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Abstract

Urban freshwater ecosystems affected by eutrophication and recurrent algal blooms require
monitoring approaches capable of representing optical complexity and spatial heterogene-
ity. This study evaluated an integrated workflow combining proximal in situ hyperspectral
sensing, radiometric calibration, spectral filtering, predictor-band selection, data transfor-
mation, and machine-learning regression to estimate chlorophyll-a (chl-a) in a tropical
eutrophic urban reservoir. Monthly field campaigns were conducted from September
2022 to February 2023, with simultaneous chl-a measurements and hyperspectral image
acquisition. After preprocessing, noise removal, and exclusion of anomalous spectra,
82 matched hyperspectral-chl-a observations were retained for model development. Pre-
dictor bands were selected using Pearson correlation and F-test analysis, identifying five
relevant wavelengths: 530, 535, 682, 687, and 732 nm. Multiple Linear Regression, Random
Forest Regressor, Support Vector Regressor, and XGBoost Regressor were tested under
different data transformations. The Support Vector Regressor with logarithmic transfor-
mation achieved the best performance, with R? = 0.86 and RMSE = 6.89 ug L=l The
selected wavelengths correspond to spectral regions associated with green reflectance, red
chl-a absorption, and red-edge/NIR responses in productive waters. The results indicate
that proximal hyperspectral sensing combined with machine learning can support chl-a
estimation in optically complex urban reservoirs and provide complementary information
for eutrophication monitoring and bloom-management strategies.

Keywords: proximal hyperspectral sensing; chlorophyll-a retrieval, machine learning
regression; predictor-band selection; spectral preprocessing; Support Vector Regression;
optically complex inland waters; eutrophic reservoirs

1. Introduction

Accurate chlorophyll-a (chl-a) monitoring in urban reservoirs remains a major chal-
lenge because these systems frequently combine eutrophication, recurrent algal bloom:s,
high suspended-matter concentrations, colored dissolved organic matter, wastewater in-
puts, and strong spatial heterogeneity [1]. In such optically complex inland waters, the
spectral signal recorded by sensors is not controlled by phytoplankton alone, but by the
interaction among multiple optically active constituents and surface effects [2]. This com-
plexity limits the direct transfer of algorithms developed for clearer waters or larger aquatic
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systems and reinforces the need for locally adapted approaches that combine high-spectral-
resolution measurements with robust empirical modelling [3].

Chlorophyll-a (chl-a) is one of the most widely used indicators of phytoplankton
biomass and trophic state in aquatic ecosystems. As a photosynthetic pigment present
in most phytoplanktonic organisms, chl-a plays a central role in light absorption within
the water column and provides an indirect measure of algal abundance [1,4,5]. Its optical
behavior is characterized by absorption features in the blue and red regions of the visible
spectrum and reflectance peaks in the green and red-edge regions [3,6,7]. Therefore, chl-a is
especially relevant for remote sensing applications because variations in its concentration
modify the spectral response of the water surface.

However, estimating chl-a in inland waters remains challenging. Unlike clear oceanic
waters, inland and transitional aquatic environments are often classified as optically com-
plex waters, or Case-2 waters, because their spectral response is not controlled by phyto-
plankton alone [3,8]. In these systems, suspended sediments, colored dissolved organic
matter, detrital material, cyanobacteria, and variable bottom or surface effects can interact
with the radiation field and affect the spectral signal recorded by sensors [9,10]. As a result,
algorithms developed for open waters or based on a limited number of spectral bands may
perform poorly when applied to small, turbid, eutrophic, or urban reservoirs.

Traditional water quality monitoring remains essential, but it is often costly, labor-
intensive, spatially sparse, and temporally discontinuous. Sampling campaigns usually
represent only a limited number of points and dates, which may not capture the spatial
heterogeneity and short-term dynamics of algal blooms, especially in reservoirs affected by
wastewater inflows, hydrodynamic compartmentalization, and rapid biological responses.
Remote sensing has therefore become an important complementary tool for water quality
monitoring, enabling broader spatial coverage, repeated observations, and integration with
statistical and computational models [3,11].

Hyperspectral remote sensing has particular advantages for aquatic applications
because it captures narrow and contiguous spectral bands, allowing for detailed characteri-
zation of subtle absorption and reflectance features associated with optically active water
constituents. Compared with multispectral sensors, hyperspectral systems can better repre-
sent the spectral complexity of inland waters and improve the identification of diagnostic
wavelengths for chl-a, suspended solids, turbidity, colored dissolved organic matter, and
other parameters [1,12,13]. Proximal or in situ hyperspectral sensing is especially useful
for small water bodies, where satellite pixels may be affected by mixed land-water signals,
atmospheric interference, adjacency effects, or insufficient spatial resolution.

The increasing availability of hyperspectral data has also expanded the use of machine
learning algorithms for water quality retrieval. Machine learning models can capture
nonlinear relationships between spectral reflectance and water quality parameters, which
is particularly important in optically complex environments where the spectral signal
results from multiple interacting constituents [7,14,15]. Algorithms such as Support Vector
Regression, Random Forest, XGBoost, and neural networks have shown strong potential
for estimating chl-a and other water quality variables from hyperspectral and multispec-
tral datasets [5,12,13,16]. Nevertheless, model performance is highly dependent on the
optical properties of the water body, the range of observed concentrations, the spectral
preprocessing strategy, the selection of predictor bands, and the size and quality of the
calibration dataset.

Despite these advances, important limitations remain, for example, many chl-a re-
trieval studies rely on satellite or UAV imagery with a limited number of spectral bands,
which may not fully capture narrow absorption and red-edge features in productive inland
waters [3,9,10]. In addition, machine-learning models are often evaluated mainly by predic-
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tive accuracy, while less attention is given to spectral preprocessing, anomalous-spectrum
removal, predictor-band interpretability, overfitting control, and the relationship between
selected wavelengths and known bio-optical mechanisms [16]. Another limitation is that
models calibrated for one water body may not be directly transferable to other reservoirs
because optical properties vary according to trophic state, suspended sediments, cyanobac-
terial composition, hydrodynamics, and local sources of pollution [9]. Therefore, studies
conducted in small eutrophic urban reservoirs are important not only for local monitoring,
but also for testing how proximal hyperspectral data and machine-learning workflows can
be structured under realistic field constraints and limited sample sizes.

