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ARTICLE INFO ABSTRACT

Keywords: Satellite images are essential tools for monitoring aquatic ecosystems and assessing water quality,

Remote sensing as they enable the measurement of parameters such as chlorophyll-a (Chl-a) concentration, phy-

ReSEfVOifS_ cocyanin (PC), and cyanobacteria density. These indicators aid in evaluating eutrophication

;’Vate‘:r qlu;hty processes and detecting cyanobacteria in aquatic ecosystems. This study utilized field data and
entinel-.

images captured by the Sentinel-2 sensor from 2015 to 2022 to investigate the Jaguari-Jacarei
reservoirs (JAG-JAC). Two atmospheric corrections from the Case 2 Regional Coast Color
(C2RCC) processor, namely C2X and C2XC, were applied, and algorithms were developed to esti-
mate the parameters using both in situ data measurements and reflectance data extracted from the
images. For Chl-a concentration, the dataset was divided into two blocks: one for model calibra-
tion (70% of the data) and the other for validation (30% of the data). As for PC, the entire dataset
was utilized to calibrate the model, and validation was conducted through cross-validation using
the Automated Radiative Transfer Model Operator (ARTMO) software. Cyanobacteria density
was indirectly estimated from the Chl-a concentrations determined in the field samples, as these
variables exhibited a strong correlation, also validating the model previously proposed for the
Cantareira system for estimating cyanobacteria density from Chl-a data. Additionally, the auto-
matic chlorophyll-a products (con_chla) derived from the C2X and C2XC processors were vali-
dated. The findings revealed that the C2X processor exhibited the greatest potential for estimat-
ing water quality parameters. It was observed that the most effective algorithms were derived us-
ing the R705/R665 band ratio for Chl-a and the R705/R490 ratio for PC. For cyanobacteria den-
sity, the optimal algorithm was established based on the relationship between cyanobacteria den-
sity and Chl-a using the data obtained in this study.

Eutrophication
Cyanobacteria

1. Introduction

Reservoirs are impacted by various anthropogenic actions, such as land occupation and inadequate land use, as well as the dis-
charge of untreated sanitary and industrial sewage. These actions interfere with the natural water flow, increase sedimentation rates,
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and modify nutrient cycling (Carvalho et al., 2013; Barbosa et al., 2012). Artificial nutrient enrichment, particularly phosphorus and
nitrogen, is known as eutrophication and has historically been considered a major concern in the management of aquatic ecosystems
(Yang et al., 2008; Pompeo and Moschini-Carlos, 2020; Torremorell et al., 2021). Eutrophication leads to changes in physical, chemi-
cal, and biological characteristics, promoting excessive algae growth and recurrent cyanobacterial blooms (Michalak et al., 2013;
Chaffin and Bridgeman, 2013), with ecological consequences and direct impacts on water quality, supply, and human health (Zorzal-
Almeida et al., 2018).

These algal blooms, including cyanobacterial species, are becoming increasingly frequent and widespread worldwide. Their pres-
ence is mainly associated with eutrophication and climate change, particularly global warming (Glibert, 2019). The massive growth
of cyanobacteria can cause ecological changes in water bodies and produce toxic components (cyanotoxins), which are harmful to hu-
man health, aquatic life, and the environment, leading to negative environmental and economic impacts (Zanchett and Oliveira-
Filho, 2013; Pearson et al., 2016).

Chlorophyll-a (Chl-a) concentration has been used to assess the magnitude of algal blooms and determine water quality and eu-
trophication levels (Carvalho et al., 2013; Moschini-Carlos et al., 2017). However, Chl-a is unable to distinguish between different
phytoplankton groups (Damar et al., 2020). Therefore, other indicators, such as phycocyanin (PC) concentration, are used. PC is a
functional protein and an accessory pigment of Chl-a commonly associated with cyanobacteria (Glazer, 1989). And it is a good indica-
tor for estimating the abundance of cyanobacteria in inland waters (Brient et al., 2007).

Considering the importance of monitoring the ecological status and water quality of aquatic ecosystems, remote sensing tools, par-
ticularly satellite images, have been implemented. Remote techniques offer the advantage of obtaining data more frequently, at a
lower cost, and with greater spatial and temporal coverage (Campbell et al., 2011). This makes large-scale observations of water qual-
ity possible, enabling comprehensive spatiotemporal analysis (Hou et al., 2022). The estimation of Chl-a and PC is one of the most es-
tablished applications of remote sensing (Matthews, 2010; Yan et al., 2018). Several remote estimation approaches for Chl-a and PC
are based on empirical relationships between reflectance in sensor bands or band ratios and in situ parameter measurements (Wozniak
et al., 2016). This is because the optical properties of water and its components are related to spectral measurements (Bocharov et al.,
2017). The development of empirical and specific algorithms for limnological variables based on in situ data has shown great potential
in the study of aquatic ecosystems (Bramich et al., 2021; Toming et al., 2016).

There is a need for algorithm development to cover as many water characteristics as possible (Li and Song, 2017). Particularly,
studies with remote sensing tools in tropical inland waters have been less extended (Llodra-Llabrés et al., 2023). The region’s climatic
complexity and characteristics influenced by latitude and irradiance directly impact photosynthesis and productivity in aquatic
ecosystem (Lewis, 2002). Additionally, tropical, and subtropical waters exhibit significant differences in remote spectral reflectance
(Rrs) due to the variability of water components (Da Silva et al., 2020). However, estimating water quality variables from satellite im-
ages requires an accurate assessment of the radiance coming from the water. It is important to note that the radiation measured by
sensors includes a significant contribution from the atmosphere, consisting of atmospheric gases and aerosols, which account for at
least 90% of the signal measured by satellite sensors (Delegido et al., 2019).

