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Abstract: Cyanobacterial harmful algal blooms release toxins and form thick blanket layers on
the water surface causing widespread problems, including serious threats to human health, water
ecosystem, economics, and recreation. To identify the potential drivers for the bloom, there is a need
for extensive observations of the water sources with bloom occurrences. However, the traditional
methods for monitoring water sources, such as collection of point ground samples, have proven
limited due to spatial and temporal variability of water resources, and the cost associated with
collecting samples that accurately represent this variability. These limitations can be addressed
through the use of high-frequency satellite data. In this study, we explored the use of Random Forest
(RF), which is one of the widely used machine learning architectures, to evaluate the performance of
Sentinel-3 OLCI (Ocean and Land Color Imager) images in predicting bloom proxies in the western
region of Lake Erie. The sixteen available bands of Sentinel-3 images were used as the predictor
variables, while four proxies of the cyanobacterial masses, including Chlorophyll-a, Microcystin,
Phycocyanin, and Secchi-depth, were considered as response variables in the RF models, with
one RF model per proxy. Each of the proxies comes with a unique set of traits that can help with
bloom detection. Among four RF models, the model for Chlorophyll-a performed the best with
R2 = 0.55 and RMSE = 20.84 µg/L, while R2 performance for the rest of the other proxies was less
than 0.5. This is because Chlorophyll-a is the most dominant and optically active pigment in water,
while Phycocyanin, which is a strong indicator of harmful bloom, is present in low concentrations.
Additionally, Microcystin, responsible for bloom toxicity, has limited spectral sensitivity, and Secchi-
depth could be influenced by various factors besides blooms, such as colored dissolved organic
and inorganic matter. On further examining the relationship between the proxies, Microcystin and
Secchi-depth were significantly correlated with Chlorophyll-a, which enhances the usefulness of
Chlorophyll-a in accurately identifying the presence of algal blooms.

Keywords: harmful algal blooms; Sentinel-3A; water quality; random forest

1. Introduction

The proliferation of harmful algal blooms (HABs) in water bodies is recognized as a
major water quality issue. HABs can produce toxins that have adverse effects on aquatic
life and human health and incur high economic costs for water treatment procedures [1].
Among the most affected water sources in the U.S. is Lake Erie, which was declared
‘impaired’ in 2018 by the Ohio Environmental Protection Agency (EPA) [2]. Besides natural
morphological characteristics (shallow depth among all the Great Lakes) and climatic
drivers (warm temperature over the summer), non-point source pollution from agricultural
sectors is driving the increasing frequency of algal blooms in Lake Erie [3,4].
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Since cyanobacterial blooms expand significantly in a short period, it is difficult to
frequently collect a representative number of ground truth data that are often useful for
monitoring blooms at a larger geographic scale in a cost time-effective manner [5–7]; Since
cyanobacterial blooms can grow rapidly, relying solely on ground-collected datasets to
monitor the bloom is not entirely feasible. Satellite images can serve as an alternative
valuable source to fill the gap of information from the traditional methods to monitor
the bloom dynamically and address the spatial heterogeneity over a large stretch cost-
effectively [8–11].

The use of satellite images for bloom monitoring began in 1978 when the Coastal
Zone Color Scanner (CZCS) equipped with six spectral bands was successfully tested
in identifying the presence of high levels of Chlorophyll in the Gulf of Mexico [12–14].
Afterward, several remote sensors such as Sea-viewing Wide Field-of-view Sensor (SeaW-
iFS), MODerate resolution Imaging Spectroradiometer (MODIS), Operational Land Imager
(OLI), and the Thermal Infrared Sensor (TIRS) on Landsat satellite, and Medium Resolution
Imaging Spectrometer (MERIS) were used for water quality monitoring [5,15,16].

The suitability of satellite sensors for HAB monitoring depends on various factors,
including spatial resolution, temporal revisit frequency, and spectral resolution. Among
these, spectral capabilities are the most important criterion as HABs could be better dif-
ferentiated based on their inherent spectral signature [5,13]. Since MERIS sensor on the
ENVISAT satellite had high radiometric sensitivity with dedicated ocean color sensors
focusing on the optical properties of water, it was employed in several studies [17–19].
After MERIS ended its mission in 2012, Sentinel-3 satellite from the Copernicus Earth
Observation Program has become one of the most sought-after options for water quality
monitoring [20–22]. Sentinel-3 equipped with an OLCI MultiSpectral Instrument (MSI)
sensor includes a wide range of 21 bands that are useful for water quality monitoring,
particularly detecting bloom proxies. [21] used Sentinel-3 OLCI imagery to estimate Phy-
cocyanin (PC) and Chlorophyll-a (Chl-a) at Lake Erie from 2016 to 2018. Similarly, [15]
leveraged Sentinel-2 and Sentinel-3 images to monitor the presence of and extension of the
algal biomass during the COVID-19 lockdown.

While there are myriad studies of bloom monitoring and detection based on satel-
lite images, a majority of these studies have used Chl-a as a proxy of cyanobacterial
bloom [17,20,22–25]. A review study that focuses on spatiotemporal trends in HAB detec-
tion and monitoring using remote sensing methods showed that around 80% of researchers
used Chl-a as an indicator of algal abundance [25]. The rest 20% used indices such as
the Floating Algal Index (FAI), Normalized Difference Chlorophyll Index (NDCI), and
Cyanobacterial Index (CI), while merely 2% focused on PC. While detecting Chl-a is
relatively straightforward, even within the visible spectrum, inferring the presence of
cyanobacterial bloom using this pigment is much more difficult. There are several studies
that have been conducted on individual HAB proxies such as turbidity [26,27], microcystin
(MC) [28,29], and PC [30,31].

