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Abstract: Inland water is fundamental for the conservation of flora and fauna and is a source of
drinking water for humans; therefore, monitoring its quality and ascertaining its status is essential
for making decisions in water resources management. As traditional measuring methods present
limitations in monitoring with high spatial and temporal coverage, using satellite images to have
greater control over lake observation can be a handy tool and have satisfactory results. The study of
chlorophyll-a (Chl-a) has been widely used to ascertain the quality of the inland aquatic environment
using remote sensing, but in general, it depends on the local conditions of the water body. In this
study, the suitability of the Sentinel-2 MSI sensor for Chl-a estimation in a lake in south-central Chile
is tested. An empirical approach is proposed, applying multiple linear regressions, comparing the
efficiency and performance with L1C and L2A products, separating the equations constructed with
spring-summer and fall-winter data, and restricting Chl-a ranges to those measured in the field to
generate these regressions. The algorithms combining spectral bans proved to have a good correlation
with Chl-a measured in the field, generally resulting in R? greater than 0.87 and RMSE and MAE
with errors less than 6 pg L1, The spatial distribution of Chl-a concentrations at the study site was
obtained based on the proposed equations.

Keywords: remote sensing; chlorophyll-a; water quality; multiple linear regression; Sentinel-2;
Google Earth Engine; Lanalhue Lake

1. Introduction

Surface water bodies are of the utmost importance to sustaining all sources of life; they
are essential resources for human needs and preserving biodiversity in the riparian, lake,
and wetland ecosystems, providing abundant habitats for flora and fauna [1]. The role of
lakes as carbon-cycling hotspots and climate regulators has been recognized. There is an
urgent need to understand their condition worldwide better [2].

The chlorophyll-a (Chl-a) concentration is considered an indicator of the abundance
and quality of phytoplankton biomass [3,4]. Phytoplankton is generally found in aquatic
ecosystems and is known to emerge through natural processes [5] triggered by environ-
mental conditions. Nonetheless, excessive cyanobacteria growth leads to an imbalance
in the primary and secondary productivity of lake ecosystems, which can have negative
consequences for the aquatic environment [6]; therefore, a monitoring system that allows
these changes to be determined is needed. Chlorophyll-a is a representative proxy of water
bodies’ health status (quality) [7], acting as a robust and consistent indicator of their trophic
status.

Lakes are more complex and diverse than marine or oceanic water bodies; their optical
properties may have greater temporal and spatial variation, depending on biological
composition [8] and the human activities that have increased nutrients in many water
bodies [9]. Cyanobacteria are mainly moving or floating gas-vacuolate microorganisms
that produce massive microalga blooms. These surface blooms are highly affected by
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environmental forcings such as wind, temperature, and sunlight; a massive bloom can
appear in a few days and disappear entirely from the surface [10]. Traditional methods
of extracting samples from the lake based on sampling points and subsequent laboratory
studies are costly, laborious, and slow; and cannot adequately assess the entire water
body [11,12]. To overcome these limitations, the challenge lies in incorporating water
quality monitoring methods with regular, almost real-time, cost-effective, automated,
and noninvasive approaches with adequate spatiotemporal coverage [13,14]. Remote
sensing techniques allow various sampling locations to be covered, information on often
inaccessible points to be obtained, and quick assessment of the ecological status of the water
body, which is advantageous over traditional studies involving sampling and subsequent
laboratory analysis [15,16]. The capabilities of these satellite images can be exploited in
various areas to survey different phenomena at large scales [17] and detect variations in the
water resources in both ground and surface water bodies [18,19].

The United States Geological Survey (USGS), Japan’s Ministry of International Trade
and Industry (MITI), NASA, and ESA have worked with Google to make these satellite
data available online through Google Earth Engine (GEE) [20]. GEE is a free cloud-based
platform for planetary-scale geospatial analysis developed by Google [21]. It provides
programming tools and a data library for users with relatively simple code [22]. Thus, GEE
enormously reduces the work required to download and process satellite images, simplify-
ing workflows and making satellite information management more accessible [23,24]. It
also includes climate and geophysical datasets and ready-to-use products derived from var-
ious sensors, such as the Enhanced Vegetation Index (EVI) and the Normalized Difference
Vegetation Index (NDVI) [25]. The unique capabilities of GEE provide unprecedented op-
portunities to use this platform for large data processing and interpretation tasks; therefore,
it is effectively applicable in various disciplines in all branches of Earth and environmental
sciences [26,27].

Some satellite platforms designed for ocean monitoring, such as NASA’s (National
Aeronautics and Space Administration) Moderate Resolution Imaging Spectroradiometer
(MODIS), the Visible Infrared Imaging Radiometer Suite (VIIRS), and ESA’s (European
Space Agency) Sentinel-3 Ocean and Land Colour Instrument (OLCI), have spatial reso-
lutions of approximately 1000, 740, and 300 m, respectively. However, the 300-m spatial
resolution of the OLCI allows monitoring of only 5% of the lakes in North America [28],
as coarse resolutions are not adequate for mapping the quality of small inland water
bodies [29].