Therefore, atmospheric correction is a crucial step in removing the atmospheric contribution. This underscores the ongoing need
to validate different atmospheric correction approaches, considering the wide variety of water types, locations, and environmental
conditions (Soriano-Gonzalez et al., 2022; Li et al., 2023). Nevertheless, Virdis et al. (2022) have demonstrated the potential and ef-
fectiveness of the Case2 eXtreme (C2X) neural network in tropical inland waters with mesotrophic and eutrophic conditions.

In this context, this study aims to assess the performance of Sentinel-2 (S2) in a tropical reservoir for obtaining three water quality
algorithms using S2 images in the Jaguari-Jacarei reservoir (JAG-JAC). First, Chl-a will be estimated by correlating in situ measure-
ments with atmospherically corrected S2 image reflectance data with two neural networks, whose automatic water quality products
will also be tested, and then the most accurate algorithm will be selected. Once the most appropriate neural network has been se-
lected, it was used to retrieve algorithms for PC and cyanobacteria density, developed correlating in situ measurements with re-
flectance data.

2. Materials and methods

2.1. Study area

The JAG-JAC System is in the state of Sao Paulo, Brazil, between coordinates 22°53'20” S and 46°24'49” W (Fig. 1). It is in a tropi-
cal climate zone with an average annual rainfall of 1400 mm. May and June are typically drier and cooler, while November and Janu-
ary are the rainy season with higher temperatures (Pompéo et al., 2017).

The system has two reservoirs, Jaguari (JAG) and Jacarei (JAC), which are connected by a 25 m wide and 130 m long channel. Al-
though each reservoir has its dam, they are considered a single body of water (Fig. 1).

Fig. 2 illustrates the workflow of the process used for estimating the three water quality parameters using S2 images.

2.2. Field data collection and laboratory measurements

This study used data from two sources. Firstly, water quality reports from the Sdo Paulo State Environmental Company (CETESB.
Companhia Ambiental do Estado de Sdo Paulo. 2019-2022 available at https://cetesb.sp.gov.br/aguas-interiores/publicacoes-e-
relatorios). Secondly, our own database included three field expeditions conducted in October 2021, June, and November 2022.

From the CETESB reports, 15 sampling dates were selected, covering the period from 2015 to 2021. These reports provided data
from two sampling points, one in JAG and one in JAC, as shown in Fig. 1. CETESB monitors surface water in these reservoirs every
two months, with collection points located in the central area of JAG (22°55'40"S, 46°25'27” W) and JAC (22°58'16"S, 46°24'03"W).
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Fig. 1. Geographical location of the Jaguari-Jacarei reservoir system and location of the sampling points in the different campaigns and a view of the interconnection

channel between the Jacarei and Jaguari reservoirs.
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Fig. 2. Workflow of quality parameters estimation using S2.
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The data include Secchi disk (SD) values, Chl-a concentration (measured spectrophotometrically using 90% acetone (Lorenzen,
1967)), and cyanobacteria density, determined by cell counting per ml following the methodology of Chorus and Bartram (1999) and
CETESB Technical Standard L5.303 (CETESB. Companhia Ambiental do Estado de Sao Paulo, 2012).

In each field campaign, the different points collected in the reservoirs were georeferenced after anchoring. Subsequently, the
depth of the Secchi disk (a 20 cm diameter white disk) was measured. Then, water samples were collected with a Van Dorn bottle to
the depth of the Secchi disk, and subsequently stored at low temperature and in the dark. The concentration values of phycocyanin
(PC) in the water column were also recorded using the submersible fluorometer TURNER C3 (Turner Design Instruments; San Jose,
CA, USA).

The fluorescence intensity at the Ex/Em = 590 + 30/>645 nm pair was calibrated with a standard phycocyanin extract from
Spirulina sp. (Sigma-Aldrich Chemicals). Thus, the PC concentration was calculated by multiplying the electrical signal value ob-
tained by the C3 by a factor of 0.7. For each sampling station, the average PC concentration from the surface to the depth of the Secchi
disk was used. Additionally, the Chl-a concentration was measured in the laboratory using the spectrophotometric extraction method
(DMSO + acetone 90%) according to the method of Shoaf and Lium (1976), and the calculation was performed following Jeffrey and
Humphrey (1975).

Phytoplankton samples were fixed in the field with Lugol’s solution, sedimented, and counted using a Nikon-ECLIPSE TE-2000S
inverted microscope in the laboratory according to the Utermohl method(Utermahl, 1958). Phytoplankton organisms were identified
at the best possible taxonomic level, and biovolume was calculated by producing a simple or composite approximate geometric shape
for each species (Hillebrand et al., 1999; Sun and Liu, 2003; Fonseca et al., 2014).

The Pearson correlation coefficient was determined to evaluate the association between variables, and normal distribution was
verified using the Shapiro-Wilk normality test.

2.3. Satellite image processing - Sentinel 2

The S2 mission by the European Space Agency (ESA) consists of a constellation of two satellites, S2A and S2B, launched on June
23, 2015, and March 7, 2017, respectively. The satellites are equipped with the Multispectral Instrument (MSI), which comprises 13
spectral bands with a spatial resolution of 10 m, 20 m, and 60 m, and a revisit time of 10 days with one satellite and 5 days with both
satellites (ESA - European Space Agency, 2021). The specifications of the MSI sensor are detailed in Table 1. Due to its radiometric
quality and high spatial resolution and integration three additional near-infrared (NIR) bands S2 has proven suitable for estimating
water quality variables and has enabled the monitoring of spatial and temporal dynamics in inland waters (Soria-Perpinya et al.,
2019; Alvado et al., 2021; Pompéo et al., 2021; Li et al., 2023)).

