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ABSTRACT

Although remote sensing using machine learning techniques can effectively monitor harmful algal
blooms, their application is often limited by data availability. The synergetic impacts of rapid
urbanization and climate change contribute to the unprecedented occurrence of severe algal
blooms, which require sufficient high-concentration data for successful model training. In this
study, we evaluated the feasibility of integrating datasets from two different watersheds to
estimate chlorophyll-a (Chl-a) concentrations using machine learning models with Sentinel-2
imagery. The original dataset, consisting of data from the Nakdong (ND) River, and two augmented
datasets — an integrated dataset combining the Geum (GE) and ND rivers (GEND) and a resampled
ND dataset using the synthetic minority oversampling technique for regression with Gaussian
noise (ND-SMOGN) - were used to train six machine learning models. Models trained on the
augmented datasets, GEND and ND-SMOGN, successfully addressed this underestimation issue for
the sample with the highest Chl-a concentration. Among the six algorithms, multilayer perceptron
with attention mechanism exploited the highest performance across all indicators with coefficient
of determination (R?) and root mean square error (RMSE) values of 0.93 and 2.76. Model inter-
pretations revealed that models trained on GEND assigned high significance to B0O3 (560 nm) to
BO5 (705 nm), aligning with the optical characteristics of Chl-a, whereas models trained on ND and
ND-SMOGN also emphasized less relevant bands. This study provides valuable insights into
improving model performance, understanding the impacts of data availability, and informing
the development of more accurate and reliable environmental management practices.
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1. Introduction . . . .
Remote sensing using satellites, aircraft, and

Algal blooms, the proliferation of algae in aquatic
environments, can greatly degrade water quality and
disrupt the ecological balance (Kwon et al. 2023).
Harmful algal blooms (HABs) are of particular concern
because they produce toxins, such as microcystin and
anatoxin-a, which adversely affect both ecosystem
and human health (Jaffari et al. 2024; Kim, Hwa Cho,
and Recknagel 2024). The frequency and intensity of
HABs are expected to increase owing to rapid urbani-
zation and climate change, underscoring the need for
effective monitoring and management strategies
(Burford et al. 2020; Gobler 2020). Severe algal blooms
have also been recorded at unexpected periods and
places (Li et al. 2023; Mertens et al. 2023).

drones is highly effective in the wide-scale monitoring
of HABs (Kiefer et al. 2015; Kwon et al. 2020; Moses
et al. 2012; Pyo et al. 2018; Zhou et al. 2014).
Multispectral and hyperspectral images acquired
from remote-sensing platforms provide high-
resolution optical information about aquatic environ-
ments, enabling the determination of water quality
(Shin et al. 2024; Soomets et al. 2020). Recently, the
integration of machine learning (ML) techniques has
significantly advanced the field of remote sensing,
facilitating the development of accurate models for
HAB monitoring (Chusnah and Chu 2022; Silveira
Kupssinsku et al. 2020). Decision tree (DT)-based mod-
els such as random forest (RF), and neural network
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(NN)-based models, such as multilayer perceptron
(MLP), were highly effective in capturing the complex
nonlinear relationships between Chl-a concentrations
and remote sensing reflectance (Aptoula and Ariman
2021; Kolluru and Prakash Tiwari 2022; Mpakairi et al.
2024; Pyo et al. 2022). Furthermore, advanced techni-
ques in deep learning, such as attention mechanisms,
has enabled a deeper understanding of the interrela-
tionships among input variables (Vaswani 2017).
These advances have led to the development of
more sophisticated NN-based models that further
enhance the accuracy and reliability of Chl-a concen-
tration predictions from remote sensing data (Hong
et al. 2022).

Despite the potential of ML and deep learning
techniques in remote sensing, their effectiveness in
estimating Chl-a concentrations can be limited by the
availability of adequate training data (Li et al. 2023;
Yao et al. 2023). However, the need to collect suffi-
cient training data often defeats the primary purpose
of remote sensing, which is to minimize or even elim-
inate the laborious and time-consuming process of
field sampling and Chl-a analysis. Even with an ade-
qguate number of Chl-a data points, the data are often
imbalanced, with a lack of high-concentration sam-
ples, due to its nature (Shin et al. 2024). Moreover, the
emergence of unprecedented high-concentration
algal blooms can complicate the determination of
their intensity and frequency in areas where they
were previously rare (Kim, Cha, and Hwa Cho 2024).
To address these data imbalance problems, several
studies have suggested resampling methods, such as
under- and over-sampling for improving data quality
(Kim et al. 2021, 2023, 2024; Shin et al. 2021).
However, while these methods improve data balance,
they may distort the inherent characteristics of the
dataset, particularly when applied to a limited num-
ber of data points (Branco, Torgo, and Ribeiro 2017;
Demircioglu 2024).

Traditionally, remote sensing data from different
watersheds have been treated separately due to var-
iations in optical properties, which hinders the utiliza-
tion of integrated data across diverse environments
(Cao et al. 2022; Hong et al. 2022; Mobley 1995;
Ogashawara, Mishra, and Gitelson 2017; Yu et al.
2014). However, synthetic data generated through
resampling, as an alternative approach, may instead
introduce biases, thereby limiting transferability and
complicating the interpretation of relationships

between reflectance and algal bloom dynamics. To
overcome these challenges, this study adopts the
approach of integrating real-world data from different
watersheds, rather than relying solely on synthetic
data generated through resampling. This strategy
aims to address data imbalance while maintaining
the inherent characteristics of the data, providing
a more robust solution for improving Chl-a concen-
tration  estimation across diverse aquatic
environments.

