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Estimation des concentrations de chlorophylle-a du phytoplancton dans le
bassin Ouest du Lac Erié a I'aide des données Sentinel-2 et Sentinel-3
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ABSTRACT ARTICLE HISTORY
Algae blooms have been a serious problem in coastal and inland water bodies across Received 23 April 2020
Canada. The temporal and spatial variability of algae blooms makes it difficult to use in situ Accepted 10 September 2020
monitoring of the lakes. This study aimed to evaluate the potential of Sentinel-3 Ocean and

Land Color Instrument (OLCI) and Sentinel-2 Multispectral Instrument (MSI) data for monitor-

ing algal blooms in Lake Erie. Chlorophyll-a (Chl-a)-related products of these sensors were

tested by using the Great Lakes Chl-a NOAA’s monitoring data over summer 2016 and 2017,

respectively. Our results show that while fluorescent light height (FLH) algorithm and mod-

els are limited to lakes with Chl-a<8mg/m?, maximum chlorophyll index (MCl) has the

potential to be used effectively to monitor Chl-a concentration over Eutrophic lakes.

Sentinel-3's MCl is suggested for Chl-a>20mg/m> and Sentinel-2MCl for Chla > 8 mg/m?.

Top of atmosphere (TOA) radiances showed a significantly better correlation with in situ

data compared to TOA reflectance, which may be related to the poor pixel identification

during the process of pixel flagging affected by the complexity of Case-2 water. Sentinel-

2 MCl achieves better performance for Chl-a retrieval (R*> = 0.92) than the existing methods.

However, the FLH algorithms outperformed negative reflectance due to the shift of reflect-

ance peak to longer wavelengths along with increasing Chl-a values.

RESUME

La prolifération d’algues est un probleme important dans les eaux cotieres et intérieures du
Canada. La variabilité temporelle et spatiale des floraisons d’algues rend difficile la surveil-
lance in situ des lacs. Cette étude vise a évaluer le potentiel des données acquises par les
capteurs ‘Ocean and Land Color Instrument (OLCI)’ de Sentinel-3 et ‘Multispectral
Instrument (MSI)" de Sentinel-2 pour la surveillance des efflorescences algales dans le lac
Erié. Leurs produits liés a la chlorophylle-a (Chl-a) ont été testés a I'aide des données de sur-
veillance du Chl-a de la NOAA dans les Grands Lacs au cours des étés 2016 et 2017, respec-
tivement. Nos résultats montrent que les algorithmes de FLH sont limités aux lacs dont la
concentration en Chl-a est inférieure a 8 mg/m3, l'indice MCI peut étre utilisé efficacement
pour surveiller la concentration en Chl-a dans les lacs eutrophiques. L'indice MCI de
Sentinel-3 est suggéré pour Chl-a>20mg/m3 et celui de Sentinel-2 pour Chla > 8 mg/m3.
Ces valeurs de concentration différentes pour les produits MCl peuvent étre dues aux
emplacements des réflectances maximums, c.-a-d., 705 nm et 709 nm, pour les capteurs MSI
et OLCI, respectivement. Les radiances TOA ont montré une corrélation significativement
meilleure avec les données in situ par rapport a la réflectance TOA, ce qui peut étre lié a
une mauvaise identification des pixels pendant le processus de marquage due a la complex-
ité de I'eau dans le cas de I'étude 2. Des meilleures performances ont été atteintes par l'in-
dice MCl de Sentinel-2 (R2=0.92) que par les méthodes existantes. Cependant, les
algorithmes FLH ont surpassé la réflectance négative en raison du déplacement du max-
imum de la réflectance vers des longueurs d'onde plus longues avec des concentrations de
Chl-a croissantes.
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Introduction and background

Lakes offer essential ecological, environmental, hydrol-
ogy, and socioeconomic services. These habitats pro-
vide food supply, water supply, and have enormous
biodiversity in addition to carrying out climate,
hydrological, and biogeochemical regulation and pol-
lution control. Environmental changes such as climate,
land cover, and development pressure, in particular
deforestation, lost vegetation cover, increased nutrient
runoff, urbanization, and watershed modification,
have rapidly degraded water quality. These changes
and pressures cause eutrophication,’ increased turbid-
ity, deterioration of water clarity, and loss of aquatic
benthos (Binding et al. 2013; Olmanson et al. 2008;
Palmer et al. 2015, Wang and Shi 2007; Witter
et al. 2009).

Moreover, they make a risk for human and animal
health. Therefore, the management and monitoring of
lakes should be a priority of environmental resource
management, which needs a low cost and effective
program. To make this plan successful, in addition to
regularly ground-based monitoring methods, a cost-
efficient, high spatial and temporal coverage method
is a demand and remotely sensed satellite images are
a powerful tool for this (Amanollahi et al. 2012;
Blondeau-Patissier et al. 2014; Devred et al. 2013; Hill
et al. 2014; Kutser et al. 2005; Palmer et al. 2015).

The idea of using remote sensing for water moni-
toring emerged in the 1960s. The aim was to study
ocean color with the assumption of the possibility to
estimate chlorophyll-a (Chl-a) as a proxy of phyto-
plankton and sea surface temperature (SST) via a
remote sensing technique (Gordon et al. 1975, 1988).
On the basis of this perception, researchers started to
estimate optically active constituents (OACs), such as
colored dissolved matters (CDOMs), suspended par-
ticles, and phytoplankton remotely (Jerlov 1976).
Subsequently, the concept of ocean optics and the the-
ory of the radiative transfer equation (RTE) were
developed and became the basis of bio-optical model-
ing. Nevertheless, the application of these theories and
techniques has only been used less than 30years for
inland waters, which are different compared to
oceans. Morel and Prieur (1977) suggested two differ-
ent classes of water: Case I and Case II base on the
ratios of 443 nm and 550 nm (higher than 1.0 assumed
Case I and less than 1.0 Case II). A newer assumption
by Gordon and Morel (2012) was that Case I water
optical ~ properties are mainly controlled by

"The excessive richness of nutrients in the water, which the water system
cannot tolerate.

phytoplankton, where Case II water is dominated by
other water constituents such as CDOM and Nan-
Algae Particle (NAP). However, the main criticism of
this assumption is that inland water can be dominated
by phytoplankton that can be assumed Case I
Nevertheless, this classification is useful in having a
view of two water types.