In this context, eutrophic urban reservoirs provide a valuable area for evaluating
hyperspectral and machine learning approaches. These systems combine high ecological
relevance with strong optical complexity, frequent algal blooms, anthropogenic nutrient
inputs, and marked spatial variability. Therefore, developing robust empirical models
in such environments contributes not only to local management, but also to the broader
methodological challenge of improving water quality monitoring in small and optically
complex freshwater systems.

Thus, the present study evaluates an integrated proximal hyperspectral and machine-
learning workflow for estimating chl-a concentration in a eutrophic tropical urban reservoir.
The specific objectives were: (i) to process in situ hyperspectral images acquired under
field conditions using radiometric calibration, spectral filtering, and anomalous-spectrum
removal; (ii) to identify physically interpretable predictor bands associated with chl-a
variability; (iii) to compare linear and nonlinear regression models under different data
transformations; and (iv) to assess the practical potential and limitations of this approach
for supporting water-quality monitoring in optically complex urban freshwater systems.

2. Materials and Methods
2.1. Study Area and Environmental Context

The study was conducted in the Pampulha Reservoir (Figure 1), commonly known
as Pampulha Lake, located in the metropolitan region of Belo Horizonte, Minas Gerais,
southeastern Brazil. The reservoir is embedded in a highly urbanized watershed of ap-
proximately 98 km?, distributed between the municipalities of Contagem (55%) and Belo
Horizonte (45%), with the entire water body located within Belo Horizonte. The reservoir
has a surface area of approximately 2 km?, an annual mean hydraulic retention time of
89 days, and depths ranging from 0.7 to 14 m, characterizing it as a small and shallow
tropical urban reservoir [17].

The watershed is subdivided into eight sub-basins, among which the Ressaca and
Sarandi streams are particularly relevant because they drain approximately 60% of the basin
area and concentrate nearly 90% of the local population, exceeding 500,000 inhabitants [18].
The regional climate is classified as Cwa according to the Koppen climate classification,
with a wet and warm season from October to March and a dry and cooler season from
April to September. Mean annual precipitation is approximately 1524.5 mm [19].

The reservoir represents an optically complex freshwater system affected by intense
urbanization, wastewater inputs, sedimentation, solid-waste discharge, and recurrent
eutrophication, as documented by previous limnological and water-quality studies in the
Pampulha watershed [2,20-22]. These pressures have altered the physical, chemical, and
biological characteristics of the reservoir and have favored persistent algal blooms, often
dominated by cyanobacteria adapted to hypereutrophic conditions. In the present study,
this optical and spatial complexity was also evidenced by the field chl-a dataset, which
ranged from 4.98 to 68.13 ug L~! and showed marked monthly and spatial variability
among sampling campaigns. The standard deviation reached 19.56 pg L~! in September
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2022 and 15.15 pg L~! in January 2023, indicating strong heterogeneity in phytoplankton
biomass across the reservoir. This environmental setting makes Pampulha Reservoir a
suitable test site for evaluating proximal hyperspectral sensing and machine-learning
methods under conditions of high optical complexity and spatial variability.

596:500 600,]000 603,]500 6071000

=)
~Olhos d'agua

00519081

Legend i
— Hydrography
Municipal boundary
[ Watersheds
B Pampulha Lake
[ Brazil
Minas Gerais

000"8082

Brazil

T
005'664'L

T
000964'L

SCG WGS84

Figure 1. Location of the Pampulha Reservoir watershed and hydrographic network in Belo Hori-
zonte, Minas Gerais, Brazil.

To provide a broader satellite-based context for the field campaigns, Sentinel-2 Level-
2A surface reflectance imagery from the Harmonized Sentinel-2 MSI collection was used to
derive the Normalized Difference Chlorophyll Index (NDCI) for the reservoir between 2017
and 2025 (Figure 2). Sentinel-2 MSI provides a red band centered at approximately 665 nm
and a red-edge band centered at approximately 705 nm, and the Google Earth Engine har-
monized surface reflectance collection provides atmospherically corrected imagery suitable
for multitemporal analysis [23,24]. The index was calculated according to Equation (1):

NDCI = (R705 — R665)/(R705 + R665) (1)

The NDCI formulation was originally proposed for remote estimation of chl-a in
turbid and productive waters [25]. Sentinel-2-derived NDCI was used as a complementary
satellite-based indicator of chlorophyll-related optical variability in the reservoir. In an
exploratory step, NDCI values were converted to chl-a estimates using a literature-based
relationship to provide spatial context for the reservoir-scale distribution of bloom-related
conditions. However, these satellite-derived estimates were not locally calibrated or inde-
pendently validated against the in situ dataset used for proximal hyperspectral modelling.
Therefore, they were interpreted only as contextual spatial evidence and not as a substitute
for the validated proximal hyperspectral machine-learning retrieval.