The MSI (Multi-spectral Instrument) optical sensors installed on Sentinel-2 satellites
are an effective tool for studying inland freshwater ecosystems [30,31]. The improved
spatial resolution of Sentinel-2 and its high data-capture frequency (2 to 3 days) have
allowed successful estimation of Chl-a in small lakes using algorithms that relate in situ
data to band reflectivity [32,33]. Based on examples from the literature, it is recommended
to work with L2A (bottom-of-atmosphere reflectance images, BOA) or apply correction
procedures [34] to the L1C data (top-of-atmosphere reflectance in cartographic geometry,
TOA). Despite the above, remote sensing studies have applied empirical algorithms using
only L1C data (TOA) and obtained good results, such as the study of Peppa et al. [35].
There have also been studies in which the performances of atmospherically corrected (BOA)
and uncorrected images (TOA) are compared, such as those of Toming et al. [36] and
Grendaite et al. [37], even providing better results with the TOA data than with BOA data.

Despite significant efforts in this regard, some questions remain unanswered. One of
the most critical gaps in the literature is related to the harmonization of new frameworks
related to rapidly evolving technology. The latter can be posed as a function of questions
that are briefly mentioned as follows: (i) Which satellite product is more suitable for Chl-a
concentrations retrieval? (ii) What formulation gives more reliable results? (iii) Does the
results performance depend on the location, lake extent, and seasonality? Given the above
open questions, the main goal of this paper is to assess the effectiveness of Sentinel-2 MSI
data in its L1C and L2A products to map Chl-a concentrations using empirical algorithms
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based on the bands’ reflectances. The rest of the paper is organized as follows: Section 2
presents the methodology used (case study information, Chl-a models, and performance
indices). Section 3 shows the results, highlighting the performance of Sentinel 2 data
to retrieve and map Chl-a concentrations in Chilean lakes. Conclusions are provided at
the end.

2. Materials and Methods
2.1. Study Site

Lanalhue Lake is located in the Biobio Region. It is part of a system of coastal lakes
located in south-central Chile known as the “Nahuelbutan lakes” due to their location on
the north-central coastal slope of the Nahuelbuta Range. It has a water surface area of
approximately 31.9 km? and its basin has an area of 327.4 km?. Figure 1 shows this water
body’s location and the basin’s land uses.
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Figure 1. Location of the Lanalhue Lake and current land use. Forest monoculture represents 43%,
the native forest is close to 22%, water bodies and farmlands are approximately 19% (in total), and
the rest of the land use (shrubland, mixed forest, wetlands, and urban areas) corresponds to 16%.

Land use in the Lanalhue Lake basin has been affected by changes from native forest
cover to monoculture forestry plantations Pinus radiata and Eucaliptus globus, which have
entailed a modification of hydrological components, increasing the export of sediment
and nutrients from the basin to the lake [38]. Additionally, the lake is highly influenced
by buildings not served by a wastewater treatment plant and recreational activities (e.g.,
camping areas, nautical activities, hotels, and hostels for tourism).

Nahuelbutan lakes present significant tourist activities. In addition, Lanalhue Lake is
located in areas with a strong Indigenous presence, which in Chile is an essential cultural
component in the decision-making process regarding the use and conservation of these
aquatic systems [38].
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2.2. Acquisition of In Situ Limnological Data

The Chl-a data measured in situ were obtained through field campaigns carried out
by PRELA (Program for the Recovery of Environmental Services of the Ecosystems of the
Arauco Province). This vital and novel initiative aims to safeguard the quality of inland
aquatic water bodies; it promotes an approach of prevention for the oligotrophic and
mesotrophic lakes and restoration for those with eutrophication issues. The samplings were
carried out between September 2018 and January 2022. The first sampling period (from
September 2018 to March 2020) included 11 stations (L1 to L11), while the second period
(June 2021 to January 2022) included 6 monitoring stations (L12 to L17). The locations of
the sampling points are presented in Figure 2.
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Figure 2. Sampling stations, bathymetry, and the six-unit segmentation of Lanalhue Lake.

For Chl-a analysis, the samples were filtered, extracted, and centrifuged under the EPA
445.0 method (1997). The readings were taken with a Turner Designs model 10-AU-005-CE
fluorometer, with the results expressed in pg L~! or mg m 3. The sampling was planned
for geographic sites such as littoral zones influenced by tourism activities and limnetic
zones in which the lake is deeper (Figure 2). On the one hand, locations samples points
with little intervention were considered, and on the other hand, locations where the main
tributaries flow into the lake, contributing to relevant water discharges with nutrients loads
exported from the sub-basins (intensified by agricultural and forestry activities and urban
water discharge from the Contulmo treatment plant), were considered for the monitoring.
Due to these human activities, it is important to monitor Chl-a, as there is potential for
the lake to receive a significant quantity of nutrients, making it susceptible to undergoing
the eutrophication process [33]. As Chl-a is an optically active pigment that produces a
characteristic spectral signature, its concentration should be detectable using multispectral
sensors onboard satellites [39].

