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Abstract: Progressively monitoring water quality is crucial, as aquatic contaminants can pose risks
to human health and other organisms. Machine learning can support the development of new
effective tools for water monitoring, including the detection of algal blooms from remotely sensed
image series. Therefore, in this paper, we introduce the Algal Bloom Forecast (ABF) framework,
a fully automated framework for algal bloom prediction in inland water bodies. Our approach
combines machine learning, time series of remotely sensed products (i.e., Moderate-Resolution
Imaging Spectroradiometer (MODIS) images), environmental data and spectral indices to build
anomaly detection models that can predict the occurrence of algal bloom events in the posterior
period. Our assessments focused on the application of the ABF framework equipped with the
support vector machine (SVM), random forest (RF), and long short-term memory (LSTM) methods,
the outcomes of which were compared through different evaluation metrics such as global accuracy,
the kappa coefficient, F1-Score and R2-Score. Case studies covering the Erie (USA), Chilika (India)
and Taihu (China) lakes are presented to demonstrate the effectiveness and flexibility of our learning
approach. Based on comprehensive experimental tests, we found that the best algal bloom predictions
were achieved by bringing together the ABF design with the RF model.

Keywords: algal bloom; remote sensing; MODIS; prediction; machine learning

1. Introduction

Water quality is of vital importance for life on Earth, mainly due to the recent increase
in population and climate change [1,2]. As a result, there has been a growth in water
demand for agricultural, industrial and domestic uses, thus increasing pressure on the
global environment [3]. Another issue that has appeared in this context is the proliferation
of cyanobacteria, which are responsible for severe damage to ecological structures and
aquatic ecosystems [4]. This phenomenon is known as algal blooms, and it can lead to
serious risks threatening the behavior and health of living beings [5].

Concerning the different approaches available for assessing the water quality, which in-
cludes the presence of algae, Chawla et al. [2] presented several bio-indicators, in particular,
suspended sediment, turbidity, total phosphorus, dissolved organic content, temperature,
and Secchi disks. Moreover, Gons [6] emphasized that the presence of chlorophyll-a (Chl-a)
has been a very useful parameter in inspections of water purity. In fact, a high incidence
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of Chl-a in lakes and rivers may be related to sudden changes in conditions such as sur-
face temperature, wind speed, precipitation, water column stratification and water flow
direction [4,5,7].

A straightforward way of monitoring water quality is to assess the water resources
continuously [3]. However, several studies have reported a global decline in the use of
hydrometric stations in isolation to perform such monitoring [2,3]. Their non-uniform
spatial distribution and operational faults due to a lack of government investment are
some potential factors that may demotivate the use of hydrometric stations for water
monitoring. A feasible alternative to hydrometric stations is the application of remote
sensing techniques [8,9]. For instance, Qi et al. [8] proposed an algorithm based on empirical
orthogonal functions to estimate the concentration of the Chl-a in Lake Taihu, China.
Similarly, Allen et al. [9] employed satellite images from the Moderate-Resolution Imaging
Spectroradiometer (MODIS) sensor to predict algal blooms in a eutrophic coastal area.
Spectral indices have also been used for algal bloom detection [10–14]. For example,
Hu [10] introduced the floating algae index (FAI) to identify floating algae. Although they
are flexible and very functional, spectral index-based methods are not capable of dealing
with historic records of algal bloom events over time [5].

Recent technological advances have enabled the use of several imaging sensors, pro-
ducing large spatio-temporal datasets. When combined with modern artificial intelligence
methods, these datasets allow for the determination of the Chl-a concentration [15,16].
A representative example is the study conducted by Zhang et al. [17], in which a support
vector machine (SVM)-based algorithm and Landsat-8/OLI images were used to map Chl-a
in Chinese lakes. Similarly, Ananias and Negri [18] introduced a data-driven method to
detect the occurrence of algal blooms in inland waters using a one-class SVM. By unifying
Sentinel-2 multispectral data and random forest (RF) forecasts, Silveira et al. [19] addressed
the issue of predicting the levels ofChl-a in two small water bodies. More recently, deep-
learning-based methods have been demonstrated to be effective when approximating
environmental parameters [15,20,21]. For instance, Barzegar et al. [22] introduced a hybrid
model that combined a convolutional neural network and long short-term memory (LSTM)
to estimate the Chl-a level in a lake in Greece. Cho et al. [20] applied LSTM nets for Chl-a
detection in the Geum River (South Korea) over a horizon of one-to-four days, whereas
Yu et al. [23] employed LSTM and wavelet concepts to predict long-term Chl-a occurrences
in a lake in China. It is important to point out that Cho et al. [20] and Barzegar et al. [22]
measured physicochemical variables collected using in situ sensors installed at specific
positions of the Geum River (South Korea) and Lake Prespa (Balkan peninsula). As a result,
the predicted Chl-a concentration was not mapped onto the spatial domain. Conversely,
Yu et al. [23] also considered physicochemical variables to estimate the regional Chl-a
concentration in Lake Dianchi (China), but their method was focused on generating annual
predictions instead.

Despite their accuracy and high learning capacity, most machine/deep learning-based
methods still rely on large datasets of labeled data to properly work. As pointed out by
Yuan et al. [15], both remotely sensed data and machine learning methods can be used
to deliver a forecast model built from ground-truth samples, which are usually collected
from the study area. As a consequence, obtaining in situ information may be critical in a
multitude of cases, thus motivating the development of new methodologies that do not
depend on any reference data to be effective and functional.

In light of the above-presented discussion, in this paper, we propose a fully automatic
machine/deep-learning-based methodology for the spatial prediction of algal bloom events
in aquatic environments, integrating time-series of satellite images and environmental
data acquired by means of aerial remote sensing. More specifically, we address the issue
of the forecasting of algal blooms as an anomaly detection problem in image time series
by applying threshold-based rules so as to identify and build a representative database of
abnormal events and then generate a decision function for the prediction of algal-bloom-like
anomalies. Three case studies concerning the Erie (USA), Chilika (India) and Taihu (China)
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lakes were carried out to demonstrate the effectiveness and applicability of the proposed
methodology. Images acquired using the MODIS sensor comprised these applications’
primary data source.

