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Abstract: Algal blooms in freshwater ecosystems can negatively impact aquatic and human health.
Satellite remote sensing of chlorophyll a (Chl-a) is often used to help determine the severity of
algal blooms. However, satellite revisit flyover schedules may not match the erratic nature of algal
blooms. Studies have paired satellite and ground-based data that were not collected on the same day,
assuming Chl-a concentrations did not change significantly by the flyover date. We determined the
effects of an increasing time window between satellite overpass dates and field-based collection of
Chl-a on algorithms for Landsat 5, Landsat 8, and Sentinel-2, using 14 years (2006-2020) of Chl-a data
from 10 Oklahoma reservoirs. Multiple regression models were built, and selected statistics were
used to rank the time windows. The Sentinel-2 results showed strong relationships between Chl-a
and satellite data collected up to a +5-day window. The strength of these relationships decreased
beyond a +3-day time window for Landsat 8 and a +1-day time window for Landsat 5. Our results
suggest that the time window between field sampling and satellite overpass can impact the use of
satellite data for Chl-a monitoring in reservoirs. Furthermore, longer time windows can be used with
higher resolution (spatial, spectral) satellites.

Keywords: chlorophyll-a; time window; resolution; satellite data; ground-based data; reservoir

1. Introduction

Algal blooms dominated by cyanobacteria have the potential to negatively impact
aquatic ecosystems [1]. Some species of cyanobacteria produce toxins that adversely impact
human and animal health [2]. Algal blooms can also create anoxic conditions in the water
column when they die and undergo microbial decomposition, resulting in fish kills and
adverse impacts on other aquatic organisms [3]. Algal blooms also cause economic losses
due to beach closures and the loss of recreational activities associated with the affected
waters [4,5].

Chlorophyll a (Chl-a) is often measured to determine the severity of algal blooms. It is a
photosynthetic pigment that is present in major groups of algae, including cyanobacteria [6].
Chl-a concentrations can be measured in the laboratory using various extraction methods,
spectrophotometry, and fluorometry [7]. In situ probes are also used to measure Chl-a
concentrations in the field [8].

Chl-a has spectral properties that allow it to interact with solar radiation that is
measured by satellite sensors [9,10]. It absorbs energy from the blue and red wavelengths
of light and reflects green and near-green portions of the electromagnetic spectrum. Chl-a
also has a peak reflectance near 700 nm in transitioning between the red and near-infrared
(NIR) regions, also known as the red edge (RE) [11-13]. The shortwave infrared (SWIK)
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band is also known to have wavelengths that can be reflected by Chl-a [14,15]. These
optical properties allow the development of algorithms relating field-based Chl-a data
with spectral data collected through satellite remote sensing. Examples of such methods
are spectral band combinations (e.g., ratios, additions, and multiplications) [10], spectral
derivatives [16], and color space transformations [17].

Chl-a algorithms are based on empirical and/ or semi-analytical relationships [10,18].
Empirical models explain the direct relationships between the spectral data and Chl-a.
Semi-analytical algorithms consider the empirical relationships between the independent
variable (spectral data) and the dependent variable (measured Chl-a) as well as inherent
optical properties, such as the backscattering coefficient, the absorption coefficient of water,
and the biochemical properties of Chl-a [18].

Examples of satellite platforms that have been used to study Chl-a include the Landsat
series (Landsat 1-8), Medium Resolution Imaging Spectroradiometer (MERIS), Moderate
Resolution Imaging Spectroradiometer (MODIS), the Sentinel series (Sentinel 1-3), and
commercial satellites (e.g., PlanetScope, Quickbird, Worldview, RapidEye). Each of these
satellites varies with respect to temporal, spectral, radiometric, and spatial resolution as
well as image cost and availability [19].

Two of the commonly used satellites for estimating Chl-a are Landsat and Sentinel-2.
Landsat provides free and open access images with a spatial resolution of 30 m and temporal
resolution of 16 days. Both Landsat 5 and Landsat 8 have been used to sense Chl-a in
water bodies [10,20] remotely. The Landsat 5 thematic mapper (TM) has six out of seven
bands that are often used to detect Chl-a (blue, green, red, NIR, and two mid-infrared
bands). The Landsat 8 Operational Land Imager (OLI) has six out of 11 bands that are
mostly used in Chl-a studies (blue, green, red, NIR, and two SWIR bands). The advantages
of Landsat 8 over Landsat 5 are the SWIR bands, which can better reflect Chl-a than the
TM bands [14,15], and its higher radiometric resolution (16 bits, compared to 8 bits in
Landsat 5).