A multitude of approaches entailing detection and monitoring of the bloom proxies
have been practiced over the years. As per the review by [25], a total of 67% of the studies
involve regression as a method for estimating HABs, while machine learning holds only 5%
of the domain. To this date, this number is growing more than ever. Ref. [32] developed a
multiple linear regression (MLR) to establish the relationship between the Landsat TM band
reflectance as well as its ratio and the counted algal densities. Similarly, the relationships
between the HAB proxies were analyzed using MLR to predict the Chl-a levels [33]. Al-
though the MLR is simple and easy to use, it might not be sufficient to reflect the non-linear
relationship between band reflectance and HAB proxies [6,34,35]. Machine learning offers
significant advantages due to its ability to approximate complex nonlinear responses of
the variables. These particularly include handling multi-dimensional datasets, unraveling
trends, and automating the identification of correlation among variables [10,36–38]. Some
studies like [39] utilized the regression-based Extreme Gradient Boosting (XGBoost) model
to analyze the lake water clarity across the U.S. on a multi-decadal scale while others



Remote Sens. 2024, 16, 2444 3 of 17

like [40] used a Random Forest (RF) classification-based model to investigate highly toxic
18 marine microalgae at the genus level. Given the demonstrated effectiveness of RF models
in prior studies [6,20,41–43], we employed RF model in our study to assess the efficacy of
Sentinel-3 OLCI Level-2 dataset to independently predict four bloom proxies (i.e., Chl-a, PC,
MC, and Secchi Depth), which are also considered surrogates. This model utilizes spectral
information from satellite images along with ground-based measurements, considering the
nonlinear relationship between the two [6,40]. While each of these proxies has a significant
role in determining the existence of algal mass, some are more sensitive to band reflectance
than others. Further, we explored the relationships between these proxies that help explain
the presence of algal mass.

2. Study Area and Datasets
2.1. Study Area

The study is focused on the Western Lake Erie basin, which is one of the three basins
of Lake Erie. Lake Erie (42◦30′N, 81◦00′W) is the fourth largest among the five Great Lakes
in North America, with its boundaries shared with Canada (Ontario) on the northern side
and with the state of Michigan, Ohio, Pennsylvania, and New York on the west, south, and
east sides (Figure 1). It is naturally divided into three basins, including eastern, central,
and western, based on batahymetric, geological, thermal, and tropical characteristics [44].
Unlike other basins, there is a high recurrence of algal blooms in the Western basin, which
is mainly attributed to the loading of high nutrients and sediments from anthropogenic
activities such as urbanization, industrialization, and agriculture [45,46].
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Figure 1. (I) Ground samples distributed in the Western Lake Erie basin. The location map shows
Lake Erie as part of the Great Lakes Basin. (II) Boxplot of the values for algal bloom proxies
(a) Chlorophyll-a, (b) Phycocyanin, (c) Microcystin, and (d) Secchi-depth. The box indicates the
interquartile range, i.e., 25–75 percentile and the line inside the box shows the median. The dots
following the whisker (error bar) represent the outliers.

2.2. Datasets
2.2.1. Sentinel-3A OLCI Level-2 Dataset

This study uses OLCI Level-2 Water Full Resolution (OL_2_WFR) data product from
Sentinel-3A, a satellite that was launched in February 2016 and is currently operational [47].
We focused on the period between 2016 and 2021. OLCI sensor on Sentinel-3A provides
multi-channel spectral measurements for land and water surfaces at a spatial resolution
of 300 m and a daily temporal frequency [48,49]. Specifically, it comprises a wide range
of 21 spectral bands, covering visible to near-infrared regions (400 nm to 1020 nm) of
the wavelength spectrum [47]. In addition, OLCI has a channel at 1.02 µm to improve
the atmospheric correction and another at 673 nm for better observations of Chlorophyll
fluorescence [50].
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The OLCI Level-2 product, which was reprocessed based on the latest standards, was
accessed from two sources. One of them was Copernicus Online Data Access CODA web
portal (https://user.eumetsat.int/data-access/data-centre, accessed on 1 August 2022)
which provides data on a one-year rolling archive basis while data older than a year
were retrieved from EUMETSAT Data Center [51]. The final Level-2 product includes
16 bands excluding bands 13, 14, 15, 19, and 20 which are meant to be used for measuring
atmospheric gas absorption [52].

2.2.2. Ground-Based Station Datasets

For a study period of 2016 through 2021, in-situ data for four proxies, Chl-a, PC, MC,
and SD, were compiled from two ground-based monitoring programs, one conducted by
National Oceanic and Atmospheric Administration Great Lakes Environmental Research
Laboratory (NOAA GLERL) and another by Ohio Sea Grant Stone Lab Algal and Water
Quality Laboratory (https://ohioseagrant.osu.edu/research/live/water, accessed on 5
August 2022). The distribution of the measurements in the study area is illustrated in
Figure 1. Among the ground samples that matched with the satellite images, 240 were
collected from NOAA GLERL while the rest 127 samples were from Stone Lab Algal and
Water Quality Laboratory. A sample of a raw Sentinel-3A image, along with the distribution
of Chl-a, PC, MC, and SD for the same date overlaid on the Sentinel-3 image, can be found
in the Supporting Document (Figure S1).