2.2. Field Campaigns and Chlorophyll-a Measurements

Field campaigns were carried out between September 2022 and February 2023, cover-
ing the main seasonal conditions observed in the region (Figure 3). Valid paired chl-a and
hyperspectral observations used in the final modelling dataset were obtained for September,
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Sentinel-2 NDCI

Sentinel-2 NDCI

October, and November 2022, and January and February 2023. December 2022 was not
included in the final dataset because no valid matched hyperspectral-chl-a observations
were retained after quality-control procedures. Chlorophyll-a (chl-a) concentration was
measured in situ using an EXO2 multiparameter sonde (YSI) at 19 sampling points dis-
tributed across the reservoir. The spatial distribution of the sampling points was defined to
represent the main limnological compartments of the water body, including fluvial zones
near the main tributaries, the transition zone associated with the waste-retention curtain,
and lacustrine conditions near the dam, thus designed to capture gradients associated
with inflow areas, primary productivity, hydrodynamic compartmentalization, and the
influence of urban drainage. These compartments are relevant because optically complex
reservoirs may exhibit strong short-distance variability in phytoplankton biomass, sus-
pended solids, colored dissolved organic matter, and surface conditions, which directly
affect the relationship between spectral reflectance and chl-a concentration.
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Figure 2. Sentinel-2-derived Normalized Difference Chlorophyll Index (NDCI) used as a satellite-
based contextual proxy of algal-bloom variability in the Pampulha Reservoir. (a) Shows the monthly
NDCI time series and its six-month moving average between 2017 and 2025. (b) Summarizes the
monthly distribution of image-level NDCI values.
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Figure 3. Distribution of in situ chl-a sampling points and hyperspectral image acquisition sites in
the Pampulha Reservoir.

2.3. In Situ Hyperspectral Image Acquisition

Hyperspectral images were acquired using an OCI™-F Ultra-Compact Hyperspectral
Imager (BaySpec Inc., San Jose, CA, USA), a compact CMOS-based sensor designed for
high-resolution spectral imaging. The system records radiance information across nar-
row spectral bands, enabling detailed characterization of water-surface reflectance under
proximal field conditions [26].

To minimize sun glint and specular reflection effects, the sensor was mounted vertically
relative to the water column at approximately 1 m above the target, following acquisition
strategies commonly adopted for proximal aquatic hyperspectral measurements [13,27].
Field acquisitions were performed during the morning, when solar illumination geometry
reduces the probability that direct solar reflection enters the sensor field of view [28,29].

Chl-a measurements and hyperspectral image acquisition were performed simultane-
ously at each sampling point. This synchronization was adopted to reduce uncertainties
related to water movement, wind-induced surface variability, and short-term changes in
the spatial distribution of phytoplankton biomass. Such temporal matching is essential for
empirical modelling because the predictive relationship depends on the direct correspon-
dence between the measured water quality variable and the spectral signal recorded from
the water surface [30].

Because the hyperspectral imagery was acquired from a proximal position directly
above each sampling site, each retained spectrum was interpreted as a local water-surface
observation associated with the corresponding in situ chl-a measurement. Thus, the mod-
elling dataset was constructed using paired observations with close temporal and spatial
correspondence between the spectral signal and the measured chl-a concentration. How-
ever, these proximal observations represent a much finer spatial support than Sentinel-2
pixels and should not be interpreted as spatially equivalent to satellite observations. For
this reason, the proximal hyperspectral data were used for model calibration and validation,
whereas Sentinel-2-derived products were used only as complementary reservoir-scale
spatial context.
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2.4. Radiometric Calibration and Spectral Preprocessing

The native CubeCreator 1.0 software provided by BaySpec Inc. was initially consid-
ered for processing the hyperspectral images. This software uses reference measurements
to calibrate and correct reflectance values and can generate hyperspectral cubes containing
complete spectral information for each pixel [31]. However, to avoid the loss of field
information, independent computational routines were developed in R for radiometric
calibration and spectral extraction. The procedure was based on white and dark reference
images, using a white reflectance standard of 95%, to correct variations in ambient illumi-
nation and convert raw digital numbers into relative reflectance values. The radiometric
calibration followed a normalization procedure commonly used in hyperspectral image
processing [32,33]:

R(xy) = [RND(x,y) — D(x,y))/(W(x,y) — D(x,y))] x 100 )

where R(x,y) is the calibrated relative reflectance value at pixel position (x,y), RND(x,y) is
the original raw image value, D(x,y) is the dark reference, and W(x,y) is the white reference.
The resulting reflectance values were expressed as relative reflectance from 0% to 100%.

The original hyperspectral images had a spatial resolution of 1024 x 1280 pixels. In
the raw image structure, each image column corresponded to a spectral band, resulting
in 240 spectral samples. To reduce the signal-to-noise ratio and harmonize the spectral
information for modelling, the spectral dimensionality was reduced to wavelengths be-
tween 413 and 955 nm, covering the visible and near-infrared regions. The final spectral
dataset consisted of 109 bands with a spectral resolution of 5.1 nm. This reduction was
obtained by averaging the reflectance over an approximately 11 nm window around the
central wavelength of each band, following the approach described by [34].

After radiometric calibration and spectral reduction, noisy spectral regions were
identified at the lower and upper wavelength limits. Such edge effects are common in
hyperspectral images and may introduce uncertainty into water quality modelling [12].
Therefore, wavelengths between 400 and 470 nm and those above 850 nm were excluded
from the modelling dataset because they showed higher noise incidence. After radiomet-
ric calibration and spectral reduction, additional quality-control criteria were applied to
remove spectra that were not representative of water-surface reflectance. Spectra were ex-
cluded when they contained non-finite values, negative reflectance values after calibration,
abnormally low responses associated with inadequate exposure, or excessive reflectance
amplitudes inconsistent with the distribution of valid water spectra. Spectra affected by
sharp isolated peaks or irregular shapes incompatible with the mean retained spectral
behavior were also removed, as these patterns were interpreted as effects of sun glint,
specular reflection, or unstable acquisition geometry. After the removal of noisy wave-
length intervals and anomalous spectra, 82 valid hyperspectral-chl-a pairs were retained
for predictor-band selection and machine-learning modelling [29].

2.5. Predictor-Band Selection and Machine Learning Modelling

The empirical modelling workflow was implemented in Python 3.10 and was designed
to estimate chl-a concentration from the preprocessed hyperspectral reflectance data. Four
regression approaches were evaluated: Multiple Linear Regression (MLR), Support Vector
Regressor (SVR), Random Forest Regressor (RFR), and XGBoost Regressor (XGB). These
models were selected to compare a traditional linear baseline with machine learning
algorithms capable of modelling nonlinear relationships between spectral reflectance and
water quality parameters.

