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Abstract

Turbid Class II inland waters such as Taihu Lake exhibit a “spectral uplift” effect driven
by suspended particulate matter (SPM) scattering and colored dissolved organic matter
(CDOM) absorption, which can obscure chlorophyll-a (Chl-a) signals in the visible–red-
edge region and challenge retrieval under small-sample, collinear feature settings. Using
multispectral observations from the BC-1A satellite (carrying the Lightweight Hyper-
spectral Remote Sensing Imager, LHRSI) and synchronous satellite–ground in situ mea-
surements acquired over Taihu Lake in late autumn, this study proposes Chl-a-oriented
PCA–RF (COP-RF), a leakage-safe inversion framework integrating correlation screening,
principal component analysis (PCA), and random forest (RF) regression. Candidate band-
combination features are generated, and PCA is applied for orthogonal compression to
mitigate collinearity before RF learning. A stratified five-fold cross-validation based on
Chl-a quantile bins is adopted, with screening, standardization, and PCA fitted only on
training folds. COP-RF achieves stable performance under the current dataset (R2 = 0.671,
RMSE = 1.80 µg/L, MAE = 1.25 µg/L). Spatial inversion shows higher Chl-a near shores
and bays and lower values in the lake center, consistent with Sentinel-2 hotspot ranks.
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1. Introduction
Lakes are fundamental units supporting regional freshwater supply and ecological

security, providing essential ecosystem services such as climate regulation, biodiversity main-
tenance, and the safeguarding of water resources for production and daily life [1]. With rapid
industrialization and urbanization across watersheds, the sustained inputs of nutrients (no-
tably nitrogen and phosphorus) have intensified eutrophication worldwide. Taihu Lake,
located in the core of the Yangtze River Delta, is a representative shallow lake and a major
source of drinking water , while also undertaking multiple functions related to regional eco-
logical regulation and socio-economic development. Driven jointly by external loading and
internal release from sediments, Taihu Lake has remained in a long-term eutrophic state; in
summer, the concurrence of high temperature, weak hydrodynamics, and abundant nutrients
frequently triggers cyanobacterial blooms, leading to pronounced short-term variability and
strong spatial heterogeneity in key biogeochemical parameters [2]. Chlorophyll-a (Chl-a),
a core indicator of phytoplankton biomass, directly reflects eutrophication status and sup-
ports bloom-risk early warning; accurate characterization of its spatiotemporal distribution
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is therefore crucial for assessing aquatic environmental health and diagnosing remediation
effectiveness [3].

Although traditional in situ sampling provides high accuracy, it is typically point-
based with limited sampling frequency, making it difficult to represent the rapidly evolving
spatial patterns of large shallow lakes under wind–wave disturbance and water-mass
transport, and to capture the transient onset and decay of blooms. Satellite remote sensing
offers wide-area coverage and periodic repeat observations, providing a feasible pathway
toward high-frequency, large-coverage water-quality monitoring systems [4]. However,
quantitative remote sensing of Chl-a depends on establishing the response relationship
between apparent optical properties and the absorption and scattering characteristics of
optically active constituents in water. According to the optical complexity framework
proposed by Morel and Prieur, natural waters can be broadly classified into Case I and
Case II waters [5]. Case I waters are mainly governed by phytoplankton and related
substances, whereas Case II waters are jointly influenced by multiple optically active
constituents. Taihu Lake is a typical Case II water body, whose optical properties are jointly
controlled by phytoplankton, suspended particulates, and colored dissolved organic matter
(CDOM) [6]. The absorption and scattering contributions of these constituents are strongly
coupled in the visible bands, resulting in overlapping spectral responses and increased
inversion ambiguity [7].

Water-color remote sensing is transitioning from reliance on a few large, operational
single-satellite platforms to coordinated observation strategies that combine lightweight
payloads with high-revisit systems [8]. For Chl-a retrieval in turbid inland waters such as
Taihu Lake, observational capability has long been constrained by trade-offs between spatial
resolution, spectral configuration, and revisit frequency. Moderate-to-coarse resolution
sensors such as MODIS [9] provide high revisit rates and long time series, enabling large-
scale trend monitoring, but they are prone to mixed pixels and adjacency effects in regions
with fragmented shorelines and strong nearshore gradients, limiting their ability to resolve
fine-scale water-color variability. Dedicated ocean-color instruments (e.g., Sentinel-3 OLCI)
offer spectral bands better aligned with water-color processes [10], yet their ∼300 m spatial
resolution restricts characterization of localized high-value zones and nearshore structures
in inland lakes. In contrast, land-oriented multispectral missions (e.g., Sentinel-2 MSI
and Landsat-8/9) provide higher spatial resolution (10–30 m), substantially alleviating
mixed-pixel effects; consequently, they have been widely applied for inland-water Chl-a
retrieval and bloom detection [11].

The rapid development of China’s spaceborne observation capabilities provides new
opportunities for refined monitoring of inland waters [12]. In recent years, the Gaofen
series [13,14] and commercial constellations such as Zhuhai-1 [15] have continuously im-
proved in spatial resolution, coverage efficiency, and data-access mechanisms, enriching
data sources for routine remote-sensing monitoring of lake environments [16]. In this con-
text, the BC-1A satellite is equipped with the Lightweight Hyperspectral Remote Sensing
Imager (LHRSI) [17], achieving a synergy of 10 m spatial resolution and a 200 km swath
width under lightweight constraints. This capability can simultaneously support wide-area
coverage and fine-scale depiction of nearshore structures, providing new data support for
detailed monitoring of inland lakes such as Taihu Lake. For water-color applications, LHRSI
spans the visible to near-infrared range and includes key bands in the red-to-red-edge
transition, which helps emphasize the coupled absorption, fluorescence, and scattering
responses of Chl-a and thus enhances the expression of Chl-a-related spectral-shape dif-
ferences in turbid waters. Meanwhile, techniques such as time-delayed integration (TDI)
improve the radiometric signal-to-noise ratio and image quality, forming a data foundation
for quantitative inversion and cross-temporal applications under optically complex con-
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ditions. Overall, BC-1A offers an observation-capability combination that is better suited
to operational inland-water applications by balancing spatial resolution, swath width,
and cost, thereby supporting a China-based water-quality remote-sensing monitoring
framework and increasing the practical significance of developing and validating robust
inversion models for turbid waters.

Methods for quantitatively estimating water-body Chl-a from remote sensing gener-
ally fall into three categories: empirical algorithms, semi-analytical models, and machine-
learning/deep-learning approaches [17]. Empirical algorithms establish statistical relation-
ships between Chl-a and remote-sensing reflectance (or its combinations) via regression fitting;
they are simple and computationally efficient, and have been widely used in water-color
studies. Typical forms include band ratios, differences, indices, and spectral-shape param-
eters, and index systems can be designed for bloom monitoring in eutrophic waters [18].
In recent years, machine-learning methods such as random forest (RF) [19], support vector
regression (SVR) [20], and XGBoost [21] have shown greater robustness in complex optical
backgrounds due to their nonlinear fitting capacity, although they remain sensitive to sample
representativeness and feature redundancy [22,23].