Absorption and scattering characteristics

The absorption and scattering properties of water are
the foundation for the use of the optical remote sens-
ing (ORS) system to measure water constituents.
These can be expressed in terms of inherent optical
properties (IOPs), and apparent optical properties
(AOPs). IOPs are those characteristics of the water
that are independent of the angular radiance distribu-
tion of the light field, and instead, rely on the water
medium. Three basic IOPs related to optical remote
sensing sensor are absorption coefficient, volume scat-
tering function, and beam attenuation coefficient. In
general, optical properties are all wavelength depend-
ent. The beam attenuation coefficient c(4), which is
the total light lost from a beam penetrating a water
surface, is the sum of scattering b(4), from suspended
matters and molecular water, and absorption a(l) of
light, by suspended and dissolved matters and water
itself. Therefore, the relation of beam attenuation
coefficient and other IOPs is as follows (Gordon and
Morel 2012; Mobley 1995):

c(4) = a(d) + b(4) (1)

AQOPs depend on the IOPs and also the angular
radiance distribution of the incident light in the water
medium. Basic AOP components relative to ORS are
irradiance reflectance values and various diffuse
attenuation coefficients. The RTE makes a connection
between the IOPs and the AOPs (Mobley 1995). Thus,
it is the basis for relating remote sensing reflectance
(R,s) to concentrations of OAC of water which cause
scattering or absorption of light energy. The basic
equation RTE is as follows:

G()) bbU‘)

Re = G2) 25 s 2)
where
a(4) =a, + a;h(7»)cchz—u + acpom(4) + ayup(4)Cnap
(3)
by(4) = 0.5b,,(4) + b}, Ph(,l)cch,_a + by, nap(4)Cnap
(4)

where G(A) is the geometrical scaling factor, a(4) is



the total water absorption, Chl-a is the concentration
of Chl-a, Cyup is the concentration of NAP, a, and
acpom(Z) are the absorptions of water and CDOM,
respectively, a;h(i) and ay,p(4) are the specific
absorption coefficients of phytoplankton and non-
algal particles, respectively. Also, b,(4) is the total
backscattering coefficient, which similarly is composed
of scattering terms for water itself, phytoplankton, and
NAP (Kutser et al. 2001; Odermatt et al. 2012). The
above two equations are based on the influence of the
key water components, including the NAP, pure
water, CDOM, and phytoplankton. Initially, most of
the bio-optical models for the extracting of water con-
stituents are based on these equations (Olmanson
et al. 2015). By giving consideration to that water is
often optically complex, a function of any of the three
main OAC may overlay one another. Therefore, water
types have more requests for instruments with high
spatial and spectral resolution, radiometric sensitivity,
high accurate atmospheric correction, and water con-
stituent retrieval algorithms (Devred et al. 2013;
Matthews 2011).

Remote sensing of Chl-a

In Chl-a studies, satellite remote sensing offers wide
regional coverage and high temporal resolution, which
are essential for a long period monitoring. Problems
have arisen for the Case II waters where total sus-
pended sediments (TSSs) and CDOM have a higher
concentration, and their absorptions and scattering do
not always have a correlation with phytoplankton, and
all components existing in these waters will influence
the water optical properties. Therefore, the overlying
absorptions by DOM and NAP in the blue part affect
the blue-to-green based methods, resulting in unsuit-
ability for measuring Chl-a concentration. This
prompted Chl-a retrieval algorithms to emphasize the
spectral bands in the red and near-infrared (NIR)
spectral regions, which have become common for
retrieving Chl-a. These Chl-a retrieval algorithms are
parameterized to fit sensor channels. Accordingly,
they can frequently be used for estimating Chl-a con-
centration over the Case-II waters. One of the optical
satellites most used for these studies is the Medium
Resolution Imaging Spectrometer (MERIS). MERIS
had spectral bands situated specifically to measure
Chl-a. However, in 2012, this sensor stopped remote
transferring data to the Ground. Ocean and Land
Color Instrument (OLCI), continuing for MERIS, and
Sentinel-2 MSI is current instruments with the poten-
tial to conduct Chl-a studies. New satellite products
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have to be tested with ground data. Thus, the primary
motivation of this study was to examine two current
Chl-a retrieval products, fluorescence line height
(FLH) and maximum chlorophyll index (MCI), using
Sentinel-3 and Sentinel-2.

The European Space Agency (ESA) has developed
free, open-source toolboxes for Sentinel-2 and Sentinel-
3. Add-in thematic water processing, there are the pro-
cessors for OLCI and MSI to provide the possible rou-
tine enhanced interpretation of water-leaving signals
over Case II waters. Two Chl-a-related products, the
FLH and MCI, to the sentinel toolbox used to compute
the Chl-a fluorescence and scattering peaks by measur-
ing the height of peaks above a specific baseline. The
two main objectives of this paper are (1) to test the suit-
ability of these two products for estimating Chl-a con-
centration with the new sensors in optically complex
water and (2) to test the value of Sentinel-2 and
Sentinel-3 images with in situ measurements and assess
the suitability of these sensors to monitor lakes suscep-
tible to intense algal and harmful algae blooms.

Related work

In 1975, after the launch of the Earth Resources
Technology Satellites 1 (ERTS-1), Gordon et al. (1988)
obtained the first bio-optical model using Monte
Carlo simulation of the RTE to build a correlation
between AOPs and IOPs. Subsequently, many bio-
optical models have been developed for the aquatic
system and can be defined in two ways. First, these
models can be defined based on the aim of describing
the biogeochemical state of the water system. This
occurs developing a relationship between radiometric
measurements and water constituents to drive infor-
mation about physical, biological, geochemical proc-
esses in the aquatic systems in various ways, which
mostly using statistical approaches (Stramski et al.
2001). The second way is based on using RTE to drive
quantification of IOPs of OAC of water, then drive
the OAC concentration through an analytical
approach, for instance, a ratio between their absorp-
tion coefficient and specific absorption coefficient or
backscattering coefficient to specific backscattering
coefficient (Mobley and Sundman 2001).