The predictor-band selection procedure was designed to reduce the high redundancy
and multicollinearity commonly observed among adjacent hyperspectral bands. First,
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Pearson correlation analysis was applied to quantify the empirical association between
each wavelength and measured chl-a concentration. Then, an F-test-based feature selection
approach was used to identify wavelengths with higher explanatory power for chl-a
variability. The final predictor set was defined by combining statistical relevance with
spectral interpretability, retaining wavelengths that showed stronger association with chl-a
while representing key bio-optical regions for eutrophic inland waters.

This procedure identified five predictor bands: 530, 535, 682, 687, and 732 nm. These
wavelengths were subsequently used as input variables for all regression models to ensure
comparability among algorithms. The selected bands correspond to spectral regions associ-
ated with green reflectance, red chl-a absorption/red-edge transition, and red-edge/NIR
responses, which are particularly relevant in productive and optically complex inland
waters (Table 1).

Table 1. Statistical and bio-optical interpretation of the selected hyperspectral predictor bands used
for chl-a modelling.

Wavelength Spectral Region Bio-Optical Interpretation
Located in the green region, where chl-a absorption is comparatively
530 nm Green reflectance lower and reflectance may increase due to
phytoplankton-related scattering.
535 nm Green reflectance Represents the green r.eﬂectance domain C.ommonly associated with
algal biomass and productive waters.
682 nm Red absorption/red-edge  Close to the red chl-a absorption feature and to the transition toward
transition red-edge reflectance, making it sensitive to phytoplankton biomass.
687 nm Red absorption/red-edge Represents a narrow spectral interval associated with chl-a-related
transition absorption and red-edge transition in productive waters.
Associated with red-edge/NIR scattering responses, which may be
732nm Red-edge/near-infrared  influenced by algal biomass, cyanobacteria, turbidity, and suspended

particles in optically complex waters.

Hyperparameter optimization was performed within the calibration subset before
final validation. The modelling routine was implemented in Python and included Multiple
Linear Regression, Random Forest Regressor, Support Vector Regressor, and XGBoost
Regressor. The paired hyperspectral-chl-a dataset was divided into calibration and vali-
dation subsets. During calibration, literature-based hyperparameter ranges were tested
for each machine-learning algorithm (Table 2), and the configurations producing lower
RMSE values were selected for model construction. The calibration subset was then eval-
uated through repeated K-fold validation, using five folds and 100 repetitions, resulting
in 500 performance estimates. The optimized models were subsequently applied to the
independent validation subset, and model performance was assessed using R? and RMSE.

This validation-oriented procedure was adopted to reduce the risk of selecting models
based only on training performance. This point is particularly relevant for small hyperspec-
tral water-quality datasets, in which highly flexible algorithms may overfit the calibration
data. Therefore, the final model comparison prioritized validation RMSE and validation R2.
This criterion supported the selection of the SVR model with logarithmic transformation,
which achieved the best validation performance and showed better generalization capacity
than the tree-based models.

The final model database was divided into calibration and validation subsets. From
the 82 valid paired observations, 62 samples were assigned to calibration and 20 samples
were used for validation. Within the model-selection procedure, a stratified repeated K-fold
cross-validation strategy was applied. The dataset was divided into four groups, with 75%
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of the data used for calibration and 25% for validation in each iteration. This procedure was
repeated 2500 times across four iterations, corresponding to 10,000 Monte Carlo resampling
runs. The best hyperparameter sets were selected based on the calibration R? and validation
RMSE distributions, prioritizing model performance and internal generalization capacity
within the available field dataset.

Table 2. Literature-based hyperparameter search space used for machine-learning model optimization.

Model Hyperparameter Search Range/Values Tested
Multiple Linear Regression Not applicable No hyperparameter tuning was applied

Support Vector Regressor kernel linear; polynomial; radial basis function (RBF)
Support Vector Regressor C 0.1;1;10; 100
Support Vector Regressor epsilon 0.01;0.05; 0.1; 0.2; 0.5
Support Vector Regressor gamma scale; auto; 0.001; 0.01; 0.1; 1
Random Forest Regressor n_estimators 100; 300; 500; 1000
Random Forest Regressor max_depth None; 5; 10; 20; 30
Random Forest Regressor min_samples_split 2;5;10
Random Forest Regressor min_samples_leaf 1,2;4
Random Forest Regressor max_features sqrt; log2; None

XGBoost Regressor n_estimators 100; 300; 500; 1000

XGBoost Regressor max_depth 2;3;4,5,6

XGBoost Regressor learning_rate 0.01;0.05;0.1; 0.2

XGBoost Regressor subsample 0.6;0.8; 1.0

XGBoost Regressor colsample_bytree 0.6;0.8;1.0

XGBoost Regressor reg_lambda 1,5;10

2.6. Model Performance Assessment

Model performance was evaluated by comparing measured and predicted chl-a con-
centrations across the training, testing, and independent validation stages. The main
performance metrics were the coefficient of determination (R?) and the root mean square
error (RMSE). R? was used to assess the proportion of variance in chl-a concentration
explained by each model, whereas RMSE quantified the average prediction error in the
same unit as the measured variable (ug L.

The comparison among MLR, SVR, RFR, and XGB allowed evaluation of whether
nonlinear machine-learning models improved chl-a retrieval relative to a linear regression
baseline. Although training and testing metrics were used to assess model fitting and
internal consistency during calibration, the independent validation metrics were used as
the primary criterion for final model comparison. This decision was adopted because
validation performance provides a more realistic assessment of the capacity of each model
to predict unseen observations, which is particularly important in small hyperspectral
water-quality datasets.

Scatterplots of measured versus estimated chl-a were generated for the best-
performing models to assess agreement with the 1:1 line and to identify potential overesti-
mation or underestimation patterns. The final model selection prioritized high validation
R?, low validation RMSE, and consistent generalization behavior between calibration and
validation stages.

