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Abstract: Satellite-based monitoring of cyanobacterial harmful algal blooms (CyanoHABs) heavily
utilizes historical Envisat-MERIS and current Sentinel-OLCI observations due to the availability of the
620 nm and 709 nm bands. The permanent loss of communication with Envisat in April 2012 created
an observational gap from 2012 until the operationalization of OLCI in 2016. Although MODIS-Terra
has been used to bridge the gap from 2012 to 2015, differences in band architecture and the absence
of the 709 nm band have complicated generating a consistent and continuous CyanoHAB monitoring
product. Moreover, several Terra bands often saturate during extreme high-concentration CyanoHAB
events. This study trained a fully connected deep network (CyanNet) to model MERIS-Cyanobacteria
Index (CI)—a key satellite algorithm for detecting and quantifying cyanobacteria. The network was
trained with Rayleigh-corrected surface reflectance at 12 Terra bands from 2002–2008, 2010–2012, and
2017–2021 and validated with data from 2009 and 2016 in Lake Okeechobee. Model performance
was satisfactory, with a ~17% median difference in Lake Okeechobee annual bloom magnitude. The
median difference was ~36% with 10-day Chlorophyll-a time series data, with differences often due
to variations in data availability, clouds or glint. Without further regional training, the same network
performed well in Lake Apopka, Lake George, and western Lake Erie. Validation success, especially
in Lake Erie, shows the generalizability of CyanNet and transferability to other geographic regions.

Keywords: algal blooms; time-series; multi-mission; deep neural networks; cyanobacteria index

1. Introduction

Satellite ocean color sensors such as the Medium Resolution Imaging Spectroradiome-
ter (MERIS) onboard the Envisat satellite and the Ocean Land Color Imager (OLCI) on
the Copernicus Sentinel-3 mission have been invaluable for detecting and monitoring
cyanobacterial blooms in inland and coastal waters worldwide [1–4]. In addition, satellite
observations from MERIS and OLCI have proven helpful for monitoring the spatial extent,
intensity, duration, and severity of cyanobacterial algal blooms in lakes and other inland
water bodies [2,5–7]. Thus, long-term satellite time series of specific bloom metrics are
invaluable for monitoring trends in Cyanobacterial Harmful Algal blooms (CyanoHABs)
conditions in lakes and reevaluating the effectiveness of water quality policies and mitiga-
tion measures in place.

However, challenges in long-term continuous observations, at least on a decadal
scale, occur due to discontinuity in planned satellite missions. For example, the loss of
communication with Envisat forced a premature end to the MERIS/Envisat operations,
which spanned from March 2002 to April 2012. The follow-up to MERIS, OLCI, became
operational on the Sentinel-3A satellite in May 2016 and on the Sentinel-3B satellite in
October 2018. No space-borne sensor with similar band architecture was available from
April 2012 to May 2016, creating a four-year temporal data gap in the MERIS/OLCI time
series. One of the operational ocean color sensors, the National Aeronautics and Space
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Administration’s (NASA)’s Moderate Resolution Imaging Spectroradiometer (MODIS) on
the Aqua and Terra satellites, could potentially fill the temporal data gap. However, the sen-
sor does not have the same spectral configuration and radiometric range as MERIS/OLCI
sensors. Specifically, MODIS does not have a 620 nm band (Table 1) useful for discriminat-
ing cyanobacteria [8–10] or the red-edge band centered at 709 nm, which is a critical band
in several Red/NIR-based algorithms such as Cyanobacteria Index (CI) [11], Maximum
Chlorophyll Index (MCI) [12], Maximum Peak Height (MPH) [13], and Normalized Dif-
ference Chlorophyll Index (NDCI) [14]. In addition, the bands designed for ocean remote
sensing have a limited radiometric range and may saturate over bright targets, including
turbid water and algal blooms.

Table 1. Selected MODIS and OLCI/MERIS bands over visible and red-edge near-infrared. * Ocean
bands that may saturate because of limited radiometric range.

Band Center Wavelength (nm)
MODIS MERIS/OLCI

412.5 412.5
443 442.5
469 -

488 * 490
531 * 510
551 560

555 * 560
- 620

645 -
667 * 665

- 673.75
678 * 681.25

- 708.75
748 * 753.75
858.5 -

869.5 * 865

Given the challenges of using the MODIS sensor for this purpose, Wynne et al. used
MODIS observations to estimate CI by replacing the MERIS/OLCI 665 nm, 681 nm band,
and the red-edge band with the MODIS 667 nm, 677 nm, and 748 nm NIR band, respec-
tively, in Lake Erie [15]. Since then, several other studies have utilized MODIS-based
CI for detecting and monitoring cyanobacteria blooms in the southern Caspian Sea [16],
an optically shallow estuary of Florida Bay, FL [17], Lake Erie for monitoring potential
toxin tracking near drinking water intake locations [18], and Baltic Sea [19]. The 620 nm
band, absent in MODIS, is another critical band desired for monitoring cyanobacterial
algal blooms. This band covers the absorption peak of phycocyanin (PC), a characteristic
photopigment in cyanobacteria [9,20], and is often used to confirm cyanobacteria detec-
tion. For example, to separate cyanobacteria from other algal biomass, [8] incorporated
a second spectral shape identifying the curvature from 620 to 665 nm to 681 nm band.
A positive curvature indicates the occurrence of phycocyanin-containing cyanobacteria. As
the CI algorithm can sometimes include non-fluorescing eukaryotic algae, this additional
algorithm distinguishes cyanobacterial blooms from other non-fluorescing blooms [8,10].
Due to the lack of a 620 nm band, the MODIS CI product does not have the additional
cyanobacteria confirmation flag as in the CIcyano algorithm available for MERIS and OLCI.
Additionally, the MODIS red-NIR bands suitable for CI product [15,21] often saturate over
bright high-scattering waters with very high turbidity [22] or dense algal blooms [15,16] As
a comparison, in Lake Okeechobee (Figure 1a), OLCI CIcyano did not saturate over intense
bloom biomass areas in the 07/02/2018 image (Figure 1b,c). However, MODIS CI satu-
rated in over significant part of the bloom where the cyanobacteria chlorophyll-a (Chl-a)
concentrations exceeded about 100 mg m−3, forming surface accumulations (Figure 1d,e).
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showing Lakes, Okeechobee, Apopka, and George in Florida (area enclosed by the red rectangle in 
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True-color OLCI image at native resolution (300 m) showing the presence of cyanobacteria biomass 
in high concentration, (c) Resampled CIcyano from OLCI, (d) True-color Terra image, and (e) Terra CI; 
darker gray in the east-central part of Lake Okeechobee in Terra CI image indicates failure due to 
saturated pixels, which corresponds to the intense bloom area in the OLCI image. Light and medium 
gray colors indicate clouds and land. Black color in panels (c) and (e) indicates “non-detect”; insuf-
ficient cyanobacteria for detection by the algorithms (see Section 2.1 for more information). 