The light interacting with algae or cyanobacteria
can be changed through scattering, fluorescence, and
absorption. Bio-optical modeling describes these inter-
actions and obtains information about the optical
properties of the phytoplankton and biological charac-
teristics (e.g., size, cellular structure, pigmentation),
which  govern these changes. Given that
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phytoplankton is a microscopic, single cellular organ-
ism drifting on the surface water, human eyes or sen-
sors cannot observe it. And in fact, a bulk effect of
more than hundreds of cells is what human or remote
sensors observe. Therefore, the interaction of bulk
cells with light might be described by the theory of
single-particle scattering, which is a framework to
understand the microscopic level of light interaction
with a single cell and present the fundamental theories
needed for Chl-a bio-optical modeling. Phytoplankton
cells are considerably variable in size, from less than
1 um to larger than 10 mm. The cells are not only var-
ied by six orders of magnitude in size but can be seen
in the form of unicells to a cluster of cells, filaments
or colonies. The structure of cells can be different
between each phytoplankton species and show differ-
ent behaviors, for instance, in diatoms silica cell
morphology or cyanobacteria gas vacuoles. Despite
the diversity in size, form, structure, and behavior
that influence the specific optical properties of the
phytoplankton, all phytoplankton species contain a
green pigment Chl-a. Chl-a is an essential indicator
for estimating phytoplankton biomass and lake prod-
uctivity using Chl-a bio-optical models. These models
estimate Chl-a through three pathways: phytoplankton
absorption, fluorescence, and backscattering.

Odermatt et al. (2012) provided a comprehensive
overview of band arithmetic Chl-a retrieval applica-
tions using optical satellites such as SeaWiFS, MODIS,
MERIS, Landsat, and HICO to compare various meth-
ods and corresponding sensors for Chl-a retrieval
methods. Blondeau-Patissier (2014) discussed and
compared different algorithms types used for the
detection, mapping, and analysis of phytoplankton
blooms from various sensors.

Most of the satellite sensors used in water remote
sensing operate on sun-synchronous low-orbit satellite
platforms. These satellites acquire data with a spatial
resolution of a few meters to more than 1km and
temporal resolution of 1-15days. In the 1970s, passive
satellites were first launched to display land and sur-
face water. For example, Landsat Thematic Mapper
(TM) was used to retrieve maps of Chl-a, and the
results showed that in ideal conditions, the TM could
be used with limited accuracy (Dekker 1993). The
long-term archive Landsat series over 40years has
been helping to study long-term trends in inland
waters. For instance, Landsat ETM' was used over
10,000 Minnesota lakes to drive a map of Chl-a, and
other water constitutes (Olmanson et al. 2008; Tebbs
et al. 2013). Later, the spectral and radiometric sensi-
tivity of sensors, such as NASA’s Advanced Land

Imager (ALI) and hyperspectral Hyperion sensor,
both on the Earth-Observing One (EO-1) satellite,
have improved the retrieval of Chl-a (Kutser et al.
2005; Pal et al. 2015).

NASA launched MODIS with an improved spatial
resolution of 250-1,000 m for ocean studies, and have
used in numerous large-lake studies of Chl-a; that
proved the potential of ocean sensors for large-scaled
inland waters, despite their relatively coarse spatial
coverage, and improved real-time monitoring applica-
tions (Wang and Shi 2007). The first two were
designed to land, aerosols, and cloud studies, whilst
the 1,000m was designed to watercolor studies.
However, some researchers have demonstrated that
the 250 and 250m spatial resolution bands can also
be used to monitor algae bloom in inland water
bodies (El-Alem et al. 2012; Kahru et al. 2004).

MERIS provides an enhanced spectral resolution
and additional key bands that have improved remote
sensing of phytoplankton bloom monitoring systems
(Matthews et al. 2012; Palmer et al. 2015). MERIS is
a push broom system designed to deliver data while
the sky is clear or moderately cloudy. This sensor’s
characteristics are a field of view of 68.5 around
nadir with an 1,150km swath width, 300 m spatial
resolution, spectral resolution of 15 bands across the
range of 390nm to 1,040 nm (VIS-NIR), and band-
width between 2.5 and 30nm (Binding et al. 2013).
Urquhart et al. (2017) applied an assessment approach
to quantify changes in the inland cyanoHAB surface
area extent using Medium Resolution Imaging
Spectrometer (MERIS) imagery across numerous
water bodies within Florida, Ohio, and California for
the test period of 2008-2012. Their results showed
that the area of cyanoHABs in Florida rose signifi-
cantly due to increased high-risk bloom area while
California experienced a slight decline in cyanoHAB
extent. In Ohio (excluding Lake Erie), little change in
the cyanoHAB surface area was observed. Clark et al.
(2017) developed assessment methods to detect
cyanoHAB frequency occurrence. Their results showed
that 5.6% of waterbodies were resolved by satellites
with 300m resolution, and 0.7% was resolved by
applying a 3 x 3-pixel array based on minimum
Euclidian distance from shore. The results also indi-
cate that although land imager such as the Landsat
OLI and Sentinel-2 MSI has a higher spatial resolution
of 30m less frequent revisit cycles and less available
wavebands for deriving water quality factors. Binding
et al. (2018) implemented the spatial and temporal
variability analysis of algal blooms on Lake Winnipeg
using satellite-derived chlorophyll during 2002-2011.