In summary, the main contributions of this paper are:

(i) A fully unsupervised learning methodology, designed to characterize, detect and
predict algal blooms as time-varying anomalous events in wetland areas.

(ii) The proposed approach is modular, i.e., it can be integrated with any classification
model in addition to those presented in our formalization.

(iii) A conceptual formalization that can be extended to other environmental issues besides
inland water anomaly detection for algal blooms.

This paper is organized as follows. Section 2 briefly presents some basic notations,
machine learning models and spectral indices, and formalizes the development of the
proposed approach. In Section 3 we discuss the experiment design, study areas and the
obtained results. Finally, Section 4 concludes the current study.

2. Methods
2.1. Machine Learning Models

Let I be an image remotely obtained by means of a sensor of which the pixels s ∈ S ⊂
N

2 are associated with an attribute vector xs = [xs:1, . . . , xs:n], defined on a feature space
∈ X ⊂ Rn. Based on a given set of images represented by a time series of t instants, we
assume the notation I (`), with ` = 1, . . . , t, to describe the spatio-temporal representation
of these data.

The image classification problem consists of assigning a class ωk ∈ Ω = {ω1, . . . , ωc}
to each s ∈ S , by applying a function G : X → Y over xs, where Y = {1, . . . , c}. In order
to properly apply G, a pre-defined training set D = {(xi, yi) ∈ X ×Y : i = 1, . . . , m} is
required, where (xi, yi) indicates that xi is assigned to a particular class ωa if the number
yi ∈ N is equal to a. Conveniently, we denote here by C(`) the output produced from G for
each position s of I (`).

Given the importance of image classification in several applications of remote sensing,
creating more efficient and accurate methods has become a persistent challenge [24,25].
Among various examples, consolidated methods such as support vector machine (SVM) [26],
random forest (RF) [27] and the recent neural network-based approaches have been of
paramount importance in supporting a variety of remote sensing applications.

Introduced by Vladimir Vapnik [28], the SVM method comprises a supervised learning
algorithm that aims to determine classes via a hyperplane g(x) = K(x, w) + b, of which the
separating margin is the maximum [26,29], and w and b are inner parameters. Here, K(·, ·)
is a kernel function [30] which is conveniently defined according to the complexity of the
classification problem.

As described by Bruzzone et al. [31], starting from a dataset D = {(xi, yi) ∈ X ×
{−1,+1} : i = 1, . . . , m}, where yi = ±1 indicates membership between two classes,
the SVM training stage comprises the calculation of parameters w and b after solving the
following optimization problem:

max
α

(
∑m

i=1 αi − 1
2 ∑m

i=1 ∑m
j=1 yiyjαiαjK(xi, xj)

)
s.t.


∑n

i=1 yiαi = 0
0 ≤ αi ≤ C
i = 1, . . . , n

(1)

where αi ∈ R are Lagrange multipliers and C ∈ R+
0 is a penalty factor applied to mis-

classifications. Regarding the kernel function, the radial basis function (RBF) K(xi, w) =

e−γ‖xi−w‖2
, with γ ∈ R+

0 , is highlighted as a convenient option.
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The Lagrange multipliers obtained when solving Equation (1) allow the determination

of the classification rule G(x) = sgn

(
m

∑
i=1

yiαiK(x, xi) + b

)
. For a comprehensive discussion

of SVM and kernel functions, see [32].
The RF method was introduced by Breiman [27], and it consists of generating a

classification rule G : X → Y from an ensemble of decision trees [33]. For a given training
set D, the bootstrap sampling process is applied to generate nest replicas of this set. For
each replica, a subset with up to natt attributes is randomly taken and then used to train
a single decision tree. Parameters such as the maximum depth (pdepth) and the minimum
examples per leaf for splitting (psplit and plea f , respectively) have to be properly tuned
before training. A detailed discussion of these parameters can be found in [27].

After training the set of trees, the sub-classifiers Gk : X → Y , k = 1, . . . , nest, are
combined so that the attribute vectors x ∈ X are labeled according to a class ωa ∈ Ω and
Equation (2):

G(x) = arg max
a∈{1,...,c}

{
nest

∑
k=1

δa(Gk(x))

}
, (2)

where δa(Gk(x)) = 1, if Gk(x) = a; otherwise, δa(Gk(x)) = 0.
In recent years, neural network-inspired methods have emerged as an effective alter-

native for remote sensing image classification [15]. Such models are distinguished by a
high generalization capability when coping with uncorrelated data.

Among the different neural network models proposed in the literature, the long
short-term memory (LSTM) [34] architecture allows the analysis of temporal effects on
the learning process. The diagram in Figure 1 summarizes an elementary part of this
model and its interaction. First, let us assume that xi, i = 1, . . . , m, is a set of patterns (i.e.,
attribute vectors) ordered by the indices i and sequentially submitted to concatenation,
element-wise multiplication and vector sum operations (�, ⊗ and ⊕), as to the sigmoid
(σ) and hyperbolic tangent (ϕ) functions. Next, we also set the following elements that
are used during the training process: ci−1 and ci as a vector with the “previous state” and
“current” of the network; fi as a vector comprising “forgetting factors” for each component
of the input vector; ii as a “signal modulation” for input information; and hi−1 and hi as
the network input and output vectors in the “previous” and “current” states, respectively.

Figure 1. Overview of the LSTM architecture.

