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Abstract

This study evaluates the effectiveness of hyperspectral data to retrieve chlorophyll a (Chl-a) concentrations using various
Machine Learning (ML) methods, specifically to determine whether spectral reflectance can provide accurate estimations of
Chl-a. The study aims to address the gap in understanding how hyperspectral measurements correlate with Chl-a concentra-
tions and to explore the potential for improving water quality assessment by accurately estimating Chl-a concentrations, which
is essential for environmental monitoring, especially in aquatic ecosystems. The method proposed is evaluated using different
Chl-a concentrations defined by the experiment design using Rhodamine B. The main reason for preparing pre-defined solu-
tions of Chl-a is to verify the sensitivity of spectral measurements to Chl-a concentrations. In this paper, we aim to measure
the pure signature of the Chl-a in which spectral reflectance of each Chl-a concentration is measured with 10 replicates by
the spectrometer HS-1000WFL3. Six ML methods were investigated; (i) the multilayer perceptron artificial neural network
(MLPNN), (ii) the support vector regression (SVR), (iii) the random forest regression (RFR), (iv) the Gaussian process
regression (GPR), (v) Relevance Vector Machine (RVM) and (vi) Extreme Gradient Boosting (XGboost). 70 % of the data
is used in training the models and 30 % of the data was used for their validation. We applied two bands 446 nm and 595
nm that are highly correlated with Chl-a. The models are evaluated using coefficient of determination (R2), Nash-Sutcliffe
efficiency (NSE), root-mean-square error (RMSE), and mean absolute error (MAE). The results for the input variable, band
595 nm achieved the best predictive accuracy using the MLPNN method with R2, NSE, RMSE and MAE of approximately
~0.859, ~0.853, ~26.722 and ~19.05, respectively. The research also aims to lay the groundwork for future studies in water
quality monitoring and management, using hyperspectral data and ML to improve our understanding of aquatic environments.
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Introduction

Chlorophyll-a, a photosynthetic pigment found in algae
and plants, plays a pivotal role in aquatic ecosystems (Shin
et al. 2020). Its concentration in water bodies serves as
a key indicator of water quality, ecosystem health, and
the potential for harmful algal blooms. Monitoring chlo-
rophyll-a levels is vital for understanding and managing
water resources, as it directly correlates with the overall
state of aquatic environments, nutrient levels, and the pres-
ence of pollutants (Poddar et al. 2019; Hang et al. 2022)..
Estimation of Chl-a in aquatic systems presents several
challenges, which traditional methods struggle to address
efficiently. Firstly, the manual collection and processing
of samples are time-consuming and expensive, making it
difficult to achieve high spatial and temporal resolution
in monitoring. Moreover, these traditional methods are
often constrained to specific points of measurement, lim-
iting their capacity to capture the dynamic and spatially
heterogeneous nature of Chl-a distributions within water
bodies. Furthermore, water quality assessment demands
the monitoring of several other environmental variables,
such as turbidity, temperature, and dissolved organic mat-
ter (Kushwaha et al. 2023).

The past few decades have witnessed remarkable
advancements in remote sensing technology, particularly
the application of field spectral reflectance, to overcome
these challenges and act as promising tools for cost-effec-
tive, rapid, and large-scale Chl-a concentration estimation
(Silveira Kupssinskii et al. 2020; Shin et al. 2020; Hang
et al. 2022). Spectrometers, such as the ones mounted on
satellites, drones and other platforms, offer high spectral
and spatial resolution, allowing for detailed and wide-
spread data collection. These spectrometers measure the
reflected sunlight in various wavelength ranges, provid-
ing spectral signatures that contain valuable information
about water quality parameters, including Chl-a (Silveira
Kupssinskii et al. 2020).

The spectroradiometers on satellite for chlorophyll a
monitoring commonly belongs to passive remote sensing.
These instruments use sunlight as light source and is easily
affected by atmospheric interference. The spectrophotom-
eter in the laboratory uses internal Xenon light, with the
wavelength signal from 200 — 1000nm. It has the capa-
bility to capture spectral features in the ultraviolet band
compared to the spectroradiometers on satellites. The
light field conditions are also different. The spectroradi-
ometers on satellite is easily affected by solar condition and
atmospheric interference. The light field of lab spectrora-
diometers is much more stable and controllable. It enables
better quality water spectra. In situ hyperspectral moni-
toring offers a transformative approach to water quality
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assessment by addressing the limitations of traditional
laboratory methods. Once established, it can significantly
reduce the need for frequent, labor-intensive testing across
multiple locations. By enabling direct field data collection,
hyperspectral systems allow researchers and environmental
managers to minimize the time and costs associated with
laboratory analyses. High-resolution spectral data on chlo-
rophyll-a (Chl-a) provides the foundation for developing
more accurate predictive models for ecosystem health and
water quality (Keller et al. 2018). Hyperspectral measure-
ments enable continuous monitoring across extensive areas
and over time, capturing dynamic changes in chlorophyll-
a concentrations that laboratory methods, limited by dis-
crete sampling, might miss. While initial setup costs for
hyperspectral equipment can be high, the ability to monitor
large areas without extensive fieldwork can reduce over-
all expenses compared to the recurring costs of labora-
tory analyses (Pandey et al. 2024). Combining hyperspec-
tral data with machine learning algorithms enhances the
accuracy of Chl-a estimation. This integration allows for
more effective monitoring and management of water qual-
ity (An et al. 2020) . Pahlevan et al. (2022) applied Mix-
ture Density Networks (MDNs) to the inverse problem of
simultaneously retrieving water quality indicators, includ-
ing chlorophyll-a (Chla) use in situ measurements to train
and optimize the developed models for the relevant spec-
tral measurements (400—800 nm) of the Operational Land
Imager (OLI), MultiSpectral Instrument (MSI), and Ocean
and Land Color Instrument (OLCI) aboard the Landsat-8,
Sentinel-2, and Sentinel-3 . Cao et al. (2020) employed
a machine learning approach termed the extreme gradi-
ent boosting tree (BST) to develop an algorithm for Chla
estimation from OLI in turbid lakes. Kolluru and Tiwari
(2022) proposed a novel approach to derive Chl-a by using
multi-layer perceptron Neural Network (MLPNN) with
Resilient backpropagation method based on the four ocean
color bands existent in most of the ocean color sensors. Hu
et al. (2021) develop a machine learning approach to reduce
the impact of spectral noise and improve algorithm per-
formance at the global scale for multiple satellite sensors.