The 18 S2 images closest to the field data acquisition and with low cloud cover. These images were downloaded from the Euro-
pean Space Agency’s (ESA) Open Access Hub server (https://dataspace.copernicus.eu/) without atmospheric correction, at the L1C
processing level (top of atmosphere; TOA) images are georeferenced without atmospheric correction). Due to unfavorable cloud cover
conditions during the sampling campaigns, only images with a time window of no more than 6 days were selected (Pompéo et al.,
2021), allowing for an increase in the database used to generate the models. Given the different spatial resolutions of the images, it
was necessary to adjust the resolution of all the bands. Thus, using the SNAP (SeNtinel Application Platform) program developed by
ESA, the images were resampled to a resolution of 10 m and cropped, retaining only the study area.

2.3.1. Atmospheric correction

Due to the characteristics and components of coastal and inland waters, the waters under study were classified as ‘Case 2’ waters.
They are characterized by the significant or predominant contribution of inorganic and/or organic sediments to optical properties
(Soriano-Gonzalez et al., 2022). Despite the existence of different atmospheric correction methods such as ACOLITE, C2RCC, C2X,
C2XC, iCOR, POLYMER, SeaDAS, and Sen2Cor, for this work, freshwater-specific atmospheric corrections, with a wide range of inher-
ent optical properties, developed for S2 using the SNAP software by Brockmann et al. (2016) were applied.

These atmospheric corrections are two neural networks: (a) Case2 eXtreme (C2X) and (b) C2X-COMPLEX (C2XC). These networks
use neural networks trained with data for radiative transfer simulations of reflectance leaving the water and TOA radiances, as well as

Table 1

Characteristics of the MSI sensor.
Band Spectral region Spatial resolution (m) AS2A (nm) AS2B (nm) ID in the study
Bl Aerossol 60 442.7 442.2 R443
B2 Blue 10 492.4 492.1 R490
B3 Green 10 559.8 559 R560
B4 Red 10 664.6 664.9 R665
B5 Red-edgel 20 704.1 703.8 R705
B6 Red-edge2 20 740.5 739.1 R740
B7 Red-edge3 20 782.8 779.7 R783
B8 Infrared (NIR) 10 832.8 832.9 R842
B8A NIR narrow 20 864.7 864 R865
B9 Water vapor 60 945.1 943.2 R945
B10 SWIR/Cirrus 60 1373.5 1376.9 R1376
B11 SWIR1 20 1613.7 1610.4 R1620
B12 SWIR2 20 2202.4 2185.7 R2200
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specific optical properties of the water (Brockmann et al., 2016). Each processor was trained with different ranges of inherent optical
properties (IOPs) (Soriano-Gonzélez et al., 2022). This correction has been used based on the characteristics and trophic status of in-
land water bodies showing good performance (Warren et al., 2019; Pereira-Sandoval et al., 2019; Soriano-Gonzédlez et al., 2022;
Renosh et al., 2020; Pompéo et al., 2021). The output data include the Rrs. The corrections were applied separately to the 18 images
to compare and select the one that best suited the study site’s characteristics and provided the best results in calibrating and validat-
ing algorithms for estimating Chl-a concentration, due to it is an automatic product of SNAP neural nets. Once the appropriate atmos-
pheric correction was selected, it was used to estimate the algorithms for the other variables studied, such as PC and cyanobacteria
density.

2.4. Model calibration

2.4.1. Chlorophyll-a

To determine the Chl-a algorithm, Rrs values of each pixel coinciding with the coordinates of the in situ sampling points were ex-
tracted from each corrected image. The Chl-a concentration dataset was divided into two, the first for model calibration (70% of the
data) and the second for validation (30%), covering the range of data in both groups.

During the calibration phase, different relationships with two and three bands were tested. Gilerson et al. (2010), Cairo et al.
(2020), Ha et al. (2017), and Soria-Perpinya et al. (2021) demonstrated their effectiveness in estimating Chl-a concentrations. In this
study, bands associated with reflectances were considered: R490 (B2), R560 (B3), R665 (B4), R705 (B5), R740 (B6), R783 (B7), R842
(B8), and R865 (B8A). For each case, regressions were performed between in situ Chl-a data and Rrs, and the best fit of the function
was determined (linear, potential, exponential, or polynomial). In total, 15 band combinations were tested for each atmospheric cor-
rection (C2X and C2XC).

2.4.2. Phycocyanin

For determining an algorithm for PC estimates, the same methodology described for Chl-a concentration was initially followed us-
ing 14 in situ sampling points. However, due to the reduced amount of data, the statistical results were not significant, leading to a
complementary methodology, as described below.

To expand the model calibration database, the Automated Radiative Transfer Model Operator (ARTMO) software (available at
https://artmotoolbox.com/) and its Spectral Index (SI) evaluation toolbox were used in this study. This index allows for defining pos-
sible band combinations, and correlating combinations of reflectance measured at different wavelength ranges with in situ PC values.
Simple ratio (RS = b1/b2) and normalized difference (DN = (b2 - b1)/(b2 + b1)) combinations were used, as well as triband combi-
nations derived from the model of Dall’Olmo et al. (2003), TBDO = b1* ((1/b2) - (1/b3)). Various curve-fitting functions were used
to obtain all band combinations (linear, exponential, power, logarithmic, and polynomial).

ARTMO divides the data into two parts, one for training the model and the other for validation. In this case, validation was
achieved by calculating the leave-one-out cross-validation (LOOCV) method. This cross-validation method can be used for algorithms
with sparse or limited data, as in this case (Bonansea et al., 2018). In total, 720 band combinations were tested.

2.4.3. Cyanobacteria density

Cyanobacteria density cannot be directly observed using satellite images. However, density can be estimated indirectly, provided
there are statistically significant relationships with elements that the satellite can directly measure, such as Chl-a.

Thus, for estimating cyanobacteria density (cell numbers/ml), two algorithms were tested. One algorithm correlated Chl-a con-
centration and cyanobacteria density determined in field samples, supplemented with the CETESB database. The dataset was divided
into two parts: one for model calibration (70% of the data), whether linear, potential, exponential, or polynomial and the other part
was used for validation (30%).