The results indicated that inter-annual variability in
average bloom severity was related to both total phos-
phorus loadings and summer lake surface tempera-
tures. Nguyen et al. (2019) analyzed the remote
sensing images and in situ Chl-a data in Lake
Kasumigaura, Japan, using available spectral models to
achieve optimal Chl-a retrieval. The root-mean-
squared (RMS) errors for Chl-a concentration
obtained by the resulting model improved from
11.95 mg/m® to 6.37 mg/m”’, and the correlation coeffi-
cients of Pearson between the predicted and in situ
Chl-a improved from 0.56 to 0.89. Ledesma et al.
(2019) determined the Chl-a distribution and water
quality of the Cassaffousth reservoir by developing the
statistical models between 2016 and 2017. The regres-
sion results represented that Landsat-8 images were
related well with field measurements (R* = 0.87).

Method

In this study, we attempted an assessment, validation,
and calibration for analytical research. Although this

Western Lake Erie Monitoring Stations

Lake Erie 4:]\
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study is not only a statistical or purely empirical
base, we tried to present a semi-empirical base.
However, the following sections describe the
research procedures.

Study area and dataset

Lake Erie is delimited to the north by Ontario,
Michigan to the west, New York to the east, and Ohio
and Pennsylvania to the south, and covers a surface
area of 25,744 km. Lake Erie is the warmest, shallow-
est, and most biologically productive of the five
Laurentian Great Lakes. It is the fourth largest in the
surface area yet smallest in water volume, making it
vulnerable to water level fluctuations (Daghighi 2017;
Daghighi et al. 2017). This study focuses on the west-
ern basin of Lake Erie (see Figure 1). Water depth
and nutrient load are the two main factors that
impact Chl-a concentration and lead to continuous
blooms of green and blue-green algae in this Lake
(Maccoux et al. 2016). The western basin is the shal-
lowest section of all the Great Lakes, with an average
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Table 1. Date of acquisition imagery and water sample acqui-
sition of Sentinel-3A and Sentinel-2A used in this study.

Sentinel-3A Sentinel-2A
Filed date Image date Filed date Image date
5/8/2017 5/7/2017 6/26/2017 6/24/2017
5/30/2017 5/30/2017 7/11/2017 7/9/2017
6/12/2017 6/11/2017 7/30/2017 7/29/2017
6/26/2017 6/26/2017 10/2/2017 10/2/2017
7/17/2017 7/16/2017 7/18/2016 7/20/2016
7/31/2017 7/30/2017 8/7/2016 8/9/2016
8/7/2017 8/7/2017 8/29/2016 8/29/2016
8/14/2017 8/14/2017
8/28/2017 8/26/2017
9/25/2017 9/26/2017
10/10/2017 10/8/2017
10/16/2017 10/16/2017

depth of 7.4m, receiving the majority of loaded
nutrients, mainly nitrogen and phosphorus. Three
main rivers, the Maumee, Raisin, and Detroit Rivers,
feed Lake Erie. Although the Detroit River is the pri-
mary inlet, contributing up to 90% of the inflow into
the lake, the Maumee River loads nearly half of the
nutrients into the basin (Charlton et al. 2008). This is
because of the Maumee River dominated by agricul-
tural land areas. Compared to the Detroit River (join-
ing Lakes Huron and Erie), which is surrounded by
industrial/urban, residential, and partially wood/grass-
land cover.

We used the weekly Chl-a data measurements from
May to October 2017 match with Sentinel-3A, and
2016 and 2017 for Sentinel-2A overpass, respectively.
The data were selected to match (3 days window) the
image acquisition date. Table 1 shows the image
acquisition dates corresponding with filed sampling
dates for both Sentinel-2A and Sentinel-3A satellites.

Sentinel-3A OLCI Level-1 NRT FR 2017 images
were downloaded from Sentinel-3 Pre-Operations
Data Hub (https://scihub.copernicus.eu/s3). Level-1
products provide top of atmosphere (TOA) radiances
in the VIS-NIR bands. Twelves Cloud free images
were available to match up with the in situ data.
Sentinel-2 Level-1C images were downloaded from
Sentinels Scientific Data Hub. Level-1C products are
provided in TOA atmosphere reflectance in carto-
graphic geometry with all parameters to transform
them into radiance and the granules (called
tiles, 100 x 100km®  ortho-images in  UTM/
WGS84 projection).

Fluorescence line height (FLH) and base
line algorithms

Given that the Chl-a is proportional to the Sun-
Induced Fluorescence (SICF) emission, many studies
started to examine its validity to measure Chl-a

concentration in coastal waters. Results showed a
good correlation between Chl-a and SICF (eg.,
McKee et al. 2007; Tao et al. 2013). These studies led
to the configuration of a few bands on the ocean sat-
ellite sensors (such as MODIS, MERIS, GOCI, and
OLCI). These bands are positioned slightly differently
in each sensor. But, they are all located in the red-
edge region, one close to the fluorescence peak and
two bands outside of the fluorescence peak, which
aim to extract fluorescence radiance through a fluores-
cence light height (FLH) algorithm (McKee
et al. 2007).

In this study, the FLH algorithm estimates the extra
reflectance in the fluorescence peak band above a
baseline. This baseline connects two reflectance bands
positioned outside of the fluorescence peak. This algo-
rithm is identified as follows (Letelier and Abbott
1996):

(L1 — L3)(43 — A1)

FLH = L2 - |L3
+ PRI

(5)

where L1, L2, and L3 are radiances at wavelengths A1,
A2, and A3, respectively. The FLH algorithm is more
accurate when used for case I and oligotrophic waters.
This is because the atmospheric correction works bet-
ter for ocean waters, and also the elastic scattering sig-
nals are low above the baseline curve. Recently, in
inland waters, with the improvement of atmospheric
algorithms, turbidity is the main source of reducing
the sensitivity of the FLH algorithm. The reflectance
peak around 700 nm influences the fluorescence peak
around 685nm retrieval. This reflectance peak is
related to increased water absorption, decreased Chl-
absorption, increased particulate backscattering in this
spectrum  region. Despite CDOM absorptions
(~440nm) having a low effect on FLH signals, sus-
pended sediments (5gm ) result in a significant
error due to the particulate scattering. Moreover, FLH
application in high phytoplankton biomass (>20mg/
m®) (Tao et al. 2013) is hindered by a peak reflectance
overlapping the fluorescence reflectance. This peak
shifts to the longer wavelengths with increasing Chl-a
concentration (e.g, to 705nm at 100 mg/m’).
Therefore, the FLH algorithm is more applicable for
oligo to mesotrophic waters less than 20 mg m > used
in this study (Gitelson 1992).