3. Results and Discussion
3.1. Satellite-Based Context and Hyperspectral Data Preprocessing

The Sentinel-2-derived NDCI series provides a satellite-based optical context for inter-
preting the field-based hyperspectral experiment (Figure 4a). The monthly NDCI dataset
contained 96 valid monthly observations between May 2017 and November 2025, while
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the image-level dataset included 2013 valid observations. The NDCI time series indicated
persistent bloom-related optical variability in the reservoir, with monthly mean and me-
dian values of 0.116 and 0.111, respectively. These results support the interpretation that
Pampulha Reservoir frequently exhibits spectral conditions associated with algal biomass
variability, reinforcing the relevance of higher-spectral-resolution in situ measurements
and machine-learning-based chl-a retrieval.

(a) Temporal variability
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Figure 4. (a) Temporal variability of monthly estimated chl-a and its six-month moving average
between 2017 and 2025. (b) Monthly seasonality of image-level estimated chl-a values.

To complement the NDCI analysis, a machine learning-based chl-a retrieval was
produced to an exploratory Sentinel-2-derived analysis (Figure 4b). This product was not
used to calibrate or validate the proximal hyperspectral model; instead, it was used to
provide a broader temporal context for bloom-related conditions. The resulting monthly
estimates ranged from approximately 15.1 to 61.9 ug L~!, with a mean of 27.4 ug L~!
and a median of 26.0 ug L~!. The seasonal distribution showed recurrent variability
throughout the year, indicating that elevated bloom-related spectral responses may occur
across multiple months rather than being restricted to a single fixed period.

The independent processing routine developed for the hyperspectral images allowed
the extraction of spectral curves and the construction of matched reflectance—chl-a pairs.
The initial spectral output contained 1280 bands per image. To reduce noise and improve
model stability, the spectral dimensionality was reduced to 109 bands between approx-
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imately 413 and 955 nm, with a spectral resolution of 5.1 nm. This step preserved the
relevant visible and near-infrared regions for chl-a retrieval while reducing redundant and
noisy information.

The computational routine generated 107 complete pairs of hyperspectral reflectance
and chl-a concentration (Figure 5). After the spectral quality-control procedure described in
Section 2.4, 82 valid hyperspectral—chl-a pairs were retained for model development. The
retained spectra exhibited a coherent optical response for eutrophic waters, with higher
reflectance in the green region, a marked response around the red absorption/red-edge
transition, and increased reflectance toward the red-edge/NIR region.

(a) (b)
400 - 404
300
8 2004 g
c c
© ]
© ©
2 e
T 1004 K g
-3 ) -9
04
T T T T T T T T T T 1 LA Py e " id > | T -
400 450 500 550 600 650 700 750 800 850 900 950 500 550 600 650 700 750 800 85
Wavelength (nm) Wavelength (nm)
(c)
25+
20 \
i
P 154
o
c
©
R
@
= 104
[}
[
5
0 - T T T T T — —— 7|
450 500 550 600 650 700 750 800 850

Wavelength (nm)

Figure 5. Hyperspectral reflectance spectra after successive processing steps: (a) original spectral
curves affected by noise at the spectral extremes; (b) spectra after removal of noisy wavelength ranges;
and (c) final spectra retained after exclusion of anomalous observations.

The retained spectra exhibited a coherent optical response for eutrophic waters. The
final spectral curves show higher reflectance in the green region, a marked absorption
feature in the red region, and a reflectance increase around the red-edge/NIR transition.
This pattern is consistent with the spectral behavior expected for waters with high phy-
toplankton biomass and reinforces the suitability of the remaining spectra for empirical
chl-a modeling.

3.2. Predictor-Band Selection and Machine-Learning Model Performance

The predictor-band selection procedure, based on Pearson correlation and F-test
analysis, identified five hyperspectral bands with the strongest association with chl-a
concentration: 530, 535, 682, 687, and 732 nm (Figure 6), representing spectral regions linked
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to green reflectance, red absorption, and red-edge/near-infrared responses in eutrophic
and optically complex waters. These bands were used as input variables for all regression
models to ensure comparability among algorithms.

16

14 A

12 4

—
o
1

Reflectance (%)
[e]

500 550 600 650 700 750 800 850
Wavelength (nm)

Figure 6. Mean hyperspectral reflectance spectrum of the 82 matched observations used for modeling,
with the five selected predictor bands highlighted.

The selected wavelengths are physically meaningful for chl-a retrieval and are consis-
tent with the statistical predictor-band selection procedure based on Pearson correlation
and F-test analysis. The bands at 530 and 535 nm are located in the green reflectance
region, where pigment absorption is comparatively lower and scattering by phytoplank-
ton cells contributes to increased water-leaving reflectance. This spectral region has been
repeatedly associated with chl-a detection in eutrophic and optically complex inland
waters [5,11,13,35].

The bands at 682 and 687 nm are close to the red absorption domain of chl-a and to the
transition between strong absorption and red-edge reflectance. This interval is particularly
sensitive to phytoplankton biomass in productive waters and is widely used in spectral
indices and empirical models for chl-a estimation [1,3,27,35,36]. In the present study,
the selection of these red-region bands confirms that the hyperspectral signal captured
diagnostic absorption-related information associated with chl-a variability.

The selection of the 732 nm band is also relevant. Although this wavelength is often
associated with turbidity and suspended particles, it can contribute to chl-a estimation
in turbid and eutrophic inland waters because algal biomass itself acts as a particulate
component affecting scattering and near-infrared reflectance. In cyanobacteria-dominated
systems, the relationship between chl-a, turbidity, and particle-driven optical responses may
strengthen the predictive value of red-edge and NIR bands [3,36,37]. Therefore, the selected
band set reflects not only pigment absorption, but also the broader optical complexity of
urban eutrophic waters.

The chl-a dataset used for model development showed relevant spatial and temporal
variability among the field campaigns. Concentrations ranged from 4.98 to 68.13 ug L1,
with monthly medians between 20.02 and 55.79 pg L~! (Table 3). The highest median was
observed in October 2022, although this campaign had a smaller number of valid samples
due to acquisition problems. In contrast, September 2022 and January 2023 exhibited
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larger dispersion, indicating stronger spatial heterogeneity in chl-a concentration across
the reservoir.