After successively processing xi and considering the respective predictions hi, the
training process stops when network convergence occurs. After that, the classification is
performed via a softmax function and outputs hi, of which the class indicators yi are known
from (xi, yi) ∈ D. According to this approach, the combination between the network and
the softmax function comprises the classification model G. A more extensive and detailed
discussion about LSTM-based models and their parameters can be found in [34].
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2.2. Algal Bloom Detection via Spectral Index Thresholding

Spectral indices comprise a particular type of descriptor generated from remote sens-
ing images for discriminating specific sets of targets. Several spectral indices have been
proposed in the literature, for example, to characterize water bodies [35–37] and vegetation
health [38–41]. For the application of algal bloom detection, spectral indices are used by
applying rigid thresholds. For instance, Zhao et al. [42] utilized the normalized difference
vegetation index (NDVI) [38] to identify algae when this index achieved values greater
than a certain threshold (−0.15). Similarly, Xu [37] employed the modified normalized
difference water index (MNDWI) [43] to detect algae by taking MNDWI values less than
zero. The surface algae bloom index (SABI) [44] and floating algae index (FAI) [45] are
other spectral-type indices specifically designed to capture the level of algae incidence.

Table 1 summarizes the spectral indices and their respective characterizations for
algae occurrences. Here, xRed, xGreen, xBlue, xNIR, and xSWIR represent the spectral behavior
measured in terms of red, green, near-infrared, and short-wave infrared wavelength bands,
respectively, whereas λRed, λNIR and λSWIR are the midpoints of each mentioned band.

Table 1. Summary of spectral indices and thresholds used for algal bloom detection.

Spectral Index Expression Algae ReferenceThreshold

NDVI
xNIR − xRed
xNIR + xRed

>−0.15 [42]

MNDWI
xGreen − xSWIR
xGreen + xSWIR

<0 [37]

SABI
xNIR − xRed

xBlue + xGreen
>−0.1 [44]

FAI
xNIR − [xRed+(xSWIR − xRed)

× λNIR−λRed
λSWIR−λRed

] >−0.004 [45]

2.3. Characterizing and Forecasting an Algal Bloom as an Anomalous Event

In this section, we introduce the proposed methodology for algal bloom characteri-
zation and prediction in inland water bodies. In Section 2.3.1 we presents a conceptual
formalization of our proposal, whereas in Section 2.3.2 we provide relevant details regard-
ing the implementation of the computational framework.

2.3.1. Conceptual Formalization

The current methodology for predicting anomalous events in aquatic environments,
referred to here as anomalous behavior forecasting (ABF), relies on the combination of machine
learning concepts and time-varying remotely sensed data. Figure 2 illustrates the main
components of the proposed ABF methodology.

The first component accounts for building a spatio-temporal database to train a given
machine learning model that is applied for predicting anomalous events. In this stage,
five basic parameters are defined: a region of interest containing the spatial domain, where
the predictive mapping will be performed; a period of analysis comprising the range of
instants to collect information; the number of past instants that compose the input objects
(i.e., the attribute vector) in the predictive model; the number of instants concerning the
forecasting period; and the spatial context size used to estimate the local algae concentration.
Next, a database is created which gathers information from different sensors and products
regarding the region of interest and the period of analysis. This information is then structured
according to t + 1 instants, with the first t moments employed to train the prediction model,
and the last instant (early instant) dedicated to performing the predictions.

The data are automatically collected via the application programming interface (API)
for the Google Earth Engine (GEE) platform. More specifically, the constructed database
is composed of images acquired by means of the MODIS sensor (MOD09GA.006—500 m



Remote Sens. 2022, 14, 4283 6 of 22

of spatial resolution) and products provided by the National Aeronautics and Space Ad-
ministration Global Land Data Assimilation projects (NASA GLDAS 2.1) [46] (wind speed,
temperature, precipitation, pressure and evapotranspiration), the World Wide Fund for Na-
ture Hydrological Data and Maps Based on Shuttle Elevation Derivatives at Multiple Scales
(WWF HydroSHEDS) [47] (drainage direction), the Japan Aerospace eXploration Agency
Advanced Land Observing Satellite Digital Surface Model World 3D (JAXA AW3D30) [48]
(elevation) and the National Aeronautics and Space Administration MODIS Terra Land
Surface Temperature and Emissivity Daily Global (NASA MOD11A1.006) [49] (emissivity).
The above-described data are then re-sampled in terms of their spatial resolution to match
MODIS data (i.e., 500 m).
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Cloud/shadow detection
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Flow direction
Precipitation
Elevation
Pressure
Evapotranspiration
Emissivity

Past instants

...

Interpolate missing values
Modeling and prediction

.........

Text

Past instants

...

...

Local occurrence

% occurrence

A
ttr

ib
ut

es
  

(S
pe

ct
ra

l a
nd

 e
nv

iro
nm

en
ta

l)

Backward-multistep modelling
Pixel-based labelling

...

Regular Anomaly
Land/Cloud/Shadow

 at
trib

ute
s

Early instant

D
at

a 
cl

as
si

fic
at

io
n

GEE

Request
Database

Region of interest 
Period of analysis 
Past instants 
Forecasting period 
Spatial context size 

Configuration

Period of analysis

Forecasting period

Period trend forecasting

Anomalous Behavior Forecasting

Discrete/Pixels Continuous/Occurrences

Support database

Figure 2. Overview of the proposed framework.

By simultaneously taking images from the MODIS sensor, a support database is also
built, containing information about the water body region (see Section 2.3.2—Support Data)
present in the region of interest and about cloud and shadow occurrences over the MODIS
images, which impose information gaps on the time series and the demand for posterior
treatment. After identifying the water body region, the entire database is reduced to its
boundaries. In our approach, we assume that S is limited to the water body area.