Over the past five years, a novel spectrometer product
capable of buoyancy on water has been developed (Aguzzi
et al. 2020). An instance of a buoy spectrometer, the HS-
VNI1000WF3, has been developed by Tianjin Progoo Infor-
mation Technology Co., Ltd. in China. This spectrometer is
capable of gathering spectral reflectance data at a station-
ary location on a river and also in the Laboratories. Gather-
ing water samples near the buoy spectrometer can help to
develop a more precise model of water quality parameters,
by identify the highly correlated spectra with the measured
water parameters , then build relationship between the water
parameters and the measured spectra (Zhang et al. 2022).
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Machine learning (ML) models have become increasingly
important (Singhal et al. 2019; Chusnah and Chu 2022). The
integration of machine learning (ML) algorithms with field
spectral reflectance data has garnered considerable attention
in the domain of Chl-a estimation. ML, a subfield of artifi-
cial intelligence, has demonstrated its potential to enhance
predictive accuracy and reduce data-processing time. ML
algorithms are designed to process vast datasets and recog-
nize complex patterns within the data, making them well-
suited for extracting meaningful information from spectral
reflectance measurements (Singhal et al. 2019). Machine
learning techniques, such as regression, Random forest
(RF), support vector regression (SVR), and artificial neu-
ral networks (ANN), have demonstrated their potential in
modeling the relationship between spectral data and Chl-a
concentrations. Park et al., (2015) demonstrated the applica-
tion of ANN and support vector machine (SVM) machine
learning approach for the estimation of Chl-a concentrations
in the Juam Reservoir and Yeongsan Reservoir Korea. (He
et al. 2020) examined eight distinct machine learning tech-
niques, which encompassed SVR, ANN, gradient boosting
machine, Random forests (RF), standard (ocean chl-a three-
band algorithm for MODIS (moderate-resolution imaging
spectroradiometer)) CI-OC3M, multiple linear regression
(MLR), generalized additive regression, and principal com-
ponent regression to estimate the distribution of Chl-a within
the Gulf of St. Lawrence, located in Canada. The results of
this analysis indicated that among these techniques, SVR
demonstrated the most favorable performance in accurately
estimating Chl-a concentrations. (Shin et al. 2020) explored
the Recurrent Neural Network (RNN) model showed supe-
rior performance over SVR, Bagging, RF, Extreme Gradi-
ent Boosting (XGBoost), and Long—Short-Term Memory
(LSTM) in the prediction of Chl-a concentrations in the
Nakdong River, Korea.The recent literature reviewed here
clearly indicates the growing interest and advancements in
the integration of spectral data and machine learning for
chlorophyll-a estimation. These studies underscore the
potential of ML algorithms to enhance the accuracy of Chl-a
predictions and offer cost-effective, large-scale monitoring
solutions.

The cooperative use of field spectral reflectance data
in conjunction with sophisticated machine learning (ML)
models is used to achieve increased accuracy, promptness,
and economic efficiency in forecasting abilities. The impli-
cations of this paper go beyond academic research, which
is helpful to environmental regulatory agencies, water
resource management authorities, and academics inter-
ested in protecting and improving water quality. In this
paper, we investigate how state-of-the-art ML algorithms
combine with field spectral reflectance data improve pre-
dictions of Chl-a. Our study investigates the potential of
machine learning models to estimate Chl-a concentration

using field spectral reflectance data, a relatively novel
approach in environmental monitoring. We test the hypoth-
esis that these models can yield accurate estimations by
evaluating various machine learning algorithms for their
ability to predict Chl-a concentration. The article offers
a thorough data analysis and assessing different machine-
learning techniques using hyperspectral data measurement.
This detailed examination underscores the scientific rigor
and systematic methodology of the study. Additionally,
the article highlights the addressed issues and the signifi-
cance of the research, emphasizing its potential impact on
hyperspectral data and ML for Chl_a prediction. This work
advances environmental modeling by demonstrating the
feasibility of predicting Chl-a concentration, paving the
way for future studies to explore innovative water quality
assessment and management methods.

The aims of the study are to evaluate the effectiveness
of hyperspectral data to retrieve chlorophyll a (Chl-a) con-
centrations using various Machine Learning (ML) methods,
specifically to determine whether spectral reflectance can
provide accurate estimations of Chl-a. The research aims to
address the gap in understanding how hyperspectral meas-
urements correlate with Chl-a concentrations and to explore
the potential for improving water quality assessment by
accurately estimating Chl-a levels.

Methodology
Determination of chlorophyll-a concentrations

In our study the Chl-a concentrations were prepared in the
laboratory of Tianjin Progoo information technology Co
by using Rhodamine B 2.5% as indicator to Chl-a concen-
trations (Koli and Sharma 2021), according to (Luck et al.
2012). Rhodamine B is a fluorescent dye that can absorb
and re-emit light in a way that enhances the detection of
chlorophyll a. In spectrophotometric or fluorometric studies,
Rhodamine B can assist in calibrating the detection system
for chlorophyll a, helping to achieve accurate quantitative
analysis in water quality and environmental studies. A recent
study calibrated in-situ Chla fluorescence data, this study use
Rhodamine B as indicator to Chla, the results of this study
showed that ,Fluorescence in-situ sensors are particularly
useful to detect and quantify sudden phytoplankton biomass
variations through high frequency measurements (Levi et al.
2024).The Chl-a concentrations were contained in a black
shade bucket to avoid the interference of environmental stray
light during the spectra measurement. The fluorescence sig-
nal of 0.625 mg/L Rhodamine B corresponds to the 66.0
pg/L chlorophyll-a in the 22°C water, which can be used
to construct relationship between Rhodamine B and Chl-
a. The fluorescence of Rhodamine B is influenced by the

@ Springer
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water temperature. So, the water temperature was measured
after the spectrum was measured. The influence of the water
temperature was corrected according to Xylem Inc. (2020).
The prepared concentration chlorophyll-a standard solution
ranged from 11- 63 pg/L. Flowchart of the approach used for
Chl-a prediction Fig. 1.