Table 3. Descriptive statistics of chl-a concentrations (pg L~1) measured simultaneously with hyper-
spectral image acquisition.

Sampling Month Median Minimum Maximum Standard Deviation Variance
September 2022 20.02 10.87 62.35 19.56 382.65
October 2022 55.79 45.97 68.13 6.07 36.89
November 2022 31.81 15.42 54.37 10.51 110.56
January 2023 37.80 498 46.23 15.15 229.79
February 2023 34.92 20.53 61.69 14.54 211.44

Although the final modeling dataset did not include the extremely high chl-a values
reported in previous monitoring studies for the same reservoir, it still covered a concentra-
tion gradient sufficient to evaluate the relationship between spectral reflectance and algal
biomass. Such variability is important for machine-learning calibration because models
require a representative range of target values to learn the spectral response associated
with chl-a changes [35].

Thus, the model-development routine tested different combinations of regression
algorithms and data transformations (Table 4). Overall, the results indicate that nonlinear
machine-learning models outperformed Multiple Linear Regression, confirming that the
spectral response of chl-a in optically complex waters cannot be adequately represented by
simple linear relationships alone.

The comparative ranking of the best-performing configuration of each model is sum-
marized in Figure 7. This synthesis highlights the superior performance of SVR, which
combined the highest validation R? with the lowest validation RMSE among the tested
approaches. Multiple Linear Regression showed the weakest performance, with validation
R? values between 0.17 and 0.19 and validation RMSE values above 16 pg L. This result
indicates that, for this dataset, a purely linear multivariate formulation was not sufficient
to represent the interaction between hyperspectral reflectance and chl-a concentration. This
limitation is expected in Case-2 waters, where reflectance is affected by phytoplankton,
suspended particles, colored dissolved organic matter, and surface effects.

Random Forest Regressor and XGBoost Regressor achieved intermediate validation
performance. The best Random Forest result was obtained with the exponential trans-
formation, reaching validation R? = 0.68 and RMSE = 10.29 ug L~!. XGBoost showed
validation R? values between 0.57 and 0.64, with the best RMSE of 10.82 pg L~! under
logarithmic transformation. However, XGBoost produced R? = 1.00 during training across
all transformations, while validation performance remained moderate. This pattern indi-
cates severe overfitting, probably associated with the combination of a small calibration
dataset, a limited number of validation samples, repeated use of highly correlated spectral
predictors, and the high flexibility of gradient-boosting decision trees.

It is important to emphasize that, for model comparison and performance assessment,
the validation metrics were used as the main criterion because this stage evaluates model
predictions on unseen data and therefore provides a more realistic assessment of predictive
capacity. In this sense, training metrics alone do not represent the actual predictive perfor-
mance of the developed model, especially when highly flexible algorithms are applied to
small datasets. Although hyperparameter tuning and repeated resampling were used to im-
prove internal generalization, the results suggest that XGBoost fitted idiosyncratic patterns
of the calibration subset rather than stable spectral—chl-a relationships. Therefore, XGBoost
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was not selected as the preferred model, despite its perfect training performance. This find-
ing reinforces the importance of prioritizing validation metrics over training metrics when
comparing model performance, especially in small hyperspectral water-quality datasets.

Table 4. Performance of the tested models and data transformations for chl-a estimation from in situ
hyperspectral reflectance.

Model Transformation ~ R2 Training  R? Validation Validation RMSE (ug L—1)

Multiple Linear Regression Linear 0.16 0.19 16.26
Multiple Linear Regression Polynomial 0.17 0.19 16.35
Multiple Linear Regression Exponential 0.08 0.17 16.49
Multiple Linear Regression Logarithmic 0.01 0.18 16.42
Multiple Linear Regression Min-max 0.16 0.19 16.29
Random Forest Regressor Linear 0.91 0.62 11.19
Random Forest Regressor Polynomial 0.90 0.65 10.65
Random Forest Regressor Exponential 0.89 0.68 10.29
Random Forest Regressor Logarithmic 0.91 0.66 10.57
Random Forest Regressor Min-max 0.91 0.66 10.64
Support Vector Regressor Linear 0.82 0.78 8.53
Support Vector Regressor Polynomial 0.78 0.73 9.33
Support Vector Regressor Exponential —0.57 —-0.41 21.55
Support Vector Regressor Logarithmic 0.76 0.86 6.89
Support Vector Regressor Min-max 0.77 0.82 7.65
XGBoost Regressor Linear 1.00 0.62 11.13
XGBoost Regressor Polynomial 1.00 0.61 11.32
XGBoost Regressor Exponential 1.00 0.57 11.94
XGBoost Regressor Logarithmic 1.00 0.64 10.82
XGBoost Regressor Min-max 1.00 0.62 11.13
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Figure 7. Comparative performance of the best configuration of each empirical and machine-learning
model used for chl-a estimation: (a) shows validation R2, and (b) shows validation RMSE. The SVR
model with logarithmic transformation achieved the highest predictive performance.
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The Support Vector Regressor provided the best overall performance. The loga-
rithmic transformation produced the highest validation accuracy, with R?> = 0.86 and
RMSE = 6.89 ug L~ L. The min—max transformation also performed well, with R? =0.82
and RMSE =7.65 ug L~1. In contrast, the exponential transformation resulted in negative
validation R?, indicating that this transformation was unsuitable for the spectral—chl-a
relationship in the present dataset. The superior performance of SVR suggests that this
model was better able to capture nonlinear patterns while maintaining generalization

capacity under limited sample conditions (Figure 8).
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Figure 8. Relationship between observed and SVR-estimated chl-a concentrations for the validation
dataset. The dashed line indicates the 1:1 relationship.

The observed-versus-estimated plot confirms the general agreement between mea-
sured and predicted chl-a values. Most validation samples were distributed close to the
1:1 line, although two samples showed larger deviations. These deviations suggest that
the model may still be sensitive to specific optical conditions or localized water-quality
gradients. Nevertheless, the overall dispersion pattern supports the quantitative metrics
and indicates that the SVR model captured most of the chl-a variability represented in the
validation set.

