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Abstract: Monitoring algal blooms from space is a very challenging task, which becomes particularly
difficult when dealing with cyanobacteria blooms. Cyanobacteria are strategic organisms adapted
to a wide variety of environmental conditions. In high concentrations, they form scum on the
water surface, which is a concern for public health due to the production of toxins, as well as being
a nuisance. Knowledge of the ecological role of these organisms is, therefore, essential when trying to
estimate their extent from satellite-based data. We present a multidisciplinary approach, based on both
the ecological and the optical perspective. This approach is applied in a Brazilian Amazonian reservoir
using spatial and temporal scales. The ACOLITE processor is employed to perform atmospheric
correction. Extent of the algal bloom is mapped with outputs such as Rayleigh reflectance atmospheric
corrected images. Chlorophyll-a estimation is accomplished using a blue-green edge algorithm from
the Ocean Biology Processing Group (OBPG), and shows reasonable results (R2 = 0.95; RMSE = 0.40).
The SAred-NIR slope algorithm identifies the extent of the algal bloom at both the spatial and temporal
scale. Unfortunately, the performance of these algorithms is most likely affected by weather conditions
and glint effects. Therefore, this study recommends that cyanobacteria or phytoplankton studies in
this area ensure that their ecological functioning is carefully considered when attempting to map
occurrence using limited satellite imagery.
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1. Introduction

Eutrophication in man-made reservoirs has received considerable attention over time due to its
harmful effects on the aquatic environment and on human and animal health [1,2]. The increased
probability of algal blooms occurring is of major concern, especially where these blooms are due
to (toxic) cyanobacteria species. Under natural conditions in aquatic ecosystems, a balance exists
between cyanobacteria and other phytoplankton groups [3]. However, specific characteristics
may allow cyanobacteria to become prevalent. These characteristics are determined by a range
of features, including cellular physiology (gas vesicles within cells allow regulation of buoyancy)
and physiological response (light and nutrient utilization, for example), cell size, cell structure,
and general morphology [4]. The predominance of cyanobacteria over other species occurs under
specific environmental conditions, including optimal light intensity and water temperature, nutrient
availability and stability in the water column [2].
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Cyanobacteria harmful algal blooms (CHABs) form an increasing problem globally in all types
of water bodies due to mounting eutrophication [5–8]. Moreover, they are responsible for a variety
of impacts on environmental, economic and social scales [9]. They greatly impact on zooplankton
and fish populations in aquatic ecosystems [10]. The presence or absence of particular cyanobacteria
species may signal the ecological status of a water body; the dominance of cyanobacteria has been
particularly useful as an indicator for a high nutrient status [11]. Thus, monitoring of cyanobacteria
blooms in drinking water and reservoirs with secondary uses is necessary [12]. However, estimating
the occurrence of CHABs hot spots in unmeasured locations using traditional sampling methods is
very difficult [12–14].

Satellite remote sensing techniques offer suitable tools to integrate large-scale water quality
monitoring data [15,16] and have been widely used to estimate Chlorophyll-a [16–20] and
phycocyanin [21–29]. Cyanobacteria blooms have been studied using the bio-optical approach based
on retrieval algorithms for phycocyanin, a specific pigment of cyanobacteria. Very few methods use
multispectral data, such as Landsat, to estimate cyanobacteria density from atmospherically corrected
surface reflectance values, as proposed by [30–32]. The main challenge is still the low availability of
sensors with suitable spectral bands to retrieve cyanobacteria data using field-based approaches [33].

The Operational Land Imager (OLI) sensor onboard the Landsat-8 satellite has shown potential
regarding application in studies on aquatic environments [34]. OLI images were used by [35] to
estimate cyanobacteria density by means of empirical models and [36] emphasized the value of OLI
images based on the blue to green spectral region for assessing waters with a low to medium amount
of biomass of blue-green algae.

The study of CHABs in the Tucuruí hydroelectric reservoir (THR) in Brazil is of great importance,
due to the multiple uses of its water by the local population. However, the reservoir has only been
mentioned in a few studies [37,38] concerning phytoplankton density and never specifically regarding
CHABs. Monitoring cyanobacteria density with satellite images has not been undertaken at all. Here
we propose a multidisciplinary approach that aims to assess algal bloom extent and which includes
ecological and optical studies, in a spatial and temporal context as supported by [39]. The first
approach was based on the water limnology of the THR, consisting of physico-chemical parameters
and phytoplankton studies. The latter was based on the categorization of phytoplankton according to
their species’ survival strategy regarding different environmental changes. This categorization consists
of a list of 31 functional phytoplankton groups, represented by alphanumeric terms, established by [40].
The use of this classification has as main objective to detect patterns in the phytoplankton dynamic
and distribution, as well as relate them to environmental changes. The second approach was based on
the algal bloom extent and Chlorophyll-a estimated from OLI data.