The water quality monitoring of the western basin of Lake Erie started in 2012, with
the collaboration between the NOAA GLERL, the Cooperative Institute for Great Lakes
Research (CIGLR), and the University of Michigan (UM). CIGLR deployed buoys to gather
in situ observations that involve the parameters like wind speed, depth, water temper-
ature, turbidity, dissolved oxygen, Chl-a, PC, nitrate, and phosphate through recurring
weekly sampling trips to a set of stations before, during, and after HAB events (from
May–October) [53]. The physical, chemical, and biological water quality data are available
through Water Quality and Buoy Data Portal (https://www.glerl.noaa.gov/res/HABs_
and_Hypoxia/habsMon.html, accessed on 5 August 2022).

Datasets from Ohio Sea Grant Stone Lab, also commonly called “Charters Captain”
datasets, are collected by charter boat captains and aboard Stone Lab science cruises using
a surface-to-2-m intergraded tube sampler under the support of Ohio EPA Environmental
Education Fund and Surface Water Improvement Fund [54]. The samples are analyzed in
the laboratory to detect the presence of water quality indicators namely, Chl-a (an indicator
of algal biomass), MC (a toxin generated by cyanobacteria), total suspended solids (mass
of all particulates in the water), total phosphorus and nitrogen (indicators of maximum
biomass potential), dissolved nitrate, phosphate, and silicate (nutrients accessible for
algae) while the ancillary datasets like GPS location, water temperature, and Secchi disk
depth (an indicator of water clarity) are also recorded. The dataset holds water quality
information from 2013 to 2022 and can be accessed through Stone Lab Algal and Water
Quality Laboratory website (https://ohioseagrant.osu.edu/research/live/water, accessed
on 5 August 2022).

2.3. Cyanobacteria Proxies

Chl-a is a primary photosynthetic pigment in phytoplankton (or algae) and is thus
considered a proxy for the bloom [55,56]. Since it is a general measure of identification
for all phytoplankton, it can be less useful in categorizing distinct phytoplankton species.
Phycocyanin (PC) is another type of photo-pigment widely found in cyanobacteria and
thus it can be useful in measuring pigments specific to cyanobacteria [30]. Even though it
may not be as effective as Chl-a at low cyanobacterial biomass, the implicit link between
remotely-sensed PC and the toxicity of the algal group can provide important information
about any potential harm [57].

While Chl-a and PC indicate the presence of cyanobacterial bloom, MC indicates
cyanotoxins that are seen in cyanobacterial blooms [28,56]. However, MC comes with

https://user.eumetsat.int/data-access/data-centre
https://ohioseagrant.osu.edu/research/live/water
https://www.glerl.noaa.gov/res/HABs_and_Hypoxia/habsMon.html
https://www.glerl.noaa.gov/res/HABs_and_Hypoxia/habsMon.html
https://ohioseagrant.osu.edu/research/live/water
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poor optical sensitivity. With the waters that is heavily infested with cyanobacteria, [58]
suggested that high algal biomass represented by high Chl-a concentration could indicate
the chances of high cyanotoxin concentration. As such, MC has commonly been explained
based on its relationship with Chl-a and PC [59,60].

In addition to the chemical parameters mentioned above, Secchi depth (SD), a physical
parameter indicating water clarity, is estimated based on how light is absorbed and scattered
by the water and, consequently, how deep it may penetrate the water [61]. Most often,
excessive presence of bloom at the water body surface hinders the penetration of light,
consequently, affecting the SD [62,63]. Primarily, SD is more indicative of water clarity than
the bloom itself and is influenced by various factors such as suspended inorganic particles,
colored dissolved organic matter (CDOM), and the resuspension of bottom sediments. It is
one of the simple yet inexpensive method to provide a reasonable estimate of bloom [64].
When used in conjunction with other chemical parameters like Chl-a, it can offer a better
understanding of the bloom phenomenon. Therefore, an empirical correlation between SD
and Chl-a has been established, as Chlorophyll is the dominant attenuating substance in
the bloom [61].

2.4. Data Quality Control

Before analyzing the collected ground samples, a quality control process was con-
ducted to ensure the accuracy and reliability of the dataset. Certain criteria were followed
in filtering the datasets. Since the use of clouded pixels hinders the interpretation of
the details, the ground samples for which the corresponding reflectance (pixel) values
from Sentinel-3 OLCI images were flagged as cloud-ambiguous or cloud margins, were
discarded. Similarly, to ensure that only near-surface samples are considered, samples
collected at depths greater than 0.5 m were not taken into consideration. Additionally, to
avoid the mixed pixel effect, samples collected within or less than 300 m (the pixel size of
OLCI images), were removed. Furthermore, the ground samples collected from shallow
waters along the shoreline were ignored as the reflection of light off the waterbed can
interfere with the accuracy of the measurements. Moreover, the negative values of the
proxies in ground-collected samples were considered outliers and hence discarded. For
further analysis, a total of 367 ground-based samples that matched the OLCI images were
taken into consideration.

2.5. Spatial Matchups

To accurately identify spatial matchups, satellite overpasses that were in close proxim-
ity to in situ measurements sites, both geographically temporally, were considered. This
approach ensures that the satellite data and the ground-based observations are comparable.
Given the large pixel size and significant variability observed even within a short distance,
a single pixel from the satellite data containing the station coordinates were selected. By
focusing on one specific pixel, potential discrepancies arising from spatial heterogeneity
are minimized, thereby enhancing the reliability of the comparative analysis.