Figure 1. An example of failure due to the saturation of MODIS CI bands over intense cyanobacteria
blooms in Lake Okeechobee on 2 July 2018. (a) Location of the studied lakes, with the main map
showing Lakes, Okeechobee, Apopka, and George in Florida (area enclosed by the red rectangle in
the inset), and the inset showing the contiguous United States with study areas highlighted—western
Lake Erie (WLE) basin in turquoise, Lake Erie in light blue, and the state of Florida in blue. (b) True-
color OLCI image at native resolution (300 m) showing the presence of cyanobacteria biomass in high
concentration, (c) Resampled CIcyano from OLCI, (d) True-color Terra image, and (e) Terra CI; darker
gray in the east-central part of Lake Okeechobee in Terra CI image indicates failure due to saturated
pixels, which corresponds to the intense bloom area in the OLCI image. Light and medium gray
colors indicate clouds and land. Black color in panels (c) and (e) indicates “non-detect”; insufficient
cyanobacteria for detection by the algorithms (see Section 2.1 for more information).
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Establishing consistency among MODIS CI and MERIS/OLCI CIcyano is also a chal-
lenge as they are generated from three different sensors with different Full Width Half
Maximum (FWHM) of needed bands and their band centers. Wynne et al. addressed this
issue by intercalibrating MODIS CI with MERIS and OLCI CI using a simple linear regres-
sion approach [23]. To address a similar problem, [24] used a neural network approach to
model a MODIS MCI product consistent with MERIS/OLCI MCI. They produced synthetic
MERIS/OLCI-like bands centered at 681, 708, and 753 nm from MODIS bands as inputs
to the neural net. They calculated a synthetic MODIS MCI in Lake Erie and two other
Canadian lakes—Lake Winnipeg and Lake of the Woods. However, their neural network
model needed to be regionally retrained for each lake [24].

In this study, our primary goal was to develop a generalizable method to fill the
four-year gap of temporal data in the MERIS/OLCI CI time series using data from MODIS
with machine learning (ML) approaches. Our specific objectives are:

1. Develop a framework to generate a MODIS CIcyano time series that is consistent with
MERIS/OLCI CIcyano and can be used to fill the four-year gap in the MERIS/OLCI
CIcyano time series in Lake Okeechobee,

2. Develop a method that can address the MODIS Red-NIR saturation issue over bright
targets and minimizes the spatial data loss in the CIcyano products, and

3. Independently validate the MODIS-generated CI in other lakes proving the replicability
and geographic transferability of the model, without retraining, for broader application.

2. Materials and Methods
2.1. Satellite Data
2.1.1. MERIS/OLCI CIcyano Data

CIcyano products were derived from 300 m resolution data from the MERIS sensor
onboard the Envisat satellite for 2002–2011 and from the OLCI sensor on the Copernicus
Sentinel-3A for 2016–2020. We calculated spectral surface reflectance (ρs(λ); unitless)
from MERIS and OLCI L1B data using NASA’s SeaDAS OCSSW data processing pack-
age (version msl12 9.5.1), the NASA standard software for processing ocean color data
and projected it to an Albers projection and saved it as level 3 (L3) files. ρs(λ) data
were determined by removing Rayleigh radiances and corrected for elevation from the
instrument-observed top-of-atmosphere radiances, then converted to reflectance via
normalizing with downwelling irradiance at the sea surface. Clouds and strong sun
glints were masked using a cloud and glint detection algorithm [25]. Finally, we dis-
carded adjacent pixels along each water body to avoid land adjacency issues, including
mixed land/water pixels, and to ensure the signals originating from land vegetation
were identified and excluded from further analysis [26]. The remaining pixels are
termed “valid pixels”. The Cyanobacteria Index [8,11], a cyanobacterial biomass indi-
cator, was calculated below (Equation (1)). The algorithm is explained in greater detail
elsewhere [1,8,27,28] and briefly described here.