Against this background, this study uses Taihu Lake as the testbed and integrates
synchronous satellite–ground observations to evaluate the applicability and stability of
BC-1A for quantitative Chl-a retrieval in turbid inland waters. We develop an inversion
pipeline centered on a correlation-constrained principal component analysis (PCA) coupled
with RF regression, and quantify model accuracy and generalization under a stratified
cross-validation protocol. Basin-wide Chl-a mapping is further produced, and the resulting
spatial structures are compared with quantile-ranked hotspot patterns derived from the
Sentinel-2 Normalized Difference Chlorophyll Index (NDCI) to examine spatial-consistency
characteristics. Key parameter settings and implementation details are provided to support
the application of BC-1A multispectral data for inland-water-quality remote sensing and to
facilitate subsequent multi-temporal validation.

2. Data Sources
2.1. Study Area

Taihu Lake (30◦55′–31◦32′ N, 119◦52′–120◦36′ E) is located at the southern margin of
the Yangtze River Delta and is the third-largest freshwater lake in China, with a surface area
of approximately 2338 km2 [24]. It is a large, shallow, throughflow lake characterized by a
flat lakebed and a mean water depth of about 1.9 m. Influenced by the monsoon climate
and intensive human activities, summer conditions are associated with elevated water
temperature and increased nutrient loading, making large-scale cyanobacterial blooms
prone to outbreak [25]. In winter, lower temperatures and enhanced wind–wave distur-
bance strengthen water-column mixing, resulting in markedly reduced algal biomass and
relatively higher water transparency. Taihu Lake exhibits complex hydrodynamic regimes,
where wind-driven currents and basin-scale circulations play an important role in shap-
ing the spatiotemporal distribution of water quality, making it a representative eutrophic
shallow-lake testbed for related research [26].

2.2. Satellite Data

The BC-1A satellite was launched on 17 January 2025 and carries sensors provid-
ing continuous narrowband observations spanning the visible–near-infrared (VNIR) and
shortwave infrared (SWIR) ranges. In this study, the 10 m VNIR bands were used as
model input features, including the center wavelengths at 412, 443, 490, 555, 620, 670, 690,
and 740 nm. Among them, 670, 690, and 740 nm are key bands for chlorophyll-a retrieval.
Satellite scenes with cloud cover below 10% were selected. A water mask was derived

https://doi.org/10.3390/s26082535

https://doi.org/10.3390/s26082535


Sensors 2026, 26, 2535 4 of 19

using the normalized difference water index (NDWI) [27], and valid water pixels were
further obtained by removing shadow-contaminated areas. The SWIR bands were used
only for aerosol constraint in atmospheric correction and were not included as inputs for
the subsequent inversion. The key VNIR band settings of BC-1A used in this study are
summarized in Table 1.

Table 1. Key band parameters of the BC-1A multispectral sensor used in this study.

Band
Center

Wavelength (nm)
Bandwidth

(nm) Spectral Characteristics

B1 412 30 Strong absorption by CDOM and detritus;
most sensitive to atmospheric scattering.

B2 443 30 Blue absorption peak of chlorophyll-a (first
absorption peak).

B3 490 30 Carotenoid absorption; auxiliary band for
pigment-related retrieval.

B4 555 30 Green reflectance peak; baseline reference
for turbid-water spectral shape.

B5 620 30 Diagnostic absorption of phycocyanin; key
band for cyanobacteria detection.

B6 670 30 Red absorption trough of chlorophyll-a
(second absorption peak).

B7 690 25 Onset of red-edge/fluorescence peak;
sensitive to high Chl-a concentrations.

B8 740 40
Near-infrared reflectance plateau;
dominated by particle scattering with weak
pigment absorption.

2.3. In Situ Measurement Time and Locations

To establish the correspondence between satellite-derived spectral features and in situ
Chl-a measurements, synchronous satellite–ground observations were conducted using
a time-matching window of ±4 h around the satellite overpass. A field campaign on
22 November 2025 was carried out over Taihu Lake. The lake surface conditions during the
campaign are shown in Figure 1a.

(a) (b)

Figure 1. Field campaign over Taihu Lake on 22 November 2025: (a) water surface conditions during
sampling; (b) spatial distribution of 59 valid in situ sampling sites with refined circular markers
for clarity.
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In situ Chl-a concentrations were determined using a portable water-quality analyzer
based on the fluorometric principle [28]. During field sampling, surface water at each
site was collected and placed in a black container under shaded conditions to minimize
interference from ambient stray light. The fluorescence probe of the portable water-quality
analyzer was then vertically positioned at a depth of approximately 0.1 m in the black
container for measurement. To reduce random measurement error and improve data
representativeness, five consecutive measurements were recorded at each site, and their
arithmetic mean was taken as the final in situ Chl-a concentration.

Considering potential geolocation uncertainty and small-scale water heterogeneity, the
mean reflectance within a 3 × 3 pixel window centered on each sampling site was extracted
as the remote-sensing representation of that site. After quality control and stability checks
using the coefficient of variation (CV) [29], 59 valid satellite–in situ matchup pairs were
retained for model development and validation, as shown in Figure 1b.

3. Methods
To evaluate the applicability of BC-1A observations for chlorophyll-a (Chl-a) retrieval

in the turbid waters of Taihu Lake, this study established a Chl-a-oriented PCA–RF (COP-
RF) framework, in which correlation-constrained principal component analysis (PCA)
was combined with random forest (RF) regression. The overall workflow includes four
main steps:

1. Data preprocessing: radiometric calibration and atmospheric correction, water-mask
generation, and removal of anomalous pixels.

2. Feature construction: generation of candidate predictors from single-band reflectance
and band-combination features, including ratios, differences, and normalized differences.

3. Feature compression: Pearson-correlation-based Top-N pre-screening followed by
PCA-based orthogonal dimensionality reduction to alleviate collinearity.

4. Modeling and validation: R2 RF regression modeling within a cross-validation frame-
work, with model performance evaluated using cross-validated predictions and cor-
responding accuracy metrics such as R2 and RMSE. Under the optimal parameter
setting, single-scene spatial inversion and comparative analysis are further conducted.