3. Methods

The overall workflow considered in the study is illustrated in Figure 2. This involves
the compilation of water quality proxies from ground datasets and band reflectance from
Sentinel-3, followed by data preparation and pre-processing to train and validate four RF
models, with each model per proxy.
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3.1. Overview of the Algorithm: Random Forest

This study utilized the RF model, a well-known ensemble learning method, to assess
Chl-a, PC, MC, and SD. It has been used for a wide variety of applications for its ability
to depict the nonlinear effect of involved variables and its robustness to outliers [8,41,65].
In addition, the ability to assess the relative importance of the predictor variables and
identify the most relevant ones helps reduce the dimension of the model [31]. The RF is
built on multiple decision trees, each of which is trained on a subset of the input variable
set, which is randomly chosen at each node known as feature bagging [66–68]. Hence, an
uncorrelated forest of decision trees is produced by incorporating randomness into the
model. The RF regression model averages the results of these decision trees to make the
final prediction [67]. The averaging out of uncorrelated trees helps in bringing down the
variance, therefore reducing the chances of overfitting. In this study, the models were
trained on 70% (257 samples) of the datasets, while the rest 30% (110 samples) were used in
testing the performance of the model.

In the model, while 16 spectral bands act as predictors, four HAB proxies (i.e., Chl-a,
MC, PC, and SD) act as the response variables. To address the skewness and heteroscedas-
ticity exhibited by the residuals of response variables, they are log-transformed before
being used in the model. As an example, Figure 3 shows the transformation of Chl-a
measurements to a log-normal distribution.
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The RF models were built using the scikit-learn machine learning library in a Python
environment. The model was tuned using four hyperparameters, including maximum
depth, minimum sample leaf, minimum leaf split, and the number of regression trees (also
referred to as N_estimator), to optimize the model performance. To automate the process
of identifying an optimal combination of hyperparameters values that offers the best RF
model performance, the function GridSearchCV from scikit-learn was implemented. It
carries out k-fold cross-validation internally for every set of hyperparameters. Specifically,
the dataset is divided into k folds. The model is then trained on k-1 folds and validated
on the remaining fold. This process is repeated k times. The performance is averaged
over all folds to determine which combination of hyperparameters yields the highest
performance [68]. In this study, GridSearchCV used 5-fold cross-validation. Table 1 lists
hyperparameters obtained from GridSearchCV, utilized for each of the three response
variables in the RF models.

Table 1. Hyperparameters used for the random forest modeling.

Variables Chl-a Secchi Microcystin Phycocyanin

Max_depth 10 10 10 10
Min_sample_leaf 2 10 2 2
Min_sample_split 2 2 5 5

N_estimator 500 300 100 100

The relative importance of each band in the model was derived from the built-in
feature importance method for Random Forest available in Scikit-learn library in python.
The values inherited from the importance table are helpful in understanding that not all the
bands substantially affect the prediction in the model. Therefore, sensitivity analysis was
conducted to assess how the model’s performance varied with different combinations of
bands. For the sensitivity analysis, all the predictor variables were present at the beginning
of the model run, followed by successive elimination of the predictor variable with the
lowest relative importance to a given response variable from the model. This process was
done for all four proxies. Further, the relationship between the number of spectral bands
used in the model and the model performance was assessed.

3.2. Model Performance Assessment

To assess the performance of the RF models, two metrics, including root mean square
error (RMSE) and coefficient of determination (R2), were used on the testing dataset
(Equations (1) and (2)). In the equations, yi is the measured value for ith observation, ŷi is
the predicted values for corresponding to the yi, while y is the average of y with N number
of samples.

Coefficient of determination (R2) = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − y)2 (1)
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Root Mean Square Error (RMSE) =

√√√√ 1
N

N

∑
i=1

(y i − ŷi)
2 (2)

Since the dependent variables are subjected to logarithmic transformation while
fitting into the model, the predictions were transformed back to their original range before
calculating the error metrics that involve them. Since a straightforward method of taking
an antilog would essentially add a bias during back transformation, the back-transformed
estimates are multiplied by an exponential of half the variance of transformed variable
errors [69,70].

Relationship between Chl-a, PC, MC, and SD were further assessed as they reflect
similar behaviors in some band spectrums. Given the easier detection of Chl-a compared to
other proxies, Chl-a could be used as a stand-in for other proxies representing the harmful
algal bloom. Since the RF models underperformed with the low concentrations of proxies,
the relationship between Chl-a and other proxies during peak bloom periods with warm
temperatures and comparatively high concentrations were investigated. Similar analysis
was conducted in prior work [71]. Specifically, for the study period of 2016 to 2021, monthly
average of proxies from April through October were examined.

4. Results
4.1. Model Prediction and Feature Importance

The RF model estimates for Chl-a, PC, MC, and SD in relation to ground observations
for the test dataset are illustrated in Figure 4. Chl-a showed the highest prediction accuracy,
with the RF model explaining 55% of the variability and an RMSE of 20.84 µg/L. Followed
by Chl-a are SD (R2 = 0.47 and RMSE = 0.71 m), PC (R2 = 0.46 and RMSE = 70.92 µg/L), and
MC (R2 = 0.44 and RMSE = 3.39 µg/L), all with the comparable performances. Section 4.2
delves deeper into the relationships between these proxies.
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(d) Secchi-depth.