Although ML models often demonstrate remark-
able performance, their black-box nature limits intui-
tive understanding of the underlying data processes
and resulting predictions. To address this, Shapley
additive explanations (SHAP) (Lundberg and Lee
2017) have been developed to provide interpretabil-
ity for models trained on various datasets, including
original, resampled, and augmented datasets. SHAP
allows for insights into how variable importance
changes with data augmentation, offering a detailed
assessment of the contributions and impacts of dif-
ferent augmentation strategies on model predictions.

This study aimed to enhance the accuracy and
interpretability of Chl-a concentration prediction
models, which could inform the development of
improved HAB monitoring and management strate-
gies in diverse watershed environments. The main
objectives of this study were to: (1) develop ML mod-
els for Chl-a concentration estimation using original
and augmented datasets; (2) determine the best
model structure for estimating Chl-a using sentinel-2
multispectral data; (3) identify the feasible data aug-
mentation strategy; and (4) analyze significant wave-
lengths for each model using SHAP.

2. Materials and methods
2.1. Site description

We surveyed the watersheds of two major rivers in
South Korea: the Geum (GE) (N 35.35°-37.03° N,
126.40°-128.04° E) and Nakdong (ND) rivers (35.00°-
37.21° N, 127.49°-129.30° E). The GE (length: 360.70
km, watershed area: 9,912.15 km?) is located in mid-
western South Korea (Figure 1a). More than half of the
GE River watershed is surrounded by forests, and
~35% is used for agriculture (Choi, Koh, and Yeol
Yoon 2023). The ND River, the longest national river
(length: 511 km, watershed area: 23384 km?) flows in
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Figure 1. Description of study sites. Locations of (a) Geum (GE) and Nakdong (ND) rivers, (b) subbasins of Baekje Weir (BJ), Gongju Weir
(GJ), and Daecheong Lake (DC) in GE; (c) Yeongju Dam (YJ), Gumi weir (GM), Gangjeong-Goryeong Weir (GR), and Mulgeum (MG) in
ND. Field monitoring points in (d) DC (GE River) and (e) GR (ND River) are displayed as red points.

southeastern South Korea (Figure 1a). The major land-
use types of this watershed are forest (67.50%) and
agriculture (23.50%) (Jung et al. 2020). Both rivers are
eutrophic in terms of Chl-a and total phosphorous
concentrations, with cyanobacterial blooms fre-
quently recorded in summer (Kim et al. 2020). Algal
bloom issues have been most frequently reported in
reservoirs within the GE River basin, while the ND
River, a key source of drinking water, has also been
affected by frequent occurrences (Pyo et al. 2022; Kim,
Cho, and Recknagel 2024).

A total of eight sub-basins were selected for sam-
ple collection: four on the GE [Baekje Weir, Gongju
Weir, Sejong Weir, and Daecheong (DC) Lake] and
four on the ND [Yeongju Dam (YJ), Gumi Weir (GM),
Gangjeong-Goryeong Weir (GR), and Mulgeum]
(Figure 1b-c, Table S1). All locations have barriers,
such as dams and weirs, to secure water resources
and control flood risk by maintaining the water level
and regulating river discharge. All sites have been
reported to suffer from algal blooms in the summer
season (Kim et al. 2019, 2024; Lee, Eun Kim, and Oh
Baek 2023; Lee, Park, and Cheon 2018). Most sampling
and monitoring were conducted in the Chuso region

Table 1. Summary of monitoring and sampling events.

Number of Monitoring
River Subbasin samples period
Geum River Baekje Weir 2 2021
Daecheong Lake 15 2021-2023
Gongju Weir 3 2021
Nakdong Gumi Weir 6 2021
River Gangjeong-Goryeong Weir 115 2020-2023
Mulgeum 6 2021
Yeongju Dam 1" 2020

(Figure 1d) and GR (Figure 1e) in the GE and ND rivers,
respectively (Table 1). An additional sub-basin was
selected, Andong Lake (AD) along the ND River, to
validate the model.

2.2. Study overview

This study consisted of four parts: (a) data acquisition,
(b) model development, (c) qualitative validation, and
(d) model interpretation (Figure 2). The Chl-a concen-
tration and surface reflectance data were collected
from field-monitored water samples and Sentinel-2
multispectral images. Three distinct datasets were
generated to train the ML models: (1) ND, the original
ND River dataset; (2) GEND, the integrated dataset of



4 (&) J.LEEETAL

(a) Data acquisition

Water sampling

/ Sentinel-2 satellite Images /

(¢) Qualitative validation

/ Sentinel-2 satellite Images /

L7

Image data

Measurement process BOA reflectance extraction

o e e ]

;-_-_-_ _-_-_E / Chl-a distribution map /

Target
FESREEesT 1 l

/ Spatial validation of models /

I
| Fixed train dataset from ND (n=110) |

(d) Model interpretation

v

Trained machine learning models

(n=20) (SMOGN)
| Explainable AT
(1) ND (2) GEND (3) ND-SMOGN
| ] | SHAP
Training 6 hine learning model Gradient SHAP

RF XGB MLP CNN MLP-ATT CNN-ATT

1

1

1

i

i | |
! Integration of GE dataset ~ Resampling method
i

1

1

|

1

1

1

1

1

1

1

1

I I I
Fixed test dataset from ND (n=28) |

! ! |

[ Evaluation metrics (R? and, RMSE) ]

Analysis of attributions for each band
to Chl-a estimation

Figure 2. Flowchart for developing and interpreting ML models for chlorophyll-a (chl-a) concentration estimation. Each part indicates
the steps for (a) data acquisition, (b) model development, (c) qualitative validation, and (d) model interpretation.