2.3. Satellite Data and Processing

The images used in this study are from the Sentinel-2 satellite of ESA’s Copernicus
Earth observation program. The Sentinel-2 mission operates two twin satellites simultane-
ously: Sentinel-2A (operational since 2015) and Sentinel-2B (operational since 2017). Each
instrument has a multispectral sensor (MSI) that contains 13 bands, from the visible spectral
range to shortwave infrared, with spatial resolutions of 10, 20, and 60 m and a temporal
resolution of 5 days [40].

As previously mentioned, two Sentinel-2 data products were used in this study: L1C
and L2A. The L1C satellite image set (TOA) was obtained from Google Earth Engine
(GEE). The GEE data repository and computer algorithms allow cloudless image pixels
that approximately coincide with the locations and dates of the water quality samples to be
identified (in-situ monitoring locations). Mosaics with the visible range (RGB), red edge,
near-infrared (NIR), and shortwave infrared (SWIR) range bands were exported with a
resolution of 20 m.
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The L2A product provides bottom-of-atmosphere (BOA) reflectance. These images are
created by processing L1C images. Sentinel-2 makes processed and ready-to-use images
available online. However, the decision was made to correct the images in an external
processor because for the first water sampling, which took place during the 4-8 September
period, no Sentinel-2 L2A images were available. To carry out this process, L1C images
were downloaded from the Copernicus program website: https://scihub.copernicus.eu/
(last access: 22 August 2022). Atmospheric correction was done using the Sen2cor plugin
(version 2.5.5), available on ESA’s Sentinel SNAP Toolbox [41-43], and imposing the 20-m
resolution.

The satellite data capture dates of the chosen images coincided approximately with the
sampling dates. Images without cloud cover over the study site were used, as clouds can
cause errors in the interpretation of the band reflectance, and these errors can be transferred
to the proposed equations. However, considering the pixel size in comparison with the
lake extent (20 m in comparison with 32 km?, respectively), it was impossible to have, in
some cases, images over the entire lake without clouds. ArcGIS 10.3 was used to work with
both satellite image product types. Reflectivity was extracted using the inverse distance
squared weighted with a neighborhood of 2 x 2 kernels, taking as reference the location of
the samples.

2.4. Chlorophyll-a Models

An overview of the methodological procedure in this study is presented in Figure 3.
Initially, empirical algorithms (EA) for remote sensing of Chl-a found in the literature were
tested. In parallel, multiple linear regressions (MLR) were programmed. For each empirical
algorithm found in the literature and those developed in this study, the fit indicators were
calculated, and on this basis, the best-performing equations were determined.

The previously mentioned multiple linear regressions were programmed in Rstudio
(version R 4.2.1), deriving the Chl-a concentration estimation models (equations) using the
existing correlations between the concentrations measured in situ and the reflectance of the
satellite images in different Sentinel-2 bands as predictor variables. Images that coincided
in time (date) and space (sampling point pixel) were sought and used. To this end, the RGB
(B2, B3, and B4), red edge (B5, B6, and B7), NIR (8A), and SWIR (B11 and B12) bands were
used. The general formula of the regressions takes the form of Equation (1), in which in situ
Chl-a is the dependent variable, « are coefficients related to the independent or predictor
variables (which in this case are the reflectivity of the bands (B)), and € is the residual
error associated with the regression. The data set was divided into two parts (calibration
and validation) and into two periods: spring-summer and fall-winter. For the selection of
predictor bands, the degree of significance of each in the regression was used, with p > 0.05
indicating that it is not statistically significant and thus eliminated. Regressions in which
the coefficient of determination (R?) and coefficient of determination adjusted (R? adj) Was
closest to unity (i.e., their optimal value) were selected.

Chl-a (ug L*l) — o+ 0By + 0By + 03B ... amBn + € )

2.5. Assessment of Empirical Algorithm (EA) and Multiple Linear Regression (MLR) Performances

We used six statistical efficiency indicators to evaluate the performance of the empirical
algorithms and multiple linear regression models in the calibration phase. The calculations
of these indicators are based on comparing concentrations observed in the field (O) and
those predicted (P) using each EA and MLR equation. The root mean square error (RMSE)
and mean absolute error (MAE) indicators were used for validation. The results of these
indicators were classified qualitatively according to the Moriasi criteria, which classify these
indices for both hydrological and water quality models [44]. The metrics were calculated
with the hydroGOF package in Rstudio.
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Figure 3. Schematic diagram of the methodology applied in this study.

The coefficient of determination (R?) is defined as the Pearson correlation coefficient

squared and is calculated following Equation (2):

XL (0 - O)(Pi— P)

RZ

i \/Z?:l (O = 6)2\/2?:1 (P~ P)°

@)

where O is the average of the observed values and P is the average of the simulated or
predicted values [45]. In addition, the value of the coefficient of determination adjusted
(R? adj) wWas considered. These performance indicators were used to describe the proportion
of variance that is explained and can take values between 0 and 1. The difference between
R? and Rzadj is that the latter penalizes the number of predictor variables used in the
model. R? always increases when a new predictor variable is added to the model, causing
overvaluation of the models [46]; therefore, it was reasonable to incorporate R2 adj because
of the total number of used bands (predictor variables in Equation (1)).