The Cyanobacteria Index in its original form was formulated as a spectral shape of the
form of a second derivative centering 681 nm, SS (681) (Equation (1)), where it measured
the 681 nm reflectance peak height from a baseline drawn between 665 nm and 709 nm
bands [11]. A negative SS (681) represented the presence of cyanobacteria, which could
be attributed to cyanobacteria having a much lower fluorescence signal at 681 nm than
eukaryotic phytoplankton. In contrast, a positive SS (681) or a well-defined fluorescence
peak around 681 nm described cyanobacterial absence or a CI of 0. [8] incorporated a second
spectral shape, SS (665), to further confirm the cyanobacterial presence [8]. SS (665) was
formulated to measure the reflectance peak height at 665 nm from a baseline drawn
between 620 nm and 681 nm bands (Equation (1)). SS (665) uses the absorption feature
of phycocyanin at 620 nm. Therefore, the elevated presence of phycocyanin-containing
cyanobacteria enhances the 665 nm reflectance peak, causing SS (665) positive. Thus, SS
(665) is used as a binary flag on top of the original CI product (|SS (681)|, when SS (681) < 0)
to further confirm the presence of phycocyanin-bearing cyanobacteria in water bodies.
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SS(681) = ρs(681)− ρs(665)− {ρs(709)− ρs(665)} ∗ (681− 665)
(709− 665)

SS(665) = ρs(665)− ρs(620)− {ρs(681)− ρs(620)} ∗ (665− 620)
(681− 620)

CIcyano

{
|SS(681)|

0

i f SS(681)< 0 & SS(665) >0

otherwise

(1)

In Equation (1), ρs(x) indicates Rayleigh-corrected surface reflectance measured at
a band with a bandcenter of x nm. Further, MERIS/OLCI 300 m data were resampled to
1100 m resolution to match MODIS Terra spatial resolution to compare the CIcyano time
series from MERIS/OLCI and MODIS sensors.

2.1.2. MODIS Terra Data

We downloaded Level 0 MODIS Terra imagery from NASA. These images were then
processed using NASA’s SeaDAS OCSSW data processing package (version msl12 9.5.1),
the NASA standard software for processing to level 3 (L3) Rayleigh-corrected surface
reflectance products. We used Terra instead of Aqua as Terra overpass time is within less
than 90 min of MERIS and OLCI overpass times. Minimizing the difference in overpass
time reduces the impact of vertical and horizontal movement of cyanobacteria blooms in
a shallow lake like Lake Okeechobee. Moreover, reflectance data from Terra and Aqua
agreed with each other within 2% for three bands (645 nm, 858 nm, and 1640 nm) for the
years from 2002 to 2006 [29]. Therefore, surface reflectance measurements from Terra and
Aqua are expected to match each other, although such a comparison is outside the scope of
this current work.

2.2. Matchup Dataset

For robust model training and evaluation, we intended to develop a model that was
trained with data from Lake Okeechobee and validated in other regions. After resampling
native resolution MERIS images to match Terra, we extracted CIcyano pixel values for all
1100 × 1100 m pixels in Lake Okeechobee from May 2002 to December 2011 (MERIS)
and April 2016 to June 2021 (OLCI). We excluded all pixels within 2 km from the lake
shoreline to avoid land adjacency and mismatch due to differences in the data that can
happen due to the resolution of the land mask (300 m for MERIS/OLCI vs. 1100 m for
Terra). Thus, 832 interior pixels were extracted from each MERIS and OLCI CIcyano image.
Similarly, we extracted Terra pixel values at those 832 pixels for each matching date. We
then joined those datasets on a unique ID such that a unique MERIS/OLCI and Terra
pixel would have a one-to-one match on a given image acquisition date. For quality
assurance/quality control, no manual image selection was carried out. Instead, we used
a semi-automatic Valid Pixel Fraction (VPF) approach. VPF is the fraction of valid pixels
(those not contaminated by clouds, glint, etc., see Section 2.1.1) in the lake on a given day.
With this information, we discarded an image date from the matchup dataset if the VPF
was less than 50%. Although not perfect, this approach excludes images with heavy cloud
cover or imagery contaminated by strong sun glint.

2.3. CyanNet Framework

We designed the CyanNet framework by combining two models—A Logistic Re-
gression (LR) classifier and a Deep Neural Network (DNN). LR model component uses
17 MODIS Terra spectral features (ρs and other derived features) to classify a pixel as
a cyanobacteria pixel or a non-cyanobacteria. On the other hand, DNN uses 12 spec-
tral features (ρs and other derived features) to predict the magnitude of CIcyano at the
cyanobacteria classified pixel (Table 2). To address the MODIS band saturation issue over
bright targets, we created a replicate of the CyanNet, CyanNet-S, that does not use the
bands that saturate (Table 2). By design, CyanNet-S skips the red-NIR bands that tend to
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saturate over bright targets and returns a CIcyano retrieval over the saturated pixels when
the standard CyanNet fails. While the CyanNet covers a full range of cyanobacteria
concentrations, CyanNet-S typically only needs to address high-concentration biomass
(where the bands saturate). Model components of the CyanNet framework are briefly
discussed below.

Table 2. Terra spectral features used in CyanNet. CyanNet-S, a replicate of CyanNet, uses fewer
spectral features represented by LR-S and DNN-S.

Spectral Feature Formulation LR (Standard)
(n = 17)

DNN (Standard)
(n = 12)

LR-S
(n = 13)

DNN-S
(n = 12)