The Sentinel-2 multispectral instrument (MSI) has been used to improve the detection
of Chl-a in inland water bodies [21,22]. Sentinel-2 has all the Chl-a detecting bands found
in Landsat 5 and Landsat 8 and more bands in the RE region. The RE band is significant as
algae cause a peak reflectance near 700 nm, making it suitable for the development of a
wide range of Chl-a algorithms [11]. Thus, Sentinel-2 has a spectral advantage over Landsat
5 and Landsat 8. It also has spatial (10 m and 20 m), temporal (five days), and radiometric
(32 bits) advantages over the two satellites.

A major challenge to satellite-based Chl-a monitoring is that most free and open
access satellites have revisit flyover schedules that are not frequent enough to match the
erratic nature of algal blooms. The 16-day revisit schedule of Landsat and the 5-day
revisit schedule of Sentinel-2 may miss significant bloom events between flyover dates and
times. These temporal gaps can be extended when cloud cover is high and impedes the
use of imagery acquired on revisit schedules. Thus, there is often not enough cloud-free
satellite data (N = 30) to pair with measured water quality data for reliable algorithm
development [23,24].

It is common practice to pair satellite and ground-based data collected within a specific
time window in order to address the issue of limited sample size for the development of
algorithms. A time window is defined as the number of days of satellite overpass before or
after the ground-based water quality sampling. Kloiber et al. (2002) applied this approach
when they determined the maximum acceptable temporal disparity between satellite
overpass date and ground-based sample collection for estimating Secchi disk transparency
(SDT) in lakes in Minnesota. Their study revealed that it was ideal to pair SDT that was
collected within +1 day of the Landsat overpass date. Kloiber et al. (2002) also asserted
that when temporally coincident Landsat 5 data were limited, imagery collected within a
time window of £7 days would allow a strong linear relationship with ground-based data
if SDT did not significantly change during that period [24].
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Following Kloiber et al. (2002), varying time windows ranging from 1-10 days have
been reported for pairing satellite data with water quality data [10,23-28]. The assumption
is that water quality conditions will remain relatively stable and not change significantly
over extended time windows if no major events, such as flooding, severe weather, and/ or
limnetic mixing, take place in the lake [15,29].

This may not be the case in human-made reservoirs that tend to have larger watersheds
than natural lakes and constantly receive an inflow of materials from upstream rivers [30].
Additionally, diurnal changes in wind, temperature, and sunlight may change Chl-a in a
water body at a frequency that may not allow pairing of satellite and ground-based data
within a relatively longer time window. Mansaray et al. (2021) limited their time window
to two days for the development of models to estimate Chl-a in reservoirs in agriculturally
dominated watersheds.

The resolution of the satellite sensor also impacts the extent to which satellite spectra
can explain variations in Chl-a [19]. For example, the higher spatial, spectral, and radio-
metric resolutions of Sentinel-2 give it the advantage of better water quality detection than
Landsat [11]. We posit that the higher the spatial resolution, the better statistically that the
satellite spectral data may be able to explain water quality variations occurring over longer
time windows in reservoirs.

The objective of this study was to determine how an increasing time window affected
the relationship between field-collected Chl-a data and satellite spectral data in a series of
reservoirs. We developed algorithms for Chl-a using field and satellite data for Landsat 5,
Landsat 8, and Sentinel-2 at increasing time windows from 0-5 days. We expected that the
algorithms would become less predictive as the time window increased.

We also compared the relationships between the three satellite platforms and hy-
pothesized that the increasing time window would have a negative effect on algorithm
development, but such effect would be in decreasing order for Landsat 5, Landsat 8,
and Sentinel-2, respectively. The results will guide reservoir managers to reliably utilize
satellites for Chl-a based algal bloom monitoring in agriculturally dominated watersheds.

2. Materials and Methods
2.1. Study Area

Oklahoma has over 200 reservoirs that were constructed for flood control, water sup-
ply, recreational activities, wildlife management and protection, and hydroelectric power.
These reservoirs are monitored for water quality by the Oklahoma Water Resources Board
(OWRB) under their Beneficial Use Monitoring Program (BUMP). The BUMP program
monitors a total of 130 reservoirs on a quarterly basis and a five-year rotational routine.
This study focused on 10 of the BUMP reservoirs, which were selected because they had
enough available Chl-a data for the time windows considered in the study. Most of these
reservoirs have also experienced cyanobacterial algal bloom events in the past [31,32]. The
10 reservoirs studied were Altus Reservoir, Lake Carl Blackwell, Eufaula Lake, Grand Lake
O’ The Cherokees (Grand Lake), Kaw Lake, Lake McMurtry, Lake Texoma, Oologah Lake,
Robert S Kerr Reservoir, and Waurika Lake. Figure 1 is a map of Oklahoma showing the
locations of these reservoirs.

2.2. Water Quality Data

Chl-a data for the 10 study reservoirs were obtained from the OWRB’s BUMP, collected
from 2006 to 2020. The Chl-a samples were collected at the surface not exceeding a depth
of 0.5 m. The samples were preserved on ice and taken to the laboratory for filtration,

extraction, and measurement of Chl-a in pg/L. Chl-a was analyzed according to the
American Public Health Association (APHA) 10200-H guidelines [33].
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Figure 1. Map of Oklahoma showing the 10 study reservoirs used in this study.