GE and ND river data; and (3) ND-SMOGN, the ND
River dataset augmented using the synthetic minority
oversampling technique for regression with Gaussian
noise (SMOGN) technique. Six ML model algorithms —
random forest (RF), extreme gradient boosting (XGB),
multilayer perceptron (MLP), convolutional neural
network (CNN), MLP with attention mechanism (MLP-
ATT), and CNN with attention mechanism (CNN-ATT) -
were applied to each dataset to estimate the Chl-a
concentration. The trained models were quantita-
tively validated with two evaluation metrics, followed
by further validation via Chl-a concentration distribu-
tion maps. Finally, the variable importance was com-
puted to identify significant spectral wavelengths for
Chl-a concentration estimation.

2.3. Data acquisition

2.3.1. Field monitoring

Field sampling was conducted from September 2021
to October 2023 at 20 points along the GE River and
138 points along the ND River. Most samples were
collected at DC in the GE River (75.00%) and GR in the
ND River (83.33%), particularly between July and

October (Table 1). All water sampling dates were
adjusted to coincide with the Sentinel-2 visit date.
Given that algal blooms occur predominantly on the
water surface, water samples were collected within 50
c¢m of the water bodies. The coordinates of the water
sample locations were collected using global position-
ing system (GPS) equipment and used to extract local
surface reflectance values from satellite imagery.

The Chl-a concentration was quantified using
a standard method (Rice, Bridgewater, and American
Public Health Association 2012). Water samples were
filtered within 24 h using a 0.70 um glass fiber filter
and homogenized with acetone (9 + 1). After storage
and centrifugation, the absorbance of the superna-
tant was measured at 630, 645, 663, and 750 nm with
a Cary 5000 UV-Vis-NIR spectrophotometer (Agilent
Inc., USA). In this study, a Chl-a concentration above
50 mg m™ > was the criterion for algal blooms, which is
indicative of a high risk for harmful cyanobacterial
blooms (World Health Organization 2003).

2.3.2. Sentinel-2 multispectral imagery
Sentinel-2, which consists of two satellites (Sentinel-
2A and Sentinel-2B), provides observational data on



inland water. Each satellite is equipped with
a multispectral instrument (MSI) and has a high revisit
time of 5 d (Drusch et al. 2012). The MSI spectral
bands consist of four visible (VIS), five visible and
near-infrared (VNIR), and four shortwave infrared
channels, which can achieve a high level of monitor-
ing performance (Table S2). Sentinel-2 provides two
primary reflectance data products: Level-1C (L1C) and
Level-2A (L2A) (Sola et al. 2018). The L1C represents
raw sensor observations, primarily comprising Top-of-
atmosphere reflectance values that account for atmo-
spheric effects (Nazeer et al. 2021). In contrast, the
L2A data undergo additional processing, including
atmospheric, aerosol, and adjacency corrections,
representing bottom-of-atmosphere (BOA) reflec-
tance values (Main-Knorn et al. 2017). In this study,
L2A product images were used to estimate the Chl-a
concentration on the water surface (Tables S3 and S4).
By refining the data to correct for atmospheric dis-
turbances, L2A provides a more accurate depiction of
surface reflectance.

As Chl-a is optically active in the VIS and VNIR
regions (Gitelson, Schalles, and Hladik 2007; Le et al.
2013), the corresponding spectral bands (B0O1-B08A)
with a 60 m resolution were used. To align satellite
data with observed Chl-a concentrations, surface
reflectance at field sampling locations was extracted
using Sentinel-2 imagery, geographic information sys-
tems (GIS), and corresponding geographic coordi-
nates. The extracted BOA reflectance served as the
predictor, and the in-situ Chl-a concentration was the
prediction target. Furthermore, because vegetation
along the riverbanks can interfere with the reflectance
data, data collected from river edges were carefully
excluded using GIS-based spatial filtering.
Additionally, when generating the Chl-a distribution
maps, we utilized the Sentinel-2 Scene Classification
Layer (SCL) to mask out non-water pixels. Specifically,
only pixels classified as water (SCL value =6) were
retained, while all other land or vegetation pixels
were assigned a value of zero.

2.3.3. Data augmentation

Addressing the significant lack of high-concentration
Chl-a data points in the ND dataset required employ-
ing two data augmentation methods. The first
approach involves incorporating measurements of
the Chl-a concentration and reflectance data from
the GE River dataset into the ND dataset (GEND
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dataset). As combining datasets from different water-
sheds is generally uncommon in remote sensing due
to variations in water quality and optical properties,
we assessed this method as a data augmentation
strategy.

The second method is SMOGN which generates
synthetic data points to improve representation in
sparsely populated areas of a dataset. By introducing
Gaussian noise, SMOGN ensures the augmented data
closely aligns with the original dataset’s distribution
while maintaining its integrity (Branco, Torgo, and
Ribeiro 2017). To determine the appropriate level of
perturbation, we conducted sensitivity analyses using
perturbation parameter. This parameter, which con-
trols the intensity of Gaussian noise, was experimen-
tally adjusted and set to 0.5 to generate a sufficient
amount of synthetic data within the underrepre-
sented range.