Two other indicators used to assess the performance of the EA and MLR are RMSE
and MAE. These indicators are calculated following Equations (3) and (4), respectively.
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An RMSE or MAE value of zero indicates a perfect fit, and values lower than half of the
standard deviation of the observed data can be considered to indicate a poor fit [45].

1
MﬁE:VHZlNQ—Ef 3)
1 <n
MAE = - Y 110 — Py 4)

The Nash-Sutcliffe efficiency (NSE), proposed by Nash and Sutcliffe [47], is a statistic
that estimates the relative magnitude of the residual variance compared to the measured
data. A score of NSE = 1 indicates a perfect fit between the observed and simulated data,
NSE = 0 indicates that the simulation model has the same predictive capacity as the mean
of the observations, and NSE < 0 indicates that the simulation is a worse predictor than the
mean of the observations [47]. NSE is calculated with Equation (5):

X, (0P -
Y, (05— O)

The percent of bias (PBIAS) measures the average tendency of the simulated values
to be larger or smaller than the observed ones. PBIAS = 0 indicates an optimal value, and
values £5 < PBIAS < £10 indicate that the model offers a very good simulation. Positive
values over 10 indicate that the model has an underestimation bias, and negative values
under —5 indicate an overestimation bias [45]. PBIAS was calculated with Equation (6):

NSE =1

Yii O —P;

PBIAS =
iz1 O

x 100 (6)

3. Results
3.1. Chlorophyll-a and Satellite Image Results

The chlorophyll-a concentrations presented a large variability over time and across the
surface of the lake water. In Table 1, the statistical characteristics of the Chl-a concentrations
are summarized by period. The concentrations varied between 1.9 pug L~! and 74.1 ug L~!
in the spring-summer period and between 1.3 ug L1 and 15.2 pg L ™! in the fall-winter
period. Supplementary Material S1 provides all the Chl-a concentration values from all
the samplings. As expected, the lake presents a clear upward trend of greater Chl-a
concentrations during the spring-summer period, with an average of 20.4 pg L1 during
March 2020. In addition, the Chl-a sampling demonstrated that the concentrations could
not be considered spatially homogenous. The Licahue littoral zone (Figure 2) is where the
highest Chl-a concentrations were measured during March 2020. Two factors cause the
Licahue littoral zone to have the highest Chl-a concentrations: (i) the hydrodynamics of the
lake, in which the flow circulation configuration is determined by the bathymetry (Licahue
is a flatter zone) and wind patterns (Licahue is located in a confined inland area, protected
from the prevailing winds, which come from the northwest); and (ii) The Licahue littoral
zone receives nutrients exported from its tributary watersheds, as well as from a number of
camping areas and homes without wastewater treatment and the treatment plant in the
town of Contulmo (Figure 1).

The selected images coincided with the dates of the samplings at the lake, with the
exception of the sampling of 24 November 2021, which could not be matched with the date
on which the satellite image was captured (22 November 2021), making a difference of
2 days. While this could introduce uncertainty to the results of this study, in the literature,
there are studies in which satellite and field data from different dates have been used, with
R? varying between 0.77 and 0.98 [48].
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Table 1. Sampling dates and statistical summary of in situ Chl-a in the Lanalhue Lake. The concen-
trations are in units of pug L1

. Dates Sampllng Minimum Maximum  Mean StarEda.rd
Spring-Summer Points Deviation
8-11 January 2019 11 3.7 16.4 9.9 4.8
12-17 March 2020 11 5.1 74.1 20.4 26.3
24 November 2021 6 3.4 7.9 52 1.8
18 January 2022 6 1.9 8.4 4.5 2.8
Dates Sampling . . Standard
Fall-Winter Points Minimum = Maximum  Mean Deviation
4-8 September 2018 11 3.8 15.2 7.9 3.3
30 July 2019-2 August 2019 11 3.8 8.1 5.9 1.3
30 June 2021 6 74 13 9.3 2.0

Table 2 summarizes the information used to calibrate and validate the proposed
models (dates of the satellite images; the total matching points between the sampling
stations and images; and, Chl-a ranges). Worth mentioning—and due to the satellite pixel
size in comparison with the lake extent (20 m and 32 km?, respectively)—is that clouds
covered some areas of the lake only. Therefore, it was not possible for all the sampling
station points to match the reflectance values in the bands (we avoided using satellite
information at lake points covered by clouds). Consequently, not all Chl-a ranges could be
covered. As a result, 24 data were available for the spring-summer period and 17 for the
fall-winter period. These data were used for calibration and validation.

Table 2. Dates of the Sentinel-2 images used in this study, chlorophyll-a ranges in pg L' and the
number of matching points.