After defining both primary and support databases, several spectral indices are ex-
tracted from the remote sensing images and then integrated with the environmental in-
formation to compose the attribute vectors that express an algal-bloom-like anomalous
event. It is worth mentioning that such a process is locally-executed without using the
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cloud-computing facilities offered by the GEE platform. Formally, assuming that the period
of analysis is composed of t + 1 instants, with one representing the actual (current) and the
remaining ones (t) representing past instants, a time series I (`) is built for ` = 1, . . . , t + 1,
such that I (`)(s) = x(`)s =

[
x(`)s:1 , . . . , x(`)s:n

]
is an attribute vector in the `-th instant. The

vector components consist of MNDWI, NDVI, SABI and FAI spectral indices; the instant
month number; and the environmental variables such as wind speed (m s−1), temperature
(K), drainage direction, precipitation (kg/m2/s), elevation (m), pressure (Pa), evapotran-
spiration (kg/m2/s) and emissivity.

Next, the data are re-structured according to a “backward-multistep” scheme, where
the P− 1 previous instants of each observation are concatenated in the form of a single
attribute vector. More precisely, for every s ∈ S taken from I (`), ` = P + 1, . . . , t− F + 1,
the attribute vector x(`|P)s =

[
x(`−P)

s:1 , . . . , x(`−P)
s:n , . . . , x(`)s:1 , . . . , x(`)s:n

]
∈ X̃ is defined, where X̃

represents a time-extended attribute space. For the cases wherein a certain component x(k)s:i
is influenced by the presence of cloud/shadow, we fill out the respective values by using
interpolation over time according to the McKinney approach [50].

For each generic position s and instant `, we assign labels related to the occurrence
of anomalies in the next F instants, herein denoted by y(`|F)

s =
[
y(`+1)

s , . . . , y(`+F)
s

]
, where

y(k)s = +1 or −1 indicate the occurrence of an algal bloom (i.e., an anomaly) at the k-th
instant. These labels are established by an ensemble scheme of majority voting involving
thresholding rules on the NDVI, MNDWI, SABI and FAI spectral indices (discussed in
Section 2.2). Under these conditions, y(k)s = +1 if all the four spectral indices endorse the
occurrence of an anomaly with respect to position s and instant k; otherwise, y(k)s = 0. The
rationale behind using only the instants from P + 1 to t− F + 1 when defining the vectors
x(`|P)s and y(`|F)

s is that if we assume ` = P− 1, the attempt of retrieve the P− 1 previous
instants to determine x(`|P)s will cause a disruption in the lower bound of the time series.
Analogously, ` = t− F + 2 will cause an upper-bound break when trying to define y(`|F)

s .
Figure 3 elucidates the above-presented explanation.

Invalid (out of period of analysis)

Invalid (out of period of analysis)Valid assignments

Valid assignments

Instants

Figure 3. Representation of instants and past and future relations.

Note that the vectors x(`|P)s and y(`|F)
s , ` = P + 1, . . . , t− F + 1 and s ∈ S allow one

to define different training sets D(q) =
{
(x(`|P)s , y(`+q)

s ) : s ∈ S ; ` = P + 1, . . . , t− F + 1
}

,

q = 1, . . . , F. As a result, each D(q) is used to train a classifier Gq : X̃ → {+1,−1} that
predicts the occurrence of algae at the q-th instant after the most recent instant (i.e., t + 1),
characterized by the attribute vectors associated with each position/pixel of I (t+1|P), thus
resulting in a classification C(q), q = 1, . . . , F. Note that a useful trait of our approach is that
any machine learning method can be used to define Gq, q = 1, . . . , F, as those have already
been discussed in Section 2.1.
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From classifications C(1), . . . , C(F), the local anomaly concentrations are estimated by
applying a convolution filter that checks the percentage of anomaly occurrences into a
neighborhood of w× w pixels wide. Positions outside S or affected by the occurrence of
cloud/shadow are discarded. The respective outcomes are denoted here by O(1), . . . ,O(F).

Finally, based on the predictions of I (t+1|P), a period trend forecast is computed, in
which the median of the estimates obtained at each position is considered. Under these
conditions, the representations C(1), . . . , C(F) give place to a “discrete occurrence” trend rep-
resentation. Similarly, a characterization is also obtained for the occurrence concentration
of the forecasting period throughO(1), . . . ,O(F), thus generating a “continuous occurrence”
representation.

2.3.2. Implementation Details and Parametrization

We now provide some details on the implementation of our methodology. The full
source code is publicly available for use (see the Data Availability Statement below).

Programming Language and Libraries: Python 3.8 [51] was adopted as the programming
language. We also utilized the modules Numpy [52] and Pandas [53] for data or-
ganization procedures; Scikit-Learn [54] to run the SVM and RF implementations;
and Keras [55] to implement the LSTM model.

Google Earth Engine API: The Google Earth Engine application programming interface
(API) [56] was used to obtain MODIS sensor data (MOD09GA.006 and MOD11A1.006),
and the products GLDAS 2.1, HydroSHEDS and AW3D30. In our methodology,
the product MOD09GA.006 was atmospherically corrected [57].

Spectral Indices and Thresholds: In order to appropriately select the best set of thresh-
olds for the spectral indices, we followed the methods of [37,42,44,45] to take the
values established in these studies.Although different thresholds may result in more
accurate outputs for certain study areas, the authors in [37,42,44,45] verified that
the variations were minimal for a multitude of areas analyzed. Therefore, we opted
to take the pre-established thresholds given in [37,42,44,45] to drive our method,
but with the advantage of keeping them as free parameters in our implementation,
making the method flexible enough to meet the requirements of other study areas
and applications of interest.