The main goal of this study was to investigate if the combination between water limnology and
satellite imagery is a suitable approach to identify CHAB extent in the Tucuruí hydroelectric reservoir.
This motivation was based on the characteristics of the THR water conditions (with low/medium
Chlorophyll-a) and using the literature of [32,36]. The application of satellite remote sensing techniques
may help to compensate for the limited spatial dimension of traditional in situ methods. It permits
acquisition of necessary information at different spatial and temporal scales, allowing a more complete
analysis of aquatic ecosystems, and it is a functional analysis in synoptic order. We also aim to map
Chlorophyll-a on a spatial and temporal scale, as it is closely related to cyanobacteria occurrence. The
outcomes of this study aim to support water management regarding CHABs impact in the Tucuruí
hydroelectric reservoir.

2. Materials and Methods

2.1. Study Area

The Tucuruí hydroelectric reservoir (THR) is located in the Tocantins watershed (Amazon region)
between 3◦39′S 50◦6′W and 4◦45′S 49◦23′W, Pará State, in Brazil. It is one of the largest hydroelectric
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reservoirs of the Amazon region with a surface area ranging between 2800 and 3000 km2 during the
year and a storage capacity of 45.5 km3. The reservoir‘s length is approximately 170 km and its average
width is 14 km. Study sites included 16 sampling points for Chlorophyll-a, and 7 sampling sites for
phytoplankton as shown in Figure 1a,b. These sites cover different areas in the THR with their own
limnological complexity.
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The study area is located in a tropical region and is classified as continental. It is characterized by
a wet period from January to April, and a dry period from May to December, with very low rainfall in
August and September [41] (Figure 1b).

The THR has a complex dentritic pattern with a monomictic system. It is characterized by
short periods of circulation, as well as thermal and chemical stratification. According to [42], it is
a mesotrophic water body. The THR also shows characteristics of a reservoir in the process of
stabilization with a steady decrease in phytoplankton diversity [37]. The THR has inundated a vast
area of tropical rainforest, most of which was not removed during the filling phase. As described by [41],
the THR has its own limnological features due to its morphometry, climatological and hydrological
patterns, and relatively low retention time (45 days).

The damming of some tributaries did produce areas (such as C1 and MPUC in Figure 1a) with
a high retention time. A special dynamic process occurs in these areas, leading to high stratification
periods and high conductivity in lowermost water [43]. Due to reduction in water velocity and nutrient
accumulation, the biomass and the diversity of biological life is higher in these areas [44].
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The main purpose of this reservoir was electricity generation; however, secondary uses have
been noticed such as fish-farming and recreation [45]. Although these secondary uses require lower
water quality standards than necessary for drinking water, the Brazilian legislation (CONAMA) has
established certain criteria for secondary uses. These include maximum values for Chl-a (10 mg m−3),
cyanobacteria density (20.000 cells mL−1) or biovolume (2 mm3 L−1), turbidity (100 NTU), and color
(75 mg Pt Co L−1).

2.2. Field Survey Methodology

Two field surveys were conducted at two different water level phases of the THR, which is full
from February to May, and emptying from July to August. The first field survey was conducted
in April, and the second in July of 2016. The field survey times were chosen in order to show the
cyanobacteria spatial and temporal variability between full and dry reservoir phases and to coincide,
where possible, with Landsat 8 satellite overpasses during cloud-free periods. As the Amazon region
is covered in cloud most months, it was difficult to study periods of high rainfall (Figure 1b).

2.2.1. Phytoplankton Sampling and Analysis

Samples displaying physico-chemical and biological parameters were collected at 7 sites during
the four fieldwork campaigns and analyzed using standard methods described in [46]. The following
variables were measured: dissolved oxygen (SM 4500-OC); temperature (digital thermometer, SM 2550);
pH (PHTEK device, NBR 9896/1993); suspended solids ( SM 2540-D; transparency (Secchi disk); nitrite
(SM 4500-NO2-B); nitrate (SM 4500-NO3-B); ion ammonium (SM 4500NH3C); phosphate (SM4500-PC),
and Chlorophyll-a (extraction by acetone [47]). Phytoplankton was sampled in the morning using
plankton netting of 20 µm, fixed in the water at a depth of one meter with the boat moving at low-speed
for about three minutes at each sampling site. These samples were collected in 250 mL bottles and used
for qualitative analysis. For quantitative analysis, samples were collected from the water surface with
500 mL bottles. Samples were fixed with 4% Lugol’s solution at a proportion of 0.5 mL to each 100 mL.