2.3. Image Acquisition and Processing

Landsat 5 and Landsat 8 data were downloaded from the U.S. Geological Survey Earth
Explorer website. The data were pre-processed at the Earth Resource Observation Science
(EROS) center correcting for geometric, radiometric, and atmospheric issues using the Land
Surface Reflectance Code (LaSRC) algorithm (Version 1.5.0) for Landsat 8 and Landsat
Ecosystem Disturbance Adaptive Processing System (LEDAPS) algorithm (Version 3.4.0)
for Landsat 5 products. The surface reflectance images were stored with a scaling factor of
10,000 and made available at the Earth Explorer website for free and open access use.

Landsat has a temporal resolution of 16 days and a spatial resolution of 30 m. The
Landsat 5 TM has an image tile of 170 x 185 km?2, a radiometric resolution of 8-bits, and
seven spectral bands. The Landsat 8 OLI has an image tile of 185 X 180 km?, a radiometric
resolution of 16-bits, and eleven spectral bands. The US Landsat products are generated
in the Albers Equal Area (AEA) Conic map projection. They possess a WGS84 datum
and are provided in Georeferenced Tagged Image File Format (GeoTIFF). Landsat 5 was
decommissioned in June 2013, and Landsat 8 started acquiring imagery in February 2013.
Sentinel-2 Level 2A images were obtained from the official website of the Copernicus
Open Access Hub [34]. The Level 2A images were generated through the Payload Data
Ground Segment (PDGS), utilizing the Sen2Cor processor, and made available for free and
open access use. The Level 2A images are atmospherically corrected Bottom-of-Atmosphere
(BOA) products. Each Level-2A product constitutes 100 x 100 km? tiles in cartographic
geometry. The Sentinel-2 multispectral sensors have a revisit time of 5 days. Each image
has 13 spectral bands and a radiometric resolution of 32-bit float with a tiff extension. The
image tiles are projected in UTM/WGS84 projection. Sentinel-2A was launched into orbit
in June 2015, while Sentinel-2B was launched in March 2017.
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Images with cloud cover less than 10% or those with no cloud cover at the sample sites
were selected for spectral data extraction. The downloaded satellite images were imported
to ArcGIS 10.8, and pixel values for the sampling points were extracted using the extraction
tool in the Spatial analyst toolset. The pixel values obtained for each sampling point were
divided by the scaling factor (10,000) to obtain the surface reflectance values.

2.4. Data Analysis

The data analysis followed the following steps that are summarized in Figure 2:

1.  Building multiple regression models for each time window;
2. Selection of the best fit model for each time window;
3.  Validation of the best fit model for each time window;
4.  Ranking of the time windows based on the statistics of their best fit models.
Data
Analysis
Mgltiple Model selc?ction Model validation Ranki‘ng of time
regression models per time window windows
Criteria: R=>0.5,
Bands, band Chl-a (ng/L), p-value<0.05, Select best fit K-folds cross | |Assign scores to Sum the scores
combinatios, P : ] model for each L L and rank the
band derivatives transformations VIF<10, Low time window validation each statistic time windows
RMSE, N>30
| e——
Select best-fit | | Plot measured
model for each conc. against
satellite fitted conc.
Figure 2. Flow chart summarizing the data analysis.
2.4.1. Building and Selection of Best Fit Models
Time windows ranging from %0 to 5 days were used in the data analysis (Table 1).
This 10-day period is the complete cycle for Sentinel-2A and Sentinel-2B. Note that Landsat
has a 16-day cycle (eight-day time window); however, only the 5-day time window was
used because we did not expect water quality conditions to remain unchanged during the
16-day period due to the dynamic nature of reservoirs in the study area.
Table 1. The 5-day time windows utilized in the study.
Time Window Sampling before Satellite Overpass Same Day Sampling after Satellite Overpass

0 0

1 -1 0 1

2 -2 -1 0 1 2

3 -3 -2 -1 0 1 2 3

4 —4 -3 -2 -1 0 1 2 3 4

5 =5 —4 -3 -2 -1 0 1 2 3 4 5

Each time window had potentially two or more satellite images from the two acquisi-
tion dates (before and after sampling), multiple path/row combinations, or more than one
sensor (e.g., Sentinel-2A and Sentinel-2B). When this was the case, the image that included
the full extent of the reservoirs under study and the least cloud cover was selected.

Each time window had a pool of data from which a fixed number of samples (15 for
Landsat 5, 24 for Landsat 8, and 18 for Sentinel-2) were randomly selected and used in the
data analysis. This fixed sample size from each time window was added to those of the
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preceding time window, thereby increasing the data size as the time window increased.
The selection of the fixed amount of data added was dependent on the minimum available
data per time window for each satellite.