To ensure a fair and consistent comparison
between the original and augmented datasets, the
ND dataset was initially divided into training (80%)
and testing (20%) sets, with the test set fixed for
evaluating model performance. Only the training set
was augmented using two distinct approaches.

2.4. Model development

In this study, we developed DT-based models (RF and
XGB) and NN-based models (MLP, CNN, MLP-ATT, and
CNN-ATT) to predict the in situ Chl-a concentration
using satellite imagery. Using three distinctive data-
sets (i.e. ND, GEND, and ND-SMOGN), the models were
trained with satellite imagery from eight sub-basins
and validated with spatial maps of another sub-
basin, AD.

2.4.1. Decision tree-based models

The RF and XGB models are ensemble methods that
improve model performance by combining multiple
decision trees (DTs), but they differ in their ensemble
strategies. RF employs bootstrap aggregating (bag-
ging), which involves generating multiple datasets
by random sampling with replacement (Breiman
2001). Each DT is trained on a different dataset to
introduce diversity; randomness is further enhanced
by selecting a subset of variables for splitting at each
node (Quinlan 1986). The final prediction is obtained
by averaging the outputs of all DTs for regression
tasks:
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N
Yprediction = # Z Th (X ) (1)
n=1

where Ypreqiction denotes the combined result, N is the
number of DTs, T(x) is the output of each DT, and x is
the bootstrapped input dataset from the original
dataset. This approach increases stability and reduces
overfitting by leveraging model diversity (Dietterich
2002).

In contrast, XGB, employs boosting, where DTs are
trained sequentially to correct errors made by pre-
vious trees (Friedman 2001). Unlike RF, XGB assigns
weights to each observation, focusing on samples
with higher prediction errors during subsequent itera-
tions. The final prediction is the weighted sum of the
outputs from all DTs:

N

Yprediction = Z] anTh (X ) (2)
n=

where aj, is the weight of the n-th DT. Additionally,

XGB optimizes the objective function by minimizing

a combination of the loss function and regularization

terms, improving both accuracy and generalization

(Chen and Guestrin 2016).

2.4.2. Neural network-based models

The MLP is a basic artificial neural network (ANN)
structure consisting of input, hidden, and output
layers (Popescu et al. 2009; Yegnanarayana 2009).
Nodes in each layer are connected to all nodes in
the next layer, enabling data propagation and trans-
formation (Sammartino et al. 2020). The input layer
receives the band reflectance as input data (B0O1-
BO8A) while hidden layers apply weighted connec-
tions and activation functions to extract complex pat-
terns. The output layer generates the model
predictions as follows:

N
Z :T(Z wj ! ~z"1,~+b/’.51> 3)
i=0

where T represents the activation function, Z/; repre-
sents the jth node in the [th layer, W},-“ denotes the
weight connecting Z; and Z"';, and bj; ! is the bias
term of the | — 1th layer. If the MLP is composed of
0-Lth layers, z°; and z'; are the input and output of the
perceptron, respectively.

The 1D-CNN is an effective algorithm for treating
one-dimensional data, such as hyperspectral imagery
(Pyo et al. 2022; Shim et al. 2023). 1D-CNN models

generally consist of convolution, pooling, and fully
connected layers. A 1-D convolution extracts features
by sliding a kernel (u) over the input (z), performing
element-wise multiplication and summation to gen-
erate feature maps (Boureau, Ponce, and Le Cun 2010;
Kiranyaz et al. 2021):

z(t+1i) - u(i) (4)

where z and u represent the input data and kernel,
respectively, t refers to the position of the output
data, and K denotes the size of the kernel.

The convolved input was down-sampled
through max-pooling, resulting in a refined fea-
ture representation. This final feature map was
subsequently passed to fully connected layers
for prediction.

Despite its simple structure, MLP and 1D-CNN exhi-
bit exceptional performance and are utilized across
various fields in prediction and classification tasks
(Hong, Yoon, and Hwa Cho 2024; Jeong et al. 2024;
Tang et al. 2022), including remote water quality esti-
mation (Kolluru and Prakash Tiwari 2022; Pyo et al.
2018).

2.4.3. Multi-head attention

The attention mechanism is a powerful tool in ML that
enables models to focus selectively on relevant parts
of the input data, improving their ability to capture
intricate relationships (Vaswani 2017). It computes
a weighted combination of values (V) based on the
relevance of query (Q) and key (K) vectors. The atten-
tion mechanism is defined as:

Attention(Q, K, V) = softmax <‘3/Kdlk> v (5)

where dj is the dimensionality of the key vectors.

Multi-head attention is an advanced form of the
attention mechanism that improves the model’s
capacity to capture complex relationships within the
input data (Vaswani 2017). Unlike single-head atten-
tion, the mechanism employs multiple attention
heads to independently compute attention scores,
enabling the model to simultaneously focus on differ-
ent aspects of the input. Each head learns distinct Q,
K, and V matrices, which are combined to generate
the final output:



MHA(Q,K,V) = Concat(head , head,, . . . , head,)W°

(6)

where head; = Attention(QW;, KW/, VW;") and
We, WK, WY, and WO are learnable weight matrices.
In this study, multi-head attention was implemented
with eight attention heads after a fully connected
layer. This setup enables the model to learn complex
patterns among transformed features derived from
spectral bands.