The better performance of the logarithmic SVR configuration can be interpreted from
both statistical and bio-optical perspectives. From a statistical perspective, the logarithmic
transformation likely reduced the influence of higher chl-a concentrations and compressed
the variability of the response variable. This effect is relevant because chl-a concentrations
in eutrophic reservoirs are often unevenly distributed, with localized high values associated
with bloom patches and short-distance spatial heterogeneity. By reducing the leverage
of high-concentration observations, the logarithmic transformation may have produced
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a more stable relationship between the selected hyperspectral bands and measured chl-a,
improving the capacity of the model to generalize to the validation dataset.

From a bio-optical perspective, the relationship between reflectance and chl-a in opti-
cally complex inland waters is inherently nonlinear. The spectral signal is not controlled
only by phytoplankton pigments, but also by the combined effects of pigment absorption,
phytoplankton scattering, cyanobacteria, suspended particles, colored dissolved organic
matter, surface reflection, and local acquisition conditions. These interactions can mod-
ify the intensity and shape of reflectance features in the green, red, and red-edge/NIR
regions, especially around the wavelengths selected in this study. Therefore, a logarithmic
transformation is consistent with the expected nonlinear and heteroscedastic behavior of
spectral-chl-a relationships in eutrophic Case-2 waters.

The SVR algorithm was particularly suitable under these conditions because it can
model nonlinear relationships while controlling prediction errors through a regularized op-
timization structure. This is important for relatively small hyperspectral datasets, in which
highly flexible tree-based models may fit the calibration subset too closely. In this study,
the logarithmic SVR configuration provided the best balance between model flexibility and
generalization capacity, whereas XGBoost showed evidence of overfitting, with perfect
training performance but lower validation accuracy. Thus, the superior performance of
SVR with logarithmic transformation likely resulted from the combination of variance
stabilization in the chl-a response and the ability of SVR to represent nonlinear spectral
relationships without excessive model flexibility.

The results are consistent with previous studies showing the potential of SVR and other
machine-learning algorithms for water-quality retrieval from hyperspectral data. Peterson
et al. [38] also identified SVR as a high-performing model for chl-a estimation in lakes,
while Sagan et al. [3] and Keller et al. [12] demonstrated the usefulness of machine learning
for estimating chl-a and other optically active constituents from proximal hyperspectral
measurements [39]. The performance obtained here is therefore compatible with the broader
literature, even though the dataset was collected in a small, shallow, urban, and optically
complex reservoir.

Compared with tree-based models, the better performance of SVR may be related to
the size of the calibration dataset. Random Forest and XGBoost can perform well with
complex nonlinear data, but they may require larger and more diverse training datasets to
fully exploit their flexibility. In the present study, XGBoost clearly fitted the training data
too closely, while SVR achieved a better balance between model complexity and predictive
generalization. This finding is relevant for environmental monitoring programs, where
high-quality paired spectral and laboratory or probe-based observations are often limited.

From a spectral perspective, the model selected bands that are consistent with known
chl-a optical features and with the behavior of productive inland waters [40]. The combi-
nation of green, red, and red-edge/NIR bands indicates that the model relied on multiple
components of the spectral response: reduced absorption and enhanced scattering in the
green region, pigment absorption in the red region, and particle-related reflectance near
the red edge. This combination is particularly important for eutrophic urban waters, where
chl-a retrieval is influenced not only by phytoplankton pigments but also by cyanobacterial
blooms, turbidity, and suspended matter.

The study also reinforces the operational value of proximal hyperspectral sensing. In
small urban reservoirs, satellite-based monitoring may be constrained by mixed pixels,
atmospheric correction uncertainties, adjacency effects, cloud cover, and revisit time. In
situ hyperspectral acquisition can complement conventional monitoring by increasing
spectral detail and providing spatially distributed information under controlled field
conditions [41,42]. When coupled with machine-learning models, this approach can support
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more frequent assessments of algal biomass and improve the detection of water-quality
changes that may be missed by sparse point-based sampling.

Despite these promising results, some limitations must be acknowledged. First, the
final dataset contained 82 matched observations, which is adequate for exploratory empiri-
cal modeling but still limited for broad generalization. Second, the model was calibrated
and validated within a single reservoir, and its transferability to other optically complex
systems remains to be tested. Third, although spectral quality control was essential, future
applications should formalize objective thresholds for excluding anomalous spectra and
should evaluate how these decisions affect model uncertainty. Finally, independent external
validation using new campaigns, additional seasons, or other reservoirs would strengthen
the operational applicability of the proposed approach.

Overall, the findings demonstrate that proximal hyperspectral sensing combined
with machine learning is a robust and promising strategy for chl-a estimation in optically
complex urban freshwaters. The approach is especially valuable for monitoring eutrophic
systems where algal blooms, cyanobacteria, suspended particles, and high spatial het-
erogeneity challenge conventional remote-sensing algorithms. The results support the
development of intelligent, high-frequency water-quality monitoring frameworks that
integrate field spectroscopy, automated preprocessing, and data-driven modeling.

3.3. Spatial Interpretation, Operational Relevance, and Limitations

To provide a broader spatial context for the proximal hyperspectral and machine-
learning results, annual Sentinel-2-derived chlorophyll-a estimates were mapped for the
Pampulha Reservoir from 2019 to 2025 (Figure 9). The maps revealed a spatial hetero-
geneity within the reservoir throughout the analyzed period, indicating that chlorophyll-
related conditions were not uniformly distributed across the water body. Higher esti-
mated chlorophyll-a values were generally concentrated in portions of the central and
western/northwestern arms, whereas comparatively lower values were more frequently
observed in parts of the eastern sector and in some narrow marginal areas.