This incremental data size satisfied the central limit theorem (CLT), which stipulates
that the residuals will be closer to the assumed normality when a large data set (N = 30) is
used [24]. The sample mean and standard deviation will be closer in value to the population
mean (M) and standard deviation (0), the larger the sample size. A large sample size also
reduces sampling error in the dataset [24].

This study used bands, their combinations, and derivatives following Mansaray et al.
(2021). Different spectral bands and band combinations of Landsat 5 TM, Landsat 8 OLI,
and Sentinel-2 MSI were used for the development of empirical Chl-a models. The spectral
derivative technique [16] was used to obtain first and second-order derivatives for the
respective spectral bands of Landsat 5, Landsat 8, and Sentinel-2. These bands, band
combinations, and band derivatives were used as independent variables for the multiple
regression analysis. The dependent variables were the measured concentrations of Chl-a
and two power transformations (the natural logarithm and the square root).

Multiple regression analysis was conducted using the stepwise selection of terms
through the forward information criteria (FIC). The FIC involves a step-by-step addition
of terms to the regression model. It evaluates how the addition of each term further
explains the variation in the dependent variable. The model that gave the best statistics in
terms of the coefficient of determination (R? = 0.5), the significance of the relationship at a
0.05 significance level (p-value () < 0.05), minimal multicollinearity of the independent
variables (variance inflation factor (VIF) <10), data size (N = 30), and low root mean square
error (RMSE) relative to the concentration range was considered as the best-fit model.

2.4.2. Validation of the Best Fit Models

The best-fit model for each time window was validated using the K-folds cross-
validation method. The original sample data was divided randomly into K = 10 subsam-
ples [15,35]. We used Minitab 21 [36] to train the best-fit model using the training set and
then tested it using the testing set for each subsample. The R? and the RMSE were recorded
for each round, as shown in the three examples below.

1. Model-1: Trained on Fold-2 + Fold-3 + . ... Fold-10; Test on Fold-1; Record R?
& RMSE;

2. Model-2: Trained on Fold-1 + Fold-3 + ... . Fold-10; Test on Fold-2; Record R?
& RMSE;

3.  Model-10: Trained on Fold-1 + Fold-2 + . ... Fold-9; Test on Fold-10; Record R?
& RMSE.

The average R? and RMSE were used as indicators of the accuracy of the best fit model.
Figure 2 shows a flow chart of the data analysis.

2.4.3. Ranking of the Best Fit Models

The time windows were ranked by R?, RMSE (for both the best fit models and cross-
validation), statistical significance (&), data size (N), and VIF. Time windows were highly
ranked if they had o« < 0.05, R? > 0.5, RMSE on the low end of the data range, VIF <10,
and N = 30. Each of these criteria was given a score of two (2) if the criterion was satisfied
and one (1) if it was not met. The scores were summed to provide a maximum score of
14 and a minimum score of 7. These scores were used to rank the time windows for the
reliable pairing of satellite and ground-based data. The model with the time window that
had the highest score was selected as the most reliable temporal disparity between satellite
spectra and Chl-a data.

Data for each time window were divided into a training and a testing set. The best-fit
model was trained and then used to calculate Chl-a concentrations in the testing set using
the training data. The fitted Chl-a concentrations were plotted against the measured Chl-a
concentrations of the testing set, and the R2 was recorded.
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3. Results
3.1. Range of Data

A total of 1371 data points of ground-based Chl-a data were collected in the 10 study
reservoirs between 2006 and 2020 (14 years). From this total, there were only 15 data
points that were temporally coincident (same day) with a Landsat 5 overpass, 24 with a
Landsat 8 overpass, and 20 with a Sentinel-2 overpass. None of the three satellites met the
minimum threshold (N = 30) for pairing and development of regression models based on
the CLT [23,25]. This observation confirmed the need to expand the time window beyond
the same date of image acquisition and ground-based sampling to allow the use of a larger
sample size of data points. Figure 3 presents box plots (top panels) showing the minimum,
maximum, and median concentrations of Chl-a per time window for the three satellites. In
addition, the sample sizes for each time window for the three satellites are shown in the
bottom panel of Figure 3.

100
80

-
> 60
=
T 40
<
o 20 Q H
== L] O
Time Window 0o 1 2 3 4 5 o 1 2 3 4 5 o 1 2 3 4 5
Landsat-5 Landsat-8 Sentinel-2
160 T
= e
= 120
Q 120 108
® -2 - =
L) 80 — 72 72
= 0 — L=
IS 45 48 —
b 40 2 24 ==
15 — 18
m— -_—
0
Time Window 0 1.2 3 4 5 o 1 2 3 4 5 o 1 2 3 4 5
Landsat-5 Landsat-8 Sentinel-2

Figure 3. Minimum, maximum, and median Chl-a concentrations in micrograms per liter per
time window (upper panel) and the sample sizes (N) per time window for the three satellites
(lower panel).