ρs(443) ρs(443) 4 4 4

ρs(469) ρs(469) 4 4 4

ρs(488) ρs(488) 4 4 4

ρs(531) ρs(531) 4 4 4 4

ρs(547) ρs(547) 4 4 4 4

ρs(555) ρs(555) 4 4 4 4

ρs(645) ρs(645) 4 4 4 4

ρs(667) ρs(667) 4 4

ρs(678) ρs(678) 4 4

ρs(748) ρs(748) 4 4

ρs(859) ρs(859) 4 4 4 4

ρs(1240) ρs(1240) 4 4

SS(555) SS with 488 to 645 nm baseline 4 4 4 4

SS(645) SS with 555 to 859 nm baseline 4 4 4 4

SS(678) SS with 665 to748 nm baseline 4

SS(859) SS with 645 to 1240 nm baseline 4 4 4 4

Slope(443, 555) (ρs(555)−ρs(443))
(555−443) 4 4

Green-red difference (GRD) (ρs(555)− ρs(665)) 4 4

1. Logistic Regression classifier

Logistic Regression (LR) classifies a pixel in an image, given that they are linearly sep-
arable numeric samples, into a class or category, e.g., ‘Cyan’ and ‘Non-cyan’ class. Unlike
other classifiers, LR outputs a probability (p)—a value between 0 and 1, exclusive, which
can be used to define class membership. For example, if an LR model for cyanobacteria
detection infers a p-value of 0.95 for a given pixel, it implies a 95% probability that it is
a ‘Cyan’ pixel [30]. In this study, the LR classifier uses 17 Terra spectral features associated
with Chl-a or blooms (Table 2) to classify a Terra L3 ρs file into a map of probability values
of being cyanobacteria. Then, using a threshold, we converted the probability map into
a binary ‘Cyan’ and ‘Non-cyan’ map (Figure 2, left of the dotted vertical line). We trained
a replicate of LR—LR-S for saturated pixels using 13 spectral features that excluded the
MODIS bands prone to saturation (Table 2).
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Figure 2. Schematic diagram showing CyanNet train/test and prediction workflow as carried out
in this study. The left side of the figure, highlighted in blue, shows the Logistic Regression (LR)
classifier workflow, and the right side, highlighted in turquoise, shows the fully connected Deep
Neural Network (DNN) workflow. Final retrievals of CIcyano from CyanNet are highlighted in green.
CyanNet-S for saturated pixels replicates the same workflow with different LR and DNN features
listed in Table 2.

2. Fully connected Deep Neural Network (DNN)

The DNN makes a continuous prediction and returns a map of CIcyano continuous
values (Figure 2, flowchart part colored Cyan). Further, we use the binary flag from LR as
a Cyan–Non-cyan binary flag to keep only Cyan-flagged pixels and convert the non-cyan
pixels to 0. LR in CyanNet can be considered the cyanobacteria confirmation flag, equivalent
to using the 665 nm band shape in the CIcyano algorithm (Equation (1)). We structured the
DNN with three hidden layers containing 25 nodes, a fourth hidden layer with 12 nodes,
and an output layer with one node. We scaled the MODIS spectral features listed in Table 2
with Min-Max scaling before feeding to the network. We trained the network using the
model parameters provided in Table 3 in a Python environment. We used a rectified linear
unit (ReLU) activation function for the hidden layers, a linear activation function for the
output layer, and Mean Squared Error (MSE) as the loss function.

In operation, a Terra ρs L3 file is passed through CyanNet, making a CIcyano prediction
for each pixel. In the case of saturated pixels, the file is passed through CyanNet-S to make
CIcyano predictions for the saturated pixels. The predictions from both frameworks are then
merged into one final CIcyano file. CyanNet prediction workflow is summarized in Figure 3.
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Table 3. Model parameters used in neural network training. * ReLU = rectified linear unit.

Model Parameter Value

Model structure (layers) 5
Nodes (first/hidden/hidden/hidden/output nodes) 25/25/25/12/1

Input features scaling Min-Max scaling
Output (CIcyano) scaling None

Activation function (input and hidden layers/output layer) ReLU */Linear
Loss function Mean Squared Error (MSE)
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Tera image.

2.4. Model Evaluation
2.4.1. Model Training and Validation

Spatio-temporal processes such as cyanobacteria bloom events can have spatial and
temporal autocorrelation, and therefore separating an independent dataset for model skill
assessment is critical. Consequently, we omitted all data from 2009 and 2016 from the
MERIS and OLCI time series from model training. Thus, the networks were trained with
data from the other years and validated with data from 2009 and 2016.

2.4.2. Evaluation of Model with Composites

In large lakes with a long fetch, wind can play a critical role in circulation and cause
noticeable differences in satellite observations during the two satellite’s overpass periods,
even on the same-day matchup pairs. Thus, subtle differences in CI from MODIS and
MERIS/OLCI are possible. To overcome this issue, we generated 10-day CI-max compos-
ites [31,32]. These types of composites are used to evaluate seasonal and annual variations
in bloom intensity while reducing the influence of wind on the observed patterns [1,2,33].
As CIcyano values are in dimensionless “reflectance” units, without apparent physical
meaning, we converted CIcyano to a nominal cyanobacterial Chl-a concentration using
a CIcyano to Chl-a relationship developed for the lakes across the contiguous United States
(CONUS) [34]

Chl-a (mg m−3) = 6620× CIcyano (2)

We did not include the intercept term from [34] as it was not meaningfully different
from zero [34]. We also calculated the 10-day mean or annual bloom magnitude [7,27], rep-
resenting the spatio-temporal mean Chl-a concentration in the lake. Finally, we compared
the bloom magnitudes observed from MERIS/OLCI and MODIS-CyanNet for CyanNet
skill assessment.
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2.4.3. Model Evaluation for Geographic Transferability

The geographic transferability of the developed model is desirable as it shows the
model’s generalization ability, or that the model is not specific to the lake for which it was
trained. Model generalization power would also demonstrate the broader applicability
without additional model tuning with a new dataset. We validated the model in two other
lakes in Florida: Lake Apopka and Lake George (Figure 1a), by comparing mean Chl-a
from the MERIS/OLCI and MODIS CyanNet 10-day max composites.

We also evaluated CyanNet in western Lake Erie (WLE) (Figure 1, inset), which has
been frequently monitored and heavily studied for cyanoHABs. Evaluation in western
Lake Erie confirms the models’ generalizability and ability to transfer the model to an inde-
pendent geographic region. Here we compared the model performance on a selected set of
26 good-quality daily image pairs used in previous sensor intercalibration work [23].

2.4.4. Evaluation Metrics

We used median bias and median absolute difference (MedAD) to assess CyanNet
performance, as provided below.