In addition, we used the Baseline algorithm, which
exploits the height of the fluorescence and maximum
scattering peak of Chl-a above a baseline, which
passes through two other spectral bands outside of the
peak. The general equation of a baseline algorithm is
the line-height:


https://scihub.copernicus.eu/s3

. o (22 — 11)}
Line height = L2 -L1 - (L3 - L1) [ A3 — A1

(6)
where indices 1 and 3 indicate the baseline bands and
index 2, the peak or signal band. This algorithm used
by Gower et al. (2003) and was characterized by
MERIS toolbox. However, the algorithm applied in
the FLH/MCI processor in the Sentinel Application
Platform (SNAP) contains an additional factor to cor-
rect the influence of thin clouds using K= 1.005:

Line height = L2 - K

12— 1
« |1+ @3-y B=A
A3 — 21

(7)

Image processing

Sentinel-3 Toolbox (S3TBX) version 6.0.0 in the
Sentinel Application Platform (SNAP) on Windows
10 (64Dbit) was used to process the images. Images
were subset to a geographic region bounded by the
latitude and longitude to limit the lake of interest.
The conversion from TOA radiance (LTOA) to TOA
reflectance  (RTOA) was done in SNAP Data
Processors to be further analyzed. The conversion
from TOA radiance (LTOA) to TOA reflectance
(RTOA) has been done through SNAP Data
Processors-Radiance-to-Reflectance ~ Processor. This
conversion aims to extract the pixel Level-1B data and
convert the included radiance into reflectance through
three main steps: first, pre-processing for geometry
and meteorological parameters (i.e., pressure, wind) at
each pixel. Second, pixel identification starts with the
reading of the INVALID flag. If it is set to TRUE, no
further processing of the current pixel is performed,
and the next pixel is examined. Otherwise, the proc-
essing of the current pixel is pursued. Third, pixel
extraction and reflectance conversion.

Thematic water processing using FLH/MCI
Processor was performed to extract MERISFLH and
MERISMCI signals. The FLH/MCI processor can be
invoked in the Sentinel Toolbox from the tool menu
by selecting Processing Thematic Water Processing,
FLH/MCI Processor. We defined a new red-edge peak
height band combination, by the Processor and
named it S3FLH. We were able to develop this new
algorithm because, in the FLH/MCI processor, the
baseline bands and the signal band are freely configur-
able. Two different signal bands, 709 nm and 681 nm,
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with varying bands of baseline (665, 673, and 753 nm)
were configured to calculate MERISFLH, MERISMCI,
and S3FLH. Level-1 MCI/FLH products are calculated
from the TOA radiance, which has the units of
mWm > nm~' st " whereas the L2 MCI/FLH prod-
ucts are derived from water-leaving reflectance, which
is dimensionless.

Cloud-free pixel values corresponding to the loca-
tion of each sampling station were extracted from
each thematic product to be evaluated with the
ground data. To extract the MCI and FLH indices
from the images at locations specified in a point fea-
ture class, we used the Extract Multi Values to Points
tool with ArcGIS. Each pixel which covered the geo-
graphic location of the station value extracted for each
input raster, and a new field containing the cell values
for each input raster added to the input point feature
class. Then an attribute table exported to Microsoft
Excel to establish a relationship between the radiomet-
ric indices and in situ Chl-a content and assessment
of created models. Figure 2 shows an overview of the
method applied in this study.

Sentinel-2 Toolbox (S2TBX) Version 6.0.0 in the
Sentinel Application Platform (SNAP) on Windows
10 (64 bit) was used to process the images. Sentinel-2
is delivered with three spatial resolution options. The
spatial resolution of Sentinel-2 is dependent on the
particular spectral band. LevellC Sentinel-2 data
includes the RGB-NIR as 10m bands and SWIR as
20m bands. As the SNAP feature is not supported for
a multi-size product, we needed to upscale the RGB-
NIR bands to 20m and resample them with the rest
of the 20m bands. The spatial subset of data created
by given pixel positions using a subset operator.
Sentinel-2 MCI Processor was used to calculate the
MCI, which calculates the MCI by exploiting the
height of a measurement over a specific baseline. We
configured the suited band combination on Sentinel-2
MSI images (a signal band at 705nm above the base-
line passing through 665 and 740 nm bands) to exploit
the height of a maximum Chl-a peak. Pixel values
were extracted from each sampling location to correl-
ate with in situ Chl-a measurements. To extract the
indices from raster images to a table, we used ArcGIS
spatial analysis tools by extracting the values of each
pixel, which covered the geographical location of the
station value and then registering the values in an
attribute table of a predefined point layer. Finally, a
CSV-file format exported as an output to establish a
model between the extracted indices and Chl-
a contents.
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Figure 2. Processing flowchart of Sentinel-3A OLCI and Sentinel-2A MCI images to retrieve Chl-a indices related to in situ Chl-a
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Figure 3. Monte Carlo calibration and validation scheme.

Calibration and validation

Monte Carlo simulation in MATLAB was used to cali-
brate the models (Figure 3). Monte Carlo simulation
is a technique used to study how a model responds to
randomly generated inputs. In this process, 30 sam-
ples randomly selected from the dataset of 52 are used
to build the equations with a linear regression
between Chl-a and the product retrieval values iterat-
ing 1,000 times. The results are recorded for 1,000
equations and R, slope, and intercept associated with
each. Then an R’ histogram created from all the

recorded R® to identify equations with the most fre-
quent range of this coefficient. We plot the coefti-
cients (slope, intercept) of the identified equations to
obtain a confidence region. The calibrated model was
selected with the best R* in the confidence region
based on mean and standard deviation. Then we vali-
dated the equation with 22 test data.