Model Parameter Tuning: The selection of suitable hyperparameters for each classifica-
tion method (Section 2.1) was conducted by applying the randomized grid search
procedure [58–60] with a five-fold cross-validation. The hyperparameter space-
search taken for the LSTM model comprised nepochs ∈ {5, 10, 20, . . . , 100}, pdropout ∈
{0, 0.1, . . . , 0.5}, nlayer ∈ {16, 32, . . . , 512}. Hyperparameters related to the RF method
ranged as part of the following sets: nest ∈ {1, 5, . . . , 250}, pdepth ∈ {1, 2, . . . , 30},

psplit ∈ {2, 4, . . . , 20}, plea f ∈ {2, 4, . . . , 20} and natt ∈ {
√

dim(X̃ ), 100%, 75%, 50%}.
Regarding the SVM method, the examined hyperparameters varied as follows:
γ ∈ {10−1, 10−2, . . . , 10−7} and C ∈ {1, 2, 3, . . . , 1000}.

Support Database: This database comprised the water body spatial boundaries and the occur-
rences of cloud/shadow during the period of analysis. Concerning water body identifica-
tion, we employed the “water_mask” sub-product from MODIS (MOD44W.006/“Terra
Land Water Mask”) to deliver water surface mapping with 250 m spatial resolution. Fur-
thermore, bitwise operations were applied on the “state_1km” sub-product to detect the
presence of clouds and shadows.

Period of Analysis: This consisted of an image time series used as input data to train
a machine learning model in our ABF framework. Depending on the availability
of data for each study area, we were able to take different “periods of analysis”
when applying our methodology. Since the period of analysis used to train the
predictive models may influence the outputs, we ran an extensive battery of tests to
select the most suitable training window: 180 days. More specifically, we used the
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following periods when performing our experimental tests: 30, 60, 90, 180, 365, 730
and 1825 days.

Past Instants and Forecasting Period: The parameters of past step instants (the number of
past instants required to generate the attribute vectors) and the forecasting period (the
number of future instants that comprise the prediction interval) are related to the
performance and computational cost of the proposed approach. Suitable values for
these parameters were analyzed after considering a battery of tests from distinct
study areas (Sections 3.1 and 3.2). Figure 4 depicts a median profile, in terms of
the R2-Score, regarding the estimated algae occurrence concentration. The results
indicated that four past step instants and a forecasting period of five instants produced
the best outcomes.

Spatial Context Size: This parameter defines the dimension w × w of the convolution
filter applied on the classifications C(1), . . . , C(F), to measure the occurrence of algae.
After performing a series of tests where w varied in 3, 5 and 7, the adoption of w = 7
provided the best consistency.

Data Projection: With the aim of alleviating the computational cost, the principal compo-
nent analysis (PCA) [61] technique was applied to the full set of attribute vectors x(`|P)s
(i.e., considering all instants and positions), thus allowing the projection of the data
onto a feature space of reduced dimensions without losing significant accuracy in the
results. More specifically, after a preliminary battery of tests regarding all study areas,
the proposed methodology achieved the average values of 0.97, 0.96 and 0.96 for
R2-Scores when data projections were applied with 99%, 95% and 90% of explained
variance, respectively. However, the computational time drastically decreased by
about 70% and 50% when comparing the multidimensional projection with 90%
against 99% and 95%, respectively. Consequently, we found that the choice of 90%
provided a good trade-off between satisfactory performance and computational cost.

Figure 4. Median performance in terms of R2-Scores for different configurations of past steps instants
and forecasting period parameters. The red dot indicates the best performance values.

3. Results

Three case studies covering distinct study areas were carried out to assess the results
after training the predictive models. The study areas comprised portions of Lake Erie
(USA), Chilika (India) and Taihu (China), as shown in Figure 5.

The SVM, RF and LSTM methods were used as classification models in our approach
to generate three algal bloom forecasters, which we refer to as ABF-SVM, ABF-RF and
ABF-LSTM. The performance of each trained model was measured in terms of several
validation metrics, in particular, overall accuracy, kappa coefficient [62], percentages of
true/false-positives/negatives (denoted by TP, TN, FP and FN), F1-Score [63], R2-Score [64]
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and root mean square error (RMSE) [65]. Hypothesis tests with 5% significance for the
kappa coefficient [62] were also computed in an effort to statistically inspect the results.

The experiments were run on a desktop computer with an AMD Ryzen 9 3900X 12-core
processor, 32 GB of RAM and an Ubuntu Linux version 20.04 operating system.

3.1. Study Areas

Located between the states of Ohio, New York, Pennsylvania and Michigan, Lake
Erie (Figure 5a) is one of the Great Lakes of Saint Lawrence. According to Bolsenga and
Herdendorf [66], this lake is approximately 388 km in length and 92 km wide and has an
average depth of 19 m. It also presents a total area and volume of 25,657 km2 and 484 km3,
respectively. Affected by regional urbanization and agricultural growth, this lake has
presented algal blooms since the 1960s [67]. As reported in Stumpf et al. [68], the peak
months for algal blooms are typically August and September.

Figure 5. Spatial locations of the study areas.

Lake Chilika (Figure 5b) is located on the east coast of Orissa, India. In addition to
providing an income source for about 150,000 fishermen [69], this lake comprises the largest
brackish water body in Asia, and it strongly contributes to the regional economy [70]. Fur-
thermore, according to Panigrahi [70], such a lake presents an area that varies from 906 km2

(summer) to 1165 km2 (monsoon) with a depth ranging from 0.40 to 4.90 m. In addition to
issues such as constant changes in salt concentration, freshwater weeds and declines in fish
productivity, Chilika lake has been suffering from a constant process of eutrophication,
which leads to high concentrations of algae [71].

The third study area is Lake Taihu (Figure 5c), China. Although it is considered a
source of water for more than 40 million people, this lake has frequently been affected by
the presence of algal blooms [72]. According to Gao et al. [73], Lake Taihu has an area of
2338 km2 and an average depth of 1.9 m. The wet and dry periods usually occur between
April to July and February to March, respectively.