3.1. Radiometric Calibration and Atmospheric Correction

To reduce sensor-response inconsistencies and convert raw digital numbers (DNs) into
physically meaningful at-sensor radiance (L), a linear calibration model was applied:

Lb = gb · DNb + ob, (1)

where b denotes the band index; Lb is the at-sensor radiance (units: W m−2 sr−1 µm−1);
gb is the calibration gain (slope); and ob is the offset (bias). Multi-level radiance mea-
surements acquired using an integrating-sphere uniform source were used to estimate
(gb, ob) via linear regression. The calibration results show an approximately linear
DN–radiance response for both the visible (VNIR) and shortwave infrared (SWIR) bands
(Figures 2 and 3). In particular, the non-zero intercept observed in SWIR bands suggests
the presence of system dark current, which should be corrected during calibration.
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Figure 2. Radiometric calibration curves for the visible–near-infrared (VNIR) bands. L denotes
at-sensor radiance and DN denotes digital number.

Figure 3. Radiometric calibration curves for the shortwave infrared (SWIR) bands. L denotes at-sensor
radiance and DN denotes digital number.

Based on radiometric calibration, atmospheric correction was performed using the
FLAASH method [30], which is based on the MODTRAN radiative transfer code. FLAASH
was used to estimate path radiance, atmospheric transmittance, and multiple-scattering
terms, thereby converting top-of-atmosphere (TOA) signals to surface reflectance. Con-
sidering the inland plain setting of Taihu Lake, the rural aerosol model was adopted for
atmospheric correction. Because water reflectance is low in the SWIR region, whereas
SWIR is relatively sensitive to aerosol scattering, SWIR bands were used to constrain
aerosol effects during atmospheric correction, thereby reducing scattering-related bias in
the visible bands. To mitigate potential land-to-water radiance contamination in nearshore
areas, the built-in adjacency-effect correction in FLAASH was applied during atmospheric
correction. SWIR bands were used only for aerosol constraint and were not included as
inputs for subsequent Chl-a inversion.
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3.2. Water Masking and Removal of Anomalous Pixels

After atmospheric correction, a water mask was generated using NDWI [31] to restrict
model training and inference to valid water pixels, and anomalous pixels associated with
clouds, cloud shadows, and their neighboring areas were excluded. Based on local trial
comparisons and visual interpretation, the NDWI threshold was set to 0.05. Pixels with
NDWI > 0.05 were classified as valid water pixels, whereas the remaining pixels were
regarded as land or shoreline-mixed pixels and removed. Because cyanobacterial bloom
regions in Taihu Lake may exhibit abnormally elevated near-infrared (NIR) reflectance,
which may reduce the effectiveness of NDWI-based water extraction, the mask was further
refined using visual interpretation and cloud-mask products.

For BC-1A, NDWI was defined according to the sensor band configuration as

NDWI =
Rgreen − RNIR

Rgreen + RNIR
=

R555 − R740

R555 + R740
, (2)

where R555 and R740 denote surface reflectance at 555 nm (green) and 740 nm
(NIR), respectively.

3.3. Feature Construction

Empirical Chl-a retrieval methods commonly use band-combination variables as
inputs and approximate the relationship between Chl-a and reflectance via statistical
mappings. Considering that turbid waters typically exhibit pronounced variations in
overall brightness and a background-scattering-induced uplift of the reflectance spectrum,
we summarize the candidate empirical features into two categories of “spectral-contrast”
constructions: band ratios and normalized-difference indices. For any two bands i and j,
the two forms are defined as

Ratio (i, j) =
Ri
Rj

, ND (i, j) =
Ri − Rj

Ri + Rj
, (3)

where Ri and Rj denote the surface reflectance at the corresponding band centers. In con-
structing the candidate feature set, we do not predefine specific band pairs. Instead, all
available bands are exhaustively paired to generate ratio and normalized-difference fea-
tures, and the most effective input forms for Chl-a inversion are subsequently determined
through correlation screening and cross-validation.

3.4. Pearson Correlation Analysis and Principal Component Analysis

The Pearson correlation coefficient is a statistical measure of linear association be-
tween two continuous variables, with values ranging from −1 to 1 [32]. A positive value
indicates a positive linear relationship, whereas a negative value indicates a negative linear
relationship; the magnitude |r| increases with the strength of linear correlation.

The coefficient is computed as

rxy =
∑N

n=1(xn − x̄)(yn − ȳ)√
∑N

n=1(xn − x̄)2
√

∑N
n=1(yn − ȳ)2

, (4)

where x̄ and ȳ are the sample means of variables x and y, respectively, and N is the
sample size.

Principal component analysis (PCA) is a widely used multivariate statistical tech-
nique that projects the original high-dimensional variables onto a lower-dimensional space
spanned by mutually orthogonal principal components (PCs), thereby enabling dimen-
sionality reduction while reducing redundancy among variables [33]. Let the standardized
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data matrix be X ∈ RN×p, where N is the number of samples and p is the number of
original variables. PCA first standardizes X to remove scale effects, then computes the
sample covariance matrix and performs eigen-decomposition. The eigenvectors define the
directions of PCs, and the eigenvalues quantify the variance explained by each PC. The top
k PCs are selected in descending order of eigenvalues such that the cumulative explained
variance reaches a predefined threshold (e.g., 90% or 95%), yielding a compact and more
stable representation for subsequent modeling. Each PC is a linear combination of the
original variables, with coefficients given by the corresponding eigenvector.

3.5. Random Forest Regression

Random forest (RF) is a supervised learning algorithm under the ensemble-learning
paradigm that improves predictive accuracy and stability by aggregating a large num-
ber of decorrelated decision trees [19]. Specifically, bootstrap sampling (sampling with
replacement) is used to generate multiple training subsets from the original dataset, and a
decision tree is trained on each subset. During node splitting, a random subset of features
is considered when searching for the optimal split, introducing additional randomness that
reduces inter-tree correlation and enhances generalization.

For regression tasks, RF aggregates the outputs of individual trees by averaging their
predictions. Because each tree is trained on different bootstrap samples and randomly
selected feature subsets, RF can mitigate overfitting and remains robust to noisy inputs
and complex data distributions. Figure 4 illustrates the overall RF workflow: multiple
bootstrap subsets are used to train independent trees; each tree recursively splits nodes
until the stopping criteria are met; and the final prediction is obtained by averaging the
outputs across all trees.

Figure 4. Schematic illustration of the random forest (RF) regression workflow, including bootstrap
sampling, randomized feature selection at node splitting, and ensemble averaging of tree predictions.
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3.6. Accuracy Assessment Metrics

Model performance was evaluated using five-fold cross-validation. In each fold, four-
fifths of the samples were used for training and the remaining one-fifth for validation.
The procedure was repeated five times so that each sample was predicted exactly once by
a model that had not been trained on that sample. The out-of-fold predictions from all
folds were then aggregated to form a full-sample prediction vector, based on which the
coefficient of determination (R2), root mean square error (RMSE), and mean absolute error
(MAE) were computed as follows:

R2 = 1 − ∑N
n=1(yn − ŷn)2

∑N
n=1(yn − ȳ)2

, (5)

RMSE =

√√√√ 1
N

N

∑
n=1

(yn − ŷn)2, (6)

MAE =
1
N

N

∑
n=1

|yn − ŷn|, (7)

where yn and ŷn denote the measured and predicted Chl-a concentrations of the nth
sample, respectively, ȳ is the mean of measured values, and N is the total number of
matchup samples.