Spectra measurement

Progoo information technology Co has developed a buoy
spectrometer water quality detection system that has the
capability to monitor various water quality parameters and
also can measure the spectra of the water parameters. The

Fig. 1 Flowchart of the
approach used for Chl-a predic-
tion
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spectral range of buoy spectrometer is from 400 nm to 1000
nm. In our study, we use the second version of the buoy
spectrometer to measure the spectra of the prepared Chl-a
concentrations in the progoo laboratory (Zhang et al. 2022).
The spectra measurement of chlorophyll-a was divided into
the following steps. First, the probe of the spectrometer was
cleaned with a soft bristle brush and then rinsed with deion-
ized water. Second, the spectrometer was calibrated using
deionized water then reference spectra of pure water was
measured. To examine the effectiveness of the calibration,
we measured the spectra of pure water again, the spectra of
both water samples supposed to be same. If the mean coef-
ficient of variation of the measured spectra is less than 5%,
the calibration is qualified. Third, the prepared concentra-
tions were measured by the calibrated spectrometer. Each
concentration measurement was repeated 3 times, with a
total of 15 spectra obtained for one sample. The absorption
coefficient at chlorophyll-specific wavelengths (e.g., 440 nm
and 675 nm) are used as indicators to retrieve the chloro-
phyll a concentration. Algorithms are applied to absorption
data to relate spectral features to chlorophyll a concentra-
tions, e.g.,: Empirical Models: use band ratios to estimate
concentrations. Semi-Analytical Models: Incorporate the
specific absorption coefficients of chlorophyll a.

Spectral characteristics of chlorophyll-a
Figure 2 shows the surface reflectance at different Chl-a

concentrations. Only wavelengths between 300 and 600
nm are shown on the x-axis to reduce interference from

instrument noise. Surface reflectance is shown via the
y-axis. Every labeled or color-coded data point represents
a particular concentration of chlorophyll. The spectra reflect
correctly well-known absorption features of Chl-a. Accord-
ing to the overall tendency, Chl-a concentrations often have
increased spectral reflectance at specific wavelengths. For
example, a concentration of 11.65 ppm of chlorophyll
shows comparatively greater reflectance at 324 nm. Like-
wise, 13.23 and 14.79 concentrations exhibit greater reflec-
tance at 373 nm and 438 nm. These findings align with
previous studies on chlorophyll and how it interacts with
light. According to (Markwell et al. 1995), the blue and
red portions of the spectrum are where chlorophyll absorbs
light the strongest, with absorption maxima occurring at
430 nm and 665 nm. Since the absorption range includes
324 nm, 373 nm, and 438 nm, this explains why the reflec-
tance at these wavelengths is greater. The low reflectance
seen in the 488-567 nm region, which corresponds to the
chlorophyll absorption peak at 665 nm, can be explained
by the fact that reflectance is higher at wavelengths where
absorption is lower (Gitelson et al. 2003). Reflectance rises
for all chlorophyll concentrations above 567 nm, even if
there is no discernible difference between them, because
of scattering effects that occur beyond the primary absorp-
tion peaks (Gitelson et al. 2003). The summary statistic of
the Chl-a concentration and the two spectral characteristics
are represented in (Table 1), which showed that band 446
has the highest skewness and kurtosis (leptokurtic) while
the Chl-a has negative kurtosis higher than one and it is
platykurtic. In the table, we provide the mean, maximal,

Conc./uL1-
—11.65
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14.79
20.92
1 /254
—26.87
29.77
35.44
- 39.57
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Table 1 Summary statistics of raw water quality variables and Chl-a
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Kurtosis

Skweness

Xmean Xmax Xmin
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-1.314

—-0.061

72.33 0.625

6.84
6.84

6.84
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234

115.788
108.156

mg/L

Training

Chl-a

0.648

70.12

mg/L
mg/L
"
/"

Validation
All data
Training

0.629
0.693

71.36
0.244
0.243
0.

113.502
0.352
0.365
0.356
0.496
0.51

0.5

3314

1.931

-0.77
0.777

0.166
0.162
0.162
0.252

1.109
1.097
1.109
1.199
1.18

Band_446

0.665

Validation
All data
Training

0.772

0.674
0.545
0.543
0.538

24
27

1.03

1.483

0.803
0.798

0.

7

Band_595

0.277

0.254
0.252

validation
All data

0.801

0.269

1.199

[Abbreviations: X,,,,, mean, X,,,, maximum, X,,, minimum, S, standard deviation, C, coefficient of variation, R coefficient of correlation with Chl-a]

minimal, standard deviation, the coefficient of variation,
and the correlation coefficient. More details about the
statistical description of can be found in (Ozbayrak et al.
2023). Before applying the six machine learning models,
all data were standardized using the Z-score method. This
method helps in avoiding the problem of outlier. However,
according to the calculated statistical indices reported in
Table 1, there is no outlier in the dataset. The machine lean-
ing models were developed using various parameters and
by adopting the trail and error for finding the best models’
parameters. For example, varying the number of hidden
neurons, the number of trees, the parameters of the gauss-
ian function, and the kernel parameters of the SVR models.
The number of training data was 187 and 80 for validation.
In the present study, machine learning models were devel-
oped using MATLAB, and the XGBoost using Python. The
procedures of calculation of chlorophyll a, step 1: prepare
chlorophyll a concentration ranging from 11.65 to 72.29
pg/L , step 2: measure spectra using buoy spectroradiom-
eter (200 - 1000 nm), step 3: correlation analysis identifies
highly correlated bands with chlorophyll a : 446 nm & 595
nm. Step 5: 446 nm & 595 nm used as input to evaluate and
compare results of 6 ML methods, MLPNN,SVR, RFR, iv,
GPR, RVM and XGboost. Step 6: Final Result : MLPNN
achieves the highest predictive Chlorophyll a accuracy as
shown in Figure 3.

Machine learning models for prediction
of Chl-a in aquatic environments

The machine learning models developed in the present study
namely, (i) the multilayer perceptron artificial neural net-
work (MLPNN), (i7) the support vector regression (SVR),
(iii) the random forest regression, (iv) the Gaussian process
regression (GPR), (v) the relevance vector machine (RVM)
and (vi) the XGBoost regression models. More details about
the models can be found in (Ekmekcioglu et al. 2022; Cita-
koglu and Cogkun 2022; Demir and Citakoglu 2024).