Chl-a concentrations ranged from 0.62 to 106 pg/L. Landsat 8 and Sentinel-2 had more
data points (432 and 333, respectively) than Landsat 5 (197). The two satellites also had
higher ranges of data than Landsat 5. The minimum sample sizes for the three satellites
were observed in the same-day time window and were 15 for Landsat 5, 24 for Landsat 8,
and 18 for Sentinel-2. These minimum sizes became the fixed amount of data that were
randomly selected from the pool of data in successive time windows.

3.2. Best Fit Model per Time Window

Figure 4 shows the coefficient of determination (R?) and the RMSE for the best fit
models per satellite and per time window. In general, the R? values decreased as the time
window increased. Sentinel-2, in general, provided the highest R? values, followed by
Landsat 8 and then Landsat 5.
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Figure 4. Graphs of R? (Left panel) and RMSE (Right panel) for the different time windows
and satellites.

The highest R? value for Sentinel-2 (R? = 0.84) was observed in the temporally coinci-
dent (same day) and the 3-day time window. The minimum value (R?=0.71) was observed
on the 5-day time window. These results reveal that Sentinel-2 spectra can explain at least
71% of the variations in the Chl-a data with temporal disparity up to five days between the
overpass and sampling dates.

Landsat 8 spectra explained at least 50% of the variation in data collected up to 5 days
before or after image acquisition. The maximum value (R? = 0.83) was observed in the 1-day
time window. The Landsat 8 R? values were not as high as those for Sentinel-2 after the
2-day window, probably because the lower spatial, spectral, and radiometric resolutions in
Landsat 8 contributed to increased uncertainty in the data beyond the 1-day time window.
The Landsat 5 spectra explained at least 50% of the Chl-a data collected within the
same day and 1-day time windows only, and the maximum R? was 0.55 for the day 0
window. These results imply that the spatial, spectral, and/or radiometric resolutions
provide advantages of Sentinel-2 and Landsat 8 over Landsat 5 for Chl-a detection in longer
time windows between the overpass and sampling dates.
The RMSE values obtained for all the three satellites were all on the low end of the
Chl-a concentration range (Chl-a < 2.0 pg/L). The RMSE values ranged from 0.42 pg/L to
1.99 pg/L. The VIF values for all the predictors in the best fit models were also low (VIF < 5).
These results confirm the reliability of the best fit models selected for the time windows.

3.3. Validation of the Best-Fit Models per Time Window

Figure 5 shows the average R? and RMSE values obtained in the 10-folds cross-
validation (cv) of the best-fit model for each time window with Landsat 5, Landsat 8,
and Sentinel-2.
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Figure 5. Graphs of R? (Left panel) and RMSE (Right panel) for the 10-fold cross-validation of the
models for the different time windows and satellites.

Sentinel-2 had the highest R? values, and all its time windows had R? values greater
than the threshold value of R? = 0.50. For Landsat 8, the R? threshold up to the 3-day time
window (R? = 0.53), and none of the time windows in Landsat 5 satisfied the R? threshold
(maximum R? = 0.44). This observation supports the suggestion that higher spatial, spectral,
and radiometric resolution satellites are more reliable in pairing data with ground-based
Chl-a data considering several days of temporal disparity. The RMSE values were on the
low end of the data range for all the sensors and time windows (RMSE < 2.01 pg/L),
indicating that considering up to five days of time window, the three satellites can explain
variation in Chl-a with minimal error.

3.4. Ranking of the Time Windows Based on Their Respective Statistics

Table 2 presents the ranks of each time window based on the criteria set for the statistics
considered in this study (R2 = 0.5, Low RMSE, VIF <10, N = 30, and & < 0.05). The green
rows indicate the time windows that received the maximum score and, hence, the most
ideal for pairing the satellite data and their corresponding ground-based data.

The scores indicate that Sentinel-2 spectra can be used to reliably estimate Chl-a data
for all the time windows except for the temporally coincident dataset, which had a sample
size of less than 30. The Landsat 8 scores imply that sampling should be carried out within
three days before or after satellite overpass for reliable algorithm development. The scores
in Landsat 5 indicate that the 1-day time window is the most reliable for pairing satellite and
ground-based data. These results confirm that the higher the satellite resolution (spatial,
spectral, and radiometric), the more reliably their spectra can be used to estimate Chl-a
several days before or after image acquisition. Equations (1)-(18) show the best fit models
obtained for each time window with Landsat 5, Landsat 8, and Sentinel 2.



Remote Sens. 2022, 14, 846

10 0f 16

Table 2. Ranking of the time windows for each satellite based on selected statistics. The green rows

indicate the time windows that received the maximum score.