The same calibration and validation process were
carried out for the S2MCI indices and match up in
situ dataset generated. In the process, 15 samples ran-
domly selected from the dataset of 27 are used to



build the equations with a linear regression between
Chl-a and the product retrieval values iterating 1,000
times. The results are recorded for 1,000 equations
and R slope, and intercept associated with each.
Then an R* histogram created to obtain the most fre-
quent R? from all the recorded R® to identify equa-
tions with the most frequent range of this parameter.

Results and discussion
Chl-a measurement from Sentinel-2

Table 2a illustrates the basic descriptive statistics of
Chl-a measurements and confirms the complexity of
optical properties of the waters being measured in
western Lake Erie over summer 2017. N is the num-
ber of samples collected, and Std is the standard devi-
ation. In this study, the three models were evaluated
for Chl-a less than 300mg/m® with a range of
1.28-116 mg/m’ with a mean value of 19.66 mg/m’.
Figure 4 depicts the monthly variation of all weekly
Chl-a measurements. The dataset is representative of a
broad range of Chl-a concentrations. Overall, the level
of Chl-a increases gradually over the months, showing
the lowest values in May and the highest in August
and September.

Table 2b shows the summary of basic descriptive
statistics of measured Chl-a concentration of the
waters being measured on 24 June, 9 and 29 July, 2

Table 2. (a) Descriptive statistics of Chl-a measurements
match up with Sentinel-3 satellite overpass acquisition times
for western Lake Erie over summer 2017; (b) Descriptive statis-
tics of Chl-a measurements match up with Sentinel-2 satellite
overpass acquisition times for western Lake Erie over the sum-
mer 2016 and 2017.

N Min  Max Mean Median Std
(a) Chl-a (Sentinel-3) 74 1.28 116 19.66 14.8 22.16
(b)  Chl-a (Sentinel-2) 37 0.13 88 16.5 9.2 20.7
Unit is mg m>.
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October in 2017 and 18 July, 9 and 29 August 2016 in
Western Lake Erie match up with the Sentinel-2
image acquisition dates. In this study, we evaluated
the L2 S2MCI product for the data with a range of
0.13 to 88 mg/m’ with a mean value of 16.5 mg/m’.

Chl-a measurement from Sentinel-3

We used in situ Chl-a measurements to analyze the
performance of FLH and MCI algorithms based on
Sentinel-3 spectral bands. Figures 5 and 6 show the
retrieval of the fluorescence and scattering compo-
nents from the Sentinel-3 images correlated with Chl-
a and log Chl-a. Three bands are utilized for each of
the three algorithms to compute FLH and MCI. The
bands are 665, 681, and 709nm for MERISFLH
(Gower et al. 1999) and 681, 709, and 753nm for
MERISMCI (Gower et al. 2005). An additional
Sentinel-3 band exists at 673 nm; thus, we configured
673, 681, and 709 nm and named it S3FLH algorithm.
Tables 3a and 3b present local tuned equations, R,
and RMSE for the three Sentinel-3 products. Figure 7
shows the correlation between FLH and MCI indices
and Log Chl-a in a range of 10-120 mg/m".

Comparing Sentinel-2, Sentinel-3 and in situ

We compared both images and in situ data to deter-
mine the performance of the Chl-a model. The result
of FLH and MCI products in Level-2 processing,
which is the normalized FLH and MCI, shows lower
performance compared to the processing of Level-1
products. This normalization included pre-processing
of geometrical and meteorological parameters (such as
wind and pressure, bidirectional effects) at each pixel,
pixel screening to find the valid pixel and conversion
of the radiance signal to reflectance. The lower per-
formance of normalized FLH and MCI radiances

¢

Bl [l |
R Y
AWy

1 <17 1 Y
N LT Pt L

Figure 4. Time series of measured Chl-a obtained from NOAA-GLERL (May to October 2017).
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Figure 5. Correlation between FLH and MCI indices and in situ Chl-a using Sentinel-3 bands in TOA radiance and TOA reflectance.

might be related to the poor pixel identification dur-
ing the process of pixel flagging, which is affected by
the complexity of the and  atmos-
phere condition.

water

MERISFLH accomplishment

MERISFLH using 665, 681, and 754nm performed
better in comparison to the band combination of 673,
681, and 754nm (S3FLH), respectively. This finding
might be related to the closer positioned 673 nm prox-
imate to 681nm, which makes the baseline a less
accurate replacement of the elastic radiance (with the
baseline) compared to the other band combinations.
This sensitivity of the proximity of the band selection
for FLH products in Case II, waters are not seen in

the Case I waters due to the low water constituents’
influences on the elastic radiance reflectance in the
red spectral region. Nevertheless, despite their correl-
ation of R? 0.79; 0.76 in both algorithms,
MERISFLH and S3FLH, respectively, the results could
be biased and not applicable for the lake type studied.
As shown in Figure 5 for the FLH band configura-
tions, the FLH is positively correlated with Chl-a val-
ues up to 8mg/m’. However, at the higher Chl-a
concentration, the FLH values become rapidly nega-
tive. This behavior is strongly due to the shift of the
reflectance peak to the longer wavelengths along with
the increase in [Chl-a] values (Gitelson et al. 2009).
FLH algorithms have proven to be applicable to the
ocean and oligotrophic waters, where the Chl-a
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Figure 6. Correlation between FLH and MCI indices and log Chl-a using Sentinel-3 bands in TOA radiance and TOA reflectance.

concentration is less than 10 mg/m>. This limitation is
due to the replacement of elastic reflectance to the
baseline between A1 and A2, which deviate (associated
with the cell scattering) from the flat line with
increasing Chl-a amounts. However, in the low Chl-a
concentrations, the baseline nearly matches the elastic
reflectance in the red region.