To determine the importance of 16 spectral bands on the prediction of each proxy,
they were ranked based on their relative importance as illustrated in Figure 5. Among
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16 bands, Band 04 peaked with a large fold for three out of four proxies, Chl-a, PC, and MC.
In addition to Band 04, Chl-a was also influenced by a few other bands, including Bands 16,
11, 21, and 03. Similar to Chl-a, Bands 04, 03, and 11 were the most influential for PC
when all bands were included. Like Chl-a, Band 04 among all other bands showed a high
importance for MC. This illustrated how, despite MC’s lower sensitivity to optical sensors,
it was correlated with Chl-a. Contrarily, for the SD model, spectral Bands 12, followed by
16 and 11 played the most important role, unlike the rest of other proxies.
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are represented by “Oa” followed by the band number.

The sensitivity analyses indicated that RMSE and R2 remained relatively stable for
Chl-a until 10 bands were dropped and only 6 were included in the model (Figure 6).
Similarly, the use of 10 bands as predictors yielded the highest R2 and lowest RMSE for
both PC and MC, while some spikes and falls were observed after the saturation point.
For example, a significant decrease in R2 was observed for MC after the number of bands
dropped from 10 to 8, but the change in RMSE was not as pronounced. Among four
different proxies, SD required a larger number of predictors (13 bands) to reach tentative
saturation compared to other proxies. All proxies showed a sharp decrease in R2 as the
number of bands reduced to 2–4, while the corresponding changes in RMSE were less
pronounced. The overall result confirmed that eliminating a certain number of bands
yielded the best statistical performances for all the proxies.
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(a) Chlorophyll-a, (b) Microcystin, (c) Phycocyanin, and (d) Secchi-depth at each step through the
elimination procedure. The dotted blue vertical lines denote the tentative saturation levels of both
metrics.

4.2. Association of MC, PC, and SD with Chl-a

PC and MC tend to emulate the nature of Chl-a as demonstrated by the similar trend
in monthly averages across all years (Figure 7). Notably, with an increase in algal mass in
water, the concentration of Chl-a increases while there is a corresponding decrease in SD
This inverse relationship of SD with all the other proxies was observed in most months
except when the graph transcends from April to May and September to October. Also, in
September, the anticipated positive association between Chl-a and MC was not observed.

When proxies were analyzed for the peak bloom months, there was a relatively strong
linear relationship between Chl-a and MC with R2 = 0.83 (Figure 8a). The observed linear
relationship provided further evidence of the strong affinity between MC and Chl-a, in
addition to the previously noted strong model accuracy of MC and its ability to mimic
the band importance of Chl-a. The linear relationship of PC in Figure 8b was poorer than
MC with Chl-a explaining only 34% of the variance in PC. On the other hand, a peculiar
hyperbolic relationship between Chl-a and SD could be observed where Chl-a was able
to explain 30% of variance present in SD. With Chl-a concentration less than 50 µg/L, the
SD indicated a decline, after which it saturated as the Chl-a increased. Since the number
of Chl-a observations greater than 50 µg/L is low, the relationship between SD and Chl-a
values in the higher Chl-a concentration range could not be discerned.
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5. Discussion

Prior studies have investigated various models that employ different combinations of
spectral bands, such as two bands, three bands, or multiple band ratios, to estimate Chl-a
concentrations in water bodies. For instance, for Chl-a estimation, there are studies that used
a three-band model incorporating MERIS spectral bands (660–670 nm, 703.75–713.75 nm,
and 750–757.5 nm) and the 2-band model with MODIS spectral bands (662–672 nm and
743–753 nm) [72], while some experimented with multiple band ratios (e.g., green-blue
band ratios, green-red band ratio, NIR-red band ratios, and three-band ratio) [73]. Unlike
these studies, this study incorporated all the available 16 spectral bands in RF models
to capture the potential subtle variations in the spectral signature to predict HAB prox-
ies. Specifically, a RF model was employed for each of the four proxies, and the results
demonstrated varying levels of prediction accuracy. Notably, Chl-a exhibited the highest
predictability compared to other proxies. It could be attributed to the fact that Chl-a has a
higher dominance on harmful algae as compared to other variables. Compared to Chl-a,
PC is usually less prevalent in the bloom and in this study, PC concentration used was
very low (less than 10 µg/L), resulting in relatively low variability. On the other hand, MC,
despite being a chemical toxin that is hard to detect through remote sensing, and SD being
a coarse measure of water quality still depicted performances similar to PC.

5.1. Model Prediction and Feature Importance

In the study, the prediction model for Chl-a showed the highest accuracy compared to
three other proxies. It could be attributed to Chl-a’s higher dominance in harmful algal
blooms. Compared to Chl-a, PC is less prevalent in blooms, and its concentration in this
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study was below 10 µg/L (Figure 8b). This could be linked to lower sensitivity and poor
model performance. Similar behavior was found in the study carried out by [74] where PC
estimates retrieved from field radiometric and pigment data collected over the Netherlands
and Spain had the highest errors for PC levels lower than 50 µg/L. Another study that
used Sentinel-3 imagery suggested that the inclusion of datasets with the majority of PC
concentrations lower than 10 µg/L and Chl-a concentrations lower than 50 µg/L may have
influenced the models’ subpar performance [21]. Employing semi-empirical algorithms,
they achieved maximum R2 of 0.136 and 0.163 for PC and Chl-a respectively.

In the study, we included 16 spectral bands as predictor variables for each of the four
proxies, aiming to analyze the efficacy of each band in explaining variability in the bloom
proxies. However, it’s important to note that when we analyzed the importance of these
16 spectral bands in predicting each proxy (Figure 6), we observed that a reduced number
of bands may be sufficient to achieve acceptable model performance. This finding could
have implications for data acquisition and processing in future application.