Multilayer perceptron neural network (MLPNN)

Multilayer perceptron neural networks (MLPNNs) are
widely adopted feedforward neural networks known for their
rapid execution, ease of implementation, and modest data
requirements (Ali et al. 2017; Hakim et al. 2021). The archi-
tecture of an MLPNN typically comprises three sequential
layers: the input layer, the hidden layer, and the output layer
Fig.4. The hidden layer plays a pivotal role in processing
and transmitting input data to the output layer. However,
it's crucial to strike the right balance when determining the
number of neurons in the hidden layer.
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Step 1: Prepare Chlorophyll a Concentrations
Concentration range: 11.65 to 72.29 pg/L

[ Step 2: Measure Spectra Using Buoy ]

Spectroradiometer (200 - 1000 nm)
Step 3: Correlation Analysis

Identify highly correlated bands with Chlorophyll a:
446 nm & 595 nm

4

Step 4: Use 446 nm & 595 nm as Input for Machine
Learning Methods: MLPNN, SVR, RFR, GPR, RVM, XGBoost

accuracy

A 4
Step 6: Final Result
MLPNN achieves the highest predictive accuracy for
Chlorophyll a

Step 5: Evaluate and Compare Results
Evaluate the results from 6 ML methods and compare

Fig.3 Procedure for calculation of chlorophyll a using spectral data
and machine learning methods

Input Layer

Hidden Layer Output Layer

Fig.4 Schematic diagram of the multilayer perceptron neural network
(MLPNN)

An insufficient or excessive number of neurons can lead
to challenges in generalization and result in overfitting
issues. Every neuron 'j' within the hidden layer computes
the sum of its input signals 'x;,' which are weighted by their
respective connection weights 'w;;." The output of each neu-
ron is defined as:

Y,-=f<ZWﬁxi> M

Here, 'f' denotes an activation function that utilizes the
weighted input summations. Common choices for activation
functions include simple threshold functions, sigmoid func-
tions, or hyperbolic tangent functions.

Random forest regression (RFR)

Random Forest (RFR) represents an ensemble technique
introduced by Breiman (2001), widely applied across vari-
ous studies. RF combines multiple decision trees in parallel
Fig.5, employing a bagging (bootstrapping and aggrega-
tion) strategy. Bootstrapping involves training individual
decision trees on distinct subsets of the input training data,
effectively reducing model variance and yielding precise
outcomes. The final decision is made by aggregating the
decisions of individual trees, leading to improved generali-
zation (Misra and Li 2020). The generalization accuracy of
arandom forest hinges on the quality of individual trees and
the extent of correlation among them. Random forest models
have consistently demonstrated their robust predictive capa-
bilities and versatility, effectively addressing classification
and regression tasks, particularly in scenarios with limited
sample sizes and high-dimensional data (Biau and Scornet
2015; Kushwaha et al. 2024b).

Support vector regression (SVR)

Support Vector Machines (SVM) have been a significant
advancement in the field of machine learning, with a his-
tory dating back to their introduction by (Boser et al. 1992).
Since their inception, SVMs have found applications in a
wide range of fields, such as machine learning, optimization,
statistics, and functional analysis (Vishwakarma et al. 2023;
Abd-Elaty et al. 2023). The SVM concept can be generalized
to become applicable to regression problems (Kushwaha
et al. 2021). The SVR, one of the applications of the SVM,
finds hyperplanes that minimize the errors and maximize the
margins of continuous data. A schematic diagram of SVR
is displayed in Fig.6. The equation for linear SVM can be

written as follows:
XUV eenvenene Xy Yy )

Where y; is either 1 or —1, depending on the class
to which the point is assigned. Each represents an

@ Springer
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Fig.5 Schematic diagram of the
random forest regression (RFR)

Training Data l

Fig. 6 Schematic diagram of the
support vector regression (SVR)

: Average all prediction : d

| Final Response |

Input Vector

n-dimensional real vector. The maximum-margin hyper-
plane that divides the group of points, when from the
group of points when which is determined to maximize
the distance among different points from either group. The
hyperplane which satisfies the following equation for a set
of points can be written as below:

wix—=b=0 3

Where w is the normal vector to the hyperplane. The
parameter denotes the offset of the hyperplane from the
origin along the normal vector.

@ Springer

Kernel Function

Output Layer

Gaussian process regression (GPR)

A Gaussian process (GP) is a stochastic process that generates a
sequence { Xz}t € T over time, such that its impact on the finite-
ness of a linear combination of Xt (or, more generally, any lin-
ear function derived from the sample function Xt) is negligible
Fig. 7. This linear combination typically follows a normal dis-
tribution (Daemi et al. 2019; Li et al. 2020). Consider a training
dataset T = {(x;, y;)/i = 1, 2,..., N} that describes the Gaussian
process's behavior. When employing Gaussian processes for
regression tasks, often referred to as kriging, a fundamental
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Fig.7 Schematic diagram of the
Gaussian Process Regression
(SVR)

assumption is made. For a Gaussian process 'f' observed at the
'x' coordinates, the vector of values f(x) is essentially a sample
from a multivariate Gaussian distribution, with the dimension
matching the number of observed coordinates 'n'. Notably,
Gaussian processes can be fully characterized based on their
second-order statistics. Hence, assuming a Gaussian process
with a zero mean, the definition of the covariance matrix 'K' (a
positive definite kernel) completely determines the Gaussian
process's behavior. This covariance matrix plays a pivotal role
in defining essential properties of Gaussian processes, such as
isotropy, stationarity, smoothness, and periodicity (T).

Relevance vector machine (RVM)

The Relevance Vector Machine (RVM) is a sophisticated
machine learning method employed for predicting Chl-a
concentrations in aquatic environments (Zou et al. 2020).
Unlike traditional support vector machines, RVM offers a
Bayesian framework that allows for probabilistic regres-
sion, enabling the model to provide uncertainty estimates
along with predictions. RVM selects a subset of relevant
data points, known as relevance vectors, to construct a sparse
model, reducing computational complexity while maintain-
ing predictive accuracy (Bowd et al. 2005). By effectively
identifying relevant features and optimizing model param-
eters through Bayesian inference, RVM can accurately fore-
cast Chl-a concentrations based on diverse environmental
variables. Its ability to handle uncertainty and sparsity
makes RVM a valuable tool for Chl-a prediction, contribut-
ing to improved understanding and management of water
quality in aquatic ecosystems (Camps-Valls et al. 2006).