2.4.4. Hyperparameter optimization

Bayesian optimization (BO) of the machine-learning
hyperparameters was performed to enhance model
performance. The BO has two main components: i)
a surrogate model and ii) objective function.
Probabilistic models, such as Gaussian processes, are
utilized as surrogate models to determine the uncer-
tainty of the model predictions. The objective func-
tion is used to approximate the maximum
improvement over the current model and iteratively
select promising points within the search space
(Shahriari et al. 2015).

Bayesian optimization effectively balances exploi-
tation and exploration, enabling the search process
to cover a broader range of hyperparameter combi-
nations. As shown in Figure S1, the objective func-
tion fluctuates as the algorithm navigates the search
space, iteratively increasing and decreasing before
converging on the best-performing solution. The
search space for the hyperparameters of each
model algorithm, along with the optimal para-
meters of the models, are summarized in Tables
S5-S8. The optimization steps were set to 200 for
DT- and NN-based models. The number of initial
points for exploration was set to one, and the
expected improvement was uniformly computed
with the objective function, root mean square
error (RMSE).

2.4.5. Model performance evaluation metrics

To evaluate the performance of the models, the RMSE
and coefficient of determination (R%) were calculated.
The RMSE, calculated from the square root of the
mean-squared error, facilitates the transformation of
evaluation metrics into units representing the actual
values, enhancing intuitive evaluation. The R? value
quantifies the proportion of variance in the depen-
dent variable that is predictable from the
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independent variables, ranging from 0 to 1. Models
that performed worse than the predicted mean value
yielded a negative R? value. These metrics were cal-
culated as follows:

S

RMSE =\ [13° (yi — %)’ (7)

i=1

and

n ~ 2
Zr’:"1 (y’lf ’) (8)
Z/’:1 vi-y)®
where y;, y;, and y denote the actual, predicted, and
average Chl-a concentrations, respectively.

2 _ 1 _ SSR_
R® = st =1

2.5. Model interpretation

In this study, SHAP and Gradient SHAP were
employed to interpret the DT- and NN-based models
to assess the importance of the eight input bands,
respectively. SHAP, based on game theory, computes
the marginal contribution of each participant in
a game (Lundberg and Lee 2017). In ML models, it
quantifies the contribution of each input variable to
the model’s output and can be described as:

b= S \S\!OF\I;‘I!SH)I[

fsui (5sum) —f506)] (9)
SCF\{i}

where (); refers to the SHAP value of the i-th input
feature, F represents the universal set of input data, S
denotes the subset of the set F excluding the i-th
feature, and f and f(x) are the model and predicted
value, respectively.

While SHAP provides intuitive insights for black
box models, calculating exact SHAP values is compu-
tationally expensive as it requires evaluating all pos-
sible feature subsets. Gradient SHAP, proposed by
Lundberg and Lee (2017), efficiently approximates
SHAP values using gradients and baseline values.
Gradient SHAP computes feature importance in
three steps: (i) sampling between the baseline and
input values, (ii) adding noise (e.g. Gaussian noise)
to each input sample, and (iii) averaging the gradients
of the model with respect to these inputs. The SHAP
value is then calculated as:

OF % (x; —x') (10)

Xi

M=
Q:|Q,

SHAP value(x) = &

I

where, N is the number of input samples, F refers to
the model, and x represents the input value. Here, x is
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the i-th input sample and x’ denotes the baseline,
which is set to a value of zero.

3. Results and discussion
3.1. Chlorophyll-a concentration distribution

The original (ND) and augmented datasets (GEND and
ND-SMOGN) exhibited significantly skewed distribu-
tions with a right tail (Figure 3, Table S9). These right-
tailed distributions are common in real-world data,
particularly water quality measurements (Cao et al.
2020). ND exhibited a severe imbalance in Chl-a con-
centrations, with only three samples exceeding 50
mg m~> out of a total of 138. Notably, the ND dataset
contained no samples with Chl-a concentrations
between 55 and 160 mg m™>. To address this gap, the
GEND and ND-SMOGN datasets were created.
Differences in Chl-a distributions between the GE and
ND datasets were primarily driven by variations in
sampling sites and data preprocessing constraints
related to cloud coverage. In the GE dataset, most high-
concentration samples were collected from DC, where
stagnant water conditions promoted algal blooms (Pyo
et al. 2022). In contrast, the ND dataset contained few
samples from lakes or reservoirs, as it primarily con-
sisted of riverine samples, resulting in a scarcity of high
Chl-a values. Additionally, some high-concentration
Chl-a samples from the ND were excluded due to
their incompatibility with satellite images. For example,

in this study, in the YJ area, several high Chl-a concen-
trations were observed, but the corresponding surface
reflectance values were obscured by cloud cover, pre-
venting their use in the analysis.

The GEND dataset consisted of 20 samples from
the GE dataset and 138 samples from the ND dataset.
The added GE dataset samples had Chl-a concentra-
tions ranging from 6.90 to 105.78 mg m~>, including
seven samples with concentrations exceeding 50
mg m~—. As a result, the GEND dataset contained
atotal of 10 high-concentration samples (=50 mg m™)
out of the 158 total data points. The ND-SMOGN
dataset comprised 158 data points, including 15 high-
concentration samples. As SMOGN generates syn-
thetic data points based on existing data by introdu-
cing noise, it has inherent limitations in generating
values in the range that is entirely absent from the
original dataset (Branco, Torgo, and Ribeiro 2017).
Therefore, in the ND dataset, which lacks samples
between 55 and 160 mg m~3, SMOGN can only gen-
erate data near 55 and 160 mg m~>. Consequently,
the ND-SMOGN dataset still exhibited a noticeable
gap in the 80-140 mg m™ range, highlighting a key
limitation of the SMOGN method.