The importance of spectral bands, including Band 03 (442.5 nm), Band 04 (490 nm),
Band 11 (708.75 nm), Band 16 (778.75 nm), and Band 21 (1020 nm), in predicting Chl-a
can be attributed to the role of Chl-a as a major light-harvesting pigment involved in
photosynthesis for algal masses [17]. Band 04 is situated at the borderline of the blue and
green regions, Band 11 falls within red, and Band 16 and Band 21 belong to the infrared
region. This highlights the distinctive trait of Chl-a, which shows low reflectance in the blue-
green region and high absorption in the red and near-infrared region [52,75,76]. A recent
study [77] evaluating the satellite-based algorithm for detecting cyanobacteria blooms
found that PC absorption at 620 nm is two to three times lower than that of Chl-a. This
means it takes two to three times the concentration of PC to achieve the same sensitivity as
compared to Chl-a. In this study, low PC concentration likely led the model to prioritize
Band 03 and Band 04 over Band 07. In general, a high abundance of phytoplankton species
that outcompete the cyanobacteria could lead to a low PC concentration. In such situation,
there are less pigment molecules to absorb the incoming light and as a result, less light gets
absorbed by the sample causing lower signal in the spectral bands that correspond to the
absorption of PC [78].

The better modeling for MC and SD observed in this study could be linked to their
relationship with Chl-a, which has higher sensitivity to the spectral bands used. Prior
works suggest that MC does not exhibit a strong affinity for specific spectral bands within
the visible or near-infrared regions, unlike Chl-a and PC [29,58,77]. But we observed similar
results between MC and Chl-a in the scatter plot showing the model performance (Figure 4)
and the feature importance table (Figure 5). Therefore, it is plausible that a significant
portion of the spectral characteristics displayed by MCs is due to their interaction with
Chl-a. The relationship between these two proxies is discussed further in Section 5.2.

Spectral bands (i.e., Band 11, 12, 16, and 18) in red and NIR regions were found to
be important in explaining variability in SD. Blooms strongly absorb light in the red and
NIR regions [79], and SD typically has an inverse relationship with bloom biomass [62,80].
This implies that the deeper the SD, the lower the bloom and thus higher the reflectance in
the red and NIR bands. Based on this potential relationship between the bloom and SD,
prior works have used red and NIR bands of satellite images to estimate SD [81–83]. This
suggests that in the absence of proxies like Chl-a, PC, and MC, SD could also be employed
to estimate the spatial and temporal extent of algal blooms in water resources.

5.2. Temporal Association between the Parameters

HABs in the Lake Erie basin are normally expected to reach the peak bloom sometime
between July to October [84]. Therefore, the association between Chl-a with other proxies
(i.e., PC, MC, and SD) was examined for the peak bloom months of August and September
to shed light on the significance of combining multiple proxies to guide bloom monitoring.
A strong linear relationship between Chl-a and MC with R2 of 0.83 observed in the study
(Figure 8a), suggests that a considerable portion of the Chl-a can explain the presence of
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HABs, as it is strongly associated with MC. While the information on Chl-a alone does not
suffice to explain the presence of HAB as Chl-a is present in many other phytoplankton
species, incorporating the information from different proxies elevates the applicability of
Chl-a in determining the presence of the bloom.

The closeness in the trend of Chl-a and PC in the monthly averages (Figure 7) demon-
strates the affinity between these two pigments. For some months, such as May, Chl-a
increased significantly but not PC, suggesting that the increase in Chl-a may have been
due to phytoplankton biomass rather than algal blooms. Despite their similar monthly
trends, the weak linkage between Chl-a and PC (Figure 8b) can be attributed to the low
mean concentration of PC (Section 5.1).

An exponential decline in SD with increasing Chl-a (Figure 8c) suggests the inverse
relationship between SD and Chl-a. It was observed that, at Chl-a concentrations below
50 µg/L, even a small change in Chl-a concentration resulted in substantial changes in SD.
For instance, increasing Chl-a concentration from 0 µg/L to 10 µg/L resulted in a total
decrease of 0.41 m in SD (from 1.97 m to 1.56 m). However, the change in SD became
less significant as the Chl-a concentration increased above 50 µg/L, where a change in
Chl-a concentration from 50 µg/L to 60 µg/L led to a total change in SD of just 0.09 m
(from 0.54 m to 0.45 m). These observed relationships between Chl-a and SD suggest that a
Chl-a concentration of 50 µg/L could serve as a threshold for using SD as a water quality
metric in bloom-affected areas. Conversely, SD is not an effective proxy of changes in algal
blooms in eutrophic waters with Chl-a values above 50 µg/L, where SD and Chl-a are
barely related to each other.

The findings from each of the proxies highlight the importance of incorporating
complementary measures, such as MC, PC, and SD as opposed to using only a common
proxy like Chl-a, to give a clear picture of the bloom. The analysis from this study could
offer a strong foundation that can be extended to future research using multiple proxies
in determining the existence of bloom. Additionally, incorporating hydrometeorological
conditions, such as temperature, precipitation, and wind, can enhance bloom monitoring
by accounting for their significant influence on bloom behavior.