Median bias = 10(median((log10 (Mi)− log10(Oi))) (3)

MedAD = 10(median(|log10 (Mi)− log10(Oi)|)) (4)

In Equations (3) and (4), M is the modeled CIcyano from CyanNet, and O is the CIcyano
from MERIS/OLCI. The closer the multiplicative bias is to 1, the less bias the comparisons
have and the better the model accuracy. For example, a bias of 1.1 indicates a model
that overestimates by about 10%, and a mean bias of 0.9 suggests a model that under-
estimates by about 10%. Median bias quantifies the systematic difference between the
modeled value (M) and the observed value (O). On the other hand, MedAD captures the
difference in magnitude, highlighting the absolute difference between the observed and
modeled CIcyano.

We used the area under the receiver operator characteristic (ROC) curve (AUC) met-
ric [35,36] to evaluate LR classifier performance. AUC captures the ability of the model to
separate a positive class (cyano pixel) from a negative class (non-cyano pixel). It is the most
common metric used to evaluate binary classifiers in imbalanced datasets where one class
is a majority class (non-cyanobacteria) with most of the data, and the other is a minority
class (cyanobacteria) [37]. AUC represents the probability that a random bloom pixel is
classified as a bloom pixel and ranges in value from 0 to 1. A classifier with an AUC of 1 is
perfect with no errors. A classifier with an AUC of 0.5 is as good as a random classifier with
a probability of detection accuracy of 50%. A model with an AUC of zero is always wrong.

3. Results

We evaluated the prediction accuracy of standard LR and DNN models in the CyanNet
framework using the independent validation dataset from 2009 and 2016. The standard LR
classifier produced an AUC of 0.91, accurately predicting cyanobacteria presence (Table 4).
In comparison, LR-S had an AUC of 0.85 showing satisfactory performance. The standard
DNN trained with the 12 Terra spectral features (Table 2) reliably predicted MERIS/OLCI
equivalent CIcyano with a MedAD of 1.27. In other words, there is a 27% difference between
the CyanNet-derived CIcyano and MERIS/OLCI CIcyano in the validation dataset from 2009
and 2016. The standard DNN model produced a median bias of 0.95 or a 5% negative bias.
However, the mean bias in the linear scale is −0.0001 CIcyano which is the detection limit
of the CIcyano algorithm. On the other hand, DNN-S, designed for the saturated pixels,
predicted CIcyano with a MedAD of 1.41 and a negligible median bias of 1.003. The reduced
performance of DNN-S (median absolute percent error of 33.6%) compared to standard
DNN (median absolute percent error of 24.5%) is due to limited spectral information
available to the DNN-S model. The exclusion of key red-NIR spectral channels due to
saturation negatively affects the performance of DNN-S.
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Table 4. Logistic Regression (LR) binary classifier (Cyan–Non-cyan) and the Deep Neural Network
(DNN) model accuracy as observed in the validation dataset from 2009 and 2016 through pixel-
level matchup.

Model Score Metric

LR 0.91 AUC ROC
LR-S 0.85 AUC ROC
DNN 1.27 (0.95) MedAD (Median bias)
DNN-S 1.41 (1.003) MedAD (Median bias)

We selected the Terra image from 2 July 2018, to visually demonstrate the performance of
the LR classifier in ‘Standard’ and ‘Saturated’ modes, as a significant portion of the image was
affected by band saturation due to intense scattering from cyanoHAB surface scum (dark gray
pixels in Figure 4a). Standard LR successfully generated a probability map of cyanobacteria
presence for all pixels except over the saturated area. Similarly, LR-S was used to predict
the probability of cyanobacteria presence over the saturated pixels (Figure 4b). The two
probability maps were then merged to create a single map (Figure 4c). We used a threshold
of 0.5 (cyanobacteria presence if p > 0.5, else absence) to classify the probability map into
a binary cyanobacteria presence (cyan color) or absence (black color) map (Figure 4d).
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Visual comparisons of CIcyano products from MERIS/OLCI and Terra-CyanNet are
provided in Figure 5. Spatial patterns and visual intensity of the bloom in MERIS CIcyano
from 28 July 2005 matches very well with the CIcyano product from Terra (Figure 5a,d).
The presence of surface scum in the southern part of the lake and western shoreline is
consistent in both products. However, some mismatch is visible in the northern part of
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the lake. This could be due to the lower sensitivity of CyanNet in the low range of CIcyano.
Also, shallow water systems like Lake Okeechobee are more affected by windy conditions
than deeper lakes. Previously, a decrease in cyanobacteria bloom area and intensity has
been linked with daily wind speed exceeding 7.7 m s−1 in western Lake Erie [33]. Similarly,
in Lake Taihu, China, with a mean water depth of 1.9 m and surface area of 2339 km2,
complete mixing throughout the water column was observed when wind speed exceeded
7 m s−1 [38]. In Lake Okeechobee, with a comparable surface area (1900 km2) and mean
depth (2.7 m) to Lake Taihu, similar wind speeds between two satellite overpass times
could cause vertical mixing and bloom movement contributing to the observed differences.
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Figure 5. Comparison of MERIS/OLCI derived CIcyano (a–c) with Terra CyanNet derived CIcyano (d–f) in
Lake Okeechobee on the three selected dates. Light and medium gray colors indicate clouds and
land. Black color indicates “non-detect”; insufficient cyanobacteria for detection by the algorithms.
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OLCI and Terra CIcyano map from 2 July 2018, also match very well visually. High-
biomass intensity surface scums are spatially consistent in both images (Figure 5b,e).
As expected, very low CIcyano values along the southwest shoreline were classified as
an absence of CIcyano in the Terra CyanNet image (Figure 5e). Similarly, the spatial pattern
of the bloom in OLCI CIcyano (Figure 5c) and Terra CIcyano (Figure 5f) match very well.
However, Terra CIcyano values appear to be slightly overestimated.