4. Results and Discussion
4.1. Spectral Characteristics of Taihu Lake Waters

Based on the surface reflectance derived from BC-1A, the bands corresponding to the
sampling sites were extracted to form water-leaving spectral curves (Figure 5). Overall,
Taihu Lake exhibits spectral-shape characteristics typical of turbid Case II waters across the
visible to near-infrared range. Reflectance in the blue region (412–443 nm) is generally low
with relatively pronounced fluctuations, which may be attributable to CDOM absorption
and residual errors from atmospheric correction. With increasing wavelength, reflectance
gradually rises and forms a distinct “green peak” around 555 nm, reflecting enhanced
backscattering from suspended particles in the visible domain. It then decreases toward the
red region and shows a pronounced trough at 670 nm, corresponding to Chl-a absorption
in the red band. In the red-edge region, reflectance rises again around 690 nm and shows
a red-edge/near-infrared enhancement response over 690–740 nm. A moderate decline
is observed near 740 nm, which may result from the combined effects of increased water
absorption and the sensor band setting. Even so, 740 nm still lies at the near-infrared side
of the red-edge transition and serves as an effective reference for capturing the contrast
between visible-band absorption and near-infrared scattering-related responses. This
is also consistent with the feature-screening results in Table 2, where multiple Top-10
features involve 740 nm, such as R620/R740, ND (740, 490), ND (740, 620), ND (740, 555),
and ND (740, 670). It should be noted that LHRSI is a multispectral instrument with a
limited number of bands and therefore cannot fully resolve the fine-scale structure of
continuous spectra. Despite this limitation, the characteristic combination of a green peak,
a red absorption trough, a red-edge rise, and subsequent near-infrared variation shown
in Figure 5 still provides key band-level constraints for interpreting Chl-a variability in
turbid waters.
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Figure 5. Surface reflectance spectra extracted at the in situ sampling sites over Taihu Lake using
BC-1A bands (412–740 nm).

Table 2. Top-10 candidate features ranked by absolute Pearson correlation with in situ Chl-a.

Rank Selected Feature Pearson r

1 R620/R740 −0.7877
2 ND (740, 490) 0.7845
3 ND (740, 620) 0.7840
4 ND (740, 555) 0.7803
5 ND (740, 670) 0.7754
6 R555/R740 −0.7729
7 R690/R490 0.7710
8 R670/R740 −0.7706
9 R690/R620 0.7615
10 R490/R740 −0.7569

4.2. Feature Construction and Screening

To better exploit multispectral information and improve Chl-a inversion accuracy,
a candidate feature set was constructed using an “original bands + enhanced band com-
binations” strategy. Specifically, single-band reflectance values were included as baseline
predictors, and ratio, difference, and normalized-difference (ND) features were further
generated from all possible band pairs. The Pearson correlation coefficient between each
candidate feature and in situ Chl-a was then computed; features were ranked by |r|, and the
Top-10 were selected as an initial screening result (Table 2).

Table 2 shows that the most strongly correlated predictors are dominated by ratio
terms and ND indices combining the 740 nm band with visible bands (e.g., R620/R740,
ND (740, 490), ND (740, 620), ND (740, 555), and ND (740, 670)). This indicates that, un-
der the current data conditions, the contrast between the near-infrared (740 nm) scattering
background and visible-band absorption information is more sensitive to Chl-a variabil-
ity. Correspondingly, several 740 nm based ratio features exhibit negative correlations,
reflecting the fact that visible and red-band responses decrease relative to the near-infrared
reference as Chl-a-related absorption strengthens. In addition, R690/R490 and R690/R620 ap-
pear in the Top-10 list, suggesting that the red-to-red-edge transition region around 690 nm
still contains spectral-shape information relevant to Chl-a. It should be emphasized that
Pearson correlation reflects only the strength of linear association and is therefore suitable
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for quickly discarding weakly related features; it is not equivalent to feature importance in
a nonlinear model.

Given the strong collinearity among the Top-10 features, principal component anal-
ysis (PCA) was applied to the screened feature set to obtain an orthogonal and reduced
representation (Figure 6). A cumulative explained-variance threshold of at least 95% was
adopted as the truncation criterion. Consequently, the first three principal components
were retained for subsequent modeling. The variance contributions of the first, second,
and third components are 86.7%, 6.6%, and 4.2%, respectively, yielding a cumulative ex-
plained variance of 97.5%. Therefore, the first three components were used as COP-RF
inputs to reduce redundancy and mitigate instability induced by multicollinearity.

Figure 6. Principal component analysis (PCA) results for the Top-10 screened features, showing the
explained variance and cumulative explained variance used to determine the retained components.

To further interpret the spectral meaning of the retained principal components,
the component coefficients of the Top-10 Pearson-screened features were examined (Table 3).
The results show that PC1 is primarily dominated by normalized-difference and ratio
features combining 740 nm with visible bands, including ND (740, 490), ND (740, 555),
ND (740, 620), R490/R740, R555/R740, and R620/R740. This suggests that the first component
mainly reflects the dominant contrast between the near-infrared reference background and
visible-band absorption/scattering responses. In contrast, the 690 nm related ratios, espe-
cially R690/R490 and R690/R620, contribute much more strongly to PC2 and PC3, indicating
that the red-to-red-edge transition around 690 nm preserves additional spectral-shape
variability beyond the dominant PC1 direction. Moreover, ND (740, 670) and R670/R740

show non-negligible contributions to both PC1 and PC3, implying that the 670–690–740 nm
neighborhood jointly reflects coupled variation among red-band absorption, red-edge
transition, and near-infrared reference signals. Overall, this coefficient pattern indicates
that the retained three-component representation is not only compact but also spectrally
interpretable, and may help reduce redundancy associated with dominant background
co-variation in the original feature space.
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Table 3. PCA component coefficients of the Top-10 Pearson-screened features retained for
COP-RF modeling.

Feature PC1 PC2 PC3

R620/R740 −0.338 0.145 −0.192
ND (740, 490) 0.369 −0.116 0.092
ND (740, 620) 0.345 −0.189 0.217
ND (740, 555) 0.362 0.084 −0.110
ND (740, 670) 0.331 0.215 0.340
R555/R740 −0.349 −0.093 0.119
R690/R490 0.148 0.667 0.445
R670/R740 −0.324 −0.202 −0.307
R690/R620 0.124 −0.597 0.687
R490/R740 −0.355 0.158 −0.058

4.3. Random Forest Model Development and Inversion Performance

Based on the Top-10 features identified in Section 4.2 and their PCA-based low-
dimensional representation, the first three PCs corresponding to a cumulative explained
variance of at least 95% were used as inputs to build an RF regression model for Chl-a
inversion. By integrating a large ensemble of regression trees, RF can capture nonlinear
mappings and typically maintains good robustness and generalization under small-sample
and multi-feature settings.

