Table 5. Accuracy evaluation of DIN and SRP retrieval models based on different Bayesian optimiza-
tion machine learning algorithms (MAPE in % and RMSE in mg/L).

Model
DIN SRP

R2 MAE RMSE MAPE% R2 MAE RMSE MAPE%

Bayes-RFR 0.75 0.08 0.114 37.02 0.57 0.003 0.005 42.75
Bayes-XGBoost 0.80 0.07 0.093 37.27 0.57 0.003 0.005 39.51
Bayes-CatBoost 0.82 0.06 0.099 29.34 0.68 0.003 0.004 40.89

4.2. Model Consistency Verification

The model was applied to Sentinel-3 OLCI imagery to generate daily DIN and SRP
maps for the Bohai Sea from 2018 to 2023 (Text S1). To account for the impacts of cloud cover
and the proximity effect on satellite imagery [52], the Directed Interpolation of Missing
Objects method was employed to reconstruct missing pixels [53,54]. Inversion results were
validated using unmatched samples (due to missing pixels) as an independent dataset,
which is not used in model training and validation. Figure 5 illustrates this process: satellite-
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derived temporal trends and estimates agree well with in situ measurements, confirming
the model’s reliability.

Figure 4. Prediction results of optimal model correlating with in situ value, which shows the
performance on the test set of a Bayes-CatBoost model trained on the dataset using the optimal
feature combination selected based on feature importance. Dotted line denotes the 1:1 line. Red line
represents the results of the linear fit. The color scale encodes the normalized probability density of
the samples, derived from a Gaussian kernel density estimation. (a,b) show the performance of the
Bayes-CatBoost model on the DIN and SRP test set separately.

Figure 5. Model consistency evaluation results constructed using independent samples unused in the
training and testing sets. (a) shows a comparison of actual value and predicted results about DIN,
and (b) shows a comparison of actual value and predicted results about SRP.
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4.3. Model Application
4.3.1. Annual Spatiotemporal Variation

Figure 6 illustrates the multi-year mean distributions and interannual variations of
DIN and SRP, which used the method in Text S1. DIN concentrations are generally higher
in coastal waters and decrease toward the central Bohai Sea, with high-value areas mainly
located in Liaodong Bay and Laizhou Bay. The discharge of domestic sewage, agricultural
runoff dominated by chemical fertilizers, and industrial wastewater transported by rivers
has resulted in pronounced nutrient enrichment in coastal waters, especially in estuarine
regions [55]. DIN concentrations at the Liao River estuary can exceed 0.8 mg/L. In contrast,
low DIN levels, occur in offshore regions distant from major river mouths and densely
populated areas, where dilution and exchange with the open ocean through the Bohai
Strait dominate. The spatial distribution of SRP differs substantially from that of DIN,
exhibiting a distinct north–south gradient with higher concentrations in the north. Elevated
SRP levels were mainly observed in northern Liaodong Bay, the Dalian coastal area, and
northern Bohai Bay, with maximum values reaching ~0.02 mg/L near the Liao and Hun
River estuaries. Similar to DIN, SRP enrichment in nearshore waters is primarily driven by
riverine inputs.

Figure 6. (a) shows the spatial distribution of DIN based on the average results over 6 years period
2018 to 2023. (b) shows the spatial distribution of SRP based on the average results over 6 years
period 2018 to 2023.

Figure 7 illustrates the interannual variations in annual mean DIN and SRP concentra-
tions in the Bohai Sea from 2018 to 2023. The interannual trends of DIN and SRP concentra-
tions were further examined using linear regression and the MannKendall method. Both
DIN and SRP exhibited weak decreasing trends over the study period, with estimated slops
of approximately −0.0021 mg/L−1·year−1 and −0.00023 mg·L−1·year−1, respectively. De-
spite the overall downward trend, the annual average concentrations of DIN and SRP both
rebounded to varying degrees in 2021. This may indicate that DIN and SRP levels in the Bo-
hai Sea during that year increased due to environmental or human-induced disturbances.
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Figure 7. Annual DIN and SRP results for the Bohai Sea from 2018 to 2023. The annual average image
of the Bohai Sea was calculated by averaging the statistics for each pixel, and then the average of the
pixel concentrations in the annual average image for each year were calculated to obtain the annual
average concentration.

4.3.2. Intra-Annual Spatiotemporal Variation

Seasonal statistics indicate that DIN and SRP in the Bohai Sea exhibit pronounced
seasonal variability across the four seasons (Figures 8 and 9). Both DIN and SRP display
consistent seasonal patterns, with minimum concentrations in summer and maximum
concentrations in winter.

