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Abstract: The size and distribution of Phytoplankton populations are indicators of the ecological
status of a water body. The chlorophyll-a (Chl-a) concentration is estimated as a proxy for the
distribution of phytoplankton biomass. Remote sensing is the only practical method for the synoptic
assessment of Chl-a at large spatial and temporal scales. Long-term records of ocean color data from
the MODIS Aqua Sensor have proven inadequate to assess Chl-a due to the lack of a robust ocean
color algorithm. Chl-a estimation in shallow and coastal water bodies has been a challenge and
existing operational algorithms are only suitable for deeper water bodies. In this study, the Ocean
Color 3M (OC3M) derived Chl-a concentrations were compared with observed data to assess the
performance of the OC3M algorithm. Subsequently, a regression analysis between in situ Chl-a and
remote sensing reflectance was performed to obtain a green-red band algorithm for coastal (case 2)
water. The OC3M algorithm yielded an accurate estimate of Chl-a for deep ocean (case 1) water
(RMSE = 0.007, r2 = 0.518, p < 0.001), but failed to perform well in the coastal (case 2) water of
Chesapeake Bay (RMSE = 23.217, r2 = 0.009, p = 0.356). The algorithm developed in this study
predicted Chl-a more accurately in Chesapeake Bay (RMSE = 4.924, r2 = 0.444, p < 0.001) than the
OC3M algorithm. The study indicates a maximum band ratio formulation using green and red bands
could improve the satellite estimation of Chl-a in coastal waters.
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1. Introduction

Phytoplankton are micro-autotrophs that play a major role in primary production and oxygen
generation in aquatic systems. However, a disproportional increase in phytoplankton biomass may
result in algal blooms. There are certain species of phytoplankton that produce bio-toxins (e.g., Karenia
brevis) [1,2]. Proliferation of these species, also called harmful algal blooms (HAB), causes serious
impact on marine and human health [1]. Nutrient inputs from contributing watersheds and rivers
have been shown to be responsible for the accelerated eutrophication of receiving water bodies [3,4].
The problem of algal bloom is expected to worsen with global climate change [5]. Understanding
the dynamics of phytoplankton populations and their distribution enables assessment of the nutrient
state, health, and ecological integrity of a body of water. Since chlorophyll-a (Chl-a) exists in every
species of phytoplankton [6], its concentration is used as a proxy for the distribution of phytoplankton
biomass [7,8]. The conventional method of Chl-a estimation requires water sample collection and
laboratory analysis [9]. This method, effort-intensive and time consuming, is unsuitable for large
spatio-temporal scales. Instead, satellite-based sensors can be used for the synoptic assessment of
Chl-a at large spatial scales. The launch of the first satellite borne ocean color sensor, the Coastal Zone
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Color Scanner (CZCS), in 1978, began an evolution of satellite deployments with improved sensors,
higher precision, and an increased number of spectral bands [10]. Currently, one operational ocean
color sensor, Moderate Resolution Imaging Spectroradiometer (MODIS) Aqua, collects data with 1–2
days of temporal resolution. The default Chl-a retrieving algorithm for MODIS Aqua, the Ocean Color
3M (OC3M) algorithm, is a blue-green band ratio algorithm [11].

In spite of the development of advanced and precise sensors, the error in the satellite estimation
of Chl-a concentration in coastal waters is high [12]. This can be due to the bottom reflectance in
shallow water systems. Researchers have classified the ocean water areas as case 1 and case 2 water.
The optical property of the surface of deep ocean water is dominated by phytoplankton and is termed
as case 1 water [13]. In coastal regions, the optical property of water is influenced by colored dissolved
organic matter (CDOM), bottom reflectance, and total suspended matter (TSM), and is referred to
as case 2 water. The blue-green band ratio strongly correlates to Chl-a concentration in case 1 water,
however, in case 2 waters, the correlation becomes weak [14]. Furthermore, because of a low attenuating
tendency, the green band is heavily influenced by bottom reflectance in shallow coastal water [15].
The OC3M algorithm that uses the blue-green band ratio has been shown to yield accurate results in
case 1 waters [16]. However, the algorithm overestimates the Chl-a in case 2 waters [12].

Over 50% of the world’s population lives in coastal zones [17], and coastal waters provide many
ecosystem services of human importance including fisheries and recreation. Primary production in
coastal areas influences fisheries, eutrophication, and algal blooms that affect human populations.
Ocean color data from a satellite-based sensor are the only practical tools for the global assessment
of spatiotemporal variation in phytoplankton populations. The long record of MODIS ocean color
data of coastal regions currently cannot be utilized due to a lack of a precise algorithm for the Chl-a
estimation. A robust algorithm would make use of all available data and will have a significant effect
on the understanding of various factors that regulate primary production in ocean water. Furthermore,
precise assessment of phytoplankton biomass will assist in understanding models of atmospheric
carbon dioxide flux to the ocean, and the influence of anthropogenic contaminants on the marine
ecosystem [9].