Sentinel-2 Imagery Dates Matching .. .
Spring-Summer Points Minimum Chl-a Maximum Chl-a
9 January2019 5 7.5 16.4
14 March 2020 11 5.1 74.1
22 November 2021 2 3.8 6.0
18 January 2022 6 1.9 8.4
Sentinel-2 Imagery Dates Matching .. .
Fall-Winter Points Minimum Chl-a Maximum Chl-a
4 September 2018 4 3.8 8.7
2 August 2019 11 3.8 8.1
30 June 2021 2 74 9.4

3.2. Empirical Algorithm and Multiple Linear Regression Results

The empirical algorithms performed very poorly, as shown in Table 3. Linear regres-
sion presented better statistical indicators compared to the EA. Other studies have also
shown that using linear models gives good results in reservoirs [49,50], but they must be
developed for each site (i.e., they are site dependent). The algorithms presented in Table 3
correspond to BOA images without considering seasonality.
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Table 3. Empirical algorithm results without calibration (only testing). BOA images without consid-
ering seasonality.

Ref Algorithm Equation R? R%,4 RMSE MAE PBIAS NSE

[51] ND = B34 Chl-a = 6.9588¢%4965ND 085  0.84 7.72 476 —2670  0.72

[51] DO = 36(% _ &) Chl-a = 11.051 + 134.395DO 024 —018 2747 1612 3741  —1.77
OC2Vv4 Chl-a =

[52] R = log( 2 1000139 236RFO8TOR: 0135R)) oy 054 052 1372 688 6198 0.14

[53] R= % Chl-a = 1.33 +2.44logR 0.02 —-0.1 17.06 9.15 —88.77  —0.34

P = max{B5,B6}—

[54] B4+B7 Chl-a = 0.0071P — 0.11 0.62 0.58 16.37 7.32 —67.50 —0.24
(")

In this study, six multiple linear equations were obtained that relate chlorophyll-a
concentrations (Table 4) to the reflectance of the different bands. The equations are charac-
terized according to satellite data type (L1C and L2A), year period, and Chl-a concentration
ranges. In addition, the equations developed for the spring-summer period were divided
into two, as among 24 concentration values, there were two that were much higher than
the others (72.4 and 74.1 pug L~1). Therefore, equations that included and excluded these
maximum values (maximum Chl-a concentration = 16.4 pg L~1) were sought.

Table 4. List of multiple linear regressions used to calculate Chl-a (ug L1 in this study.
Data Period Chl-a Conc?;tratlon Multiple Linear Regressions of Chl-a and Sentinel-2 Bands
Type (ugL™h
Chl-a = —32.3888 + 0.1949 x B2 + —0.1527 x B3 + —0.9148 x B4 + 0.8488 x B5
TOA Spring— 1.9-74.1 +0.1287 x B7 + 0.2505 x B8A + 0.1674 x B11 + —0.3580 x B12
Summer 1.9-16.4 Chl-a = —45.8781 + 0.1447 x B2 + —0.1262 x B3 + 0.2150 x B5 + —0.3866 x B6
+0.2505 x B8SA +0.1203 x B11 + —0.2633 x B12
Chl-a = 8.0035 + 0.0909 x B2 + —0.0999 x B3 + —0.4048 x B4 + 0.6738 x B5 +
BOA Spring- 1.9-74.1 0.1491 x B6 + —0.4849 x B7 + 0.2896 x B8SA + —0.1577 x Bl1
Summer 1.9-16.4 Chl-a = 7.3146 + —0.0575 x B02 + 0.1329 x B05 + —0.0925 x B06 + —0.2548 X
B07 + 0.3379 x B8A + 0.0479 x B11
Fall- Chl-a = —83.3051 + —0.0595 x B2 + 0.4792 x B3 + —0.4375 x B4 + 0.1006 x B5
ToA Winter 3887 +—0.1045 x B7
BOA Fall- 3894 Chl-a = 8.5290 + —0.0460 x B3 — 0.0440 x B4 + 0.1412 x B5 + —0.0288 x B6 +
Winter o 0.0429 x B7 + —0.2077 x B11 + 0.1669 x B12

Table 4 shows that all the equations are strongly influenced by the green, red, and
red edge bands (B3, B4, and B5, respectively). This is consistent with the reflectance of B3,
which has a wavelength of around 560 nm and a low absorption coefficient, which indicates
high Chl-a reflectance [55]. In addition, B4 and B5 are in the range of the spectrum in which
Chl-a is masked due to the characteristics of chlorophyll pigment absorption. For these
bands, the wavelengths are centered at 665 nm and 700 nm, respectively, and for these
wavelengths, the high concentrations of Chl-a can be detected (eutrophic lakes), associated
with the maximum backscattering [35,56] for chlorophyllous pigments.

The model efficiency results are presented in Table 5 for calibration and validation.
Supplementary Material S3 presents the detail of the dataset used for calibration and
validation. In calibration, the MLR using TOA and BOA data delivered a very good
correlation R? > 0.87. The Rzadj with the lowest value (0.77) was found for the spring-
summer period, using TOA data and restricting the Chl-a range to 16.4 ug L~!. However,
an Rzadj of 0.77 is still within the range categorized as acceptable. Suppose the maximum

Chl-a values of up to 74.1 ug L~! are considered; the R2ad]- increases to 0.86. The RMSE
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and MAE indicators were below 6 pug L~! and 5 pg L1, respectively; NSE was >0.91 for
all cases, and PBIAS was between —4.4 and 0.5. According to [44], all these indicators can
be classified as good in assessing water quality models. If we compare the fit metrics, the
equations for the spring-summer period developed with BOA data performed better, and
the equations for the fall-winter period performed better using TOA data. However, the
difference is not very significant.