Extreme gradient boosting (XGboost)

The Extreme Gradient Boosting (XGBoost) is a power-
ful machine learning technique used for predicting Chl-a

\s————————————————f

concentrations in aquatic ecosystems. It employs an ensem-
ble learning framework that iteratively improves the pre-
dictive accuracy of a model by combining multiple weak
learners, typically decision trees, into a strong predictive
model (Ahn et al. 2023). XGBoost optimizes the model's
performance by minimizing a loss function and employing
gradient boosting techniques, which involve adjusting the
weights of misclassified instances in subsequent iterations.
This iterative approach allows XGBoost to effectively cap-
ture complex relationships and patterns in the data, making
it particularly well-suited for predicting Chla concentrations
based on various environmental factors and input variables.
Additionally, XGBoost offers flexibility in model tuning and
regularization parameters, allowing for fine-tuning to opti-
mize predictive performance (Chen et al. 2015). Overall,
XGBoost has demonstrated promising results in accurately
forecasting Chla concentrations, contributing to enhanced
understanding and management of water quality in aquatic
ecosystems (Niroumand-Jadidi and Bovolo 2022).

Models structures
In the present study, the six machine learning models, i.e., the
MLPNN, RFR, GPR, SVR, RVM and XGBoost were com-

pared according to three different scenarios in Table 2. All
models were first calibrated during the training stage and later

Table 2 The input combinations of different machine learning models

Models’ configurations Input variables Output

Scenario 01, i.e., MLPNNI1, SVR1, Band 446, Band 595 Chl-a

RFRI...

Scenario 02 i.e., MLPNN2, SVR2, Band 446 Chl-a
RFR2...

Scenario 03 i.e., MLPNN3, SVR3, Band 595 Chl-a
RFR3...
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validated using the validation dataset. As we have only two
input variables, and in total only three possible combinations,
we have not applied linear or nonlinear techniques

Performance assessment of the models

Four performances metrics namely root-mean-square error
(RMSE), mean absolute error (MAE), Nash-Sutcliffe effi-
ciency (NSE), the determination coefficient (R2), and the
mean absolute percentage error (MAPE) were used for models'
performances evaluation (Kushwaha et al. 2022, 2024a). They
are calculated as follow:

Zi\il |Chlpre,i - Chlobs,il

MAE = == )
N
N |Chl,, ;— Chl
1 obs,i pre,i
MAPE = — %
N ; Chl,,,; (%) ®)
YV (Chl,,, . — Chl, )
RMSE = || Z=—2 T ©)

Zf'il(Chlobs,i - Chlpre,i)2

Zi‘\;l (Chlohx,i - Chlohs) (Chlpre,i - Chlpre)

R* =
—2 —2
\/Zil(Chlobs,i - Chlubs) Z?il(Chlpre,i - Chlpre)
®)
mvbs and mp,e are the mean measured, and mean pre-

dicted Chl-a, respectively,Chl,,; and Chl,,, specifies the
observed and predicted Chl-a, and N shows the number of

data points.

Results and discussion
Models evaluation and comparison

Training and testing outcomes of the machine learning
methods are compared in (Table 3) with respect to R2,
NSE, RMSE and MAE criteria. In the training period, the
MLPNN?2 has the highest R2 and NSE accuracies, indi-
cating that it performs the best in approximating the rela-
tionship between the input features and Chl-a concentra-
tions, it is closely followed by MLPNN2, and MLPNN1
has the lowest R2 and NSE accuracy. In terms of RMSE
and MAE, lower values are better. The MLPNN?2 has the
lowest RMSE, indicating that it has the smallest errors

NSE=1- N —2 ) during training. The MLPNN3 follows, and the MLPNN1
Xici(Chlyp; = Chlyy) has the highest RMSE and MAE, meaning it has the larg-
est errors. Based on the provided training performances,
the MLPNN?2 generally outperforms the other two models
T?ble 3 Perfor.mances 9f Training Validation
different machine learning
models for Chl-a prediction R? NSE RMSE MAE MAPE R? NSE RMSE MAE MAPE
MLPNN1  0.766 0.762 34.990 25091 26.40 0.736  0.718 36.989 28091 35.20
MLPNN2  0.867 0.865 26413 18.49 17.90 0.812 0.805 30.747 23.12 30.00
MLPNN3  0.846 0.846 28.132 1791 15.30 0.859 0.853 26.722 19.05 19.70
SVR1 0.721 0.717 38.154 26.36 25.00 0.699 0.698 38.279 26.85 23.90
SVR2 0.706 0.705 38.991 27.95 25.20 0.687 0.686 39.071 28.17 25.90
SVR3 0.714 0.711 38.553 26.56 24.70 0.687 0.686 39.043 27.95 27.70
GPR1 0974 0974 11.516 6.745 6.70 0.533 0.436 52.309 36.33 53.00
GPR2 0.712 0.713 38.463 27.51 25.20 0.689 0.687 38.950 28.69 26.90
GPR3 0.716 0.716 38.256 27.23 25.30 0.684 0.683 39.219 28.54 26.80
RFR1 0978 0.979 10.480 6.259 6.40 0.728 0.622 42.852 26.68 20.90
RFR2 0.980 0.979 10.388 5.787 6.00 0.689 0.577 45.335 28.32 22.50
RFR3 0.925 0925 19.658 10.70 10.00 0.837 0.829 28.806 17.83 18.80
RVM1 0.832 0.692 39.852 30.126 30.00 0.668 0.666 40.282 30.769 31.40
RVM2 0.825 0.681 40.529 31.819 38.10 0.662 0.657 40.833 32.339 39.00
RVM3 0.826 0.682 40.481 31.742 37.60 0.660 0.656 40.856 32.169 37.90
XGBoostl  0.999 0.999 0.131 0.079 0.10 0.666 0.525 48.043 29.009 21.80
XGBoost2  0.999 0.999 0.371 0.204 0.20 0.655 0.507 48907 29.906 22.40
XGBoost3  0.999 0.999 0.402 0.246 0.20 0.669 0.641 41.739 22.603 24.10
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(MLPNN1and MLPNN3) in approximating Chl-a concen-
trations. Comparing the training performances of the SVR
models reveals that the SVR1 has the highest R2 and NSE
accuracy, followed closely by the SVR3, and the SVR2
has the lowest R2 and NSE accuracy. Furthermore, the
SVRI has the lowest RMSE and MAE during training,
it is followed by the SVR3 and the SVR2 has the high-
est RMSE and MAE. The SVR1 generally outperforms
the other two models (SVR2 and SVR3) in approximating
Chl-a concentrations.