Figure 8. Seasonal distribution of DIN and SRP in the Bohai sea.
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Figure 9. Seasonal concentrations of DIN and SRP in the Bohai sea, and the nitrogen-to-phosphorus
ratios. The average of the daily concentrations recorded during each season between 2018 and 2023
as the average concentration for that season. Mean values were calculated from the observations and
subjected to statistical significance testing (p < 0.05) to assess the reliability of differences.

In spring, DIN levels are generally elevated, particularly in estuarine and nearshore
regions of northern Liaodong Bay and Laizhou Bay, reflecting strong terrestrial inputs from
rivers and sewage outfalls and a rapid decrease toward offshore. During summer, DIN
concentrations decline markedly across most areas, remaining relatively high only in local-
ized coastal zones. This decrease is mainly attributed to enhanced phytoplankton uptake
under warm conditions [56]. Notably, DIN levels along the Bohai Bay coast are higher in
summer than in spring, likely due to increased precipitation and riverine nitrogen inputs
during the wet season [57,58]. In autumn, DIN concentrations rebound as phytoplankton
activity weakens, with high-value zones reappearing in northern Liaodong Bay and along
the Laizhou Bay coast. In winter, DIN reaches its annual maximum and expands over most
of the Bohai Sea, reflecting reduced biological uptake under low temperatures [59]. How-
ever, nearshore DIN levels in Bohai Bay and Laizhou Bay remain lower than in autumn,
consistent with diminished precipitation and river runoff during the dry season.

The seasonal distribution of SRP exhibits pronounced differences. In spring, SRP
concentrations are generally low, with high values mainly confined to northern Liaodong
Bay. Summer shows a similar spatial pattern, but with slightly lower concentrations, as
enhanced biological uptake offsets increased terrestrial phosphorus inputs. In autumn,
SRP concentrations increase markedly, accompanied by a significant expansion of high-
value zones. Persistent high-SRP zones occur in Liaodong Bay and adjacent waters, with
elevated values also in northern Bohai Bay. SRP concentrations in the central Bohai Sea
markedly exceed spring and summer levels. In winter, SRP reaches its annual maximum,
with high-concentration areas further expanding across northern and eastern Liaodong Bay
and along the coasts of Bohai Bay and Laizhou Bay.

DIN and SRP exhibit broadly consistent seasonal trends, whereas the mean N/P
ratio (Text S2) remains relatively high during spring and summer. The N/P ratio reaches
maximum in spring and then declines to a minimum in winter, indicating stronger seasonal
variability in SRP than DIN. Seasonal mean N/P ratios in all four seasons exceed the
Redfield ratio with a value of 16, highlighting the necessity for enhanced nitrogen input
control in the Bohai Sea, especially during spring and summer.

Figure 10 illustrates the monthly variations in multi-year mean DIN and SRP concen-
trations in the Bohai Sea from 2018 to 2023 (Text S3). DIN concentrations range from 0.11
to 0.28 mg/L, while SRP varies from 0.004 to 0.016 mg/L. SRP exhibits stronger seasonal
variability than DIN, reflecting greater biological regulation, with pronounced summer
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depletion due to phytoplankton uptake and recovery during autumn and winter. DIN
reaches its minimum in June–July and peaks in December–February, whereas SRP is lowest
in June–July and attains its maximum in December.

Figure 10. Monthly time series of DIN and SRP in the Bohai sea during 2018 to 2023.

4.3.3. Water Quality Assessment

Based on the National Seawater Quality Standards (NSWQS, GB3097-1997), DIN and
SRP concentrations in the Bohai Sea were classified into five water quality grades (Figure 11).
The details regarding the NSWQS are shown in Text S4 and Table S3. From 2018 to 2023,
Case I consistently dominated the classifications for both parameters. For DIN, Case I
accounted for 66.7–68.7% of observations, followed by Case II and Case III, with Case IV
and Case V contributing marginally; the proportion of Case I showed slight fluctuations but
an overall increasing trend. In contrast, SRP classifications were more uniform, with Case
I accounting for 95.3–97.6% and Case II for only 2.4–4.3%, the latter declining after 2021.
These trends suggest that the Bohai Comprehensive Management Action Plan implemented
since 2018 has contributed to overall improvements in seawater quality.