The density of phytoplankton (cell L−1) was determined by the sedimentation method and
analyzed under an inverted microscope (Zeiss135) using a maximum magnification of 400× as
described in [48] and different chamber sizes ranging from 2 mL to 6 mL. Qualitative analyses were
performed using non-permanent slides with 1 mL subsamples. Approximately 10 to 15 counts were
conducted per slide until the first 100 individuals of the same species were observed. This analysis was
realized using a binocular microscope with 40× and 100× lenses (Leica). The species were identified
to the lowest possible taxonomic level, based on [49]. Phytoplankton biomass and biovolume were
estimated based on the cell or colony linear dimensions according to [50] using the same inverted
microscope as we used to measure phytoplankton density, and expressed in [mg (fresh weight m−3)],
where 1 mm3 = 1 mg m−3, and in percentage (%) as described in [51].

Descriptive statistics and correlation tests were performed to evaluate the dataset obtained in this
survey. Descriptive statistics were accomplished through determination of the minimum, maximum
and average values as well as standard deviation and coefficient of variation. Analysis of variance
was performed through a Kruskal-Wallis test to investigate differences between spatial and temporal
scales of limnology parameters with p < 0.05 significance. Correlation tests were assessed through
the Pearson coefficient with p < 0.05. Statistical analyses were performed using the program RStudio
version 1.0.153 (RStudio, Boston, MA, USA) [52].

2.2.2. Water Sampling and Analysis

The limnological measurements were made available by the Centre of Environmental Protection
of Eletrobras-Eletronorte (the company responsible for monitoring the water quality in the THR). Water
samples were measured every two months (from 2014 to 2016) at 16 locations and filtered through
a Whatman GF/52-C glass fiber filter, 47 mm in diameter and with a 1.2 µm pore size, to estimate the
Chl-a concentration in the laboratory. The filter was frozen and kept in the dark until further analysis
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was undertaken. The Chl-a concentration was estimated using the extraction-by-acetone method
through spectrophotometric analysis and a time-series is shown in the Supplementary Materials
Figure S2.

2.2.3. Remote Sensing Data Processing

In this study, we tested five scenes (on path 224, row 63) acquired between June 2013 and
September 2016 by the OLI multispectral sensor onboard of Landsat 8. Of the selected scenes, only
the data of those presenting clear skies and cloud-free conditions over the Chlorophyll-a sample
sites were considered. The free availability of data from the United States Geological Survey (USGS)
(http://earthexplorer.usgs.gov/), as well as the temporal resolution of 16 days of the OLI sensor,
provide certain advantages over other sensors. Orthorectified and terrain corrected Level1 OLI imagery
was obtained. Imagery of the USGS website is processed by the Level 1 Product generation System
(LPGS) and is provided in GeoTIFF format with UTM projection and WGS84 datum. The fieldwork
data were collected approximately three days before and/or after the overpass of the OLI sensor for
all scenes. The main characteristics of the OLI sensor are summarized in Table 1.

Table 1. L8/Operational Land Imager (OLI) bands with wavelength and ground sampling
distance (GSD).

Band Wavelength (nm) Range GSD (m)

1 (Coastal/aerosol) 433–453 30
2 (Blue) 450–515 30
3 (Green) 525–600 30
4 (Red) 630–680 30
5 (NIR) 845–885 30
6 (SWIR 1) 1560–1660 30
7 (SWIR 2) 2100–2300 30
8 (PAN) 500–680 15
9 (CIRRUS) 1360–1390 30

According to [53], the atmospheric correction of satellite measurements in aquatic ecosystems is
very important for the reason that a large part of radiation detected by the sensor is backscatter from
the atmosphere. Thus, to properly identify the pixel content in an image in terms of water quality,
the atmospheric correction presents a critical step in data processing of satellite images [54].

The atmospheric correction was performed using the ACOLITE—a binary processor for
atmospheric correction developed by the Royal Belgium Institute of Natural Science (RBINS), which
uses the Gordon and Wang approach [55]. The ACOLITE allows for a robust and easy atmospheric
correction. This process is fully described in [56,57]. Basically, the processor performs an atmospheric
correction in two steps: (1) a Rayleigh correction for scattering by air molecules, using a Look-Up Table
generated using 6SV [58]; and (2) an aerosol correction based on the short wavelength infrared (SWIR)
band. Output of ACOLITE is the water-leaving radiance reflectance (referred as ρw), remote sensing
reflectance (Rrs), among others, which can be used to compute multiple other parameters, such as
Chl-a and turbidity [59]. A summary of the atmospheric correction flow used in this study is shown in
the Figure A1 in Appendix A.

Moreover, this processor allows for the creation of an image subset to separate water (the area
of interest) from land and cloud. To apply image processing procedures on the water covered areas,
an image masking procedure was thus applied. In the masking process, the SWIR 1 band (1609 nm)
was used with a 2.15% threshold.