For the second algorithm, a polynomial model (Equation (1)) was evaluated, as proposed by Pompéo et al. (2021), also applied to
the Cantareira System.

Cyanobacteria density =(133.75*[Chl-a] "2 + (3089.9*[Chl-a]) + 3125.9 (Eq.1)

In this case, validation was conducted by comparing the model-estimated values with the field data available in the database used
in this study. It is important to emphasize that, due to the origin of the model calibration data being from CETESB, measurements re-
lated to cyanobacteria density and Chl-a concentration for the period from 2015 to 2018 were excluded from the analysis. Therefore,
validation was strictly limited to the values collected in the years between 2019 and 2022. This procedure ensured a more precise and
representative evaluation of the model’s performance (Hastie et al., 2009).

2.5. Model validation

The algorithms were validated with five statistics using field values and model-estimated values comparing: coefficient of determi-
nation (R?), root mean square error (RMSE) (Eq. (2)), normalized root mean square error (NRMSE) (Eq. (3)), relative root mean
square error (RRMSE) (Eq. (4)), and bias (Eq. (5)). The coefficient of determination was calculated by linear regression. The selection
of the better performance is based on higher values of R2 and lower values of bias, RMSE, RRMSE, indicating lower prediction error
and improved accuracy in parameter estimation (Moghimi et al., 2024).
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n
RMSE = % Z (xl_m'timated _ x/l_measured in siru)z (Eq.2)
i=1
RMSE
NRMSE = ’ estimated _ X' estimated (EqS)
max min
RRMSE = —FMSE 1009,
Z x/_estimated/n (Eq4)
i
i=1
n
bias = % Z ( x;measured in situ _ x/imimuted ) (Eq.5)

i=1
2.6. Automatic products

The C2X and C2XC processors provide automatic products that allow for the extraction of Chl-a concentration (conc_chla). These
values are derived from the application of a specific equation (Eq. (6)), which incorporates standard factors, where a_pig represents
the absorption coefficient of phytoplankton pigments. For detailed information on the coefficients associated with each atmospheric
correction, it is possible to consult Soriano-Gonzalez et al. (2022).

With the objective of making an independent validation of automatic products of atmospheric correction C2RCC, these automati-
cally estimated values were related to the measurements obtained in the field, corresponding to the coordinates of the in situ sampling
points. It is important to note that these automatic products do not include data related to PC products or cyanobacteria density, and
therefore, they were tested exclusively for Chl-a concentration. Previous research conducted by Pompéo et al. (2021) and Pompéo
and Moschini-Carlos (2022) demonstrated the robustness of these automatic products in tropical reservoirs.

conc_chla —a =21 « apiglm (Eq.6)
where ay;q is the absorption coefficient of phytoplankton pigments, with training ranges from 0 to 30.81 (742.09 pg/L) for C2XC and
from 0 to 51 (1253.41 pg/L) for C2X (Soriano-Gonzalez et al., 2022).

3. Results

3.1. Field and laboratory data

Regarding the CETESB reports, Table 2 presents the values of the dataset obtained for the period from 2015 to 2021. The amount
of data included differs between JAG and JAC, as the reports have information gaps.

As observed, in most sampling dates, JAG exhibited higher values for Chl-a concentration and cyanobacteria density (cells per ml),
resulting in lower values for transparency (SD). However, a One-Way ANOVA analysis demonstrated statistically significant differ-
ences only for Chl-a concentration (F = 4.2, p = 0.04), which was higher in JAG compared to JAC.

Regarding the proprietary database, Table 3 contains the data of the study variables collected in the field during the period from
2021 to 2022. One-way ANOVA analysis demonstrated statistically significant differences for the variables Chl-a (F = 172.9,
p = 0.00) and PC (F = 83.29, p = 0.00), being higher in JAG compared to JAC. This suggests a marked difference in water quality
between the analyzed reservoirs. However, for the other parameters, the analysis of variance did not indicate statistically significant
differences. It is important to highlight that, in all sampling locations, the [PC]: [Chl-a] ratio presented values above 0.5, suggesting,

Table 2

Values of the parameters obtained from the CETESB reports and descriptive statistics for each of the JAG-JAC reservoirs.
Date JAG JAC

DS (m) Chl-a (pg/L) Cyanobacteria density (Cells/ml) DS (m) Chl-a (pg/L) Cyanobacteria density (Cells/ml)

06/07/2017 1.90 17.61 40,065 2.20 7.29 20,420
09/11/2017 1.40 19.78 81,272 1.20 10.69 45,373
22/05/2018 1.50 9.80 42,650 1.40 14.35 25,120
18/07/2018 1.20 8.22 36,522 1.80 4.01 17,928
03/01/2019 1.20 23.26 68,980 0.80 10.42 58,034
24/07/2019 2.80 10.42 35,796 2.50 1.73 11,015
07/07/2020 - 18.71 104,181 1.50 - -
02/09/2020 - 13.70 59,685 1.10 - -
04/11/2020 0.80 40.10 118,105 0.50 18.27 123,315
22/02/2021 1.00 23.68 193,719 0.90 17.95 163,638
27/05/2021 1.70 11.51 94,774 1.80 8.32 119,855
24/08/2021 1.30 15.37 132,924 1.10 5.35 21,856
10/11/2021 1.10 25.73 111,193 0.60 9.45 48,323
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Table 3
Values of the parameters obtained during the campaigns from 2021 to 2022 for each of the JAG and JAC reservoirs.
Data Station DS (m) Chl-a (pg/L) Cyanobacteria density (Cells/ml) PC (pg/L) [PC]: [Chl-a]
6/10/2021 JAG1 0.65 38.9 321,410 212.14 5.45
JAC1 2.10 5.10 78,417 20.59 4.04
JAC2 1.90 7.77 72,339 22.52 2.90
JAC3 1.40 6.43 48,620 22.34 3.47
9/06/2022 JAG1 1.50 32.64 37,982 140.17 4.29
JAG2 1.53 29.44° 66,434 36.01° 1.22
JAG3 0.50 317.38" 197,788 309.43" 0.97
JAC1 1.60 13.46 134,247 25.44 1.89
JAC2 1.45 9.37 77,945 26.20 2.80
JAC3 1.58 10.49 103,459 42.91 4.09
17/11/2022 JAG1 0.62 40.47 319,782 136.81 3.38
JAG2 0.64 39.85 301,760 143.37 3.60
JAG3 0.71 36.27 309,501 114.40 3.15
JAC1 1.51 14.61 160,378 42.78 2.93
JAC2 1.51 15.14 190,915 42.21 2.79
JAC3 1.43 14.78 247,173 45.45 3.08