3.2. Model performance

The performances of the two bio-optical algorithms
and six ML models across datasets are summarized in
Table 2. The bio-optical algorithms showed the worst

Distribution of Chl-a concentration

o
=

ZE

—_
(e

The number of samples
[\
L

ND dataset (n=138)

Normal distribution of ND

GEND dataset (n=158)

Normal distribution of GEND
ND-SMOGN dataset (n=158)
Normal distribution of ND-SMOGN

0 20 40 50 60 80

100 120 140 160 180

Chl-a concentration (mg m™)

Figure 3. Distribution of three datasets—the original ND River dataset (ND), the integrated dataset of GE and ND River data (GEND),
and the ND River dataset augmented using the synthetic minority oversampling technique for regression with Gaussian noise (ND-

SMOGN). Solid lines indicate the fitted normal distribution.



Table 2. Summary of the model performance metrics.
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Model Evaluation metrics ND GEND ND-SMOGN
Optical algorithm 2-band ratio R? 0.54 0.45 -0.74
RMSE 7.01 7.65 13.58
NDCl R? 0.12 0.23 -0.55
RMSE 9.67 9.04 12.81
DT-based RF R? 0.53 0.54 0.55
RMSE 7.06 7.00 6.90
XGB R? 0.47 0.59 0.36
RMSE 7.52 6.57 827
NN-based MLP R? 0.83 0.93 0.79
RMSE 419 2.77 471
CNN R? 0.81 0.90 0.77
RMSE 448 3.21 4.97
MLP-ATT R? 0.85 0.93 0.81
RMSE 4.04 2.76 448
CNN-ATT R? 0.84 0.91 0.80
RMSE 416 3.14 4.60

performance, with the highest R? of only 0.54. DT-
based models performed slightly better but still
exhibited significantly lower performance, with the
highest R? reaching only 0.59. In contrast, NN-based
models demonstrated the best performance across
the three datasets, achieving satisfactory R? values of
at least 0.77. Model performance appeared to
decrease with lower model complexity, as evidenced
by the low Pearson correlation between the input
variables (BO1-B08A) and the Chl-a target variable
across all three datasets (Figure S2). Notably, none of
the spectral bands (B0O1-B08A) showed a correlation
greater than 0.5 with the Chl-a target variable across
all datasets. This highlights the inherent challenge of
extracting sufficient information on Chl-a from the
input variables using simple model structures,
emphasizing the need for models capable of captur-
ing more complex patterns.

This trend suggests that ML models capable of
capturing more complex nonlinear relationships gen-
erally perform better. The MLP-ATT consistently
demonstrated the highest performance across all
three datasets. Multi-head attention improved predic-
tions by effectively capturing inter-feature dependen-
cies, leading to enhanced model performance across
the integrated and augmented datasets (Liang et al.
2024; Tan et al. 2023). Our results also underscore the
importance of selecting an appropriate model struc-
ture based on the distribution of data and the rela-
tionships between input and target variables.

Among the NN-based models, the MLP and MLP-
ATT models consistently outperformed the CNN and
CNN-ATT models. This result can be attributed to the
spectral characteristics of Sentinel-2 data, which pro-
vides multispectral data with broad spectral bands

and relatively large intervals between wavelengths
(Drusch et al. 2012, Nazeer et al. 2021). These large
intervals between each band can introduce irrelevant
information into feature maps. While bands such as
B03-BO05 are crucial for Chl-a estimation due to their
optical properties, the 1-D convolution kernels in CNN
models aggregate data across multiple bands. This
aggregation can inadvertently mix less relevant
bands, such as B02-B04 or BO5-B07, with key spectral
regions, diluting the critical signals (Yu, Zhang, and
Wang 2021). Consequently, this data characteristic
reduces the model’s ability to focus on the most
informative spectral bands, leading to lower perfor-
mance compared to MLP-based models.

DT-based models are also capable of capturing
complex non-linear relationships; however, they face
significant challenges when learning from skewed
distributions with rare high-concentration samples.
DTs rely on splitting the data into subsets during
training by minimizing impurity, a process that often
prioritizes the majority class. As a result, minority
samples, such as high-concentration Chl-a data in
a skewed distribution, are frequently underrepre-
sented in the splits, leading to suboptimal learning.
This limitation makes DT-based models particularly
unsuited for datasets with imbalanced distributions.
Indeed, previous studies have shown that RF can out-
perform NN-based models when applied to normally
distributed datasets, owing to their ability to effec-
tively capture patterns in balanced data (Hong, Yoon,
and Hwa Cho 2024; Zang and Ma 2012).