To obtain a reliable evaluation of generalization performance, a stratified five-fold
cross-validation scheme based on Chl-a quantile bins was adopted. Within each fold,
Pearson screening, standardization, and PCA fitting were performed exclusively on the
training set, and the resulting transformations were then applied to the corresponding
validation set, thereby avoiding information leakage caused by full-sample preprocess-
ing. After concatenating the out-of-fold predictions from all validation subsets, R2, RMSE,
and MAE were computed at the full-sample level as accuracy metrics. The model shows
stable performance under strict stratified cross-validation: the mean and standard devi-
ation of fold-wise R2 are 0.68 ± 0.11, and the aggregated out-of-fold evaluation yields
R2 = 0.671, RMSE = 1.80 µg/L, and MAE = 1.25 µg/L. The RF hyperparameters were set
to nestimators = 200, max_depth = 10, and random_state = 42.

The corresponding residual distribution is provided in Figure 7. Overall, the residuals
are approximately centered around zero, indicating that the proposed model captures Chl-a
variability with stable performance under stratified cross-validation.

Figure 7. Cross-validated performance of COP-RF: residual distribution derived from stratified
five-fold cross-validation.
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4.4. Model Comparison and Ablation Experiments

For fair comparison, all baseline models and ablation experiments were evaluated
under the same stratified five-fold cross-validation protocol based on Chl-a quantile bins.
In each fold, Pearson screening, standardization, and PCA fitting were conducted only on
the training subset and then applied to the validation subset.

4.4.1. Model Comparison

The aggregated out-of-fold scatter distributions and corresponding accuracy metrics
for different models are presented in Figure 8. In each panel, the reported R2, RMSE,
MAE, and Bias were calculated from the concatenated out-of-fold predictions under the
same stratified five-fold cross-validation protocol. Overall, the proposed COP-RF model
achieves the best comprehensive performance, with R2 = 0.671, RMSE = 1.80 µg/L,
MAE = 1.25 µg/L, and Bias = −0.03. Its scatter points are overall closest to the 1:1 reference
line and maintain relatively good agreement across low-, medium-, and high-concentration
ranges. For reference, the fold-wise validation R2 of COP-RF is 0.68 ± 0.11, which is
reported only as a supplementary indicator of cross-fold stability.

(a) (b)

(c) (d)

Figure 8. Cross-validation scatter plots and accuracy summaries for different models: (a) Ratio
(620,670); (b) ND (670,740); (c) SVR; (d) COP-RF.

In comparison, the support vector regression (SVR) model yields moderate perfor-
mance (R2 = 0.511). Although it captures part of the nonlinear relationship, it exhibits a
clear underestimation at the high-concentration end. Among empirical models, the red–
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near-infrared normalized-difference index using 670 and 740 nm performs better than other
single-variable indices (R2 = 0.521), confirming the physical sensitivity of the contrast
between the red absorption trough and the near-infrared reflectance peak for discriminating
spectral-shape differences in turbid waters. Although its bias is close to zero, the scatter still
shows pronounced heteroscedasticity, indicating that single-variable linear fitting is insuffi-
cient to handle nonlinear responses induced by coupled optical constituents. The two-band
ratio index Ratio (620, 670) has the weakest explanatory power (R2 < 0), showing severe
prediction “saturation” and failing to provide effective quantitative discrimination. This re-
sult highlights the limitation of simple band-ratio relationships in optically complex turbid
waters and further supports the use of multi-feature fusion and ensemble learning in the
COP-RF framework. The normalized-difference index (ND (670, 740)) can serve as a rapid
baseline tool, whereas the proposed COP-RF framework, through multi-feature fusion
and ensemble learning, substantially reduces inversion errors and improves predictive
consistency, making it more suitable for high-accuracy quantitative Chl-a retrieval in turbid
Case II waters such as Taihu Lake.

4.4.2. Ablation Experiments

To quantify the contributions of (i) band-combination feature construction, (ii) Pear-
son correlation screening, and (iii) PCA-based de-collinearity to inversion performance,
five ablation settings (M0–M4) were designed while fixing random forest as the regressor.
The evaluation protocol was identical to that described above. As summarized in Table 4,
the full pipeline M4 (band-combination features + Pearson Top-10 + PCA with cumulative
explained variance ≥95%) achieves the best performance (R2 = 0.67, RMSE = 1.81 µg/L,
MAE = 1.25 µg/L; fold-wise R2 = 0.68 ± 0.11). The baseline M0, which uses only the origi-
nal bands, shows substantially lower accuracy (R2 = 0.42). Introducing band-combination
features (M1) markedly improves accuracy (R2 = 0.62, RMSE = 1.87 µg/L) but also results
in larger inter-fold variability, suggesting that high-dimensional redundancy can compro-
mise stability. The performance of M2 (PCA applied without prior correlation screening)
decreases, indicating that the dominant variance directions may contain substantial back-
ground variability weakly related to Chl-a. Using correlation screening alone (M3) already
yields relatively high accuracy; however, its inputs still consist mainly of highly correlated
ratios and normalized-difference indices, leading to strong collinearity and increased sen-
sitivity to perturbations in the training folds. Building on M3, M4 further applies PCA
(≥95%) to orthogonalize and compress the Top-10 correlated features into a small set of
principal components, thereby reducing instability induced by redundant correlations
while preserving the main information content. The resulting lower overall errors and
improved generalization demonstrate that PCA-based de-collinearity is a necessary step
for this task.

Table 4. Ablation results of the random forest regressor under the same stratified five-fold cross-
validation protocol.