Overall, interpretability obtained from RF algorithm offered valuable insights into the
relative importance of different predictor variables, supporting more informed decision-
making for bloom presence and thereby, water resource management. Our study demon-
strates the benefits of using advanced machine learning, specifically RF with Sentinel-3
OLCI satellite imagery, for efficient HAB monitoring, especially in situations where acquir-
ing real-time in-situ data across different spatial scales is immensely challenging. Future
research could enhance predictive capabilities by integrating more machine learning algo-
rithms and multispectral data sources.

6. Conclusions

This study leveraged high-frequency multispectral Sentinel-3 satellite imageries to
identify HAB proxies in response to their distinctive spectral characteristics. Based on the
performance of RF models curated for four proxies of algal bloom and the assessment of
spectral bands used in model development, proxies were found to be specifically more
sensitive to blue-green, red, and infrared regions. The RF model for Chl-a explained
variability in ground-truth data more strongly (R2 = 0.55 and RMSE = 20.84 µg/L) as
compared to the RF models for MC (R2 = 0.44 and RMSE = 3.39 µg/L), PC (R2 = 0.46 and
RMSE = 70.92 µg/L), and SD (R2 = 0.47 and RMSE = 0.71 m). MC, which is hard to detect
using only spectral information, was found to closely imitate the behavior of Chl-a. The
link between Chl-a and MC, given that MC is the toxic component of the bloom, could help
identify the existence of toxic cyanobacterial blooms from the non-toxic blooms. Similarly,
the association of SD and Chl-a can help establish an ecological bloom threshold for the
use of SD as a metric of water quality in bloom-affected waters. However, due to PC’s low
concentration, it did not exhibit a strong relationship with Chl-a. With four proxies involved
in explaining the bloom phenomena, the correlation between them suggests that utilizing
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multiple proxies can offset the disadvantages of one proxy with the advantages of the other.
Overall, leveraging the satellite data alongside the available proxies indicating the bloom,
hold immense potential for generating valuable insights that can assist in the development
of effective mitigation measures against the nuisance caused by toxic algal bloom.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs16132444/s1, Figure S1. Raw Sentinel 3A OLCI image in the
background from June 22, 2021; Figure S2. Model performances (R2 and RMSE) for five random sets
of samples from the dataset.

Author Contributions: Conceptualization, S.K. and K.Z.; methodology, N.J., S.K., K.Z. and J.P.;
software, N.J.; validation, N.J., S.K., K.Z. and J.P.; formal analysis, N.J.; investigation, N.J.; resources,
S.K.; data curation, N.J. and A.L.; writing—N.J.; writing—review and editing, S.K., K.Z. and J.P.;
visualization, N.J.; supervision, S.K., K.Z. and J.P.; project administration, S.K.; funding acquisition,
S.K. and K.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This work was partially funded by a Harmful Algal Bloom Research Initiative grant from
the Ohio Department of Higher Education (#GR119061) and the OSU Graduate School Fellowship
programs, including College Allocated and Environmental Fellowships.

Data Availability Statement: Sentinel-3 OLCI data can be downloaded from CODA (Copernicus
Online Data Access) Web Service (https://coda.eumetsat.int/, accessed on 1 August 2022) and
the data older than a year are stored in a rolling archive accessible in https://www.eumetsat.int/
website/home/Data/DataDelivery/EUMETSATDataCentre/index.html (accessed on 1 August 2022).
The ground-based water quality dataset can be downloaded from https://ohioseagrant.osu.edu/
research/live/water (accessed on 5 August 2022).

Conflicts of Interest: Neha Joshi is employed by Arcadis U.S., Inc. The authors declare no conflict
of interest.

References
1. Ho, J.C.; Michalak, A.M. Challenges in Tracking Harmful Algal Blooms: A Synthesis of Evidence from Lake Erie. J. Great Lakes

Res. 2015, 41, 317–325. [CrossRef]
2. Nemes, J. Ohio EPA Declares Western Lake Erie Impaired. Environmental Law & Policy Center: Chicago, IL, USA, 2018. Available

online: https://elpc.org/blog/ohio-epa-declares-western-lake-erie-impaired/ (accessed on 26 October 2022).
3. Mohamed, M.N.; Wellen, C.; Parsons, C.T.; Taylor, W.D.; Arhonditsis, G.; Chomicki, K.M.; Boyd, D.; Weidman, P.; Mundle, S.O.C.;

Van Cappellen, P.; et al. Understanding and managing the re-eutrophication of Lake Erie: Knowledge gaps and research priorities.
Freshw. Sci. 2019, 38, 675–691. [CrossRef]

4. Watson, S.B.; Miller, C.; Arhonditsis, G.; Boyer, G.L.; Carmichael, W.; Charlton, M.N.; Confesor, R.; Depew, D.C.; Höök, T.O.;
Ludsin, S.A.; et al. The Re-Eutrophication Of Lake Erie: Harmful Algal Blooms and Hypoxia. Harmful Algae 2016, 56, 44–66.
[CrossRef] [PubMed]

5. Caballero, I.; Fernández, R.; Escalante, O.M.; Mamán, L.; Navarro, G. New Capabilities of Sentinel-2A/B Satellites Combined
with in Situ Data for Monitoring Small Harmful Algal Blooms in Complex Coastal Waters. Sci. Rep. 2020, 10, 8743. [CrossRef]
[PubMed]

6. Izadi, M.; Sultan, M.; Kadiri, R.E.; Ghannadi, A.; Abdelmohsen, K. A Remote Sensing and Machine Learning-Based Approach to
Forecast the Onset of Harmful Algal Bloom. Remote Sens. 2021, 13, 3863. [CrossRef]