Models trained on the augmented datasets, GEND
and ND-SMOGN, successfully addressed this under-
estimation issue for the sample with the highest Chl-
a concentration. For the GEND dataset, which
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incorporates real-world high-concentration data col-
lected from another watershed, improvements in
both R? and RMSE were observed on the fixed test
set. In contrast, all models trained on the ND dataset
consistently underestimated the test data with the
highest Chl-a concentration (Figure 4). This result
was attributed to the lack of sufficient high-
concentration samples in the training data. Although
ND-SMOGN dataset alleviated underestimation of
high-concentration samples, it led to a decrease in
R? and an increase in RMSE. Despite the selection of
an appropriate model, the dataset itself can have
a significant impact on predictive performance, such

as the underestimation of high-concentration data
points. While remote sensing data are typically not
combined across watersheds due to variations in
water quality and optical characteristics (Hong et al.
2022), our results suggest that integrating data from
another watershed can be highly effective in addres-
sing problems due to data limitations.

3.3. Spatial and temporal validation of developed
models

Chl-a concentration maps of AD, a dataset that was
not utilized for model training, were created from five

ND GE/ND ND-SMOGN
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Figure 4. Scatter plots with evaluation metrics for neural network-based models: multilayer perceptron (MLP), multilayer perceptron
with multi-head attention (MLP-ATT), one-dimensional convolutional neural network (CNN), and one-dimensional convolutional

neural network with multi-head attention (CNN-ATT).
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viewpoints based on the best models: MLP-ATT mod-  images, indicative of potential algal blooms, was
els trained on the ND, GEND, and ND-SMOGN datasets  visually identified in the mid-upstream and middle
(Figure 5). Dense greenish coloration in the TCl  regions of the lake from the third to fifth viewpoints

True Color Image

3
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GEND-MLP-ATT ND-MLP-ATT

ND-SMOGN-MLP-ATT

Chl-a concentration (mg m)

T
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Figure 5. Generated Chl-a concentration distribution map for Andong Lake utilizing the best models: ND-MLP-ATT, GEND-MLP-ATT,
and ND-SMOGN-MLP-ATT. The Chl-a concentration range was fixed at 0-150 mg m™>.
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(27 August 2023; 11 September 2023; and
15 November 2023, respectively). The GEND-MLP-
ATT model, which exhibited the best performance,
effectively captured these high-concentration Chl-a
areas, aligning well with the visual cues from the TCl
images. Although the other two models, ND-SMOGN-
MLP-ATT and ND-MLP-ATT, similarly generated Chl-a
maps with spatial patterns consistent with suspected
algal bloom regions observed in TCl, they were less
effective in represent high-concentration areas com-
pared to GEND-MLP-ATT. For example, ND-MLP-ATT
consistently predicted low Chl-a concentrations
across all five viewpoints, with no pixels exceeding
40 mg m~. These results demonstrate the transfer-
ability of GEND-MLP-ATT, confirming its ability to gen-
eralize beyond the training regions and accurately
predict Chl-a distributions in a different watershed.

Although the GEND-MLP-ATT model effectively
indicated regions with potential algal blooms, it
contained various sources of uncertainties. For
instance, at the first viewpoint (28 February 2023),
the model predicted high Chl-a concentrations in
frozen upstream areas. However, algal blooms rarely
occur under low-temperature winter conditions, and
such cases are typically not monitored, making this
uncertainty negligible. Similarly, at the third view-
point, the model overestimated Chl-a concentra-
tions in upstream regions. This overestimation may
be attributed to a specific train data point in
Figure 4, where the model overestimated Chl-a con-
centrations within the 50-60 mg m™ range, result-
ing in a training bias. To mitigate this issue,
acquiring additional validation and test data in this
range and re-training the model could enhance its
performance.

In addition to these factors, the identification of
algal blooms is reported to be significantly affected
by several factors, including changes in spectral infor-
mation from water bodies caused by cloud cover,
frozen surfaces, and shadows cast by mountains (Pi
et al. 2021; Wu et al. 2020). Although uncertainties
exist regarding the predictions of Chl-a at a larger
scale, combining datasets from different watersheds
improved the prediction accuracy and representation
of high-concentrations. Moreover, submerged plants
and turbidity in waterbodies can be interfering factors
for extracting algal blooms (Fendereski, Creed, and
Trick 2024; Klemas 2016), but other factors appear to
significantly affect the model applicability regarding

study sites with a depth of >20m and suspended
solids concentrations <3 mg L™". Our findings support
the feasibility of integrating data from different water-
sheds with distinct water quality and optical proper-
ties, which could overcome the limitations of data
scarcity and enhance model performance.

With the threshold of 50 mg m~3, the developed
models can be further utilized to generate maps indi-
cating regions with potential algal blooms (Figure 6).
Moreover, based on the pixel size, the total area of
regions can be calculated, which can be applied for
risk assessment and management cost estimation.
Several studies suggest that estimating risk and habi-
tat ranges of cyanobacteria would be a rapid, cost-
effective approach to mitigate and manage algal
blooms (King et al. 2022; Ma et al. 2021; Weber et al.
2020). Therefore, our approach has significant practi-
cal utility, as it allows for the efficient detection and
assessment of bloom-prone regions. By replacing tra-
ditional methods that often involve labor-intensive
and time-consuming field measurements, this frame-
work with a remote monitoring system offers a more
streamlined and effective solution for water resource
management and environmental monitoring.