3.1. CyanNet Validation with 10-Day Composites

Examining seasonal and interannual variability of blooms is an important application
of satellite data. As such, we examined the performance of CyanNet using 10-day compos-
ites generated from the time series. We compared the 10-day mean Chl-a concentration
time series in Lake Okeechobee as predicted by CyanNet-CIcyano and from OLCI/MERIS
CIcyano for February 2002–April 2012 and June 2016–June 2021 (Figure 6a). All available
satellite data were included, so the products and analysis would include uncertainty in
CIcyano data products from flagging failure (cloud, glint, land proximity, etc.) and mimics
an operational lake monitoring framework. The 10-day mean Chl-a from Terra CyanNet
tracked with the MERIS and OLCI mean Chl-a time series in the lake—detecting the peaks
and troughs in the bloom time series. For example, high bloom years such as 2005, 2016,
and 2018 are captured by the CyanNet product. The quantitative validation of the time
series data produced a median bias of 0.87 and a MedAD of 36%. Put differently, CyanNet
products overestimate the mean Chl-a by up to 36% (Figure 7a). Comparison of mean Chl-a
time series resampled to annual means produced a better matchup with a MedAD of 17%
and a 10% median positive bias (Figures 8a and 9a).
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Figure 8. Comparison between annual bloom magnitudes observed from MERIS and OLCI 10-day
time series and Terra-CyanNet 10-day composite time series in (a) Lake Okeechobee, (b) Lake Apopka,
and (c) Lake George. Significant underestimation in Terra CyanNet bloom magnitude in Lake George
in 2007, and 2016 is due to heavy cloud cover in Terra data during the peak of the bloom season.
Significant overestimation in Terra CyanNet bloom magnitude in Lake Okeechobee in 2005 and 2018
is due to more data coverage compared to MERIS and OLCI; overestimation in Lake Apopka in 2007
and 2016 is primarily due to cloud and sun glint flagging issues in MODIS data.

We validated CyanNet in Lake Apopka and Lake George without regional tuning.
Like Lake Okeechobee, the 10-day mean Chl-a time series in Lake Apopka from Terra
CyanNet tracked very well with the 10-day mean Chl-a time series from MERIS and OLCI.
The CyanNet time series captured the annual peak bloom events detected by MERIS/OLCI
CIcyano, especially in the high magnitude bloom years in 2005, 2007, and 2017. Overall,
CyanNet still produced a small overestimate of the mean Chl-a concentration (about
15%) (Figure 7b). For Lake Apopka, discrepancies occur when MERIS/OLCI mean Chl-
a concentration approaches zero in the 10-day composite time. Those data points with
the highest mismatch are due to spatial data gaps in MERIS/OLCI and Terra time series
(Figure S1). Outliers in Chl-a time series in both MERIS/OLCI and TERRA CyanNet Chl-a
time series overlap with invalid data fraction in Lake Apopka in the 10-day composites
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confirming the mismatch is due to the limited data availability (Figure S1). The fraction of
invalid data in both sensors should be considered in data analysis. Excluding composites
with a large fraction of invalid data, the annual mean magnitude from CyanNet in Lake
Apopka matched well with mean magnitudes from MERIS and OLCI with a MedAD of
11% and a median positive bias of 10% (Figures 8b and 9b).
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series and Terra-CyanNet 10-day composite time series in (a) Lake Okeechobee and (b) Lake Apopka
and Lake George (surrounded by dashed gray rectangle).

Finally, CyanNet mean Chl-a in Lake George from the 10-day composites matched
reasonably well with the mean Chl-a from MERIS and OLCI 10-day composites. CyanNet
captured the peak bloom events well, especially in 2004, 2007, 2011, 2017, and 2019. Cyan-
Net underestimated MERIS/OLCI mean Chl-a with about 30% negative bias. The MedAD
between the two-time series is 56%. However, most of the Chl-a predictions are less than
5 mg m−3, where percent error tends to make it appear very high, although the absolute
difference in half of the samples is less than 2 mg m−3 (median difference = 1.97 mg m−3).
Comparison of annual bloom magnitude matched better than the mean Chl-a concentra-
tions from the 10-day composites. The median difference between the two-time series was
35%, with a 16% negative median bias (Figures 8c and 9b). A noticeable difference between
the annual bloom magnitudes derived from CyanNet and MERIS/OLCI is observed in 2007
and 2016 (Figures 8c and 9b). Heavy cloud cover obscured the MODIS-Terra data during
the peak bloom days, causing an underestimation of bloom magnitude for those years.

3.2. Validation in Lake Erie

We transferred CyanNet to western Lake Erie without further regional training and
validation. We evaluated the model with 26 daily CIcyano image pairs from MERIS/OLCI
and Terra-CyanNet. CIcyano spatial patterns from CyanNet matched very well with
MERIS/OLCI (Figure 10). However, some discrepancy in the lower end of CIcyano is
visible, potentially due to a cyano-flagging issue. For example, the MERIS CIcyano product
misses low-biomass pixels due to more conservative cyan/non-cyan flagging by the 665 nm
shape in the CIcyano algorithm (Figure 10a, red annotated area). In contrast, the CyanNet
LR classifier classifies those pixels as valid cyan pixels. Similarly, low-biomass OLCI CIcyano
pixels from 23 September 2017, in the same area are flagged by potential land adjacency.
CyanNet keeps those pixels as valid data, as CyanNet does not use the land adjacency flag.
On 18 August 2022, the data show how CyanNet could lose low-biomass CIcyano pixels,
classified as non-cyan pixels. On the same day, OLCI CIcyano identified the low-biomass
bloom area (Figure 10c,f, red annotated area). With all these discrepancies in the low end,
quantitatively, daily mean Chl-a concentrations from MERIS/OLCI and Terra differed by
29% with a 9% positive bias (Figure 11).
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Figure 10. Comparison of MERIS/OLCI derived CIcyano (a–c) with CyanNet derived CIcyano (d–f) in
the western Lake Erie basin on the three selected dates. Red circles in panels a-b highlight the
pixels missed by CIcyano but are detected as cyanobacteria presence in low concentration in the Terra
CyanNet CIcyano image. In contrast, the red circle in panel f shows the opposite. Light and medium
gray colors indicate clouds, invalid data, and land. Black color indicates “non-detect”; insufficient
cyanobacteria for detection by the algorithms.
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3.3. Continuous and Consistent Bloom Time Series in Lake Okeechobee

We processed all available MODIS Terra daily data to predict MODIS CIcyano. No
image screening was conducted to exclude images contaminated with either cloud cover or
sun glint. We then validated the model performance in three different ways:

1. A qualitative match-up between the observed and modeled time series, which is often
used to show if the predictions are temporally consistent and represent the critical
bloom phenological events.