7. Yang, H.; Kong, J.; Hu, H.; Du, Y.; Gao, M.; Chen, F. A Review of Remote Sensing for Water Quality Retrieval: Progress and
Challenges. Remote Sens. 2022, 14, 1770. [CrossRef]

8. Douna, V.; Barraza, V.; Grings, F.; Huete, A.; Restrepo-Coupe, N.; Beringer, J. Towards a Remote Sensing Data Based Evapo-
transpiration Estimation in Northern Australia Using a Simple Random Forest Approach. J. Arid Environ. 2021, 191, 104513.
[CrossRef]

9. Rubin, H.J.; Lutz, D.A.; Steele, B.G.; Cottingham, K.L.; Weathers, K.C.; Ducey, M.J.; Palace, M.; Johnson, K.M.; Chipman, J.W.
Remote Sensing of Lake Water Clarity: Performance and Transferability of Both Historical Algorithms and Machine Learning.
Remote Sens. 2021, 13, 1434. [CrossRef]

10. Wen, J.; Yang, J.; Li, Y.; Gao, L. Harmful Algal Bloom Warning Based on Machine Learning in Maritime Site Monitoring.
Knowl.-Based Syst. 2022, 245, 108569. [CrossRef]

11. Zhang, F.; Hu, C.; Shum, C.K.; Liang, S.; Lee, J. Satellite Remote Sensing of Drinking Water Intakes in Lake Erie for Cyanobacteria
Population Using Two MODIS-Based Indicators as a Potential Tool for Toxin Tracking. Front. Mar. Sci. 2017, 4, 124. [CrossRef]

12. Klemas, V. Remote Sensing of Algal Blooms: An Overview with Case Studies. J. Coast. Res. 2012, 28, 34–43. [CrossRef]

https://www.mdpi.com/article/10.3390/rs16132444/s1
https://www.mdpi.com/article/10.3390/rs16132444/s1
https://coda.eumetsat.int/
https://www.eumetsat.int/website/home/Data/DataDelivery/EUMETSATDataCentre/index.html
https://www.eumetsat.int/website/home/Data/DataDelivery/EUMETSATDataCentre/index.html
https://ohioseagrant.osu.edu/research/live/water
https://ohioseagrant.osu.edu/research/live/water
https://doi.org/10.1016/j.jglr.2015.01.001
https://elpc.org/blog/ohio-epa-declares-western-lake-erie-impaired/
https://doi.org/10.1086/705915
https://doi.org/10.1016/j.hal.2016.04.010
https://www.ncbi.nlm.nih.gov/pubmed/28073496
https://doi.org/10.1038/s41598-020-65600-1
https://www.ncbi.nlm.nih.gov/pubmed/32457388
https://doi.org/10.3390/rs13193863
https://doi.org/10.3390/rs14081770
https://doi.org/10.1016/j.jaridenv.2021.104513
https://doi.org/10.3390/rs13081434
https://doi.org/10.1016/j.knosys.2022.108569
https://doi.org/10.3389/fmars.2017.00124
https://doi.org/10.2112/JCOASTRES-D-11-00051.1


Remote Sens. 2024, 16, 2444 15 of 17

13. Shen, L.; Xu, H.; Guo, X. Satellite Remote Sensing of Harmful Algal Blooms (HABs) and a Potential Synthesized Framework.
Sensors 2012, 12, 7778–7803. [CrossRef]

14. Stumpf, R.P.; Culver, M.E.; Tester, P.A.; Tomlinson, M.; Kirkpatrick, G.J.; Pederson, B.A.; Truby, E.; Ransibrahmanakul, V.; Soracco,
M. Monitoring Karenia Brevis Blooms in the Gulf of Mexico Using Satellite Ocean Color Imagery and Other Data. Harmful Algae
2003, 2, 147–160. [CrossRef]

15. Rodríguez-Benito, C.V.; Navarro, G.; Caballero, I. Using Copernicus Sentinel-2 and Sentinel-3 Data to Monitor Harmful Algal
Blooms in Southern Chile during the COVID-19 Lockdown. Mar. Pollut. Bull. 2020, 161, 111722. [CrossRef]

16. Urquhart, E.A.; Schaeffer, B.A. Envisat MERIS and Sentinel-3 OLCI Satellite Lake Biophysical Water Quality Flag Dataset for the
Contiguous United States. Data Br. 2020, 28, 104826. [CrossRef]

17. Ali, K.; Witter, D.; Ortiz, J. Application of Empirical and Semi-Analytical Algorithms to MERIS Data for Estimating Chlorophyll a
in Case 2 Waters of Lake Erie. Environ. Earth Sci. 2014, 71, 4209–4220. [CrossRef]

18. Matthews, M.W.; Bernard, S.; Winter, K. Remote Sensing of Cyanobacteria-Dominant Algal Blooms and Water Quality Parameters
in Zeekoevlei, a Small Hypertrophic Lake, Using MERIS. Remote Sens. Environ. 2010, 114, 2070–2087. [CrossRef]

19. Seegers, B.N.; Werdell, P.J.; Vandermeulen, R.A.; Salls, W.; Stumpf, R.P.; Schaeffer, B.A.; Owens, T.J.; Bailey, S.W.; Scott, J.P.; Loftin,
K.A. Satellites for Long-Term Monitoring of Inland U.S. Lakes: The MERIS Time Series and Application for Chlorophyll-A. Remote
Sens. Environ. 2021, 266, 112685. [CrossRef]
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