ID Combo Top-10 PCA R2 RMSE
(µg/L)

MAE
(µg/L) Fold R2

M0 (Baseline) × × × 0.42 2.12 1.45 0.42 ± 0.12
M1 ✓ × × 0.62 1.87 1.51 0.62 ± 0.17
M2 ✓ × ✓ 0.54 2.00 1.28 0.55 ± 0.13
M3 ✓ ✓ × 0.59 1.89 1.34 0.59 ± 0.13

M4 (Ours) ✓ ✓ ✓ 0.67 1.81 1.25 0.68 ± 0.11
✓: module applied; ×: module omitted. Combo: band-combination features; Top-10: Pearson |r| Top-10 screening;
PCA: PCA-based dimensionality reduction with cumulative explained variance ≥95%.
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4.5. Spatial Inversion

Figure 9 presents a qualitative quantile-rank comparison of single-scene spatial pat-
terns over Taihu Lake. Using the optimal inversion model and parameter settings described
above, Chl-a was mapped from the BC-1A image acquired on 22 November 2025, and pixel-
wise results were obtained after water masking and quality control. To emphasize spatial
structure while reducing cross-sensor discrepancies in absolute magnitude, we did not com-
pare absolute concentrations directly. Instead, the BC-1A-retrieved Chl-a map (Figure 9a)
and NDCI derived from Sentinel-2 on 23 November 2025 (Figure 9b) were independently
discretized into five quantile-based classes within their respective water extents (Class 1:
0–20%; Class 2: 20–40%; Class 3: 40–60%; Class 4: 60–80%; Class 5: 80–100%), and a unified
color scheme was used to indicate relative intensity.

(a) (b)

Figure 9. Quantile-ranked spatial patterns over Taihu Lake: (a) Chl-a concentration map retrieved
from BC-1A on 22 November 2025 and discretized into five quantile classes within the water extent;
(b) Sentinel-2 NDCI on 23 November 2025 discretized into the same five quantile classes. The common
color legend indicates the relative concentration levels. The class intervals are 0–20%, 20–40%, 40–60%,
60–80%, and 80–100% (from low to high).

Because the two images were acquired on adjacent days rather than on the same
date, this comparison is intended only as a qualitative assessment of macroscopic spatial
consistency rather than a strict validation. The quantile-class distributions show similar
large-scale spatial patterns between the two maps. High-class regions (Classes 4–5) are
mainly concentrated in nearshore shallow zones, typical bays, and areas adjacent to inflow
channels, appearing as banded or patchy clusters. Low-class regions (Classes 1–2) are
predominantly distributed over the open central lake and are more spatially continuous,
producing an overall gradient pattern of “enhanced nearshore–weakened central lake”.
Consistent with the visual comparison, the Spearman correlation between the BC-1A Chl-a
quantile classes and the Sentinel-2 NDCI quantile classes over overlapping valid water
pixels reached 0.50 (p < 0.01), suggesting a statistically significant and moderate positive
correspondence in large-scale spatial pattern. Local discrepancies may arise from day-scale
wind-field changes that intensify mixing and resuspension, as well as differences between
the two sensors in spectral response functions, spatial resolution, signal-to-noise ratio,
and residual atmospheric-correction uncertainties. Overall, the quantile-rank comparison
suggests that BC-1A can capture the macroscopic spatial heterogeneity of Chl-a in Taihu
Lake from a spatial-structure perspective.
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5. Conclusions
5.1. Summary of Main Contributions

This study targets quantitative chlorophyll-a (Chl-a) retrieval in the turbid Case II
waters of Taihu Lake. Using multispectral observations from BC-1A and synchronous
satellite–ground in situ measurements, we propose a correlation-constrained PCA–random
forest regression inversion framework (COP-RF). The framework first applies Pearson cor-
relation screening to identify a feature subspace more strongly associated with Chl-a, then
performs PCA within this subspace to obtain an orthogonal, de-collinearized, and compact
representation, and finally employs random forest regression to estimate Chl-a. Under a
stratified five-fold cross-validation protocol based on Chl-a quantile binning, the proposed
method achieves stable performance (R2 = 0.671, RMSE = 1.80 µg/L, MAE = 1.25 µg/L),
providing a practical reference for applying BC-1A multispectral data to Chl-a retrieval in
Taihu Lake under the present late-autumn conditions. Further multi-season validation is
needed before extending the framework to broader turbid inland-water applications.

5.2. Mechanistic Interpretation and Comparative Analysis

Correlation-based ranking indicates that the Top-10 predictors are dominated by ratio
and normalized-difference features combining 740 nm with visible bands, highlighting
that the contrast between the near-infrared scattering background and visible-band absorp-
tion and scattering information is particularly sensitive to Chl-a variability. In addition,
features around 690 nm appear in the Top-10 list, suggesting that the red-to-red-edge
transition region still preserves Chl-a-related spectral-shape differences. Although em-
pirical indices such as ND (670, 740) are interpretable and computationally efficient, they
tend to exhibit heteroscedasticity and bias at high concentrations under optically complex
conditions, whereas the proposed COP-RF demonstrates advantages in capturing such
nonlinear effects.

This spectral-feature pattern also helps explain the performance differences among
the tested methods. Many of the selected predictors combine visible or red bands with
the 740 nm band, which acts as a near-infrared reference for expressing the contrast be-
tween absorption-sensitive and scattering-sensitive responses. Under these conditions,
several 740 nm based ratio features show negative correlations because reflectance in the
visible and red bands decreases relative to the near-infrared reference as Chl-a-related
absorption strengthens. By contrast, the poor performance of Ratio (620, 670), together
with its clear prediction saturation, indicates that simple two-band relationships are insuffi-
cient to characterize the nonlinear spectral responses of optically complex turbid waters.
This result further supports the use of multi-feature fusion and ensemble learning in the
COP-RF framework.

The ablation experiments further confirm the necessity of correlation-constrained
orthogonal dimensionality reduction. Correlation screening alone can achieve relatively
high accuracy; however, the Top-10 features remain highly collinear, which may amplify
inter-fold fluctuations under small-sample settings. Introducing PCA on the screened
feature set orthogonalizes and compresses the inputs into a few principal components,
thereby suppressing instability induced by redundant correlations and improving overall
performance and reproducible generalization. In spatial inversion, BC-1A retrievals show
a gradient pattern of “higher values near shores and bays and lower values in the lake
center”. This macroscopic structure is also in good qualitative agreement with the near-date
quantile-ranked hotspot distributions derived from the Sentinel-2 Normalized Difference
Chlorophyll Index, supporting the spatial-structure rationality of the BC-1A inversion
results. Because the two scenes were acquired on adjacent days, however, this agreement
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should be understood as qualitative support for large-scale spatial consistency rather than
as a strict temporal validation.

5.3. Limitations and Future Work

Several limitations should be considered when interpreting the conclusions. First,
the number of synchronous satellite–ground matchups is limited and may not sufficiently
represent optical states under different seasons and hydrodynamic conditions. In ad-
dition, no truly independent spatiotemporal test set was reserved in the present study.
Although stratified five-fold cross-validation was adopted and feature screening was con-
ducted within each training fold, the performance assessment still relies on the same set of
59 matchups under an internal resampling framework. Therefore, some risk of optimistic
estimation or overfitting may remain under the current small-sample setting, and extrapola-
tion to other times or regions requires further validation. Second, short-wavelength bands
in turbid waters are sensitive to residual atmospheric-correction errors, thin clouds, and ad-
jacency effects, and the adopted water-masking and anomalous-pixel removal strategies
may introduce systematic uncertainties. Third, the cross-sensor comparison uses quantile
discretization to emphasize spatial-structure consistency, which helps avoid misleading con-
clusions due to incomparable absolute magnitudes, but a strictly harmonized quantitative
comparison framework has not yet been established. Fourth, while PCA improves stability,
the physical interpretation of principal components requires further analysis using sensor
spectral response functions, PCA loading matrices, and sensitivity analyses to enhance
mechanistic interpretability.