Table 5. Summary of the performance indicators of the MLR for calibration and validation in
spring-summer and fall-winter periods by product type and Chl-a concentration range (g L™1).

Calibration Validation

Data Type Period Chl-a Value R? R%, 4 RMSE MAE PBIAS NSE RMSE MAE

TOA Spring— 1.9-74.1 091 0.86 5.97 491 0.5 091 3.31 2.74

Summer 1.9-16.4 0.87 0.77 1.27 1.11 —4.4 0.94 2.58 1.94

BOA Spring- 1.9-74.1 0.98 0.97 2.58 2.00 0 0.98 4.98 3.67

Summer 1.9-16.4 0.99 0.98 0.51 0.39 0 0.99 3.79 3.45

TOA Eall— 3.8-8.7 0.96 0.92 0.32 0.26 0.21 0.96 2.52 2.25
Winter

BOA Eall— 3.8-94 0.94 0.83 0.43 0.38 0 0.94 2.68 1.91
Winter

Meanwhile, in the validation stage, the TOA data gave good results in the spring-

summer period. The MLR using TOA and BOA data for the fall-winter period gave very
similar results classified as good for water quality models [44]. Figures 4-6 show the scatter
plots of the observed results versus those simulated in calibration and validation.
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Figure 4. Computed vs. observed Chl-a concentrations for the spring-summer period, with the max-
imum recorded concentrations included: (a) Chl-a calculated using TOA data (L1C) and (b) Chl-a
calculated using BOA data (L2A). Dashed lines correspond to the perfect agreement between com-
puted and observed Chl-a concentrations.



Remote Sens. 2022, 14, 5647 11 of 19
(a) (b)
16 {| R2= 0.95 . . 16 1| R2= 0.99 &
y=0.904x + 0.422 25 y =0.994x + 0.040 Dl
14 7 e 14 e
'S ’
e //0 — 4
L1 ’ T 12 -7
[} PR S ,
= °s = &
o 10 -7 o 10 ’
= 7, - s
£ L 7 = 7
= 8 /./ s 8 7%
E ' // :qc_',’ [ ] // ¢
32 6 ¥ 2 6 7
£ g £ 27
o 7’ S ’
) 4 s // O 4 /,
// ° /"
2 %o e calibration 2 R4 e calibration
//, o * validation % validation
00 2 4 6 8 10 12 14 16 0 2 -4 6 8 10 12 14 16

Observed Chl-a [ugl~!]

Observed Chl-a [ugl/~!]

Figure 5. Computed vs. observed Chl-a concentrations for the spring-summer period, with the maxi-
mum recorded concentrations excluded: (a) Chl-a calculated using TOA data (L1C) and (b) Chl-a
calculated using BOA data (L2A). Dashed lines correspond to the perfect agreement between com-

puted and observed Chl-a concentrations.
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Figure 6. Computed vs. observed Chl-a concentrations for the fall-winter period: (a) Chl-a calculated
using TOA data (L1C) and (b) Chl-a calculated using BOA data (L2A). Dashed lines correspond to
the perfect agreement between computed and observed Chl-a concentrations.

3.3. Generation of Chlorophyll-a Maps from MLR

Application of the MLR equations generated the concentration results presented in
Figures 7-9. Figure 7 shows the spatial distribution of the fall-winter period, both TOA and
BOA, for the date 2August 2019, and Figures 8 and 9 show the spatial distribution of the
spring-summer period for the date March 14 2020, considering the maximum concentration
measured (74.1 pg Lt Figure 8) and the excluded the maximum concentration measured
(Figure 9), for TOA and BOA. In these concentration maps, the white zones (no values) are
areas in which it was not possible to calculate concentrations because the reflectance values
for the different bands were outside the range (above or below) for which the equation was
generated. Supplementary Material S2 presents details on the valid reflectance ranges for
each MLR and each band. Similarly, for Figures 8 and 9, when the equations in Table 4 are
applied, some of the calculated concentration values are outside the ranges (higher values)
with which the MLR was generated; these are shown in white.



Remote Sens. 2022, 14, 5647 12 of 19

Chla (ugll) | Missing dta

B 3754868
[ 468564
[] 564665
[ 665781

B 781043 .

1

i
W

b) Chi a (ug/l), Fall-Winter August 2019 BOA

Figure 7. Chl-a concentration maps based on MLR for the fall-winter period: (a) made with TOA
data (L1C) and (b) made with BOA data (L2A). On the right side of this figure, four Chl-a values of
the samplings referred to as L6, L9, L3, and L1 are shown.
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Figure 8. Chl-a concentration maps based on MLR for the spring-summer period, with maximum
concentrations, included: (a) made with TOA data (L1C) and (b) made with BOA data (L2A).
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Figure 9. Chl-a concentration maps based on MLR for the spring-summer period, with maximum
concentrations excluded: (a) made with TOA data (L1C) and (b) made with BOA data (L2A).