Figure 11. (a) shows the histograms of the water quality classification area in 2018 to 2023 based on
DIN. (b) shows the histograms of the water quality classification area in 2018 to 2023 based on SRP.
The annual average image was calculated by averaging the daily average image intensity for each
year (p < 0.05) to classify water quality categories.

5. Discussion
5.1. Ablation Experiment

Different categories of feature combinations were input into the CatBoost model, and
their inversion performance for DIN and SRP was evaluated after feature selection (Table 6).
Model using only Rrs(λ) showed relatively low accuracy. When spectral morphological
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features were combined with Rrs(λ), test-set MAPE decreased by 10.83% for DIN and 10.67%
for SRP, with a slight increase in SRP R2, indicating that morphological features complement
spectral information in capturing nonlinear relationships. As shown in rows 2–4 of Table 6,
the accuracy of both DIN and SRP inversion models improved when spectral features were
individually combined with environmental data or with spatiotemporal information. This
suggests that nutrient concentrations in water bodies are influenced not only by optical
properties but also by environmental factors, and their distributions exhibit pronounced
spatiotemporal heterogeneity. Incorporating environmental factors effectively compensates
for the limitations of spectral features in capturing water quality variations. The inclusion
of spatiotemporal prior information further enables the model to capture patterns of
background variability. By integrating spectral characteristics, environmental factors, and
spatiotemporal elements as model inputs, the MAPE of the DIN and SRP inversion models
decreased by 17.41% and 16.79%, respectively, accompanied by a substantial increase in R2.

Table 6. Accuracy evaluation of different feature inputs based on Bayes-CatBoost model. Rrs (λ)
represents the water-leaving reflectance of the sentinel-3 OLCI band in the visible spectrum. SC
named as spectral characteristics represents the sum of spectral single-band data, band combinations
and spectral morphological characteristics. ED named as environmental data, represents these
environmental features input into the model. ST named as spatio-temporal information represents
the information of space time and the cycle of time.

Input
Feature

DIN SRP

R2 MAE RMSE MAPE% R2 MAE RMSE MAPE%

1 Rrs (λ) 0.62 0.09 0.141 46.75 0.48 0.004 0.005 57.68
2 SC 0.62 0.09 0.140 35.92 0.49 0.004 0.006 47.01
3 SC&ED 0.74 0.08 0.114 34.93 0.57 0.004 0.005 46.15
4 SC&ST 0.77 0.07 0.109 39.17 0.64 0.003 0.005 48.40
5 ED&ST 0.81 0.06 0.096 32.02 0.46 0.004 0.005 48.85
6 SC&ED&ST 0.82 0.06 0.099 29.34 0.68 0.003 0.004 40.89

5.2. Interpretation of the Optimal Model Based on SHAP

The Figure 12 presents the SHapley Additive exPlanations (SHAP) values of individual
features in the DIN and SRP models. The contributions of different feature types were
further examined using SHAP values, and their physical interpretations were analyzed.

In the DIN model (Figure 12a,b), the SHAP values for latitude and longitude exhibit
a wide distribution, with relatively high mean values in the global interpretation. This
indicates that spatial distribution features provide strong explanatory power for DIN
variations. Among the spectral features, the combination N8 (7,5,10) contributes most
prominently to the model. Analysis of it and the other two band combinations suggests that
the red and green bands play a significant role in the DIN inversion model. This suggests
that DIN is indirectly represented in the spectral signal through its coupling with optically
active substances, including chlorophyll, suspended matter, and CDOM. In the DIN model,
SHAP values corresponding to high eigenvalue points are all negative, indicating that
low salinity positively influences model predictions. Low-salinity zones typically occur
in nearshore areas and estuaries, where terrestrial runoff dilutes seawater salinity while
concurrently delivering substantial nutrient loads into the ocean [60]. Consequently, low-
salinity areas generally correspond to elevated nutrient concentrations [61]. The SHAP
values associated with precipitation are both positive and negative, yet its contribution to
the model ranks relatively low. This indicates that precipitation does not directly increase
DIN concentrations. Rather, precipitation likely influences DIN predictions indirectly by
transporting nitrogen into water bodies via enhanced terrestrial runoff.
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Figure 12. Interpretability results of features for Bayes-CatBoost model used on the retrieval of
DIN and SRP by SHAP analysis. (a,c), respectively, show the local explainable results of DIN and
SRP. (b,d), respectively, show the global explainable results of DIN and SRP. Higher values in the
left column indicate stronger influence, with color representing feature magnitude (blue: low, red:
high). In the right column, the mean absolute SHAP values represent contribution of features to the
overall model.