a Excluded values from the models.

indirectly, the dominance of cyanobacteria over the total phytoplankton biomass (Shi et al., 2015; Hunter et al., 2009). It is notewor-
thy that, in the case of Chl-a and PC concentrations, two outliers were excluded.

From the databases described earlier, a single database was created by merging the datasets. This approach allowed for an in-
crease in the amount of available information, enabling the incorporation of variations in the evaluated parameters in the reservoir
during different periods and limnological conditions. This diversity of data plays an important role in the process of model calibration
and validation (Cairo et al., 2020). Table 4 presents the descriptive statistics of the unique database (mean, median, minimum, maxi-
mum, standard deviation (c), and coefficient of variation (CV)).

Regarding the correlations among variables in the unique dataset (Table 5), a strong positive correlation between Chl-a and PC
(r = 0.94, p < 0.001), and Chl-a and cyanobacteria cell density (0.74, p < 0.001) is evident. This suggests that cyanobacteria are
significant contributors to the total phytoplankton, both in terms of chlorophyll and density.

3.2. Empirical model calibration

3.2.1. Chlorophyll-a

Table 6 presents the results of calibration and validation of algorithms for estimating Chl-a concentrations generated from differ-
ent combinations of bands and for the two atmospheric corrections employed, displaying only the models that achieved an R? value
greater than 0.60 in calibration.

In general, polynomial models exhibited more robust results compared to other types of regressions, as demonstrated in prior stud-
ies (Pereira Sandoval et al., 2019; Soria-Perpinya et al., 2021). Among the tested combinations, the best results were obtained for al-
gorithms that included the R665, R705, and R740 bands.

Table 4
Descriptive statistics of the parameters obtained from the unique database dataset for each of the JAG and JAC reservoirs.
JAG JAC
DS Chl-a Cyanobacteria density (Cells/ml) PC DS Chl-a Cyanobacteria density (Cells/ml) PC
n 19 23 22 5 21 19 22 9
Mean 1.21 20.8 121,864 149 1.5 9.53 84,802 32.3
Median 1.1 17.6 88,023 140 1.45 9.37 75,142 26.2
Min. 0.5 1.07 240 114.40 0.8 1.73 3865 20.6
Méx. 2.5 40.5 321,410 212.14 2.8 18.3 247,173 45.5
c 0.579 119 105,338 36.9 0.432  4.59 64,888 10.7
CV (%) 47.77  57.08  86.44 24.69 28.82  48.17  76.52 33.04
Table 5
Pearson correlation coefficients, the probability value of the unique dataset.
Parameter Chl-a (pg/L) Cyanobacteria density (Cells/ml) PC (pg/L)
Chl-a (ug/L) -
Cyanobacteria density (Cells/ml) 0.74%* -
PC (ng/L) 0.94 ** 0.66" -

2 p < 0.01. **p < 0.001.
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Table 6
Calibration and validation results for Chl-a algorithms. Regression: linear (1.); polynomial order 2 (pl.); logarithmic (log.).

Atmospheric correction Bands relation Calibration Validation

n R N R RMSE  RRMSE NRMSE  Bias
C2X Automatic C2X 42 0.75 6.79 43.17 17.22 —4.08
C2XC Automatic C2XC 42 0.73 7.30 46.50 18.55 —4.26
C2X R705/R665 30 0.63 o 12 0.81 5.61 27.92 16.49 1.09
c2x* 0.67  (pD) 0.84 5.07 25.21 14.89 0.26
C2XC 0.68 o 0.81 5.78 28.75 16.98 -1.35
C2XC 0.71 (ph 0.74 9.68 48.14 28.43 -3.53
C2X (1/R665-1/R705) "R740 30 0.63 o 12 0.83 5.3 26.37 15.58 0.72
C2X 0.65 (ph 0.84 5.37 26.7 15.77 —0.24
C2XC 0.67 o 0.83 5.32 26.44 15.62 —0.95
C2XC 0.69 (ph 0.80 6.89 34.28 20.24 —-2.23
C2X R665/R705 30 0.66 (ph) 12 0.87 4.59 22.84 13.49 0.30
C2XC 0.66 (log) 0.81 5.59 27.79 16.41 —0.66
C2XC 0.69 (ph) 0.81 6.08 30.23 17.85 -1.74
C2XC (R705+R740)/R665 30 0.64 [0)) 12 0.81 5.56 27.64 16.32 —0.58
C2XC 0.66 (ph) 0.77 7.56 37.62 22.22 -2.18
C2X (((35.75°(R705/R665)) —19.3) “1.124 30 0.64 (ph 12 0.82 5.418 26.95 15.92 0.89
C2X 0.68 (ph) 0.85 5.11 25.42 15.01 —0.26
C2XC 0.71 (ph 0.73 10.181 50.64 29.92 -3.73
C2XC 0.68 o 0.80 5.934 29.51 29.51 -1.54