BC-1A Future work should focus on expanding the BC-1A image archive and increas-
ing the number of synchronous satellite–ground matchups to better capture seasonal and
hydrological variability in Taihu Lake. With more data support, an independent cross-
temporal or cross-regional test set can be established for more rigorous validation. In
addition, future studies may explore stratified modeling, domain-adaptation strategies,
and transfer tests across different lake regions to assess the broader applicability of the
proposed framework.

Author Contributions: Methodology, W.J.; Validation, W.J. and C.C.; Formal analysis, W.J.; Investiga-
tion, Q.G.; Data curation, W.J. and Q.G.; Writing—original draft preparation, W.J.; Writing—review
and editing, C.C. and S.L.; Visualization, W.J. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by the Research and Development Program of Zhejiang Province,
grant numbers 2023C03012 and 2024C03032.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to ongoing project restrictions.

Acknowledgments: The authors would like to thank the anonymous reviewers for their constructive
comments and suggestions, which helped to improve the quality of this manuscript.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

https://doi.org/10.3390/s26082535

https://doi.org/10.3390/s26082535


Sensors 2026, 26, 2535 18 of 19

References
1. Le, C.; Zha, Y.; Li, Y.; Sun, D.; Lu, H.; Yin, B. Eutrophication of lake waters in China: Cost, causes, and control. Environ. Manag.

2010, 45, 662–668. [CrossRef]
2. Menon, H.B.; Adhikari, A. Remote Sensing of Chlorophyll-A in Case II Waters: A Novel Approach With Improved Accuracy

Over Widely Implemented Turbid Water Indices. J. Geophys. Res. Ocean. 2018, 123, 8138–8158. [CrossRef]
3. Liu, Y.; Guo, H.; Yang, P. Exploring the influence of lake water chemistry on chlorophyll a: A multivariate statistical model

analysis. Ecol. Model. 2010, 221, 681–688. [CrossRef]
4. Cao, Q.; Yu, G.; Qiao, Z. Application and recent progress of inland water monitoring using remote sensing techniques. Environ.

Monit. Assess. 2023, 195, 125. [CrossRef] [PubMed]
5. Morel, A.; Prieur, L. Analysis of variations in ocean color 1. Limnol. Oceanogr. 1977, 22, 709–722. [CrossRef]
6. Li, J.; Wang, S.; Wu, Y.; Zhang, B.; Chen, X.; Zhang, F.; Shen, Q.; Peng, D.; Tian, L. MODIS observations of water color of the

largest 10 lakes in China between 2000 and 2012. Int. J. Digit. Earth 2016, 9, 788–805. [CrossRef]
7. Zhang, Y.; Zhang, B.; Wang, X.; Li, J.; Feng, S.; Zhao, Q.; Liu, M.; Qin, B. A study of absorption characteristics of chromophoric

dissolved organic matter and particles in Lake Taihu, China. Hydrobiologia 2007, 592, 105–120. [CrossRef]
8. Wang, Q. Progress of environmental remote sensing monitoring technology in China and some related frontier issues. Natl.

Remote Sens. Bull. 2021, 25, 25–36.
9. Hu, C.; Muller-Karger, F.E.; Taylor, C.J.; Carder, K.L.; Kelble, C.; Johns, E.; Heil, C.A. Red tide detection and tracing using MODIS

fluorescence data: A regional example in SW Florida coastal waters. Remote Sens. Environ. 2005, 97, 311–321. [CrossRef]
10. Ogashawara, I. The use of Sentinel-3 Imagery to monitor cyanobacterial blooms. Environments 2019, 6, 60. [CrossRef]
11. Pahlevan, N.; Chittimalli, S.K.; Balasubramanian, S.V.; Vellucci, V. Sentinel-2/Landsat-8 product consistency and implications for

monitoring aquatic systems. Remote Sens. Environ. 2019, 220, 19–29. [CrossRef]
12. Chen, L.; Letu, H.; Fan, M.; Shang, H.; Tao, J.; Wu, L.; Zhang, Y.; Yu, C.; Gu, J.; Zhang, N.; et al. An introduction to the Chinese

high-resolution Earth observation system: Gaofen-1∼7 civilian satellites. J. Remote Sens. 2022, 2022, 9769536. [CrossRef]
13. Li, J.; Chen, X.; Tian, L.; Huang, J.; Feng, L. Improved capabilities of the Chinese high-resolution remote sensing satellite GF-1 for

monitoring suspended particulate matter (SPM) in inland waters: Radiometric and spatial considerations. ISPRS J. Photogramm.
Remote Sens. 2015, 106, 145–156. [CrossRef]

14. Yan, F.; Li, Y.; Fan, X.; Jian, H.; Li, Y. Estimating Chlorophyll-a Concentrations in Optically Shallow Waters Using Gaofen-1
Wide-Field-of-View (GF-1 WFV) Datasets from Lake Taihu, China. Remote Sens. 2025, 17, 1299. [CrossRef]

15. Fan, Z.Q.; Wang, Z.G.; Huang, P.P.; Dong, Y.F.; Gao, Z.Q. Inversion analysis of chlorophyll a concentration in lakes based on
hyperspectral imagery. Ecol. Sci. 2023, 42, 121–128. (In Chinese with English Abstract) [CrossRef]

16. Hang, X.; Li, Y.; Li, X.; Xu, M.; Sun, L. Estimation of chlorophyll-a concentration in Lake Taihu from Gaofen-1 wide-field-of-view
data through a machine learning trained algorithm. J. Meteorol. Res. 2022, 36, 208–226. [CrossRef]

17. Cheng, B.; Zhu, Y.; Hu, M.; He, X.; Liu, Q.; Li, C.; Cao, C.; Zhao, B.; Wu, J.; Wang, J.; et al. LHRSI: A Lightweight Spaceborne
Imaging Spectrometer with Wide Swath and High Resolution for Ocean Color Remote Sensing. Remote Sens. 2026, 18, 218.
[CrossRef]

18. Wang, S.; Qin, B. Application of optical remote sensing in harmful algal blooms in lakes: A review. Remote Sens. 2025, 17, 1381.
[CrossRef]

19. Huang, H.; Wang, W.; Lv, J.; Liu, Q.; Liu, X.; Xie, S.; Wang, F.; Feng, J. Relationship between chlorophyll a and environmental
factors in lakes based on the random forest algorithm. Water 2022, 14, 3128. [CrossRef]

20. Xu, L.; Hao, G.; Li, S.; Song, F.; Zhao, Y.; Guo, P. Prediction and sensitivity analysis of chlorophyll a based on a support vector
machine regression algorithm. Environ. Monit. Assess. 2023, 195, 698. [CrossRef]

21. Schalles, J.F. Optical remote sensing techniques to estimate phytoplankton chlorophyll a concentrations in coastal waters with
varying suspended matter and CDOM concentrations. Remote Sens. Aquat. Coast. Ecosyst. Process. Sci. Manag. Appl. 2006, 2, 27–79.