2. Quantitative validation of the retrievals from 10-day composites through scatter plots
with error metrics.

3. Quantitative validation of annual bloom magnitudes or annual mean Chl-a concentrations.

MODIS produced similar temporal and spatial patterns in the CIcyano as observed by
MERIS and OLCI. Furthermore, all validation exercises demonstrated that MODIS CIcyano
from CyanNet had acceptable differences compared to MERIS and OLCI, and, therefore,
it would reliably fill the time series gap between those two sensors. Consequently, we
merged the 10-day CIcyano time series from MERIS (2002–2011), MODIS-CyanNet (January
2012–April 2016), and OLCI (April 2016–October 2022) to create 21 years of consistent and
continuous CIcyano time series in Lake Okeechobee (Figure 12). The continuous CIcyano
time series data can be further used for retrieving cyanobacteria bloom phenological
metrics in the lake, which can be beneficial in characterizing the timing of the annual key
bloom events.
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4. Discussion
4.1. Sources of Differences and Uncertainties

We processed the entire time series of MERIS (2002–2011) and OLCI (2016–2020)
data, mimicking an operational lake monitoring setup for CyanNet’s skill assessment.
Intentionally, we did not screen nor omit daily MODIS-Terra data due to cloud cover or
sun glint contamination. Therefore, the performance of CyanNet presented here shows the
worst-case scenario. Most of the differences were observed in the low range, where the
differences are due to:

• The lower sensitivity of CyanNet in the lower end (<2 × 10−4 CIcyano).
• The difference in availability of valid data in the 10-day composites.
• Mismatch due to pixel flagging as valid/invalid data (clouds, sun glint, land adjacency)

as well as the cyan flag, which is part of the CIcyano algorithm.

CIcyano algorithm cyan flag tends to follow a conservative approach while confirming
a cyan pixel. On the other hand, CyanNet uses its flag generated by the LR classifier
embedded in the framework. The classifier is designed to flag any pixel with a CIcyano
value ≤ 1 × 10−4 as a non-cyan pixel. Therefore, it is possible that MERIS/OLCI CIcyano
can have pixels with a value ≤ 1 × 10−4, and CyanNet flags them as non-cyan.

The invalid data fraction (%) difference between Terra and MERIS/OLCI significantly
contributed to the MedAD between the two products (Figure S2). As expected, the sensor
time series with more valid data tends to have a higher accumulated Chl-a. Therefore, in
an ideal situation with the same spatial coverage from MERIS/MODIS and OCLI/MODIS,
the degree of match-up would be better than in the current scenario. For example, in
Lake George, out of 243 composites, only 72 composites had near-complete valid data
(<1% difference in invalid data fraction between the two different time series). Nevertheless,
a match-up with the selected data (<1% difference) improved the MedAD from 56% with
30% negative bias in all data to 17% with 10% negative bias (Figure S3c). Improvement in
the match-up corroborates that valid data availability is critical in validating or comparing
cyanobacteria Chl-a biomass from two sensors with different spatial resolutions and revisit
times. It should be noted in the same analysis that match-up performance did not change in
Lake Apopka, as the difference in valid data availability is not an issue in that lake. Less than
10% of composites had a difference of≥ 1% in invalid data coverage (Figures 6b, S2 and S3).
However, the MedAD in Lake Okeechobee increased in the selected match-up dataset (with
<1% difference in invalid data coverage) from 36% in all composites to 58%. That is
primarily because out of 23 composites, 20 had less than 2 mg m−3 Chl-a, and the other two
had a mean Chl-a concentration of 2–5 mg m−3. As discussed earlier, percent difference is
not a good metric for evaluating the difference in the low end, as a meaningless difference
could cause a very high percent error. Moreover, Chl-a retrievals below 2 mg m−3 would
remain in the algorithm uncertainty range [7].

Significant differences occurred when one image had invalid data due to cloud, image
cut lines (generated from image granule mosaicking), and windy conditions within the
overpass difference time. Terra’s cloud and sun glint flags greatly affected the performance
of CyanNet prediction. A pixel with a thin cloud missed by the cloud flag and unflagged
sun glint-contaminated pixels caused erroneous CIcyano retrievals with significant over-
estimation. Thus, most overestimations in the CyanNet retrievals are most likely due to
missed sun glint and cloud flags. Sun glint causes problems for many remote sensing
algorithms, including CI, because it leads to overestimating ρs (λ) and modifies its spectral
shape [21]. Currently, invalid data flags for OLCI are more robust than MODIS due to
better spatial and spectral resolution [25]. In the future, more accurate flagging of invalid
data in MODIS-Terra images could significantly improve the match-up.

4.2. CyanNet’s Novel Contribution and Its Broader Application

CIcyano modeled from MODIS Terra data using CyanNet matched well with CIcyano
computed from MERIS and OLCI sensors with a dedicated 620 nm phycocyanin detection
band. Temporal patterns of cyanobacteria bloom time series, such as bloom peaks and
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overall progression of bloom seasons, were well-captured by MODIS CIcyano. Moreover,
the absolute difference between the MERIS/OLCI and modeled Terra Chl-a time series was
within 36%, which included the inherent differences due to spatial and temporal coverage
of valid data over the observed lakes. With CIcyano retrievals consistent with MERIS and
OLCI CIcyano, CyanNet helped us create a continuous and consistent CIcyano time series
from 2002 to 2022 in Lake Okeechobee (Figure 12), which could be used for retrieving bloom
phenology, studying the climatology of cyanobacteria blooms, and its seasonal forecasting.