2 Selected bands relation.

The most favorable outcomes, as indicated by various validation statistics, were associated with the red and near-red edge bands
processed by the C2X algorithm. Specifically, the relationships R705/R665(pl) and R665/R705(pl) demonstrated similar results,
showing robustness and precision. For the R705/R665(pl) relationship, a coefficient of determination (R?) of 0.84, a root mean square
error (RMSE) of 5.07 pg/L, a relative RMSE (RRMSE) of 25.21%, a normalized RMSE (NRMSE) of 14.89%, and a bias of 0.26 pg/L
were observed. Meanwhile, the R665/R705(pl) relationship achieved an R2 of 0.87, an RMSE of 4.59 pg/L, an RRMSE of 22.84%, an
NRMSE of 13.49%, and a bias of 0.30. Given the similarity in performance, the physically based relationship was selected, defining
the ratio between the wavelength associated with maximum scattering (minimum Chl-a absorption) and the wavelength associated
with the maximum absorption of this pigment (Gitelson et al., 1999; Morel and Prieur, 1977). This relationship is represented by the
R705/R665 ratio for S2.

Thus, employing the R705/R665 ratio, Fig. 3a presents the regression calculated and selected for Chl-a concentration estimation,
given by Equation (7), and Fig. 3b shows validation through linear regression between the insitu measured Chl-a concentrations and
those calculated with the algorithm (Eq. (7)).

R70572 R705
Chz-a(”—g) =23.96 % RT0" _ 737, R0 (Eq. 7)
L R665 R665
457 y=23.96x-7.38x 45
R*=0.67
40 4 n=30 40 4
p<0.001
35 35 |
=)
30 4 EER
S 3
éﬂ 25 4 ] 25 4
3 £
E' 20 4 5 20 4
Q -
15 4 X 15 <
=
Q
10 10 1
5 5
0 . — . - . 0 . . . . . . . . i
0.00 0.30 0.60 0.90 1.20 1.50 1.80 0 5 10 15 20 25 30 35 40 45
R705/R665 Chl-a (pg/L) in situ

(a) (b)

Fig. 3. (a) Algorithm calculated for Chl-a concentration from field-measured data and the reflectance ratio of bands R705/R665. (b) Validation: linear regression be-
tween estimated values of calculated Chl-a and in situ measured Chl-a concentration.
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3.2.2. Phycocyanin

For the calibration and validation of PC algorithms, the atmospheric correction derived from C2X was utilized, as detailed in the
methodology. The results from the analysis conducted using the ARTMO software (Table 7) showed that exponential and power re-
gression models yielded the best outcomes. Only 10 out of the tested combinations exhibited R? > 0.6. Overall, RMSE ranged from
37.11 to 39.77 pg/L, NRMSE ranged from 19.37 to 20.75%, and RRMSE remained above 50%, suggesting significant variability in the
results. It is noteworthy that all estimated algorithms demonstrated a tendency to underestimate PC values, as indicated by bias rang-
ing from —6.0 pg/L to —8.0 ug/L.

The best performance in estimating PC concentration was observed for the algorithm utilizing the relationship between the two
bands, R490/R705 (e.), as it yielded the highest coefficient of determination (R?) of 0.63, along with lower values for RMSE of
37.11 pg/L, RRMSE of 50.08%, and NRMSE of 19.37%. These results highlight the potential of this algorithm for PC estimation. The
algorithm equation is presented in Equation (8), with its validation depicted in Fig. 4.

Table 7
Calibration and validation results for phycocyanin algorithms. Regression: exponential (e.); potential (p.).
Relation Regression bands R? RMSE RRMSE NRMSE Bias
RS e. R705, R490" 0.63 37.11 50.08 19.37 -7.20
TBDO e. R740, R705, R490 0.61 37.99 51.28 19.84 -7.00
TBDO e. R740, R490, R705 0.61 37.99 51.28 19.84 -7.00
TBDO e. R783, R705, R490 0.61 38.15 51.49 19.92 —6.00
TBDO e. R783, R490, R705 0.61 38.15 51.49 19.92 —6.00
RS e. R783, R865 0.60 39.19 52.89 20.46 —6.00
ND p. R865, R783 0.60 39.15 52.84 20.44 -7.00
ND p. R783, R865 0.60 39.15 52.84 20.44 -7.00
TBDO e. R865, R705, R490 0.60 38.51 51.98 20.11 -7.20
TBDO e. R865, R490, R705 0.60 38.51 51.98 20.11 -7.20
TBDO e. R665, R705, R490 0.59 39.92 53.88 20.84 -7.20
TBDO e. R665, R490, R705 0.59 39.92 53.88 20.84 -7.20
TBDO p. R865, R740, R490 0.59 40.06 54.07 20.92 —6.70
TBDO p. R865, R490, R740 0.59 40.06 54.07 20.92 —6.70
TBDO p. R783, R740, R865 0.58 40.02 54.00 20.89 -7.20
TBDO e. R783, R560, R490 0.58 39.77 53.68 20.76 —8.00
TBDO e. R783, R490, R560 0.58 39.77 53.68 20.76 —8.00
RS: Simple Ratio, ND: Normalized Difference, TBDO Three-Band Algorithm.
a Selected band’s relation.
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Fig. 4. Validation of the calculated algorithm for PC concentration from in-situ measured data and estimated values by the model from reflectance of the band ratio
R705/R490.



Z.C. Merchan Camargo et al. Remote Sensing Applications: Society and Environment 36 (2024) 101317

R705
PC (Mfg) 1723 5 () (Eq.8)

3.2.3. Cyanobacteria density

Table 8 presents the calibration and validation results for algorithms developed to estimate cyanobacteria density. In compari-
son to the model proposed by Pompéo et al. (2021), it exhibited favorable results during validation. Fig. 5 depicts the validation of
this model through linear regression between in-situ measured Chl-a concentration values and those calculated by the algorithm.