3.4. Importance of each band for Chl-a estimation

Important bands identified by SHAP and Gradient
SHAP varied by training dataset - ND, GEND, and ND-
SMOGN (Figure 7). NN-based models demonstrated
the ability to prioritize spectral bands deeply linked to
the optical characteristics of Chl-a, particularly the
wavelengths surrounding B04 (665 nm). Among the
datasets, models trained with the GEND dataset
showed a distinct emphasis on B03 (443 nm) to BO5
(665 nm). Chl-a exhibits optical properties character-
ized by high absorption in the spectral bands sur-
rounding B04 (665 nm), a feature that has been
experimentally established (Bjorn et al. 2009). As sum-
marized in Table 3, B0O4 and BO5 are widely employed
in algorithms for estimating Chl-a concentrations.
Thus, models that assign high importance to B0O3 to
BO5 could extract and utilize more relevant informa-
tion for predicting Chl-a. While models trained on the
ND and ND-SMOGN datasets included BO3 to BO5 as
important variables, they also assigned significant
importance to other bands, such as BO1, B02, and
B06. In contrast, models trained on the GEND dataset
exhibited a sharper focus, with BO3 to B0O5 being the
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Figure 6. Maps of regions indicating potential algal blooms (> 50 mg m™3) in Andong Lake. Red colored pixels indicate regions with
potential algal blooms estimated by the GEND-MLP-ATT model.
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Figure 7. Variable importance analysis for the trained neural network-based models.

Table 3. Bio-optic algorithms and proposed bands for remote chlorophyll-a estimation.

Central wavelength of proposed bands (nm) Reference
Algorithm A1 Az A3 A4
Ocean Color 4 443 490 510 560 O’ Reilly et al. (2000)
Two-band ratio 443 560 Gons (1999); Gilerson
492 560 et al. (2010); Ha et al.
665 709 (2017)
680 709
Min (660-690) Max(690-710)
Three-band ratio 665 709 754 Dall'olmo, Gitelson, and
680 709 754 Rundquist (2003);

Gilerson et al. (2010);
Ha et al. (2017)

Four-band ratio Band tuning required Le et al. (2009)
Maximum Chlorophyll Index 665 709 754 Gower et al. (2005)
680 709 754
Normalized Difference Chlorophyll Index 665 709 Mishra and Mishra (2012)
680 709

Synthetic Chlorophyll Index 560 620 665 681 Shen et al. (2010)
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only spectral bands with distinctly high importance.
This suggests that the GEND-trained models effec-
tively extracted and leveraged information from the
spectral bands most closely associated with Chl-a
concentrations.

As for DT-based models, none of the models con-
sistently assigned high importance to all three spec-
tral bands, B03 (560 nm) to BO5 (705 nm), that are
deeply associated with Chl-a concentrations (Figure
S3). In addition to the previously discussed limitations
of DT-based models in learning from imbalanced
datasets, this inability to feasibly explain critical infor-
mation from the spectral bands most relevant to Chl-a
may further explain the suboptimal performance of
DT-based models. These findings support that DT-
based models struggle to effectively utilize the key
spectral features required for accurate Chl-a predic-
tion from multispectral reflectance data.

When combined with the results of the variable
importance analysis, it becomes evident that the
integration of the GE dataset effectively compen-
sates for the lack of high-concentration samples in
the ND dataset, significantly enhancing model per-
formance. Moreover, the addition of high-
concentration data enabled the models to focus
more precisely on the spectral bands most closely
associated with Chl-a, further improving predictive
accuracy. Integrating data from different watersheds
not only enhances model performance, but also
provides deeper insights into how variable impor-
tance shifts with the integration of high-
concentration data. These insights contribute to
a better understanding of Chl-a concentration esti-
mation and can inform the development of more
effective monitoring strategies.

4. Conclusions

This study assessed the feasibility of integrating data-
sets from different watersheds, including remote sen-
sing reflectance data and corresponding Chl-a
concentrations, to address data scarcity challenges
in ML model training. Among the six evaluated algo-
rithms, NN-based models consistently outperformed
DT-based models, with CNN-ATT achieving the high-
est accuracy across three datasets. The models trained
with the integrated datasets demonstrated their abil-
ity to effectively generalize across diverse spatial

scales, offering insights into the spectral characteris-
tics of algal blooms. The major findings include:

e Integration of the GE and ND datasets substantially
improved model performance, as evidenced by an
increase in R? from 0.85 to 0.93 and a reduction in
RMSE from 4.04 to 2.76 in the GEND-MLP-ATT
model compared to the ND-MLP-ATT model.

e The SMOGN technique partially mitigated the
scarcity of high-concentration samples and
addressed underestimation issues. However, it
reduced the number of low-concentration sam-
ples, leading to instability in low-concentration
predictions and a decline in overall performance
metrics.

e Model interpretation of the GEND dataset identi-
fied BO3 (560 nm) to BO5 (705 nm) as critical
wavelengths for Chl-a estimation, aligning with
established bio-optical principles.

e Models trained on the ND-SMOGN dataset
assigned significant importance to less relevant
bands, such as B02 (490 nm) and B06 (740 nm), in
addition to B03-B05, highlighting potential lim-
itations of synthetic data augmentation.

The integration of remote-sensing reflectance data from
watersheds with distinct optical and water quality char-
acteristics offers a promising approach to address data
scarcity while maintaining the inherent variability of
natural systems. By creating algal bloom risk maps
with developed models, this study offers practical tools
for identifying bloom-prone regions, enhancing envir-
onmental monitoring, and supporting efficient water
resource management. Future research will focus on
expanding the model to incorporate more diverse
sources (e.g. all major river systems in South Korea)
while addressing domain shift issues to enhance its
generalizability.
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