Time RMSE

Window R? RMSE R? (cv) @) VIF Significance =~ N Score
0 2 2 1 2 2 2 1 12
1 2 2 1 2 2 2 2 13
2 1 2 1 2 2 2 2 12
Landsat5 3 1 2 1 2 2 2 2 12
4 1 2 1 2 2 2 2 12
5 1 2 1 2 2 2 2 12
0 2 2 2 2 2 2 1 13
1 2 2 2 2 2 2 2 14
2 2 2 2 2 2 2 2 14
Lanasat® 3 2 2 2 2 2 2 2 14
4 2 2 1 2 2 2 2 13
5 2 2 1 2 2 2 2 13
0 2 2 2 2 2 2 1 13
1 2 2 2 2 2 2 2 14
) 2 2 2 2 2 2 2 2 14
Sentinel-2 3 7 5 7 D) D) 7 2 14
4 2 2 2 2 2 2 2 14
5 2 2 2 2 2 2 2 14
Landsat 5
Day 0: SQRT(Chl-a) = 5.96 — 13.93Qd1 1)
Day 1: SQRT(Chl-a) = —1.75 + 4.37Q(G/R) + 7.79Qd21 + 10.01Qd24 @)
Day 2: LN(Chl-a) = 2.92 +2.10Qd2 — 3.20Qd23 @)
Day 3: SQRT(Chl-a) = 4.03 — 3.35Qd23 )
Day 4: SQRT(Chl-a) = 4.08 — 3.23Qd23 (5)
Day 5: LN(Chl-a) = 2.77 — 1.68Q((G-NIR1)/(G + NIR1))2 — 1.53Qd23 ©6)
Landsat 8
Day 0: Ln(Chl-a) = 6.75 — 76.50QB — 0.498Q(R/NIR) — 7.87Qd22 @)
Day 1: SQRT(Chl-a) = 7.95 — 4.66Q(B/G) — 0.35Q(R/NIR) + 5.54Qd23 @®)
Day 2: SQRT(Chl-a) = 1.86 + 46.80Qd21 + 10.32Qd23 + 20.57Qd25 )
Day 3: SQRT(Chl-a) = 4.30 + 122.70Qd6 + 69.24Qd21 — 7.90Qd24 (10)
Day 4: SQRT(Chl-a) = 6.469 — 3.95Q(NIR/R) + 56.84Qd21 — 10.930d24 (1)
Day 5: SQRT(Chl-a) = 7.76 — 5.62Q(B/G) + 11.23Qd4 + 34.52Qd21 (12)
Sentinel 2
Day 0: Ln(Chl-a) = 2.33 + 4.73Qd4 (13)
Day 1: Ln (Chl-a) = 2.40 + 4.74Qd4 (14)
Day 2: SQRT(Chl-a) = 2.76 +10.43Qd4 + 11.45Qd7 — 12.70Qd22 (15)
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Day 3: SQRT(Chl-a) =2.73 + 10.38Qd4 + 11.47Qd7 — 12.43Qd22 (16)

Day 4: SQRT(Chl-a) = 3.09 — 26.94QRE3 +9.91Qd4 — 9.30Qd22 (17)

Day 5: SQRT(Chl-a) = 8.84 +1.96Q((G-NIR)/ (G + NIR))2 — 6.09Q(R/RE1) + 16.76Qd23 (18)

Definition of terms
Landsat 5

R =red; G = green; B = blue; NIR = near infrared; MIR = mid infrared;
Q= reflectance; A = center wavelength; d1 = (G — B)/(Ac — Ag); d2=(R — G)/(Ar — Ac);
d3 = (NIR — R)/(Anirk — Ar); d4 = (NIR2 — NIR1)/(Anirz — Aniri);
d4 = (MIR - NIRZ)/()\MIR - >\NIR2)} d21 = (d2 - dl)/()\R - )\B); d22 = (d3 - dz)/O\NIRl - >\G)}
d23 = (d4 - d3)/(>\N1R2 - >\R)} d24 = (d5 - d4)/(>\M1R - >\NIR1)

Landsat 8

R =red; G = green; B = blue; NIR = near infrared; SWIR = shortwave infrared;

Q = reflectance; A = center wavelength; d1 = (B — CA)/(As — Aca); d2 = (G — B)/(Ac — As);
d3= (R - G)/()\R - >\G)} d4 = (NIR - R)/O\NIR - >\R)} d5= (SWIRl - NIR)/()\SWIM - >\NIR)}
dé6 = (SWIRZ - SWIRl)/()\swnu - >\SWIR1)}
d21 =(d2 — d1)/(Ac — Aca); d22 =(d3 — d2)/(Ar — As);
d23 = (d4 — d3)/(Anir — Ag); d24 = (d5 — d4)/ (Aswir1 — Ar); d25 = (d6 — d5)/(Aswirz — ANIR)