Comparing the training performances of three GPR mod-
els indicates that the GPR1 has the highest R2 and NSE
accuracy, indicating that it performs exceptionally well in
approximating the relationship between the input features
(wavelengths lights) and Chl-a concentrations. The GPR2
and GPR3 have lower R2 and NSE accuracies. The GPR1
has the lowest RMSE and MAE, suggesting that it has the
smallest errors during training by a wide margin. The GPR3
has a slightly lower RMSE and MAE than the GPR2, indi-
cating that GPR3 performs slightly better in terms of RMSE
and MAE. Based on the provided training performances,
the GPR1 outperforms the other two models (GPR2 and
GPR3) in approximating Chl-a concentration. Comparing
the training performances of the RFR models shows that
the RFR2 has the highest R2 and NSE accuracies closely
followed by the RFR1 and the RFR3 has lower R2 and NSE
accuracies. Moreover, the RFR2 has demonstrated the most
outstanding training performance, boasting the highest R2
the lowest RMSE and MAE and it is closely followed by
the RFR1, and the RFR3 has the highest RMSE and MAE,
suggesting it has larger errors. The RFR2 and RFR1 perform
exceptionally well in approximating Chl-a concentrations.
The RFR2 has the highest R2 accuracy, closely followed
by the RFR1 and GPR1. The MLPNN?2 also performs well
in terms of R2 accuracy. The SVR models have relatively
lower R2 accuracy. The RFR1 and RFR2 have the highest
NSE accuracies, followed by GPR1. The MLPNN and SVR
models have relatively lower NSE accuracies. The RFR2 and
RFR1 have the lowest RMSE values, indicating that they
have the smallest errors in training. The GPR1 also performs
well in terms of RMSE. SVR and MLP models have higher
RMSE values. The RFR2 and RFR1 have the lowest MAE
values, indicating they have the smallest absolute errors dur-
ing training. The GPR1 also performs well in terms of MAE.
The SVR models have the highest MAE values. The RFR2
and RFR1 tend to perform the best in approximating the
Chl-a concentrations based on the provided training perfor-
mance metrics, with low RMSE and MAE values and high
R2 and NSE accuracies. The GPR1 also performs well in
terms of RMSE and MAE, and the MLP2 performs well in
terms of R2 accuracy and RMSE in the training period. The
SVR models generally have lower performance compared to
the other three methods.

Among the three MLPNN models, the MLPNN3 has the
highest R2 and NSE accuracies on the validation set, indicat-
ing a strong correlation between predicted and actual values.
The MLPNN?2 follows with the second-highest R2 and NSE
accuracies, and the MLPNNI1 has the lowest R2 and NSE
accuracies. In terms of RMSE and MAE, the MLPNN3 has
the lowest RMSE and MAE on the validation set, indicating
it has the smallest errors during validation. The MLPNN2
follows with the second-lowest RMSE and MAE, and the
MLPNNTI has the highest RMSE and MAE. Based on the
provided validation performance metrics, the MLPNN?3
tends to perform the best in predicting Chl-a concentra-
tions. It has the highest accuracy for R2 and NSE, as well
as the lowest RMSE and MAE on the validation data. The
MLPNN?2 also performs well, especially in terms of R2 and
NSE accuracy, and is followed by the MLPNN1, which has
the highest RMSE and MAE, indicating higher errors in
predicting Chl-a concentrations on the validation set. The
SVRI1 has the highest R2 and NSE accuracies on the vali-
dation set while the SVR2 and SVR3 have similar R2 and
NSE accuracies but are slightly lower than the SVR1. The
SVRI1 has the lowest RMSE and MAE on the validation set,
indicating it has the smallest errors during validation. The
SVR3 follows with a slightly higher RMSE and MAE, and
the SVR2 has the highest RMSE and MAE. Based on the
provided validation performance metrics, the SVR1 tends to
perform the best in predicting Chl-a concentrations among
the three SVR models. It has the highest accuracy for R2 and
NSE, as well as the lowest RMSE and MAE on the valida-
tion data. The SVR3 performs slightly better than the SVR2
in terms of RMSE and MAE, but all three SVR models have
relatively similar NSE and R2 accuracy on the validation set.

GPR2 has the highest R2 and NSE accuracies on the
validation set and the GPR3 closely follows with a slightly
lower R2 and NSE accuracy. The GPR1 has the lowest R2
and NSE accuracies. In terms of RMSE and MAE, GPR2
has the lowest values on the validation set. The GPR3 fol-
lows with a slightly higher RMSE and MAE, and the GPR1
has the highest RMSE and MAE, suggesting it has the larg-
est errors. In summary, based on the provided validation
performance metrics, the GPR2 tends to perform the best
in predicting Chl-a concentrations among the three GPR
models. It has the highest accuracy for R2 and NSE, as well
as the lowest RMSE and MAE on the validation data. The
GPR3 also performs well, with slightly lower R2, NSE and
higher RMSE, and MAE values than the GPR2. The GPR1
has the lowest R2 and NSE accuracy, as well as the highest
RMSE and MAE during validation and is the least accurate
among the three GPR models. The RFR3 has the highest
R2 and NSE accuracy on the validation set and the RFR1
follows with the second-highest R2 and NSE accuracy. The
RFR?2 has the lowest accuracy. In terms of RMSE and MAE,
the RFR3 has the lowest values on the validation set and
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the RFR1 follows with a slightly higher RMSE. The RFR2
has the highest RMSE and MAE. In summary, based on the
provided validation performance metrics, the RFR3 offered
the best accuracy in predicting Chl-a concentrations among
the three RFR models. It has the highest accuracy for R2 and
NSE, as well as the lowest RMSE and MAE on the valida-
tion data. RFR1 also performs well, especially in terms of
R2 and NSE accuracy, and is followed by RFR2, which has
the highest RMSE and MAE, indicating higher errors in
predicting Chl-a concentrations on the validation set. Among
the models, the RFR2 achieved the best overall training per-
formance with the highest R2 and NSE accuracies and the
lowest RMSE and MAE. MLPNN3 performed best on the
validation data with the highest R2 and NSE accuracies and
the lowest RMSE and MAE