2.2.4. Chlorophyll-a Algorithm

The ACOLITE processor allows for a specification of outputs per wavelength. In this study,
we specified outputs such as remote sensing reflectance (Rrs (sr−1)), Chlorophyll-a using an algorithm

http://earthexplorer.usgs.gov/
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developed by the Ocean Biology Processing Group (OBPG) (http://oceancolor.gsfc.nasa.gov/),
and the atmospheric correction applied here is fully described in [56] and a summary is described
in Appendix A.1. The OLI sensor has appropriate bands to retrieve Chl-a concentrations using the
blue-green ratio (Equation (1)) according to [59].

Chl-a (mg m−3) = 10ˆ(a0 + a1 × R + a2 × R2 + a3 × R3 + a4 × R4), (1)

where, R is the logarithm of the ratio of maximum blue to green reflectance, and a0 to a4 are 0.2412,
−2.0546, 1.1776, −0.5538 and −0.4570, respectively. This algorithm has been calibrated for the OLI
sensor by [60] in the three band configuration (~440, ~490, and ~560 nm).

A group of 21 sample matches-up and five scenes were used to assess the Chlorophyll-a
concentration. All sampling matches were buffered to create a 3 × 3 pixel window corresponding
to the spatial scale (pixel size) of the OLI sensor as described in [35]. The median value for the
3 × 3 window was extracted from all scenes generated by the Chl-a algorithm. After extraction of
each sampling point, we proceeded with the statistical analysis to compare the measured in situ
Chl-a with the values estimated by the Chl-a algorithm. Pixel extraction and map layouts were
performed using the latest version of SeaDAS (version 7.4, NASA, Washington, DC, USA) available on
https://seadas.gsfc.nasa.gov/ and ArcMap (version 10.5.1, ESRI, Redlands, CA, USA), respectively.

2.2.5. Algal Blooms Extent

To assess the extent of algal blooms in the THR, we used a simple slope algorithm approach
(referred as SAred-NIR) developed by [32] for inland waters, using OLI and TM sensors of the Landsat
imagery and Equation (2):

SAred−NIR =

(
ρc(red) − ρc(NIR)

λred − λNIR

)
× 1000 (2)

where, red stands for 665 nm, NIR for 865 nm and ρc for Rayleigh corrected reflectance. A summary of
the processing steps to obtain ρc is described in Appendix A.2. This algorithm allows the identification
of different classes of algal bloom, including severe and moderate bloom, which are summarized in
Table 2. High probability of severe bloom of cyanobacteria occurs when SAred-NIR results are greater
than the factor of 0.15 and when Chl-a concentration is higher than 50 (µg L−1). Moderated bloom
is probable to occur when the results of the SAred-NIR is in the range of −0.05 to 0.15 and Chl-a 5 to
10 (µg L−1). Additionally, severe bloom is characterized by positive slope between band 4 (665 nm)
and 5 (865 nm), and it is more neutral for moderated bloom and negative for non-bloom conditions
according to [32].

Table 2. Main characteristics of algal blooms according to [32].

Characteristics Severe Bloom (SB) Moderate Bloom (MB)

Water surface layer Characterized by a thick scum of algae No scums but is visible in the surface layer
Cyanobacteria counts (cell L−1) ≥100,000 10,000–100,000

Toxins Presence of cyanotoxin
Biovolume (mm3 L−1) ≥10 1–10

Chl-a (µg L−1) ≥50 5–10
SAred-NIR >0.15 −0.05–0.15

The advantages of the SAred-NIR algorithm are its ability to identify algal blooms in the presence of
thin cloud (a frequent issue in inland waters, mainly in the Amazon region) and it uses the OLI sensor
products, which are freely available from the United States Geological Survey [61]. Moreover, input to
the SAred-NIR algorithm in this study is level 1 data, first corrected by removing the molecular scattering
effects and converted to Rayleigh corrected reflectance as described by [56,62] and summarized in
Appendix A.2.

http://oceancolor.gsfc.nasa.gov/
https://seadas.gsfc.nasa.gov/
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2.3. Performance Assessment

Results of the Chlorophyll-a algorithm performance was assessed using error metrics such as
Mean Square Error (MSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE),
Root Square error (RMSE), bias, mean normalized bias (MNB), and determination coefficient (R2),
which are described in Table 3.

Table 3. Summary of error analysis used in this study.

Estimator Equations

MSE 1
n

n
∑

i=1

(
xestimated

i − xmeasured
i

)2

MAPE
{

mean
(

1
n

n
∑

i=1

∣∣∣ xi
estimated−xi

measured

xi
measured

∣∣∣)}
× 100%

RMSE RMSE =
√

MSE

bias 1
n

n
∑

i=1

(
xi

estimated − xi
measured

)
MNB 100

n

n
∑

i=1

∣∣∣ xi
estimated−xi

measured

xi
measured

∣∣∣
3. Results

3.1. Ecological, Spatial and Temporal Approaches

The ecological data, both spatial and temporal, are summarized in Table 4, which presents the
main environmental characteristics of the sampling sites. Each site was characterized based on work
by [43] and according to the phytoplankton functional group classification described in [40].