Sentinel-2
R =red; G = green; B = blue; NIR = near infrared; SWIR = shortwave infrared;

RE =red edge; Q = reflectance; A = center wavelength; d1 = (B — CA)/(As — Aca);
d2=(G —=B)/(Ac — Ag);d3 =R — G)/(Ar — Ag); d4 = (RE1 — R)/(Are1 — Ar);

d5 = (RE2 - REl)/O\REz - >\RE1)} d6 = (RE3 - REZ)/()\REg, - )\REz); d7 = (NIR - RE3)/ O\NIR - >\RE3)}

d21 = (d2 = d1)/(Ac — Aca); d22 = (d3 — d2)/(Ar — Ae); d23 = (d4 — d3)/ (Arer — Ac);
d24 = (d5 — d4)/ (Are2 — Aw); d24 = (d6 — d5)/ (Ares — Arex)

Figure 6 presents scatterplots showing relationships between the Chl-a (ug/L) data
predicted by the three satellites and those measured in the study reservoirs for each time
window. The R? values are displayed at the bottom right of the figure. The x-axis represents

the measured values, and the y-axis represents the fitted values.

A strong linear relationship was observed between the measured and fitted data for
all the time windows in Sentinel-2. For Landsat 8, the 5th day had a linear relationship that
did not satisfy the minimum threshold (R?=0.5). The strength of the linear relationships in

Landsat 5 was below the threshold after day 2.

Figure 7 shows Chl-a (ug/L) maps in Horse Creek Cove in Grand Lake, Oklahoma,
where algal blooms tend to develop before they spread into the reservoir. The Chl-a maps
were developed using Equations (2), (8) and (14) for the 1-day time window with Landsat
5, Landsat 8, and Sentinel-2, respectively. The Landsat 5 image was acquired on 2 July
2011, during a cyanobacterial algal bloom event. The bloom in July 2011 led to an advisory
for the public to avoid primary body contact in the reservoir. The Landsat 8 image was
acquired on 16 June 2017, and Sentinel-2 on 7 May 2017. Chl-a concentrations as high as

542 pg/L were measured in the edges of the cove during these periods [19].
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Figure 6. Scatter plots showing the relationships between the fitted concentrations and measured

concentrations of Chl-a (ug/L) for the time windows with Landsat 5, Landsat 8, and Sentinel-2. The
R? values are shown at the bottom right of the figure.
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Figure 7. Chl-a maps, in log CHL-a (ug/L), in Grand Lake, Oklahoma. The images were taken on
different dates by Landsat 5, Landsat 8, and Sentinel-2. The Chl-a concentrations were calculated using
Equations (1)-(3) for the 1-day time window with Landsat 5, Landsat 8, and Sentinel 2, respectively.
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4. Discussion

Algal blooms have the potential to negatively impact human health and ecosystem
function. Chlorophyll-a is present in all major groups of algae and is used as a key
indicator of algal blooms in inland water bodies [37]. However, algal blooms are spatially
and temporally dynamic in nature, making it challenging to use satellite spectral data to
develop algorithms to estimate Chl-a. Understanding how the time window between the
satellite overpass and the sample collection impacts algorithm development is an important
question when using satellite imagery to assess water quality.

Our study results are consistent with the suggestion that for algorithm development,
ground-based data should be collected within a 1-day window before or after the satellite
overpass. We also found that Sentinel-2, which has higher spectral, spatial, temporal, and
radiometric resolutions than the Landsat satellites, could be paired with ground-based
samples up to 5 days before or after overpass. As such, the higher the resolution (spatial,
spectral, and radiometric) of the satellite, the longer the temporal window that can be used
to develop algorithms with relatively higher R? values.

For Landsat 5, the highest ranking (13) was observed for the 1-day time window.
Increasing the data size across time windows introduced more uncertainty into the Chl-a
models. This observation supports Kloiber et al. (2002) that one day of sampling before or
after satellite overpass is the most ideal time window to consider for algorithm development.
Because R? values tended to decrease as the time window between the satellite overpass
and sampling date increased, we do not support the suggestion that the time window
should include more than one day of temporal disparity (e.g., [38]) even if conditions
remain the same in the reservoirs under study. This may be different for natural lakes that
are not as susceptible to disturbance from the watershed [39].

The strength of the relationship between satellite and ground-based data was observed
to be greatest for the 1-, 2-, and 3-day time windows in Landsat 8 (a ranking of 14). This
temporal advantage of Landsat 8 over Landsat 5 probably lies in its higher radiometric
resolution (16 bits) compared to the latter (8 bits). Landsat 8 has 65,536 (2!¢) brightness
values, while Landsat 5 has 256 (28) brightness values. This gives the OLI sensor a higher
sensitivity to differences in signal strength compared to the TM sensor [40]. The Landsat 8
result is consistent with Mansaray et al. (2021), who used a two-day temporal disparity for
pairing satellite and ground-based data.