MERISMCI accomplishment

MERISMCI products have been shown as a useful
tool for monitoring algal blooms in optically complex
water. In this paper, with a [Chl-a] range 0.1-300 mg/
m’, this product presented the best performance for
both L1 and L2 products processed compared to FLH

products. The retrieved MCI showed a strong linear
correlation with the Chl-a measurements (Chl-a=8.9
MERISMCI + 15.98, R* =0.82, and RMSE = 8.86).
Binding et al. (2011) investigated a comprehensive
evaluation of all Chl-a MERIS products and deter-
mined the MCI to be a more effective algorithm for
eutrophic conditions. They also studied the assessment
of MCI for waters ranging from optically complex to
low Chl-a conditions. Their results showed the MCI
algorithm to be a useful tool in algae monitoring with
Chl-a range of 10-300 mg/m’ (Binding et al. 2013).

In our study, also in agreement with Binding et al.
(2011) and Binding et al. (2013), the MCI values are
negative or negligible for almost Chl-a <20 mg/m’,
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Table 3. (a) Equations and performance of the Chl-a model
for Sentinel-3A; (b) Equations and performance of the Log
Chl-a model for Sentinel-3A; (c) Equations and performance of
Log Chl-a (10-120 mg/m®) model for Sentinel-3A.

Model Locally tuned equation R? RMSE
(@)
MERISMCI Rad. Chl-a=8.9MCl + 15.98 0.82 8.86
S3FLH Rad. Chl-a = -34.6 MCl + 183 0.76 10.8
MERISFLH Rad.  Chl-a = -15.4 FLH + 13.8 0.79 10.1
MERISMCI Ref. Chl-a=2548 MCl + 13.3 0.67 127
S3FLH Ref. Chl-a = -9464 MCI + 20 0.54 15
MERISFLH Ref. Chl-a = -5292 FLH + 18 0.77 10.5
(b)
MERISMCI Rad. MCl = 4.38 log(Chl-a) — 11.9 0.83 84
MERISMCI Ref. MCl = 0.01 log(Chl-a) — 0.02 0.76 10.1
S3FLH Rad. FLH = —1.08 log(Chl-a) + 3.0 0.81 9.01
S3FLH Ref. FLH = —0.003 log(Chl-a) + 0.008 0.67 123
MERISFLH Rad. FLH = —2.42 log(Chl-a) + 6.41 0.82 85
MERISFLH Ref. FLH = —0.007 log(Chl-a) + 0.02 0.8 8.5
(@
MERISMCI Rad. MCl = 5.24 log(Chl-a) — 15.8 0.87 84
MERISMCI Ref. MCl = 0.014 log(Chl-a) — 0.038 0.76 11.8
S3FLH Rad. FLH = —1.33 log(Chl-a) + 4.09 0.87 8.1
S3FLH Ref. FLH = —0.004 log(Chl-a) + 0.012 0.87 8.2
MERISFLH Rad. FLH = —2.88 log(Chl-a) + 8.49 0.88 7.8

MERISFLH Ref. FLH = —0.008 log(Chl-a) + 0.024 0.87 8.1

meaning that there was no reflectance in the peak
709 nm, the peak should be shifted to the shorter
wavelengths for could capture by FLH products at
681 nm. Moses et al. (2009) suggest the threshold of
10mg/m> for MCI application. Gower et al. (2008)
noted the applicability of the MCI algorithm for Chl-a
concentration above 30 mg/m’>. We tuned the equa-
tion for Chl-a values > 30mg/m’. Subsequently, the
MCI showed a strong correlation with R* > 0.91.
L2S2MCI, with the combination of 665, 705, and
740nm to compute the MCI from the Sentinel-2
images, showed a very good correlation with the in
situ Chl-a data in the studied stations (Chl-a=2158
S2MCI + 3.9, R* = 0.92, and RMSE = 6.03).
Moreover, the calibrated model was selected with
the best R* in the confidence region based on mean
and standard deviation. Then we validate the equation
with 10 test data. Figure 8 illustrates histograms of the
R? distribution for MERISMCI and S2MCI algorithms.
Figure 9 also shows plot of the slope versus intercept.

S2MCI accomplishment

Figure 10 displays the correlation between S2MCI and
in situ Chl-a. The sensor has the advantage of higher
spatial resolution (10 and 20 m) compared to Sentinel-
3 OLCI instruments (300 m), which make it useful for
monitoring small lakes (Toming et al. 2016). Water
constituents are varied spatially even within a few
meters and within a short period; for instance, during
the raining season, loading a mass of particulate and
dissolved matters discharge into the water body.
Kutser (2004) studied the extent of blue-green algae

using different satellite sensors. The result noted the
limitation of these sensor spatial resolutions for quan-
titatively accurate estimation of the Chl-a, as the high
variation in the phytoplankton biomass happens at
smaller than 30 m scales.

This study shows that the results of S2MCI have
the potential to improve with an advanced atmos-
pheric correction. Inland waters have the limitation of
enhanced atmospheric correction algorithms com-
pared to the ocean water. Toming et al. (2016) used
Sen2cor in the Sentinel-2 toolbox for atmospheric cor-
rection of Sentinel-2 Level-1 data in mapping Chl-a.
However, their results showed a lower correlation
between algorithm values versus field measurements.
In contrast, this study showed that retrieving the scat-
tering peak around the red-edge region while applying
the developed atmospheric corrections has ineffective
results spatially in the blue-green bloom observations.
Sentinel-3 OLCI images were atmospherically cor-
rected using the Case-2 Regional/Coast Color
(C2RCCQC) tool in the SNAP Sentinel-3 toolbox to
measure the MCI during the algae bloom. The com-
parison of TOA radiance and BOA reflectance showed
poor performance of C2RCC in the bloom condition
(Toming et al. 2017). Nevertheless, the red-edge band
algorithms are relatively less influenced by the atmos-
pheric effects, which is a greater advantage of using
this spectral region compared to blue-green algo-
rithms that use the blue-green region.