Table 4. Environmental characteristics of the sample sites of the study area.

Sites (Spatial Perspective) Local Characteristics Functional Groups (Ecological Perpective)

April to July
M3 River zone P→ B

MPUC Transition zone M→ B
MBEL Transition zone G→ NA

MR Transition zone M
M1 Lake M→ F
BB Lake P→ B
C1 Lake H1→MP

Our results on Table 4 showed that at the sites MPUC, MBEL, and M1 the seasonal progression
passes through a sequence leading from eutrophic to mesotrophic waters. M3, however, depicts
an oligotrophic to mesotrophic classification at a temporal scale. These sites are characterized by
species of the M and P associations in April and the B, NA, and F associations in July.

Phytoplankton organisms of the M and P associations are typical of the turbid waters, with mixed
layers, and major representatives are cyanobacteria species. Those of the B, NA, and F associations
mostly represented by Chlorophyta and Zygnematophyta, are organisms thriving in clear, deeply mixed
oligo to mesotrophic and meso to eutrophic waters. The sites that are situated at the dendritic regions
of the reservoir (C1 and BB) (Figure 1a) are characterized in April by species adapted to eutrophic
waters with low nitrogen content, and in July by species adapted to nutrient-rich, warm and mixed
water columns.

Figure 2a,b presents the algae groups contribution to the total biovolume in percentage for April
and July of 2016, respectively. Our results show dominance of cyanobacteria in April, while in July
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there is an increase of green algae and diatoms. In April, the average cyanobacteria dominance
is 63.10% (±9.18) with maximum contribution of the Microcystis aeruginosa specie (27.71%) to total
biovolume, while in July, cyanobacteria average is 21.95% (±6.73) with maximum contribution of the
Raphidiopsis curvata specie (30.16%).
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Temperature (◦C) 29.28 30.91 29.73 0.52 1.75

pH 7.55 8.67 7.87 0.30 3.77
Suspended solids (mg L−1) 0.20 3.00 1.43 1.00 69.80

Transparency (m) 1.10 3.10 1.86 0.67 36.30
EC (µs/s) 36.30 40.60 37.65 1.41 3.74

Nitrate (mg L−1) 0.00 0.05 0.02 0.02 82.02
Ion ammonium (mg L−1) 0.02 0.29 0.11 0.12 107.25

Phosphate (µg L−1) 0.00 0.01 0.01 0.00 58.37
Silicate (mg L−1) 1.90 5.01 4.04 1.08 26.79
Chl-a (mg m−3) 2.34 58.54 13.44 14.78 110.00
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Table 5. Cont.

b. Dataset Measured on July 2016 at 7 Sites

Parameter Min Max Average SD CV (%)

DO (mg L−1) 4.62 7.14 5.57 0.82 14.78
Temperature (◦C) 29.54 31.60 30.55 0.68 2.22

pH 6.97 7.20 7.07 0.07 1.04
Suspended solids (mg L−1) 0.20 1.10 0.59 0.32 53.74

Transparency (m) 1.60 4.50 2.50 0.85 33.81
EC (µs/s) 13.00 41.30 26.26 10.12 38.54

Nitrate (mg L−1) 0.01 0.44 0.16 0.15 90.49
Ion ammonium (mg L−1) 0.02 0.47 0.16 0.13 77.26

Phosphate (mg L−1) 0.00 0.06 0.01 0.02 132.64
Silicate (mg L−1) 7.04 8.16 7.77 0.38 4.92
Chl-a (mg m−3) 0.89 8.50 2.59 2.47 95.64

Table 5 contains descriptive statistics of the water quality parameter results. Higher values
of dissolved oxygen were measured in April with an average of 5.55 (±0.69) mg L−1. Nutrients
such as nitrite, nitrate, and phosphate were more abundant in July than in April with averages of
0.49 (±0.24) µg L−1, 0.22 (±0.09) mg L−1, and 11.08 (±2.96) µg L−1, respectively. The mineral silicate
presented maximum concentrations in July with an average of 7.58 (±0.30) mg L−1 and significant
variation in temporal scale (p < 0.01). Water transparency, which is the combination of effects of
color, turbidity and algae, increased from April to July, however this parameter did not present
significant spatial and temporal variation. The average color in the time series analysis (Figure S5
in the Supplementary Materials) was 29.82 (±27.76) Pt Co and this parameter varied significantly in
spatial and temporal scales (p < 0.05).