3.2. Reference Data

As previously mentioned, the proposed methodology was assessed through the assess-
ment of different study areas and periods. Regarding the first area (Lake Erie—Figure 5a),
10 October 2013, and 26 July 2015 were considered as early instants. Consequently, the re-
spective forecasting periods were 11–15 October 2013 (Figure 6a–e) and 27–31 July 2015
(Figure 7a–e). Regarding the second area (Lake Chilika—Figure 5b), 24 November 2019 was
considered as an early instant; therefore, the forecasting period encompassed 25–29 November
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2014 (Figure 8a–e). Finally, for the third area (Lake Taihu—Figure 5c) we selected the
periods of 24 August 2016 and 24 July 2017 as early instants, thus providing the forecasting
periods shown in Figures 9a–e and 10a–e.

Figure 6. Images (a–e) in false-color composition (NIR, red and green bands) for the Lake Erie study
area from 11–15 October 2013. Regular, anomaly, land/cloud/shadow and undetermined samples
(f–j) are identified by cyan, magenta, gray and black polygons, respectively; (l–p) show the local
anomaly concentration at each instant; (k,q) represent the discrete and local anomaly concentration
references for the whole forecasting period.

Figure 7. Images (a–e) in false-color composition (NIR, red and green bands) for the Lake Erie study
area from 27–31 July 2015. Regular, anomaly, land/cloud/shadow and undetermined samples (f–j)
are identified by cyan, magenta, gray and black polygons, respectively; (l–p) show the local anomaly
concentration at each instant; (k,q) represent the discrete and local anomaly concentration references
for the whole forecasting period.

It is worth stressing that in the following experiments, we simulated a real-world
application, i.e., the forecasting period was unknown for the ABF method. Thus, based on
the current behavior at the early instants, predictions were made regarding the occurrence
of algal blooms in the forecasting period.

The predictive performance of the ABF method was assessed using reference datasets
(i.e., ground-truth data) defined through the same process as that discussed in Section 2.3,
producing the training data labels (i.e., y(`|F)

s as “regular” or “anomaly”). More precisely: (i)
each instant in the forecasting period was analyzed according to the thresholding of the spec-
tral indices MNDWI, NDVI, FAI and SABI, calculated based on MODIS images (Section 2.2);
(ii) locations/pixels simultaneously identified as anomalies by all four thresholding pro-
cesses were admitted as “anomalies”; (iii) locations/pixels simultaneously identified as
non-anomalies by all four thresholding processes were admitted as “regular”; (iv) loca-
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tions/pixels with a partial agreement regarding the occurrence of anomalies or under the
influence of cloud/shadow were admitted as “indeterminate” or “land/cloud/shadow”
and then disregarded as a reference; (v) considering the anomalies and non-anomalies
pixels detected during the forecasting period, the median value was used to determine the
local trend and generate a discrete reference; and (vi), to create the reference for the local
anomaly concentration, a convolution filter of 7× 7 pixels was applied to obtain the local
percentage of anomalies at each instant of the forecasting period, followed by the local trend
computation according to the median value.

Figure 8. Images (a–e) in false-color composition (NIR, red and green bands) for the Lake Chilika
study area from 25–29 November 2014. Regular, anomaly, land/cloud/shadow and indeterminate
samples (f–j) are identified by cyan, magenta, gray and black polygons, respectively; (l–p) show
the local anomaly concentration at each instant; (k,q) represent the discrete and local anomaly
concentration references for the whole forecasting period.

Figure 9. Images (a–e) in false-color composition (NIR, red and green bands) for the Lake Taihu study
area from 25–29 August 2016. Regular, anomaly, land/cloud/shadow and undetermined samples
(f–j) are identified by cyan, magenta, gray and black polygons, respectively; (l–p) show the local
anomaly concentration at each instant; (k,q) represent the discrete and local anomaly concentration
references for the whole forecasting period.
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Concerning the reference dataset for Lake Taihu, we used the available ground-truth
data from the National Earth System Science Data Center (NESSDC) [74,75]. In this case,
the occurrence of anomalies was determined based on the locations/pixels wherein the
Chl-a concentration was above 20 µg/L [76,77]; otherwise, the location was assumed to
be regular/non-anomaly. Finally, the discrete and local anomaly concentration references
were produced following the previously discussed steps (v) and (vi).

The reference datasets are illustrated in Figures 6–10k–q. For the sake of presentation,
the estimates at each instant are depicted in Figures 6–10f–j and Figures 6–10l–p. Table 2
summarizes the number of anomalies and regular positions/pixels regarding the discrete
reference of each study area and early instant.

Figure 10. Images (a–e) in false-color composition (NIR, red and green bands) for the Lake Taihu
study area from 25–29 July 2017. Regular, anomaly, land/cloud/shadow and undetermined samples
(f–j) are identified by cyan, magenta, gray and black polygons, respectively; (l–p) show the local
anomaly concentration at each instant; (k,q) represent the discrete and local anomaly concentration
references for the whole forecasting period.

Table 2. Summary of regular and anomaly pixels regarding each study area and early instants.

Lake Erie
11–15 October 2013 27–31 July 2015

Regular 277,328 233,137
Anomaly 19,041 13,210
Average occurrence 0.8% 3.2%
Stand. deviation occurrences 4.5% 11.3%

Lake Chilika
25–29 November 2014

Regular 41,272
Anomaly 21,692
Average occurrence 19.4%
Stand. deviation occurrences 26.5%

Lake Taihu
25–29 August 2016 25–29 July 2017

Regular 631,398 1,259,410
Anomaly 72,399 142,685
Average occurrence 22.6% 19.1%
Stand. deviation occ. 27.7% 33.8%
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3.3. Experimental Analysis

Figure 11 shows the evaluated datasets and validation metrics for the trained models
ABF-SVM, ABF-RF and ABF-LSTM when predicting algal blooms in all study areas.
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Figure 11. Quantitative assessment of the forecasting models. The first plot shows the global accuracy,
F1-Scores and kappa coefficient values, whereas the second one shows the performance of each model
based on their True(T)-False(F)/Positive(P)-Negative(N) scores. The third plot compares the models
by means of R2-Scores and RMSE measures. Finally, the last plot lists the predicted/referenced
occurrence percentages. Dashed red line represents the value where the difference was null.