The prediction accuracies of three methods are compared
on the scatterplot in Fig. 8 for the validation period. It can be
observed from the graphs, the MLPNN3 model has less scat-
tered predictions and followed by the RFR3 justifying the
statistics given in Table 3. Comparison of the fit line equa-
tions clearly indicates the slope (0.8678) and bias (8.8494)
coefficients of the MLPNN3 model are closer to the 1 and 0
(ideal line, y = x) which proves the success of this model in
predicting Chl-a concentration. It has the highest R2 which
means that it can explain the 86% variance in modeling chl-a
concentration. The models are further compared in violin,
boxplot in Figs.8-9.

Discussion

In the previous section, we have provided the results obtained
using six machine-learning models, i.e., the MLPNN, SVR,
RFR, GPR, RVM, and the XGBoost. All models were first
calibrated and in a second stage validated using validation
dataset. The performances of each ML model are mainly
governed by the best selection of the hyperparameters;
however, any hyperparameter can have its own effect on the
model response. In other word, we only hope to reach the
smallest errors indices and the biggest fitting capability (i.e.,
the high R2 and NSE values), but it is hard to easily find
the suitable hyperparameters. Furthermore, one can observe
that, even after achieving the calibration stage by reaching
the maximal training epoch, the best RMSE and MAE are
recorded, and similar results with negligible difference can
be obtained by slightly changing the fixed hyperparameters.
More precisely, for the MLPNN model, having only one sin-
gle hidden layer with sigmoidal function, we only varied the
number of hidden neurons and the best performances were
obtained with 08 neurons without the needs for increasing
this number beyond 10 neurons. For the RFR, we only varied
the number of tree (NumTrees) and the best performances
were obtained using 10 trees. For the RVM, we applied the
model with various width and bias (a,f), and we find the best
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width value to be approximately equal to three. For the GPR
model, we varied the parameters of the squared exponential
kernel function. For the SVR, we optimize the parameters of
the Gaussian radial basis function by trial and error. Finally,
for the XGBoost, we changed the learning rate, tree depth,
and regularization parameters.

In this research, we investigated a range of machine-
learning models to estimate Chl-a concentration using light
from two distinct wavelengths. Training and testing out-
comes of three machine learning methods were compared
with respect to R2, NSE, RMSE and MAE criteria.

In the training period, the MLPNN2 had the highest
R2 and NSE accuracies, indicating that it performs best
in approximating the relationship between the input fea-
tures and Chl-a concentrations, it was closely followed by
the MLPNN3, and the MLPNN1 had the lowest R2 accu-
racy. Meanwhile, when it came to the validation data, the
MLPNN3 outperformed the other models, showcasing the
highest R2 and NSE accuracies along with the lowest RMSE
and MAE. The RMSE values of MLPNN1, MLPNN?2,
SVRI1, SVR2, SVR3, GPR1, GPR2, GPR3, RFR1, RFR2
and RFR3 in validation were approximately 38.41%, 15.05%,
43.17%, 46.16%, 45.98%, 4.23%, 45.73%, 46.76%, 60.34%,
69.65% and 7.80% higher than that of the MLPNN3, respec-
tively. Similarly, the MAE values of MLPNN1, MLPNN2,
SVRI1, SVR2, SVR3, GPR1, GPR2, GPR3, RFR1, RFR2
and RFR3 in validation were approximately 51.87%,
21.34%, 41.05%, 47.86%, 46.60%, 90.62%,50.55%, 49.74,
40.03%, 48.63% and 6.40% higher than that of MLPNN3,
respectively. In the validation period, the second-best model
after MLPNN3 is RFR3. The MLPNN3 was the best model
closely followed by the RFR3 in terms of predictive accu-
racy for Chl-a concentrations during the validation period.

The overall results indicated that the MLPNN is more
successful in predicting Chl-a concentration compared to
SVR, GPR and RFR methods. MLPNN’s outperformance
compared to other algorithms can be attributed to sev-
eral factors. Firstly, MLPNN’s ability to model non-linear
relationships is crucial in environmental applications like
Chl-a prediction, where spectral reflectance and chlorophyll
dynamics often display complex, non-linear patterns. Neural
networks like MLPNN are inherently capable of learning
these complex relationships, especially compared to SVR
and GPR models, which may be limited to more linear map-
pings or constrained in capturing non-linearity. Another
reason for MLPNN’s superior performance is its flexible
architecture. In this study, the MLPNN was optimized by
adjusting the number of hidden neurons, allowing it to cap-
ture nuances within the spectral data better than simpler
models. This flexibility made MLPNN particularly adept at
approximating the relationship between spectral bands and
Chl-a concentrations, which was evident in its lower RMSE
and MAE values. Moreover, MLPNN’s robustness against
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overfitting likely contributed to its strong validation perfor-
mance. By fine-tuning the architecture, MLPNN balanced
complexity and generalization, which was reflected in its

Measured Chl-a (mg/L)

Measured Chl-a (mg/L)

lower error metrics on validation data compared to models
like SVR. Unlike RFR, which relies on aggregated deci-
sion trees that may miss finer spectral variations, MLPNN’s
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Fig.9 Comparison between measured and predicted Chl-a: Boxplot (upper panel) and Violinplot (lower panel)

multi-layer approach enabled it to achieve higher accuracy
by effectively capturing subtle spectral data patterns.