The interannual comparison also showed important temporal variability. The years
2019 and 2021 presented more extensive areas with higher estimated chlorophyll-a values,
suggesting stronger chlorophyll-related signals across larger portions of the reservoir. In
contrast, 2022, 2024, and 2025 showed a greater dominance of moderate to lower estimated
values, although localized zones of higher chlorophyll-a were still observed. Therefore, the
spatial patterns shown in Figure 9 support the relevance of integrating in situ/proximal
hyperspectral measurements with remote sensing products to improve the interpretation
of chlorophyll-a dynamics in urban eutrophic reservoirs.

The spatial patterns observed in the Sentinel-2-derived maps are consistent with the
environmental gradients previously described for the Pampulha Reservoir. The upstream
sector, located near the inflow of the Ressaca and Sarandi streams, is strongly affected by
urban runoff, external nutrient inputs, suspended-solid loading, and persistent eutrophic
conditions [2,18,43]. These inputs help explain why chlorophyll-related signals tend to be
spatially heterogeneous and more variable in the western and northwestern sectors of the
reservoir, where pollutant loads from the watershed and shallow-water conditions favor
phytoplankton development.

The interpretation of these spatial patterns is also consistent with previous studies
reporting recurrent cyanobacterial blooms and strong phytoplankton responses to envi-
ronmental drivers in the Pampulha Reservoir [21,22]. In this sense, the spatial variability
shown in Figure 9 should not be interpreted only as a satellite-derived pattern, but as
an expression of the reservoir’s known limnological compartmentalization and chronic
eutrophic condition. The persistence of bloom-prone areas reinforces the importance of
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monitoring chlorophyll-related variability at spatial scales finer than those provided by
sparse conventional sampling.
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Figure 9. Annual spatial variability of Sentinel-2-derived chlorophyll-a estimates in the Pampulha
Reservoir from 2019 to 2025. Each panel represents the annual mean spatial pattern calculated from
quarterly Sentinel-2 composites. Red outlines highlight the years associated with the field-campaign
period used in the proximal hyperspectral sensing and machine-learning experiment.
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The waste-retention curtain may also contribute to the spatial organization of water-
quality conditions. Previous local analyses indicated that the curtain separates the reservoir
into two distinct environments, with poorer water quality upstream and comparatively
lower pollution loads downstream [44]. Therefore, the spatial discontinuities observed in
chlorophyll-related conditions may reflect not only gradual longitudinal gradients, but also
physical and hydrodynamic compartmentalization within the reservoir.

Cluster analysis previously applied to the primary water-quality dataset identified four
groups in the reservoir, including a sector located immediately downstream of the waste-
retention curtain that was not directly represented by the official monitoring network [44].
This finding suggests that the spatial complexity of the Pampulha Reservoir may require
additional monitoring points to better capture local transitions in water quality, especially
near the curtain and in sectors influenced by lateral tributary inputs.

These findings reinforce the operational relevance of integrating satellite-based spatial
context, proximal hyperspectral measurements, and machine-learning models for water-
quality monitoring in small urban eutrophic reservoirs. While Sentinel-2-derived products
provide a broader spatial perspective, proximal hyperspectral sensing can complement con-
ventional monitoring by providing high-spectral-resolution observations under controlled
field conditions [41,42]. Therefore, the combined use of remote sensing and proximal
hyperspectral modelling may support more detailed monitoring of algal biomass and
improve the detection of spatially localized water-quality changes in optically complex
urban reservoirs.

4. Conclusions

This study demonstrated the potential of proximal in situ hyperspectral sensing
combined with machine learning for estimating chlorophyll-a (chl-a) in an optically com-
plex tropical urban reservoir. By integrating radiometric calibration, spectral filtering,
anomalous-spectrum removal, predictor-band selection, data transformation, and regres-
sion modelling, the proposed workflow provided a structured methodological framework
for chl-a retrieval under realistic field conditions.

Among the tested models, the Support Vector Regressor with logarithmic transforma-
tion achieved the best predictive performance, with R? = 0.86 and RMSE = 6.89 ug L. This
result indicates that nonlinear learning approaches can better represent the relationship
between chl-a concentration and hyperspectral reflectance in optically complex inland
waters than multiple linear regression. The comparatively weaker performance of Random
Forest and XGBoost, particularly the overfitting observed for XGBoost, highlights the need
for careful model selection and validation when working with small but information-rich
hyperspectral datasets.

The selected predictor bands at 530, 535, 682, 687, and 732 nm are consistent with
key spectral regions associated with phytoplankton biomass, including green reflectance,
red chl-a absorption, and red-edge/NIR responses. Their selection confirms that narrow
hyperspectral bands can capture bio-optical features relevant to chl-a retrieval even under
high turbidity, cyanobacterial dominance, and mixed optical interference from suspended
matter and dissolved organic substances.

From a practical management perspective, the proposed approach can complement
conventional water-quality monitoring by providing spatially distributed and spectrally
detailed information on algal biomass in eutrophic urban reservoirs. Such information may
support the identification of bloom-prone areas, guide targeted field sampling, improve
the interpretation of satellite-based products, and assist reservoir managers in monitoring
eutrophication dynamics and evaluating mitigation actions.
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Nevertheless, some limitations should be acknowledged. The final dataset contained
82 matched hyperspectral—chl-a observations, which is suitable for exploratory empirical
modelling but still limited for broad generalization. The model was calibrated and validated
within a single reservoir, and its transferability to other optically complex systems remains
to be tested. In addition, the exclusion of noisy and anomalous spectra was necessary to
ensure spectral quality, but future studies should formalize objective thresholds for quality
control and evaluate their influence on model uncertainty.

Future research should expand the temporal and spatial sampling design, include
additional hydrological periods and trophic conditions, test the model in other reservoirs,
and evaluate complementary dimensionality-reduction and spectral-transformation ap-
proaches, such as derivative spectroscopy and principal component analysis. External
validation with independent campaigns will be essential to assess operational robustness
and transferability. Overall, the results support the use of proximal hyperspectral sensing
and machine learning as complementary tools for high-frequency, spatially explicit monitor-
ing of eutrophication and algal-bloom dynamics in small, optically complex inland waters.
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