On the other hand, the algorithm derived from the dataset of the two databases exhibited a more precise fit. This was achieved
through a polynomial regression model, highlighting a strong correlation between the variables, with an R? of 0.75. During valida-
tion, R? values of 0.84 and an RMSE of 19.53 cells/ml were observed, the latter being like that obtained in the validation of the model
proposed by Pompéo et al. (2021), however, the RMSE and RRMSE are lower, suggesting a more robust model for the data in this
study.

Fig. 6a presents the calculated regression for estimating cyanobacteria density based on the selected model, while Fig. 6b displays
validation through linear regression between values of Chl-a concentration measured in situ and those calculated by the algorithm.
Therefore, the algorithm selected is presented by Equation (9) (Eq. (9)).

121.98 % Chl — a® + 3027.4 % Chl — a + 9991.8 (Eq. 9)

3.3. Automatic products

According to the validation of the automatic products, it was determined that the concentration values of conc_cl-a showed a clear
correlation with the in situ concentration for both C2X and C2XC (Fig. 7a and b), with a coefficient of determination (R?) of 0.75 and
0.73, respectively. However, the C2X product demonstrated the best fit for estimating conc_cl-a concentration. Additionally, the
C2XC automatic product showed an even greater tendency to underestimate conc_cl-a concentration values (see 1:1 line - Fig. 7a and
b).

g:ﬁ%;astion and validation results for cyanobacteria density algorithms based on Chl-a concentration values. Regression: polynomial (pl.).
Source of data Calibration Validation
n R? Regression n R? RMSE RRMSE NRMSE Bias
Pompéo et al. (2021) 90 0,84 (pl) 31 0,83 62,338,12 55,8 19,63 17,114,94
Own 25 0,75 L) 11 0,84 52,952,11 21,52 19,53 28,009,82

a Selected model.
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Fig. 5. Validation of the model proposed by Pompéo et al. (2021), linear regression between estimated values of calculated cyanobacteria density and cyanobacteria
density measured in situ.
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Fig. 6. (a) Algorithm calculated for estimating cyanobacteria density from field-measured data (b) Validation, linear regression between estimated values of calculated
cyanobacteria density and cyanobacteria density measured in situ.
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Fig. 7. Validation of the estimated values by the automatic products (Conc-cl-a) vs. in situ Chl-a values (a) C2X (b) C2XC.

Table 6 presents the validation statistics for the automatic products generated with C2X and C2XC atmospheric corrections. Both
atmospheric corrections exhibited similar performance. However, the values obtained for the C2X correction indicate superior model
performance, with an RMSE of 6.79 pg/L, an RRMSE of 43.17%, and an NRMSE of 17.22%. These results suggest that the automatic
conc_cl-a products from the C2X atmospheric correction may have greater applicability in the study reservoir.

4. Discussion

In this study, it was observed that Sentinel-2 (S2) showed good performance in estimating parameters such as Chl-a, PC, and
cyanobacteria density. This reinforces the potential of remote sensing as a support tool for in situ techniques in the study area, allow-
ing for more frequent and synoptic monitoring (Ioannou et al., 2014). Besides enabling ecological and water quality analyses, espe-
cially for eutrophication assessment and the possibility of future application conducting spatial and temporal studies in tropical in-
land aquatic ecosystems.

Although the field-collected dataset is valuable, its representativeness is limited due to the restricted number of data points and
sampling dates, which may affect the robustness of water quality parameter estimates. An approach to overcome this limitation is the
incorporation of public and freely available databases, such as those maintained by CETESB, which regularly samples every two
months in the JAG-JAC reservoir. This can also be replicated not only for the study reservoirs but also in other reservoirs in the state
of Sao Paulo, as demonstrated by Pompéo et al. (2021) and Pompéo and Moschini-Carlos (2022).

However, it is important to note that in the water quality monitoring carried out by CETESB, PC is not included in the analyzed
variables, and has never been monitored in this reservoir. The algorithm proposed in this work has the potential to fill this gap by al-
lowing its estimation. However, it is emphasized that there is a need for this agency to advance in PC monitoring given the impor-
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tance of assessing the presence of cyanobacteria and the associated risks in aquatic ecosystems (Pamula et al., 2023), as cyanobacteria
are important components of the total phytoplankton in the JAG-JA System.

In satellite image usage, it is important to recognize that due to the low reflectance of water, about 90% of the radiance received
by remote sensors is influenced by the atmosphere (gases, aerosols, scattering). Therefore, it is evident that atmospheric correction is
essential to obtain accurate estimates of water reflectance and water quality variables (Delegido et al., 2019). Thus, the C2X processor
showed better results compared to C2XC when in situ and calculated Chl-a was compared. The C2X processor has shown acceptable
results for the analysis of the variables considered in this study, performing well in mesotrophic to eutrophic waters in temperate
(Soria-Perpinya et al., 2022) and tropical (Virdis et al., 2022) ecosystems. Moreover, this can probably be attributed to the fact that
C2X has shown a good correlation in radiometric validation with red and infrared bands (bands used in Chl-a concentration estima-
tion), especially in eutrophic waters such as JAC-JAC and in turbid waters (Pereira-Sandoval et al., 2019).

Algorithms based on spectral bands associated with the red edge and NIR regions of the electromagnetic spectrum are recom-
mended for the study of productive and turbid waters, particularly in waters where Chl-a concentration is above 10 pg/L (Mishra and
Mishra, 2020). This is due to the maximum absorption characteristics of Chl-a in the red region around 670 nm and the peak re-
flectance in the NIR region between 670 and 750 nm (Gilerson et al., 2010). Especially, the red-edge band is important, as phyto-
plankton causes a peak in spectral reflectance near 700 nm due to the combined minimum absorption of water and phytoplankton
(Bramich et al., 2021).