The Sentinel-2 results showed that with a higher spatial, spectral, and radiometric
resolution, the time window may be increased to five days without introducing significant
uncertainty into the model. Many studies have shown that the spatial and spectral advan-
tages of Sentinel-2 make it a better detector of Chl-a than the Landsat sensors [11,15,41,42].
A single Landsat pixel is equivalent to nine Sentinel-2 pixels, which gives its sensor the
ability to detect more variations than the Landsat sensors.

Sentinel-2 has 32 bits compared to 16 bits in Landsat 8. This gives Sentinel-2 a total of

232 brightness values, compared to 21 brightness values in Landsat 8 and 28 brightness
values in Landsat 5. The presence of specific bands sensitive to Chl-a detection in Sentinel-2
gives it an advantage over Landsat 8 and Landsat 5. The red-edge band effectively interacts
with algae at a peak reflectance near 700 nm and is less susceptible to absorption and
scattering [11]. Wavelengths in this region have a strong linear relationship with Chl-a [43].

The regression models for the 1-day time window in all three satellites provided strong
relationships with the Chl-a data. The band ratios and spectral derivatives (Landsat 5: G/R,
d21, d24; Landsat 8: B/G, R/NIR, d23; Sentinel-2: d4) significantly improved the regression
models. The ratio of green to red bands positively correlated with Chl-a probably because
the pigment reflects green and absorbs red [40]. The negative linear correlations in the B/G
and R/NIR bands may be because Chl-a absorbs the blue and red bands [40].

The first derivative, d4, had a positive correlation with the natural log of Chl-a in
Sentinel-2. Similarly, the second derivatives d21, d23, and d24 in Landsat 5 and Landsat
8 had a positive correlation with the square root of Chl-a. Studies have shown that spec-
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tral derivatives significantly improve regression models for satellite-based water quality
detection [14,16].

Overall, all three satellites were shown to estimate Chl-a in the study reservoirs with
models derived from data that were paired within varying days of collection per satellite.
Sentinel-2 outperformed Landsat 8, which in turn outperformed Landsat 5 in the detection
of Chl-a in the incremental time windows. This showed the potential of Sentinel-2 for
pairing its spectra with ground-based Chl-a data in reservoirs over a time window of up
to 5 days. Landsat 8 can be used for a temporal disparity of up to 3 days. For Landsat
5, however, we may not go beyond the 1-day time window. Sentinel-2 and Landsat 8
can be effectively used in the management of algal blooms and make it easier for lake
managers and responsible authorities to take necessary actions to reduce adverse impacts
on the environment.

5. Conclusions

Chlorophyll-a is a photosynthetic pigment present in many algal species. It is com-
monly sampled to determine the severity of algal blooms in water bodies. These blooms
may form at times that are missed by ground-based monitoring schedules. Satellite remote
sensing has been used to overcome this challenge and increase the monitoring frequency
for Chl-a in water bodies.

Our study utilized 14 years (2006-2020) of ground-based Chl-a data for pairing with
Landsat 5, Landsat 8, and Sentinel-2s spectral data to develop multiple regression models.
The regression models were developed for six incremental time windows ranging from the
same day to five days of sampling before or after satellite overpass — these models utilized
surface reflectance from bands, band combinations, and spectral derivatives. The objective
was to determine the ideal time window for data pairing and the effect of sensor resolution
on the length of temporal disparity.

The study showed that a 1-day time window is ideal for pairing Landsat 5 and ground-
based data, up to 3 days for Landsat 8, and up to 5 days for Sentinel-2. This conclusion was
drawn based on the criteria of achieving a strong linear relationship between the dependent
variable (Chl-a) and the predictors (satellite spectra), the significance of the relationship on
a 95% confidence level, minimal uncertainty in the data, and minimal correlation between
the predictors. Previous studies have shown that a 1-day time window is ideal with the
possibility of extending up to ten days if conditions do not significantly change. Our study
adds to this suggestion that it depends on the resolution of the satellite. The higher the
spatial, spectral, and radiometric resolution, the more likely it is that we can reliably extend
the time window for pairing satellite and ground-based data.

Our conclusion may be limited to human-made reservoirs that constantly receive
water flowing from upstream and are generally more variable than natural lakes. Addi-
tionally, since the study reservoirs varied in the trophic state (oligotrophic, eutrophic, and
hypereutrophic), future research may determine if the effect of the time window differs in
reservoirs based on their trophic conditions.

Future research could also include additional determinant parameters, such as hy-
droclimatic conditions, anthropogenic activities, limnetic mixing, turbidity, oxidation-
reduction dynamics, lake water temperature, cumulative sunny days, and precipitation
events [10]. Nonetheless, this study provides the basis for selecting a time window between
ground-based data collection and satellite overpass for different satellite platforms.
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