3.2. Optical, Spatial and Temporal Approaches

Figure 3 shows the spectral Rayleigh corrected reflectance values at sampling sites with less
weather interference (i.e., a cloudless sky and the absence of haze) acquired from the OLI sensor
in (Figure 3a) April and (Figure 3b) July, 2016. This figure indicates that the spectral reflectance
characteristics, which are associated with the algal bloom intensity, of the sample sites are similar in
April, differing only in magnitude. The slope between band 4 (665 nm) and 5 (865 nm) is positive for
severe bloom conditions due to the high absorption of Chl-a in the red region of the spectrum and high
scattering of algal cells in the NIR region. The MR and M1 sites showed higher cyanobacteria relative
percentage than the M3 site (see Figure 2a). On the other hand, in July the slope at the NIR region
is less evident than in April, indicating high absorption of water, low scattering in the NIR region,
corroborating with low Chl-a concentrations in these sites.
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In addition, Figure 3 shows that sites can be distinguished according to the difference in Chl-a
concentration in the visible spectral region. The MR and M1 sites will very likely see an increase in
Chl-a concentration in April (Figure S2 in the Supplementary Materials), contributing to the increase
in magnitude of their spectral features. Features associated with phycocyanin absorption (near 630
nm) and reflectance by Chl-a (near 720) do not occur. However, the high reflectance in the green region
and low absorption in the blue region are associated with Chl-a presence [63].

Figure 4 shows the results of the SAred-NIR algorithm applied to the Rayleigh corrected reflectances
in April 2016 in the false color composition (R = 665 nm, G = 561 nm, B = 483 nm). Three sites indicated
the presence of algal bloom corroborating with our results in Figure 2a,b. These three sites are very
likely to display severe algal blooms in April, decreasing to moderate or no bloom in July. In addition,
our Chl-a results show higher concentrations in April than in July. This would classify this reservoir to
eutrophic conditions while in the emptying phase, it is categorized as oligotrophic to mesotrophic due
to its low Chlorophyll-a concentration.
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Figure 5 shows the results of the SAred-NIR algorithm applied to the Rayleigh corrected reflectances
of July, 2016. In this month, the THR is very likely to exhibit low Chl-a concentrations and oligo to
mesotrophic waters. However, M3 site showed an indication of a moderate bloom and SAred-NIR
varying from –0.06 to 0.05.
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Figure 6 shows a plot of measured and estimated values of Chl-a. Chlorophyll-a is estimated
using the OBPG algorithm and it is an output of the ACOLITE processor.

Figure 7 shows the map of Chl-a concentrations estimated by the OBPG algorithm using the
coastal aerosol (443 nm), blue (483 nm) and green (561 nm) bands and the dataset of Chl-a time series.
Many pixels with cloud cover and aerosol effects were not retrieved through remote sensing reflectance,
resulting in such areas emerging without pixel value (i.e., white in color). For the depicted results from
2016 (spatial and temporal variation), we only used sites unaffected by weather conditions to assess
the goodness of the fit between measured and estimated values (Figure 6).
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Performance assessment revealed good agreement between measured and estimated Chl-a as
described in Table 6.

Table 6. Error analysis results.

Parameter RMSE (%) MAPE (%) Bias MNB (%)

Chl-a (mg m−3) 40 31.97 0.37 13.46

4. Discussion

Water quality monitoring in reservoirs is an important approach to understanding the complexity
of this environment. These environments are classified as ecosystems with permanent disturbance on
a vertical and horizontal scale [64] and their water quality is greatly influenced by human interference.

In the case of the THR, little human interference affects its water quality, due to minimal
occupation near its edges and insignificant changes in land use and cover, as is described by [65].
When the THR is full, the main source of nutrient loading is rainfall, while in the emptying phase it is
the water level, which releases nutrients from the bottom [66]. The THR is characterized by areas with
different limnological patterns as a result of its morphometry, and areas which were not deforested
prior to the flooding [43,67].

This study proposes a multidisciplinary approach to assess the feasibility for the OLI sensor to
monitor algal blooms in the THR. To this effect, an ecological and optical approach in both spatial and
temporal scale is applied. An understanding of the ecological characteristics of reservoirs, including
bio-physical and chemical features, is important for their water management. Biological studies are
important to assess uses of water in reservoirs due to their close relation to the effects of algal blooms.
Enhanced phytoplankton growth is a major concern for policy and management particularly when the
reservoir is used for recreation, aquaculture or potable supplies [68].

Our results show that Chl-a concentrations were higher in April (full reservoir and at the river
zone) at 15.51 mg m−3 than in July at 4.10 mg m−3. Significant variation (p < 0.05) of Chl-a concentration
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was found between months but not in spatial scale. In the full phase of the reservoir, Chl-a tends to
increase at certain sites near dendritic and edge areas. In April, Chl-a concentrations in the water
were in the range of eutrophic, while in July the range reached oligotrophic to mesotrophic values.
Da Costa Lobato et al. [42] showed similar results in the emptying phase of the reservoir (June to
August), classifying this reservoir as mesotrophic with few oligotrophic sites. Low trophic levels in
this reservoir could be related to its stabilization process, which is a positive factor for the maintenance
of the phytoplankton diversity and biomass [2].