In the SRP model (Figure 12c,d), latitude and longitude remain among the top-ranked
features in the SHAP analysis, indicating that SRP concentrations are strongly influenced by
spatial factors. DOY also exhibits a relatively high contribution in the SRP model, highlight-
ing the significant influence of seasonal temporal factors. The SRP model employs a larger
set of spectral features, combining multiple bands to span the entire spectral range. This
reflects the complex nonlinear relationships between SRP and optically active substances
in water, necessitating more extensive spectral information for accurate representation.
Notably, the SHAP values for the spectral morphological parameter G2 (red dot) are pre-
dominantly positive, suggesting that more pronounced morphological features positively
influence SRP concentrations. In addition, precipitation, sea surface height, sea surface
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temperature, and water flow velocity all contribute to the SRP model. Taking ZOS as an
example, ZOS showed a moderate strong correlation with SRP, and the SHAP values of red
points were mostly less than zero. This indicates that higher ZOS values exert a stronger
negative influence on SRP concentrations. In contrast, nearer to the coastline and estuaries,
sea surface elevations are lower, corresponding to higher nutrient concentrations. Sea
surface temperature and current velocity influence SRP retrieval by modulating plankton
activity and altering nutrient spatial distributions, respectively [62,63].

Overall, amounts of nutrients, including DIN and SRP are discharged into the seawa-
ter, promoting the proliferation of phytoplankton, which affects the optical properties of
the seawater. Riverine discharge typically carries high loads of nutrients into coastal waters
while simultaneously reducing salinity. Therefore, low salinity often indicate the presence
of the area of water enriched with DIN and SRP. This relationship is particularly significant
in regions influenced by strong land and sea interactions, where salinity can effectively trace
the spatial extent and intensity of terrestrial nutrient inputs. In this sense, salinity compen-
sates for the weak spectral response of DIN and SRP by providing indirect but physically
meaningful information about their sources. Temperature regulates phytoplankton growth
rates and biogeochemical cycling processes, all of which influence nutrient concentrations.
For instance, higher temperatures in summer enhance biological uptake of nutrients, while
winter mixing can replenish surface nutrient levels. Precipitation is closely linked to the
magnitude and timing of terrestrial nutrient inputs. Increased precipitation enhances river
runoff and surface erosion, leading to higher fluxes of nitrogen and phosphorus into coastal
waters. This process is often episodic and exhibits strong seasonal variability, especially
in rainfall dominated period. Ocean currents and flow velocity represent the primary
mechanisms governing the transport and dispersion of nutrients after their introduction
into the marine environment. All of these parameters contribute to the retrieval of DIN and
SRP depend on their direct or indirect effects on nutrients.

5.3. Comparison with Previous Studies

Due to differences in modeling approaches, models developed in previous studies
exhibit substantial variability in their performance when estimating non-optical water
quality parameters. In this study, spatiotemporal factors and multiple natural environ-
mental variables are integrated with spectral data to construct inversion models. Feature
selection is conducted using an iterative strategy based on feature importance ranking to
identify the optimal feature combination which optimizes model performance. Ref. [14]
proposed a novel zoning-based ensemble modeling strategy and achieved R2 values of 0.56
for ammonia nitrogen, 0.54 for chemical oxygen demand, and 0.57 for dissolved oxygen.
Ref. [64] developed six machine learning models optimized using intelligent optimization
algorithms to retrieve water quality parameters, with the best-performing model achieving
R2 values of 0.545 for total phosphorus, 0.418 for total nitrogen, and 0.653 for dissolved
oxygen. Ref. [38] employed multi-source data integration and advanced machine learning
algorithms, achieving an R2 value of 0.78 for total nitrogen in Poyang Lake. In contrast,
the models developed in this study achieved R2 values of 0.82 for nitrogen and 0.68 for
phosphorus, respectively, indicating robust and competitive performance.

In terms of model applicability, we incorporated environmental variables influencing
DIN and SRP concentrations in the Bohai Sea, including climatic factors such as precipi-
tation and hydrological variables such as sea surface temperature and currents, thereby
compensating for limited spectral information. In addition, integrating spatiotemporal
factors enhanced the model’s capacity to capture heterogeneity in nutrient dynamics with
optically complex water. For model selection, multiple machine learning (ML) algorithms
were evaluated and optimized using Bayesian optimization and cross-validation. This
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approach ensured that the final inversion model achieved optimal performance while
maintaining accuracy and robustness.