Regarding the first study area (Lake Erie), although the ABF-RF model demonstrated
a global accuracy and an F1-Score with a slight difference compared to the ABF-LSTM and
ABF-SVM ones, it achieved the best kappa coefficient among all competitors. Note that
all forecasting models presented a similar performance regarding the true-positive/false-
negative percentages. However, ABF-LSTM did not detect TP values in the first period (11–
15 October 2019). As “positive” indicates the occurrence of anomalies (i.e., algal blooms),
the opposite was verified for the term “negative”, i.e., anomalies were not identified (i.e.,
regular). Additionally, according to the R2-Scores and RMSE values computed through
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the occurrence concentration reference, one can observe that the ABF-RF model produced
a high R2-Score, a low RMSE and a good trade-off between the expected (reference) and
predicted (forecasted) data. Finally, it is worth mentioning that all trained models were
capable of predicting the anomaly occurrence with a low difference w.r.t. the reference data
(dashed red line at zero).

Concerning the second study area (Lake Chilika), the ABF-SVM model provided better
outcomes than the ABF-RF one, as expressed by the global accuracy, F1-Score and kappa co-
efficient. Moreover, the ABF-SVM delivered lower FP scores than other models. Analyzing
the forecasting results in terms of percentages of occurrences, the ABF-SVM provided more
suitable R2-Scores and RMSE values than ABF-RF and ABF-LSTM. On the other hand, one
can observe that ABF-LSTM generated predictions with higher negative divergence values
w.r.t. omission errors when compared to ABF-RF and ABF-SVM, in which the divergences
were positive (i.e., inclusion errors).

For the Lake Taihu study area—specifically, for the first period, 25–29 August 2016—
although the ABF-LSTM forecaster produced a high global accuracy and F1-Score, the FN
percentage was also high, thus producing a lower kappa. A similar conclusion was ob-
served when analyzing the scores of the ABF-SVM model, except for the FP values. In
general, one can see that the ABF-RF model performed better than the others. Regarding
the performance analysis in regard to the concentration of occurrences, the negative R2-
Score and the high RMSE values corroborated the omission behavior demonstrated by all
predictive models. Nonetheless, it is worth pointing out that the ABF-RF model provided
the best outcome in comparison to the LSTM- and SVM-based ones.

Now, focusing on the second period (25–29 July 2017) for Lake Taihu, both high global
accuracy values and F1-Scores were achieved by all prediction models. However, for the
kappa coefficient, the ABF-SVM forecaster performed better than others. Furthermore, one
can verify that a higher inclusion error frequency (i.e., FP values) was generated by the
SVM-based approach. Considering the occurrence concentration analysis, although the
ABF-SVM achieved a slight positive R2-Score, the corresponding RMSE value was higher
when compared to those of the other evaluated models.

In Figure 12b—period: 11–15 October 2013, it can be seen that the ABF-LSTM model
did not perform satisfactorily w.r.t. the discrete reference, as shown in Figure 12a. On
the contrary, the ABF-RF and ABF-SVM forecasters were able to successfully predict the
presence of algal blooms in the studied area. Regarding the second period (27–31 July
2015), Figure 13b–d depicts the similar performance observed for all predictive models and
reference data (Figure 13a). The occurrence mapping illustrated in Figure 13e–h illustrated
the gathered FP errors (Figure 13e). However, note that the ABF tended to be substantially
accurate considering a regional context.

Figure 12. Period trend forecasting based on pixels (a–d) and occurrences (e–h) from 11–15 October
2013, related to Lake Erie. Plots (a,b) represent the mapping of the reference data.
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Figure 13. Period trend forecasting based on pixels (a–d) and occurrences (e–h) from 27–31 July 2015,
related to Lake Erie. Plots (a,b) represent the mapping of the reference data.

Figure 14 presents the forecasting map for Lake Chilika (period: 25–29 November
2014). Although the ABF-LSTM failed in predicting the anomalies (Figure 14b), the RF-
(Figure 14c) and SVM-based models (Figure 14d) exhibited more assertive results in both
discrete and occurrence concentration representations (Figure 14a,e).

Figure 14. Period trend forecasting based on pixels (a–d) and occurrences (e–h) from 25–29 November
2014, related to Lake Chilika. Plots (a,b) represent the mapping of the reference data.

Regarding Lake Taihu—specifically, the first period, 25–29 August 2016—several diver-
gences in performance could be observed between the ABF-derived models (Figure 15b–d)
and the reference data (Figure 15a). Although the first image indicated anomalous behavior
in the upper left region extending to the center, the ABF-LSTM and ABF-SVM models did
not display these pixels. The same was true for the ABF-RF forecaster, although it mapped
a larger portion of anomalies in the upper-central region. The same behavior was observed
for the concentration occurrence mappings (Figure 15f–h).

As shown in Figure 16a–h, which refer to the second period of the Chinese lake,
the performance previously observed through Figure 11 was also confirmed, with the
three predictive models giving superior performance in comparison to the first period.
A high correlation was achieved for the reference data (Figure 16a) and the ABF-RF model
(Figure 16c,g). The ABF-LSTM model did not detect anomalies for this particular study
area, whereas the ABF-SVM was capable of successfully accomplishing this task.
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Figure 15. Period trend forecasting based on pixels (a–d) and occurrences (e–h) from 25–29 August
2016, related to Lake Taihu. Plots (a,b) represent the mapping of the reference data.

Figure 16. Period trend forecasting based on pixels (a–d) and occurrences (e–h) from 25–29 July 2017,
related to Lake Taihu. Plots (a,b) represent the mapping of the reference data.