22. Yajima, H.; Derot, J. Application of the Random Forest model for chlorophyll-a forecasts in fresh and brackish water bodies in
Japan, using multivariate long-term databases. J. Hydroinformatics 2018, 20, 206–220. [CrossRef]

23. Yuan, X.; Wang, S.; Fan, F.; Dong, Y.; Li, Y.; Lin, W.; Zhou, C. Spatiotemporal dynamics and anthropologically dominated drivers
of chlorophyll-a, TN and TP concentrations in the Pearl River Estuary based on retrieval algorithm and random forest regression.
Environ. Res. 2022, 215, 114380. [CrossRef]

24. Wang, L.; Liu, S.; Ma, S.; Yang, Z.; Chen, Y.; Gao, W.; Liu, Q.; Zhang, Y. Quantile regression illuminates the heterogeneous effect of
water quality on phytoplankton in Lake Taihu, China. Water 2024, 16, 2570. [CrossRef]

25. Paerl, H. Why Lake Taihu continues to be plagued with cyanobacterial blooms through 10 years (2007–2017) efforts. Sci. Bull.
2019, 64, 354–356. [CrossRef]

26. Zhang, C.; Chen, L. A review of wind-driven hydrodynamics in large shallow lakes: Importance, process-based modeling and
perspectives. Camb. Prism. Water 2023, 1, e16. [CrossRef]

https://doi.org/10.3390/s26082535

http://dx.doi.org/10.1007/s00267-010-9440-3
http://dx.doi.org/10.1029/2018JC014052
http://dx.doi.org/10.1016/j.ecolmodel.2009.03.010
http://dx.doi.org/10.1007/s10661-022-10690-9
http://www.ncbi.nlm.nih.gov/pubmed/36401670
http://dx.doi.org/10.4319/lo.1977.22.4.0709
http://dx.doi.org/10.1080/17538947.2016.1139637
http://dx.doi.org/10.1007/s10750-007-0724-4
http://dx.doi.org/10.1016/j.rse.2005.05.013
http://dx.doi.org/10.3390/environments6060060
http://dx.doi.org/10.1016/j.rse.2018.10.027
http://dx.doi.org/10.34133/2022/9769536
http://dx.doi.org/10.1016/j.isprsjprs.2015.05.009
http://dx.doi.org/10.3390/rs17071299
http://dx.doi.org/10.14108/j.cnki.1008-8873.2023.01.014
http://dx.doi.org/10.1007/s13351-022-1146-y
http://dx.doi.org/10.3390/rs18020218
http://dx.doi.org/10.3390/rs17081381
http://dx.doi.org/10.3390/w14193128
http://dx.doi.org/10.1007/s10661-023-11276-9
http://dx.doi.org/10.2166/hydro.2017.010
http://dx.doi.org/10.1016/j.envres.2022.114380
http://dx.doi.org/10.3390/w16182570
http://dx.doi.org/10.1016/j.scib.2019.02.008
http://dx.doi.org/10.1017/wat.2023.14
https://doi.org/10.3390/s26082535


Sensors 2026, 26, 2535 19 of 19

27. McFeeters, S.K. Using the normalized difference water index (NDWI) within a geographic information system to detect swimming
pools for mosquito abatement: A practical approach. Remote Sens. 2013, 5, 3544–3561. [CrossRef]

28. Silva, G.M.E.; Campos, D.F.; Brasil, J.A.T.; Tremblay, M.; Mendiondo, E.M.; Ghiglieno, F. Advances in technological research for
online and in situ water quality monitoring—A review. Sustainability 2022, 14, 5059. [CrossRef]

29. Jalilibal, Z.; Amiri, A.; Castagliola, P.; Khoo, M.B. Monitoring the coefficient of variation: A literature review. Comput. Ind. Eng.
2021, 161, 107600. [CrossRef]

30. Matthew, M.W.; Adler-Golden, S.M.; Berk, A.; Felde, G.; Anderson, G.P.; Gorodetzky, D.; Paswaters, S.; Shippert, M. Atmospheric
correction of spectral imagery: Evaluation of the FLAASH algorithm with AVIRIS data. In Proceedings of the Applied Imagery
Pattern Recognition Workshop, Washington, DC, USA, 16–18 October 2002; IEEE: New York, NY, USA, 2002; pp. 157–163.

31. Jiang, W.; Ni, Y.; Pang, Z.; Li, X.; Ju, H.; He, G.; Lv, J.; Yang, K.; Fu, J.; Qin, X. An effective water body extraction method with new
water index for sentinel-2 imagery. Water 2021, 13, 1647. [CrossRef]

32. Benesty, J.; Chen, J.; Huang, Y.; Cohen, I. Pearson correlation coefficient. In Noise Reduction in Speech Processing; Springer:
Berlin/Heidelberg, Germany, 2009; pp. 1–4.

33. Hasan, B.M.S.; Abdulazeez, A.M. A review of principal component analysis algorithm for dimensionality reduction. J. Soft
Comput. Data Min. 2021, 2, 20–30. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26082535

http://dx.doi.org/10.3390/rs5073544
http://dx.doi.org/10.3390/su14095059
http://dx.doi.org/10.1016/j.cie.2021.107600
http://dx.doi.org/10.3390/w13121647
http://dx.doi.org/10.30880/jscdm.2021.02.01.003
https://doi.org/10.3390/s26082535

	Introduction 
	Data Sources
	Study Area
	Satellite Data
	In Situ Measurement Time and Locations

	Methods 
	Radiometric Calibration and Atmospheric Correction
	Water Masking and Removal of Anomalous Pixels
	Feature Construction
	Pearson Correlation Analysis and Principal Component Analysis
	Random Forest Regression
	Accuracy Assessment Metrics

	Results and Discussion
	Spectral Characteristics of Taihu Lake Waters
	Feature Construction and Screening
	Random Forest Model Development and Inversion Performance
	Model Comparison and Ablation Experiments
	Model Comparison
	Ablation Experiments

	Spatial Inversion

	Conclusions
	Summary of Main Contributions
	Mechanistic Interpretation and Comparative Analysis
	Limitations and Future Work

	References