MERISMCI and S2MCI calibration and assessment
of performance are presented in Table 4 for Chl-a
estimation in western Lake Erie, with the statistical
performance estimators. We also plotted the estimated
Chl-a values of Sentinel-2 and Sentinel-3 retrieval
MCI correlated with the Chl-a measured values to see
the 1:1 model estimation performance. We split the
extreme data and show the remaining data in the
plots displaying in Figure 11. The results indicate no
significant differences between the retrieval algorithms
in comparison with the in situ measurements,
Sentinel-2 (R* = 0.92, 0.84, RMSE = 6.03, 9.6) and
Sentinel-3 (R®> = 0.83, 0.86, RMSE = 8.59, 8.61)
(Table 4) for calibration and validation, respectively.
However, the inaccurate estimation will be inevitable
using all Chl-a concentration ranges affected by devi-
ating the peak along with Chl-a content variation
(Augusto-Silva et al. 2014).

In this study, the result for Sentinel-2 MCI showed
better performance (R* = 0.92). This finding is highly
related to the 300 m spatial resolution of OLCI pixel
values. It is one of the significant problems of ocean
satellite application to lake studies with substantial
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Table 4. Performance of the calibration and valid-
ation algorithms.

Calibration Validation
Algorithm R®  RMSE MAE Bias R* RMSE MAE Bias
MERISMCI Rad. 0.83 859 6.64 0 086 8.61 6.01 -13
S2MCI Ref. 092 605 38 0 084 96 666 0.15

optical property variations in meter scales. Both
instrument applications will benefit from an advanced
atmospheric correction. The MCI has been shown to
be negligibly affected by the CDOM due to the spec-
tral distance of the red-edge peak from the blue wave-
length. In Lake Erie, that the suspended sediment is a
major contribution to the optical signal, increasing the
magnitude of spectral reflectance, likely is the signifi-
cant source of error in MCI approaches (Augusto-
Silva et al. 2014). The use of MCI in shallow waters
may be affected by the seagrasses and sandy bottom,
which contribute to peak reflectance in the red-edge
region (Hill et al. 2014). To have a more accurate
evaluation, we needed more in situ parameter meas-
urements with fuller information about their quality,
and accuracy of measuring instruments in field and

laboratory since these highly affect satellite product
performances and evaluation.

Conclusions

In this study, we have assessed four Chl-a retrieval
products. For two of the products (MERISFLH and
MERISMCI) already characterized to fit MERIS bands,
we configured a new algorithm (S3MCI) based on
Sentinel-3 band combination and Sentinel-2 S2MCI
product to retrieve Chl-a concentration. We used the
Chl-a data from western Lake Erie weekly monitoring
stations. We concluded that the different Chl-a range
limitations for the MCI products can be due to the
different locations of the maximum peak bands,
705nm and 709nm for MSI and OLCI sensors,
respectively.

This study suggested that the application of
Sentinel-2 and Sentinel-3 data to estimate phytoplank-
ton Chl-a concentrations in the Western Basin of
Lake Erie perhaps is a good method to test it in other
geographical regions. We concluded the highlights
and the contribution of this study as (i) evaluating the
potential of Sentinel-3 Ocean and Land Color
Instrument (OLCI) and Sentinel-2 Multispectral
Instrument (MSI) data, (ii) testing Chl-a-related prod-
ucts by using NOAA-Great Lakes Chl-a monitoring
data over summer 2016 and 2017; (iii) fluorescent
light height (FLH) algorithms are limited to lakes with
Chl-a < 8 mg/m>, and (iv) sentinel-3 MCI is suggested
for Chl-a>20mg/m’ and Sentinel-2MCI for Chl-
a>8mg/m’. Our finding suggests that Sentinel-2 MCI
achieved better performance for Chl-a retrieval (R*> =
0.92) than the existing methods. Perhaps, this study
can be a good contribution to environmental studies
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Figure 11. Estimated Chl-a vs in situ Chl-a, calibration and validation dataset.

and researchers in the future who may work on
Phytoplankton Chl-a concentrations Sentinel data.

In contrast, the MCI approach is limited to Chl-a
retrieval above 20 mg/m3. However, FLH and MCI
approach both have the advantages of being less influ-
enced by atmospheric effects. Sentinel-2 MCI product
offered the highest performance in this study. This
performance is mainly related to the high spatial reso-
lution of the MSI sensor, which is a necessity of sen-
sor characterization in Chl-a estimation. Furthermore,
the performance is due to the maximum peak location
of 705nm in the S2MCI band combination compared
to 709nm of the MERISMCI signal band position.
This study indicates the suitability of Sentinel-3 and
Sentinel-2 satellite products using the red-edge scatter-
ing approaches for use in monitoring phytoplankton
biomass (in large Chl-a range values) with a highly
promising result to add services aimed at reducing the
impact of the eutrophication on aquatic systems.

Future works

This study demonstrated the potential of the MCI
algorithms to monitor green algae blooms in
eutrophic lakes qualitatively. However, there is still
some inconsistency between in situ Chl-a measure-
ments and MCI that currently precludes their applica-
tion as a robust quantitative approach for estimating
the bloom condition. This is mainly due to the high
variability of the regional and temporal optical prop-
erties of the water bodies. Moreover, diverse phyto-
plankton  taxonomy  with  different  pigment
composition, cell size, population distribution, and the
display of species behaviors in different environmental
conditions are mainly in the case of cyanobacteria.
They are profoundly impacted by spectral reactance
due to their vertical distribution in the water column
(Kutser et al. 2005). Therefore, we suggest considering
variable IOPs in developing bloom monitoring algo-
rithms in addition to finding the depth of



16 (&) S.PIRASTEH ET AL.

phytoplankton in situ samplings for model assessment
would enhance bloom studies in the future studies.
The authors suggest that this study would be
improved by creating Chl-a mapping by the different
processors, which could help show the performance of
each product in displaying the extent of bloom and
information about the spatial distribution of Chl-a
concentrations.
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