The OBPG algorithm applied to this study area showed to be able to represent the spatial dynamic
of the THR in favorable weather conditions for Chl-a. The SAred-NIR algorithm could identify the
algal bloom extent even in thin cloud conditions (Figure 4d). The algorithm attached higher values of
SAred-NIR to areas with higher nutrients in calm weather conditions, as preferred by cyanobacteria [11].

We observed a negative correlation between Chl-a and cyanobacteria density; a result that was also
observed by [37] in earlier years. In developing a trophic state index for tropical/subtropical reservoirs,
De Souza Cunha et al. [69] noted poor correlation between Chl-a concentration and phytoplankton
abundance. The main reason for such a poor correlation between Chl-a and phytoplankton abundance
is a shift occurring between phytoplankton groups, which contributes to the total Chlorophyll-a content.
This shift was reported by [70] studying algae in the Arctic, where authors reported an increase in
small phytoplankton cells over larger cells, while Chl-a concentrations did not change.

We also observed an increase in phytoplankton abundance in the lake zone (sites M1, C1
and BB), although the Chl-a concentration did not show significant variation between sites.
Kasprzak et al. [71] reported shifts within the phytoplankton community related to the nutrient load
during eutrophication periods. They reported a replacement of small flagellates by green algae.
This may be caused by different requirements among phytoplankton species for nutrients. Due to
this shifting in the phytoplankton group, caution is necessary when using Chl-a as an estimator
of phytoplankton biomass [72]. Dinoflagellates and some cyanobacteria species can actually have
relatively low Chlorophyll-a content per cell biovolume [73,74]. Certain cyanobacteria species, such
as Dolichospermum circinalis and Microcystis aeruginosa, present protoplasm that reflects in the green
region; and sometimes these species appear to be dark or brown in color with their gas-filled vesicles
scattering light in the blue region [6].

Our results show an increase in density of the Nostocales order represented by the Raphidiopsis
curvata species in the cyanobacteria group from April to July of 2016 (see Figures S1 and S2). We also
observed an increase in nutrients such as phosphate between April and July, accompanied by
an increase in silicate. Species of the Nostocales order favor turbid waters with a high phosphor
concentration [75]. They are able to fix atmospheric nitrogen in low, combined inorganic sources,
opening up opportunities for them to grow in low Chl-a waters classified as oligotrophic [76].
The increase in turbidity in the THR during its emptying phase is due to the increase in diatoms, which
could explain the high silicate values in July [46].

In spite of this study area being located in a cloudy region and investigated in the wet season
(Figure 7a), the OBPG algorithm made a fair estimation of the Chl-a concentrations during the
cloud-free period with low glint effect, corroborated with field measurements as shown in Figure 6.
However, when the glint effect is high (August to September), the estimation becomes very poor.
In the supplementary material, the OBPG algorithm is seen to be applied in cloud-free and low glint
conditions (Figure S1). In this case, it is evident that the THR seasonally alternates between being
classified as eutrophic (in April Figure 7a—full reservoir) and as meso-oligotrophic (in July Figure 7b;
Figure S1—emptying reservoir).

In April, M1, MR and M3 were classified as severe bloom areas based on the SAred-NIR algorithm.
The main causes were significant variation on pH levels and changes in weather conditions in temporal
scale [2]. The pH level, in many aquatic systems, plays an important role regulating algal abundance
and distribution as showed by [77]. Moreover, a decrease in cyanobacteria under acidified water
conditions has been showed by [78,79]. We believe that it is very unlikely that the OLI sensor is



Sustainability 2017, 9, 2194 14 of 20

capable of monitoring algal bloom in July (emptying phase) in this study area on a temporal scale.
The main reason being the turbulent environment, which favors diatom biomass increase, consequently
increasing turbidity and benefitting species adapted to high turbidity, such as those of the Nostocales
order. Additionally, filamentous cyanobacteria, as the Notocales, may be abundant but rarely form
scums in turbulent waters [80]. Turbidity increase is due to the increase in phytoplankton biomass.
Scum is conductive to high reflectance in the red and NIR bands as outlined by [66] and it allows for
flagging of the algal bloom extent; however, if no scum is formed, algal bloom will not be detectable
using the OLI sensor.

5. Conclusions

We used ecological and optical approaches in spatial and temporal contexts to map algal bloom
extent in the Tucuruí hydroelectric reservoir (THR). Our main objective was to investigate whether
the combination between water limnology and satellite imagery is a suitable approach for monitoring
spatial distribution and temporal frequency of algal blooms and establish their potential toxicity in
the THR. Despite the fact that the ecological and optical approaches showed both drawbacks and
advantages, the overall conclusion is that the OBPG algorithm is suitable for estimating the spatial
and temporal variability in Chl-a concentrations. Thus, this algorithm may be applied to this study
area, using OLI/L8 imagery in the periods of little cloud cover on a temporal scale and with good
understanding of its water limnology.