In general, the Chl-a distribution shown in the maps is consistent, and, as expected,
the area with the highest concentrations is in the Licahue littoral zone. In the fall-winter
maps, the equations based on the BOA data manage to determine Chl-a with greater
precision than that based on TOA data. With the BOA data, it is possible to determine
concentrations in a greater surface area of the lake (Figure 7), as the reflectance ranges with
which this equation was developed are wide (see Table 4 BOA equation, fall-winter, and
Supplementary Material S2 ranges).

Unlike the case of the fall-winter period, the maps of the spring-summer period
generated with TOA data manage to determine Chl-a with more precision than those
generated with BOA data. The maps made with TOA data determine Chl-a in a larger
surface area of the lake (Figures 8 and 9), as more pixels in these images are within the
range of bands for which the MLR was developed. In addition, it was observed that wind
increases the surface roughness of the lake water, which alters the reflectance captured by
the sensor, especially in the limnetic La Vaina zone, which is more susceptible to prevailing
northwest winds.

On the one hand, from an operational perspective, it is better to have concentration
maps covering a greater lake surface area to identify areas with high concentrations more
precisely. On the other, it must be considered that the concentration maps based on
TOA data could generate some concentration values with more significant uncertainty, as
some reflectances altered by atmospheric effects would be included. Gas molecules and
aerosols in the atmosphere can absorb and disperse light reflecting from the surface, which
influences the signal received by the sensor [41].

Finally, if the expanded Chl-a range (with maximum concentration values of 74.1 and
74.4 pug L~1) in the spring-summer period is disregarded, with TOA data, it is only possible
to determine concentrations to a maximum of 17 ug L~! in the Licahue littoral zone, which
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is not consistent with the field measurements. Under this same condition, using the BOA
data for the Licahue littoral zone, it is not possible to obtain concentrations, as this entire
area is outside the Chl-a range.

4. Discussion

The MLR equations allowed the reflectances of the different Sentinel-2 sensor bands
to be related to Chl-a concentration values. In both the calibration and validation phases,
these fit equations were classified as very good according to the criteria of [44]. Despite a
difference of two days delay between the sampling and the satellite data capture, for two
of the data inputs used to develop the MLR, there was no significant effect on the MLR or
the fit indicators.

Sentinel-2 bands 3 (green), 4 (red), and 5 (Vegetation Red Edge) had the greatest impor-
tance (weight) among the equations found in the study; therefore, they are vital to quantify-
ing Chl-a concentrations in lakes with characteristics similar to the Lanalhue, such as coastal
lakes in the Nahuenbutanean region. Using Landsat-8, Matus-Herndndez et al. (2018) [46]
concluded that band 3 (green) and additionally band 5 (NIR) work reliably for coastal lakes.

In statistical terms, the most accurate models were those for the spring-summer period
with BOA data, in line with the assumption that the Sentinel-2 L2A corrected data would
deliver much better results than raw TOA data (L1C), as the latter includes atmospheric
influence. However, using both levels of product correction, it was possible to verify that
the TOA data signal sometimes delivers better results than the BOA data (e.g., the MLR for
the fall-winter period).

The consistency of the spring-summer TOA and BOA images (Figure 8) was tested
by a geostatistical analysis in ArcGIS software using the Spatial Analyst module in the
Toolbox of ArcGIS; as a result, a very similar spatial pattern was found for both images (see
Supplementary Material S4).

In the concentration maps generated from MLR, it was observed that those based on
TOA data allowed complete monitoring of the lake more than those based on BOA data.
TOA data present a greater quantity of reflectance values within the range considered valid
(i.e., for which the MLR were developed); nonetheless, this does not prove that they are
better, as they may not be actual results due to the influence of atmospheric effects. The
most probable reason (for which the results with BOA data presented zones in which it
was not possible to estimate Chl-a) is the L1C data processing procedure, i.e., they could
reflect errors derived from the correction method used to suppress the atmospheric effects.
In other studies, such as Toming et al., 2016 [36] and Aranha et al., 2022 [55], they conclude
that only a simplified atmospheric correction procedure is possible that normalizes the
upper Part of the Atmosphere (TOA) signal for Rayleigh effects. In this way, more complex
atmospheric corrections (e.g., for aerosols) must be avoided; in some occasions, these
corrections generate errors, particularly in water bodies with high turbidity and high
biomass content. The correction process can induce errors and uncertainties in the data.
It was likely to have occurred in this study when TOA and BOA data were compared for
determining Chl-a concentrations. Additional advantages of using TOA data are reduced
processing time and simplifying the implementation of monitoring systems. Based on
the above, the initiative was taken to use Sentinel-2 level 1C and 2A radiance images to
extract the Chl-a concentrations. Regarding the processing time, GEE is a powerful tool to
work with this satellite data, and the cloud platforms play a very important role in water
quality; knowing that water quality parameters in lakes can change in short periods, the
integration of GIS with GEE cloud provides a fast platform to detect changes that occur in
the environment [57]. Atmospheric correction of images with a coastal and inland water
influence is challenging [36]; there have been advances in atmospheric correction, such as
ACOLITE and C2RCC [41]. However, Sen2cor is widely used as it is an open-source SNAP
plugin [42,58].