The scatterplots illustrated that none of the models were
able to capture certain peaks; instead, they tended to under-
estimate them. Furthermore, the models encountered dif-
ficulty in accurately representing extreme fDOM values,
both low and peak. This limitation can be attributed to the
insufficient presence of extreme values within the dataset.
Consequently, the data-driven techniques employed in this
study failed to fully comprehend the dynamics of extremes,
a phenomenon similarly noted by Akhlaq et al. (2023). On
the other hand, it has been noted that increasing the number
of input variables may lead to a decrease in model accuracy.
For instance, the models in the 3™ case have a better accu-
racy compared to 1% case having more inputs, the addition
of band 446 nm or band 595nm input resulted in a decline
in the prediction accuracy of the models. This observation
is consistent with findings from prior studies conducted by
researchers such as Shi et al. (2012) and Zhang et al. (2022).
These studies consistently indicated that augmenting the
number of inputs does not necessarily enhance prediction
accuracy; rather, it may have an adverse effect on variance.
Consequently, this could lead to the development of more
complex models with diminished prediction performance.

Kim and Ahn, (2022) recently applied random forest in
prediction of Chl-a concentration of the Han River basin,
China and compared with multilayer perceptron ANN and
support vector machine. They used total nitrogen, total
organic carbon, potential of hydrogen (pH), water tempera-
ture, electrical conductivity, total phosphorus, dissolved
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oxygen, mean AT minimum and maximum AT as model
inputs. They obtained R? of 0.747 for the best random for-
est model. Baek et al., (2022) used two deep learning mod-
els, Long-Short Term Memory (LSTM) and Convolution
Neural Networks (CNNs) for predicting Chl-a concentra-
tion of upper course of the Nakdong River, South Korea.
They utilized minimum and maximum AT, precipitation,
evapotranspiration, wind speed, solar radiation, daylight
hours, streamflow and water temperature in the stream as
inputs. Their best models provided R2 of 0.87, 0.83, 0.85
and 0.50 for four different sites. In our study, the best model
produced a R2 of 0.86, indicating its success in predicting
Chl-a concentration compared to previous literature. In our
next step we will assess the effect of dissolved substances on
the reflectance of Chl-a rich inland waters by direct measure-
ments of Chl-a in samples of lake water.

The results of this study demonstrate the value of hyper-
spectral data combined with machine learning for large-
scale, real-time monitoring of Chl-a concentrations. Unlike
laboratory methods, which are precise but costly and time-
intensive, this approach enables continuous and extensive
monitoring, capturing dynamic spatial and temporal changes
in aquatic ecosystems. While initial setup costs for hyper-
spectral equipment may be high, the ability to reduce manual
sample collection and recurring laboratory expenses makes
this approach more economical over time. The integration
of field spectral reflectance data with ML models, as dem-
onstrated in this study, represents a scalable, efficient alter-
native for monitoring Chl-a and managing water quality in
aquatic environments.
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While the initial investment in hyperspectral equipment
can be high, the long-term savings in fieldwork, labor, and
logistical costs make it a cost-effective solution for large-
scale studies. Unlike traditional methods, which require
extensive field sampling, laboratory analysis, and logisti-
cal coordination—steps that become increasingly costly
as the study area expands—hyperspectral sensors enable
continuous, automated data collection across vast regions.
This capability reduces the need for repeated field visits and
provides high-resolution temporal and spatial data, making it
ideal for monitoring dynamic parameters like chlorophyll-a
(Pandey et al. 2024). Traditional approaches, as noted by
Randolph et al. (2008), can take several days to weeks to
process, which is neither cost-effective nor timely, particu-
larly for short-lived events like algal blooms. In contrast,
hyperspectral remote sensing, combined with machine learn-
ing, allows for rapid and accurate chlorophyll-a estimation.
Furthermore, advancements such as automated hyperspectral
radiometer networks enhance scalability by providing con-
tinuous, real-time validation of satellite-derived data Rud-
dick et al. (2024). The high temporal and spatial resolution
of hyperspectral data enables comprehensive monitoring of
chlorophyll-a trends over time, providing critical insights
that traditional methods often miss. This continuous moni-
toring not only reduces costs but also improves the effective-
ness of environmental management efforts. Based on our
findings, integrating hyperspectral data with machine learn-
ing algorithms represents a cost-efficient approach for large-
scale chlorophyll-a monitoring, particularly for applications
requiring rapid and frequent updates over expansive areas.

Conclusion

Based on the published literature, the findings in various
investigations suggest that the concentration of Chl-a in
freshwater is closely associated with various wavelength
light, which constitute the major motivation of the present
study. In this study, we explore various machine-learning
models for retrieving Chl-a concentration from two dif-
ferent wavelength lights. Thus, a modelling framework is
developed, and thereby the Chl-a was accurately quantified
with high degree of precision. Among the four machine
learning proposed in the present study, the MLPNN model
produced systematically better estimates of Chl-a than the
RFR, GRP and SVR models. The ability of MLPNN to
flexibly adjust the number of layers and neurons allowed
it to better approximate relationships in spectral data,
enhancing its predictive power. Furthermore, MLPNN’s
multi-layer structure likely provided it with an edge over
decision-tree-based methods like RFR, as it could more
effectively model subtle variations in the spectral inputs.
In conclusion, this study demonstrates that MLPNN is

a powerful approach for Chl-a concentration prediction,
offering a significant improvement in accuracy and relia-
bility over traditional ML models when applied to complex
environmental data. Taking into account that the effect of
two wavelength was investigated, we can conclude that
the results varied significantly from one model to another.
The MLPNN and the RFR were already reported as being
the exclusive algorithms for which the combination of the
two wavelength lights (i.e., band 446 and band 595) have
led to tangible improvements in the models performances,
with an accuracy of R2~0.927 and NSE=0.853 for the
MLPNN, and an accuracy of R2x0.915 and NSE~0.829
for the RFR, respectively. Finally, it is important to note
that, the lowest accuracy was obtained using the GPR
lower than all other models. Together with the in situ
measured data, our proposed approach will contribute
to the improvement of our monitoring and assessment of
water quality.

Future research should investigate advanced neural net-
work architectures, such as convolutional or recurrent neural
networks, to further enhance predictive accuracy by cap-
turing spatial or temporal patterns in hyperspectral data.
MLPNN’s success in this study suggests that neural network
models are promising tools for accurate, large-scale water
quality assessment.
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