Comparing this study with the results of other works, it can be observed that Soria-Perpinya et al. (2021) obtained a stronger cor-
relation between in-situ data and model data, with an R? of 0.9, but with higher values for RMSE (39.74 pg/L) and RMSE = 48%,
with a bias = 2.22 pg/L, for 296 data points. In another study with three bands (R665 nm, R705 nm, and R740 nm), conducted by
Aranha et al. (2022) in five Brazilian reservoirs with trophic states from mesotrophic to hypereutrophic, a lower R2 value of 0.77 and
an NRMSE of 28% were obtained for 242 data points (70% calibration data and 30% validation data).

For studies considering a similar number of data points to this work, Chen et al. (2017) presented an R? = 0.9, an
RMSE = 9.972 ug/L, and an NRMSE of 48.47% (n = 42), and Moses et al. (2019), using 15 calibration data points and 34 validation
data points, obtained an RMSE = 6.53 pg/L and an NRMSE = 8%, R? = 0.95. The statistical results of these studies are like the pre-
sent study, confirming that the selected model is robust in estimating Chl-a concentration.

Empirical algorithms generally produce robust results for the specific areas and datasets from which they are derived, and they
present advantages over other types of bio-optical models (Matthews, 2010).

Few studies have validated the use of automatic Chl-a products offered by the C2RCC processor. However, these products may pre-
sent an acceptable correlation. For example, in the study by Alvado et al., 2021, on temperate waters, the statistical values were
(R? = 0.55), (RMSE = 14.41 mg/L; NRMSE = 30%), demonstrating that the validation results shown in this study are more robust.
In the study by Soriano-Gonzélez et al., 2022), conducted in temperate waters with different water characteristics, C2X showed better
performance compared to previous studies, with validation statistics of RMSE = 17.3, bias = 5.85, R? = 0.66, and for C2XC,
RMSE = 48.1, bias = 12.1, and R? = 0.88. This case demonstrated that for different types of waters, C2X is a better processor for es-
timating Chl-a in eutrophic-hypertrophic waters. The results in this study are also superior. The use of automatic products in tropical
reservoirs is very limited; only Pompéo et al. (2021 e 2022) tested the C2X processor, where the product showed good accuracy for
Brazilian reservoirs.

In the case of the algorithm for PC estimates, in this work, the two-band ratio (R460/R705) showed the best fit
(RMSE = 37.11 pg/L, RRMSE = 50.08%, NRMSE = 19.37%, bias = —7.20, and R? = 0.63). Other studies also used combinations
of bands from the visible and infrared spectrum regions for PC estimates in turbid and productive waters, using sensors such as Sen-
tinel 3 and MERIS. (Qi et al., 2014)Qi et al. (2014) used bands R550, R620, and R665, and obtained an R2 value of 0.64 and NRMSE of
85.4% (n = 28), the coefficient of determination is higher than that determined in this study; however, the NRMSE is much higher,
indicating that the model proposed in this study could be an initial model for monitoring the JAG and JAC system, given that this
variable has not been historically monitored.

PC commonly exhibits maximum absorption around R620; for this reason, studies suggest using this spectral region to obtain suit-
able algorithms (Yan et al., 2018). Nevertheless, this band wavelength is available only in sensors such as MERIS and Sentinel3. Al-
though S2 is useful and accurate in PC quantification, which is why the most common algorithms use R665 as an alternative (Soria-
Perpinya et al., 2019). Most of the consulted studies determined algorithms with spectral regions ranging from R600 to R720
(WoZniak et al., 2016; Soria-Perpinya et al., 2019; Pérez-Gonzdlez et al., 2021).

When there is insufficient data or a scarcity of PC information, an algorithm based on Chl-a concentration can be a viable alterna-
tive to infer cyanobacteria density, as has been done in other studies (Drozd et al., 2019; Pompéo et al., 2021; Pompéo and Moschini-
Carlos, 2022). This is because Chl-a is used as an indirect indicator for estimating this parameter (Randolph et al., 2008). This is feasi-
ble when cyanobacteria dominate the phytoplankton, as described in this study.

5. Conclusions

The importance of establishing a monitoring protocol for continental aquatic ecosystems is evident, aiming to allow integrated
spatial and temporal analysis and to optimize decision-making and management actions for reservoirs sensitive to eutrophication
processes, especially in scenarios of climate change and increased frequency of cyanobacterial blooms. In this context, the use remote
sensing shows great potential for estimating water quality parameters such as Chl-a, phycocyanin, and cyanobacteria density through
empirical algorithms. As evidenced in this study, the use of Sentinel-2 (S2) demonstrated good performance and accuracy for this pur-
pose.
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The objective of this study was to generate algorithms for Chl-a, PC and cyanobacteria density estimation using S2 images for the
JAC-JAG reservoir. These selected algorithms show great potential for estimating this parameter, assessing water quality variables,
and evaluating the ecological state of the reservoir. They can also be useful for future applications in continuous monitoring of spatial
and temporal variations, serving as a tool for the Brazilian environmental agency CETESB.

The algorithm for chlorophyll- Chl-a a suggests using the ratio between the red band and red edge, a relationship associated with
maximum scattering (minimum chlorophyll-a absorption) and the wavelength associated with the maximum absorption of this pig-
ment. This ratio is recommended for eutrophic waters. The algorithm for PC suggests using the red edge and blue bands. This is the
first algorithm obtained for PC in this reservoir, where PC has never been monitored, marking an initiative for this purpose. Finally,
the cyanobacteria density algorithm was derived from a relationship with in situ Chl-a data, which is feasible in scenarios of cyanobac-
teria dominance.

The automatic conc_cla products derived from the atmospheric corrections C2X and C2XC provided good results. The best perfor-
mance was derived from the C2X processor, which was more suitable and supported the study of the JAC-JAG reservoir. These auto-
matic products have great potential for the rapid estimation of Chl-a. However, this study showed that empirical algorithms are more
robust, using specific algorithms for the study area always reduces uncertainty.
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