CyanNet addresses several limitations of MODIS CI, which is generated by simply
replacing the MERIS/OLCI bands with the closest MODIS bands in Equation (1).

1. Cyanobacteria confirmation: MERIS/OLCI CIcyano uses a cyanobacteria confirmation
flag derived from spectral absorption features of phycocyanin, a characteristic photo-
synthetic pigment in cyanobacteria. MODIS CI does not use the flag as the 620 nm
band is missing in MODIS [19]. However, CyanNet CIcyano fills that gap by applying
a cyan/non-cyan flag to the predicted CI values from the DNN.

2. CIcyano retrieval over Red/NIR band saturated areas: One of the limitations of MODIS
CI is that the MODIS Red/NIR bands, especially the 678 nm band used in MODIS CI,
saturate over bright targets such as intense algal blooms with a surface accumulation of
cyanobacteria biomass due to high sensitivity and low saturation threshold [15,16,21].
Moradi (2014) stated that the MODIS CI could serve as an equivalent product of
MERIS CI over cyanobacterial patches with ≤ 106 cell L−1 in the southern Caspian
Sea [16]. CyanNet reduces that data loss by using the CyanNet-S to retrieve MODIS
CIcyano, with the MODIS bands that tend not to saturate over bright targets.

3. Consistency among CIcyano from different sensors: MODIS CI, calculated from the
spectral shape (Equation (1) with closest MODIS bands) [16,39], shows similar spa-
tial bloom patterns as in MERIS CI. However, because this requires substituting
the MODIS 748 nm band for the MERIS/OLCI 709 nm, the magnitude of CI dif-
fers significantly between the two sensors. Therefore, MODIS CI requires further
calibration to make it consistent with MERIS/OLCI CIcyano [16,23]. However, inter-
calibration of MODIS CI and MERIS/OLCI CI can sometimes be challenging with
a linear-regression approach as non-linear trends are possible in the low end. CyanNet
addresses that challenge and models MODIS CIcyano in the entire range consistent
with MERIS/OLCI CIcyano.

The CyanNet framework may be suitable for modeling other MERIS/OLCI bloom
indices from MODIS, such as MCI, MPH, and NDCI to fill the temporal gap from 2012 to
early 2016. Unlike Zeng and Binding’s method [24] for filling the gap for an MCI, CyanNet
does not need recalibration for different lakes or geographic regions. The effectiveness of
CyanNet may be partially due to the inputs of spectral shapes that are consistent with both
the CI algorithm and intense blooms. That may be one reason the CyanNet is generalizable
to multiple lakes without retraining. Moreover, Binding et al. [40] applied Zheng and
Binding’s method in Lake of the Woods but did not fully validate the modeled MCI to
confirm the consistency of bloom severity in Lake of the Woods. Instead, they compared the
bloom areas for the lake retrieved from MODIS and OLCI. In contrast, CyanNet retrieves
the spatial extent (through cyan/non-cyan flag) and the intensity of the bloom, letting us
estimate and validate both the bloom spatial extent (area) and magnitude of the bloom.

5. Conclusions

Combining multiple satellite missions to produce a continuous, decades-long-time
series is critical in the long-term monitoring of biogeochemical parameters such as Chl-
a in coastal and inland water bodies. To address this issue, we developed a machine
learning solution—CyanNet, a fully connected deep neural net, to predict MERIS-OLCI-
equivalent CIcyano in Lake Okeechobee from MODIS Terra data. The model performance
was satisfactory, with a 17% median absolute difference in Lake Okeechobee annual bloom
magnitude. The median difference was ~36%, with mean Chl-a observed from 10-day
composite time series data, with differences often due to variations in valid data availability,
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clouds or glint. In addition, MODIS produced temporal and spatial patterns in the CIcyano
observed in MERIS and OLCI, indicating that it would reliably fill the gap between these
two sensors. Without further regional training, the same network performed well in Lake
Apopka, Lake George, and western Lake Erie. Validation success, especially in Lake Erie,
shows the model’s generalizability and transferability to other geographic regions. This
extension to different areas also validates the potential robustness of the resulting model
under various conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15225291/s1, Figure S1. Correspondence between Chl-a con-
centration from 10-day composites (solid lines) and the percentage of invalid data in the lake in the
corresponding 10-day composite (dotted lines) in Lake Apopka. Note the extreme underestimations
in MERIS/OLCI and Terra CyanNet Chl-a, where the time series overlaps with a high fraction of in-
valid data in the 10-day composites. Figure S2. Correspondence between the difference in Chl-a from
Terra-CyanNet and MERIS/OLCI and the difference between the invalid data fraction (%) between
those two time series in (a) Lake Okeechobee, (b) Lake Apopka, and (c) Lake George. A positive
Chl-a difference indicates Terra retrieved higher Chl-a than MERIS/OLCI, and a positive invalid data
fraction difference indicates Terra had more invalid data than MERIS/OLCI. The sensor with more
invalid data tends to have a lower accumulated Chl-a, such that positive blue (more invalid data in
Terra) has negative red (lower accumulated Chl-a from Terra), and negative blue (MERIS or OLCI
more invalid data) has positive red (Terra higher accumulated Chl-a). Figure S3. Comparison between
MERIS/OLCI derived 10-day Chl-a and that from Terra with CyanNet only when the difference in
invalid data fraction (%) in the lakes was <1% in (a) Lake Okeechobee, (b) Lake Apopka, and (c) Lake
George in Florida.
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