In order to assess the significance of the results, hypothesis tests for the kappa coef-
ficient were performed. For the first period related to the Lake Erie study area, ABF-RF
and ABF-SVM performed equivalently, whereas for the second period, all forecasters were
statistically equal. Regarding the second study area, the ABF-RF and ABF-SVM models
were again statistically equivalent and significant in relation to ABF-LSTM. The results from
Lake Taihu demonstrated the superiority of the ABF-RF model; however, the performance
of this forecaster was equivalent to that of ABF-SVM in the second period.

Finally, Figure 17 shows the average run-time for each prediction model for all study
areas and periods. The ABF-LSTM model had a higher run-time due to the low-convergence
behavior commonly obtained by neural network models. In contrast, the ABF-RF model
delivered the lowest computation burden for all datasets. Given that the increase in the
number of pixels to be processed was proportional to the study area dimensions, the cost
assigned to Lake Taihu tended to be higher than in other areas.
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Figure 17. Computational run-times (average) for the study areas and evaluated periods.

3.4. Discussion

Algal blooms are a very challenging issue, discussed in a plethora of studies, mainly
due to their harmful effect on human beings and society. In the absence of ground-truth
terrestrial data, the use of remote sensing data has arisen as a convenient tool in detecting
and tracking algae blooms. Therefore, in this paper we have presented the ABF method,
which has been designed to predict such events by applying machine learning methods to
features extracted from remotely sensed image series and environmental data. Additionally,
the proposed approach is fully automatic and can act as a core component in environmental
monitoring systems, generating daily estimates based on the environmental behavior
observed in past data and with a self-adapting ability to reflect local and temporal dynamics.

Based on the formalization of our methodology as given in Section 2.3.1, the ABF
framework was validated in three different study areas and periods. The SVM, RF and
LSTM methods were coupled as machine learning components to the ABF design. By per-
forming an extensive battery of experiments, we verified that the combination ABF-RF was
capable of generating predictions that accurately matched the expected results. The consis-
tency of the predictions was demonstrated by computing several well-established metrics
that used official data (NESSDC—Lake Taihu) or estimates derived from an ensemble of
methodologies that are well-documented in the literature (Lakes Erie and Chilka).

Considering the obtained prediction maps (Figures 12–16), it is worth mentioning that
the ABF approach did not produce biased results in terms of false positive errors. Moreover,
the resulting maps were spatially consistent, as predictions/detections were not observed
in portions of the study area not affected by algal blooms.

From an environmental point of view, the obtained results corroborate previous
studies that discussed the insurgency of algae in several study areas. Concordantly, these
studies highlight the presence of typical components, mainly phosphorus and nitrogen,
as substantial factors in regard to algal insurgence events. Particularly, Kane et al. [78]
and Scavia et al. [79] reported that Lake Erie’s northwest-west-southwest contour has
been a site of soluble reactive phosphorus discharge through the primary effluent from
the Maumee River basin, and this was highlighted as one of the main factors responsible
for algal blooms in this region. Similarly, Barik et al. [80] found that algal blooms in Lake
Chilika occurred due to the local phosphorous concentration. Furthermore, the authors
showed that there was nutrient migration from the northeast to southwest lake regions
in the pre- and post-monsoon periods, respectively. Since the area and period considered
in our analysis (Figures 5, 8 and 14) included the southwest and post-monsoon portion,
we verified that the predictions generated by the ABF method were compatible with the
reported local dynamics. Finally, Liu et al. [72] measured the usual concentrations of Chl-a
in the northern and western portions of Lake Taihu during summer (June–August) and
autumn (i.e., September–November), caused by the entry of nutrients through adjacent
rivers, meaning that the main concentrationsof Chl-a were present in the northern-western
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portion. This finding was also observed in the results depicted in Figures 15 and 16, thus
confirming the accuracy of our method’s predictions from an environmental perspective.

4. Conclusions

Forecasting the proliferation of potentially harmful algal blooms in water bodies is an
essential task for fauna and flora preservation. Considering this environmental issue, in this
study we introduced a fully unsupervised methodology for the prediction of algal blooms
that relies on remotely sensed image series, climatic data and machine-learning-based
designs. Three study cases were used to validate and discuss the proposed methodology.
By making use of different image classification methods, in particular, SVM, RF and LSTM,
our approach was capable of learning information about the transient occurrence of algae
in a fully unsupervised fashion.

The prediction results and evaluation metrics demonstrated that the proposed method-
ology was capable of accurately forecasting the algal bloom phenomena for several lake
regions, covering different levels of complexity and specificity. Regarding the evaluated
forecasters, ABF-RF delivered more regular outputs for the three analyzed study areas, ob-
taining average scores of 95%, 94%, 51%, 0.38 and 8.22 for the validation metrics of overall
accuracy, F1-Score, kappa coefficient, R2-Score and RMSE, respectively, compared to 90%,
92%, 51%, 0.61 and 20.98 for ABF-SVM and 95%, 93%, 0%, 0.0 and 8.05 for ABF-LSTM.

Despite its robustness, accuracy and adaptability, there are a few aspects that must
be observed when using the ABF methodology. First, ABF performs best for images
with a low occurrence of cloud, as the temporal profile of algal proliferation tends to be
uninformative for images with substantial cloud incidence. The dimensions of the study
area could lead to an increased computational cost when training the machine learning
models. Finally, Internet availability is another issue, as the method requires updated
meteorological/climatic products.

In future works, we plan to (i) take other classification models as part of our ABF
methodology; (ii) evaluate the use of the proposed methodology in other study areas; (iii)
apply our learning apparatus to new application domains such as forest burning, defor-
estation and flooding; (iv) perform further investigations aiming at the early identification
of the most relevant spectral and environmental variables, skipping some costly steps of
the method so as to reduce its computational burden; and (v) develop new strategies to
store image time series on local databases, thus enabling cases in which the internet is
not available.
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