Empirical approaches such as those used in this study present limitations, as their
applicability is restricted to the specific sites at which they were developed. The input



Remote Sens. 2022, 14, 5647

15 0f 19

ranges and characteristics of the reflectance values of the bands limit the use of the en-
tire spectrum of values recorded by the sensor, and, strictly speaking, the concentration
ranges obtained using these equations are also limited to the ranges of the field sampling
measurements [59].

Reflectance may also be affected by the shoreline interface and in the near coastal
area, which depends on the measurement period (in winter, with higher maximum waters,
a surface of shallow water is generated with a potential spectral contribution from the
bottom). In addition, in the case of Lanalhue Lake, some wetlands are partially covered by
vegetation and temporarily covered by water. A buffer zone along the shoreline was created
to avoid possible errors generated by these conditions. It is essential to consider these effects,
as they can cause errors in determining concentrations and subsequently misinterpret the
results. Such an effect can be observed in the Licahue and La Vaina shorelines.

While the high measured Chl-a concentrations (74.1 and 72.4 ug L~!) are isolated
values within the range of concentrations that were measured with the greatest frequency
during the monitoring campaigns, their use allowed equations that expanded the upper
limit for estimating concentrations using TOA and BOA images during the spring-summer
period to be obtained. This is important in managing the lake’s water quality because the
use of these two high concentrations made it possible to determine that a large part of the
Licahue littoral zone was hypereutrophic.

There are more ways to be explored in remote sensing applications for water quality,
such as the use of other sensors, such as Landsat-8 (30 m). However, the data capture
frequency of the Landsat series satellites is 16 days, which means a great disadvantage
because many lacustrine processes (such as the proliferation of algae) can occur in less
than 16 days and remain undetected by this type of sensor or the detection may be late.
Other satellites have a more frequent data capture, such as Sentinel-3 of the OLCI sensor,
which has 21 bands, with 10 in the range of 665 to 865 nm, which may be important for
detecting Chl-a. However, coarse image resolutions (300 m) may not be suitable for small
inland lakes.

Thanks to technology, it is possible to monitor lakes rapidly. Lake extents and eu-
trophication (using Chl-a as a proxy) can be determined using satellite products, in-situ
empirical equations, or physically-based methodologies. A worthy example of climate
change effects in Chile is the Aculeo lake, located in southern Santiago, where the lake ex-
tent was reducing to disappear. Aculeo lake was located in a place promoting tourism and
economic activities; therefore, its disappearance affected people broadly. New monitoring
activities (with higher spatial and temporal resolutions) could help to deal with ad-hoc
strategies to avoid climate change effects on lakes [60,61].

5. Conclusions

The traditional sampling method involving sample-taking and subsequent analysis has
intrinsic limitations (i.e., low capture of spatial and temporal variability, the delay between
the sample date and the analysis results, and the cost associated with the procedure itself).
In this study, new empirical algorithms are proposed to determine Chl-a concentrations,
specifically for the Lanalhue Lake, but which could potentially be replicable at a regional
level in other Nahuelbutan lakes. It was also verified that the Sentinel-2 sensor products
(TOA and BOA) perform well in lake monitoring and may be very useful thanks to their
temporal frequency and resolution, which allows detailed captures, even for small lakes
(water surfaces >0.5 ha). The latter is contingent on the dataset with which the equations
are calculated being sufficiently broad in terms of concentration ranges.

Empirical equations were deduced using multiple linear regressions, covering the
following information: from September 2018 to January 2022 (4 years); Chl-a ranges
between 1.9 and 74.1 ugl-1; and product type data Sentinel-2 (BOA and TOA). The new
proposed equations performed better than others in the literature and showed performance
indices equal to R? > 0.87; and RMSE and MAE < 6 mg L~! (when compared with field
data). Additionally, for the season spring-summer, TOA performs better than the BOA in
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terms of empty values and other performance indicators (Pearson coefficient: 0.83; empty
computed pixels for TOA (NaN): 25%; empty computed pixels for BOA (NaN): 55%).
The latter could be counterintuitive because the BOA is a corrected version of TOA. Our
results validate that both products could be considered to retrieve Chl-a concentrations
in lakes. Further research must be conducted to determine which conditions one product
underperforms the other.

Our results may provide some guidance to the bodies responsible for the safeguard-
ing/conservation/care of the lakes in the area to identify areas prone to eutrophication and
coastal areas that may influence the lake through water channels/basins. Some questions
that remain open are related to testing the ability of these products in the determination of
other water quality parameters (e.g., suspended solids) in Nahuelbutan lakes; however, a
greater challenge will undoubtedly be proposing physically-based equations to determine
water quality parameters independent of the study site, with rapid, simple calibration.
Finally, the option of enriching these results with other sensors—for example, which has
a data capture time of 2 days and the VIIRS satellite—has a data capture frequency of 1
day could improve the detection of high concentrations of Chl-a due to events that occur
quickly and activate alerts.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /1514225647 /s1.
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