Interestingly, the OBPG algorithm showed a fair result for this study area, which was not expected
due to the use of the blue green ratio. However, the explanation for such a result might be that
the oligotrophic to mesotrophic classification between July and September yielded Rrs towards the
blue-green region. Additionally, this study area presents low turbidity and color concentrations from
July to September as shown in the supplementary material (Figures S3 and S5).

Despite the limitations of the SAred-NIR algorithm, it showed that it is possible to flag algal bloom
occurrence with some a priori knowledge of the study area and availability of limnological and remote
sensing data. As the main drawback of this study was using a reduced number of satellite images,
we recommend that cyanobacteria or phytoplankton studies in this area ensure that their ecological
functioning is carefully considered when attempting to map occurrence using limited satellite imagery.
Moreover, the goal of this study was not to quantify algal blooms directly. Instead, this approach
meant to search for patterns in space and time based on their ecological preferences for conditions
(such as physical, chemical and biological) that would favor algal blooms. Therefore, generated maps
based on their probable occurrence would help water management decisions.

In conclusion, further study on the bio-optical properties of Amazonian reservoir waters would
be beneficial to local water management in order to understand the water quality issues in these areas.

Supplementary Materials: The following are available online at www.mdpi.com/2071-1050/9/12/2194/s1,
Figure S1: Maps of Chl-a concentration (mg m−3) estimated from OLI sensor using the OBPG algorithm for 16
June, 18 July and 03 August of 2013, Figure S2: Time series of Chl-a in the Tucuruí hydroelectric reservoir from
2014 to 2016, Figure S3: Time series of turbidity in the Tucuruí hydroelectric reservoir from 2014 to 2016, Figure S4:
Time series of Secchi disc in the Tucuruí hydroelectric reservoir from 2014 to 2016, Figure S5: Time series of color in
the Tucuruí hydroelectric reservoir from 2014 to 2016, Table S1: Cyanobacteria taxa and biovolume in percentage
in April 2016, Table S2: Cyanobacteria taxa and biovolume in percentage in July 2016.
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Figure A1. OLI processing flow applied to the imagery of this study.

L8/OLI imagery at L1T was obtained from EarthExplorer [61] and used as input to the ACOLITE
processor. In ACOLITE, atmospheric correction is performed through the advanced settings section.
This section includes aerosol and Rayleigh correction options. For scenes of this study, we used NIR
atmospheric correction because our samples showed turbidities lower than 30 NTU. The default is to
use the SWIR band when water is moderately to extremely turbid (>30 NTU).

Appendix A.1. Chl-a Algorithm Processing Steps

To achieve the Chl-a algorithm results, level 1 images were first converted from Digital Numbers
(DN) to Top Of Atmosphere radiances (TOA):

LTOA = ML × DN + AL (A1)

where, ML (multiplicative factor, gain) and AL (additive factor, offset) are values provided in the
metadata file. TOA reflectances (ρOA) were computed according to the Equation (2):

ρTOA =
π× LTOA × d2

F0× cos θ0
(A2)
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where, F0 stands for extraterrestrial solar irradiance, d for sun-earth distance in Astronomical Units,
and θ0 the sun zenith angle. ρTOA is assumed to be the sum of aerosol reflectance (ρa). Rayleigh
reflectance (ρr) and the water-leaving radiance reflectance just above the surface

(
ρ0+

w
)

:

ρTOA= ρa+ρ+ t× ρ0+
w (A3)

ρ0+
w =

π× L0+
w

E0+
d

(A4)

where, E0+
w is the water-leaving radiance, and E0+

d the down-welling irradiance, both above the water
surface. The superscript from ρ0+

w is dropped and water-leaving radiance reflectance is referred as ρw

which was divided by π to convert into remote sensing reflectance (Rrs). More details on atmospheric
correction of Landsat 8 imagery using ACOLITE is given in [56,57,59,81].

Appendix A.2. Rayleigh Corrected Reflectance

Rayleigh corrected reflectance (ρc) products used as input to the SAred-NIR were obtained from
Rayleigh reflectance (ρr), which uses sun and sensor geometry. Input atmospheric conditions were
atmospheric pressure (1004 hPa); Rayleigh scale factor (0.99), and site elevation (70 m). Additional
options are aerosol epsilon (user defined = 1) and user defined alpha (ration of water reflectance in the
re/NIR) bands) equal to 8.7 from [81].

Rayleigh-corrected reflectance (ρc) is obtained after subtraction of ρc from ρTOA with the
following equation:

ρc= ρTOA − ρr= ρa+ t0tvρw (A5)

where, ρr and ρa are the reflectances resulting from Rayleigh and aerosol scattering; t0 and tv are the
sun and sensor diffusive transmittances; ρw is the water-leaving radiance reflectance.
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