5.4. Limitations and Future Prospects

Regarding feature inputs, we did not restrict our analysis to spectral bands, band
combinations, and various indices alone. We found that input features for the NAWQPs
inversion model could additionally be derived from differences in spectral morphology [39].
By adapting the MSMCF for feature extraction across multiple spectral scales, we observed
that its contribution to overall model performance enhancement was relatively limited.
When constructing inversion models based solely on spectral features, the inclusion of
spectral morphology parameters can significantly improve model performance in terms of
MAPE. However, in the final integrated inversion model, the advantages of morphological
features were not observed. Future research should aim to integrate water body morpho-
logical variations to systematically explore characteristics tailored to different water bodies,
thereby further enhancing inversion accuracy and model capability.

Secondly, the availability of high-concentration training samples is limited. Among all
training samples, only 34 exhibited DIN concentrations above 0.8 mg/L, and 46 exhibited
SRP concentrations above 0.025 mg/L, corresponding to 3.31% and 4.57%, respectively.
This scarcity directly results in underestimation of actual nutrient concentrations during
model prediction at high levels. For instance, as shown in the validation results in Figure 5,
when actual nutrient concentrations are excessively high, predicted values are generally
underestimated relative to observations. The model demonstrates good performance in
low-concentration regions, but underperforms in high-concentration areas, limiting its
generalization and robustness [23].

Furthermore, during model development, incorporating spatiotemporal informa-
tion may introduce spatial discontinuities in inversion outputs. This phenomenon was
observed in the DIN inversion results shown in Figures 6a and 8a–d. Recently, the Geo-
graphical Extreme Gradient Boosting (G-XGBoost) model has been developed. This model
generates localized submodels by incorporating spatial kernel functions and integrates
them with the global model, thereby directly assigning spatial weights within the model
framework [65,66]. Therefore, future studies may adopt G-XGBoost and Geographically
Weighted Random Forest (GWRF) models [67,68]. These approaches address the issue by
incorporating spatial information as model features, rather than directly including spatial
coordinates as input variables.

6. Conclusions
In this study, we integrated Sentinel-3 OLCI remote sensing data, in situ measure-

ments, multi-source environmental variables, and spatiotemporal information to develop
RFR, XGBoost, and CatBoost models for the inversion of DIN and SRP concentrations.
We analyzed the spectral differences arising from the alignment of in situ measurements
with corresponding satellite pixels. Building on spectral characteristics, we further incor-
porated environmental drivers and spatiotemporal variables to enrich the feature set. By
ranking features according to their importance, we investigated the influence of different
feature combinations on model performance, ultimately determining the optimal input
features for each model. Incorporation of spatiotemporal and environmental variables
reduced model inversion errors by 17.41% and 16.79%, respectively. Bayesian optimization
was applied to tune the hyperparameters of each model, resulting in Bayes-RFR, Bayes-
XGBoost, and Bayes-CatBoost models. Evaluation of the three models demonstrates that
Bayes-CatBoost achieves superior performance, with DIN inversion yielding R2 = 0.82,
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MAE = 0.06 mg/L, RMSE = 0.099 mg/L, and MAPE = 29.34%, and SRP inversion yielding
R2 = 0.68, MAE = 0.003 mg/L, RMSE = 0.004 mg/L, and MAPE = 40.89%.

The model was applied to Sentinel-3 OLCI imagery of the Bohai Sea to estimate
DIN and SRP concentrations from 2018 to 2023 and to perform a spatiotemporal analysis.
The results indicate that, in recent years, annual average concentrations of both DIN
and SRP in the Bohai Sea have remained relatively stable, exhibiting a slight downward
trend. Based on water quality classification according to the Sea Water Quality Standard
(GB 3097-1997), DIN and SRP in the Bohai Sea are predominantly classified as Class I,
with their relative proportions exhibiting a modest upward trend. This suggests that
recent comprehensive management initiatives in the Bohai Sea have yielded measurable
positive effects. Seasonally, both DIN and SRP exhibit minimum concentrations in summer
and maximum concentrations in winter; notably, SRP shows greater seasonal variability,
indicating a stronger influence of phytoplankton-mediated uptake and transformation
processes. The N/P ratios in the Bohai Sea substantially exceed the Redfield ratio across
all seasons, highlighting the continued need for targeted monitoring and management of
nitrogen emissions.
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