The red band has a tendency of attenuating within surface water depths, and therefore is less
affected by bottom reflectance [15]. Furthermore, it is less sensitive to CDOM [18]. Therefore, red bands
have been used in several studies to develop Chl-a algorithm for shallow coastal water [15,16,19–21].
In such algorithms, the green band or near-infrared (NIR) band are commonly used in combination
with red band [15,16,19–21]. Gons, et al. [22] used an algorithm based on backscattering coefficients at
NIR bands to retrieve the Chl-a concentration. Gilerson, et al. [18] used an algorithm based on the ratio
of a red to NIR band. Gitelson, et al. [23] and Le, et al. [24] demonstrated the applicability of red-NIR
algorithms in estuarine water, including the Chesapeake Bay. Blakey, et al. [25] developed the Benthic
Class Specific algorithm to reduce the noise due to bottom reflectance. However, these algorithms have
a limited application. Processed data with atmospheric correction are not provided for NIR bands as
part of the standard data suite. Applicability of the Benthic Class Specific Algorithm is contingent on
the availability of Sea Grass Density data at the location. To utilize the abundance of MODIS ocean
color data of coastal regions, an improved algorithm is required that will use the wave bands for which
MODIS reflectance data are available.

MODIS Aqua’s level-2 data suit provides processed reflectance data in blue, green and red
bands. Therefore, many algorithms have been developed for MODIS sensor using green and red
bands, and have been shown to perform better than the OC3M algorithm but significant inaccuracy
in estimation using these algorithms leaves the scope for further improvement [19–21]. A green-red
band ratio algorithm is based on the fact that Chl-a reflects radiation in green band whereas absorbs
radiations in the red band resulting in a reflectance peak in the green region and reflectance trough in
the red region of the spectrum [14]. Schalles, et al. [14] in his mesocosm experiment demonstrated the
wavelength position of the green peak shifts towards the higher wavelength as the Chl-a concentration
increases. Similarly, the trough observed in red band shifts from lower band to higher band as the
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Chl-a concentration increases. Therefore, instead of using the ratio of reflectance at one wavelength,
each from green and red bands, an algorithm that employs the ratio of maximum reflectance in green
band to minimum reflectance in red band could further improve the satellite estimation of Chl-a
in the coastal water (case 2) by more efficiently targeting the peak and trough, and increasing the
reflectance ratio.

In this study, the performance of the OC3M algorithm in case 1 and case 2 waters was assessed,
and an algorithm was developed for case 2 water, using an alternative band combination from the
green-red wavebands of the MODIS Aqua sensor. Since the algorithm utilizes four bands from the
green and red region of the spectrum, it has been named as Green-Red Ocean Color 4 algorithm
(here after GROC4). The performance of the GROC4 algorithm was tested and compared with that
of the OC3M and other green-red algorithms using an independent dataset, and finally the seasonal
performance of the GROC4 was evaluated. Thus, the specific objectives of this study were to (1)
evaluate the performance of the OC3M model in case 1 and case 2 waters, (2) develop an improved
Chl-a estimation algorithm for case 2 water, and (3) evaluate the performance of the newly developed
model in case 2 water with seasonal data.

2. Materials and Methods

2.1. Study Area

The shallow water system of Chesapeake Bay (Figure 1) was chosen as the study area for the
validation of OC3M algorithm in case 2 water and the development of an improved algorithm.
Chesapeake Bay is the largest estuary in North America, located along the United States east coast,
lying inland from the Atlantic Ocean. Importantly, the Bay also has a rich Chl-a dataset to test and
validate the models for case 2 water.
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The Chesapeake Bay watershed extends to an area of more than 102,400 km2 that covers parts of
Delaware, Maryland, New York, Pennsylvania, Virginia, and West Virginia. The bay is classified as
a highly productive water system [26]. The high productivity is associated with excessive nutrients
carried into the bay water through river discharge [27]. The Chesapeake Bay watershed receives a high
volume of precipitation (1250 mm annually) that generates an annual run-off equivalent to 400 mm.

More than 150 streams and rivers flow into the Chesapeake Bay watershed. Major rivers that drain
into the bay include the Susquehanna, James, York, Rappahannock, Potomac from the west, and the
Wicomico, Nanticoke and Choptank from the east. The main source of freshwater inflow in Chesapeake
Bay is the Susquehanna River, responsible for about 50% of the total inflow. The Susquehanna and
Potomac Rivers carry 62% of the Nitrogen and 44% of the Phosphorus flux to the bay water [28].
Agricultural activities are common in the Chesapeake Bay watershed, with more than 25% of watershed
area is utilized for agricultural activities. Runoff from agricultural lands is the major source of
Nitrogen (54%) and Phosphorus (43%) loading in the Bay [28]. The eastern shore of the bay inputs
a disproportionally high amount of nutrients from agricultural fertilizers. In 2001, 49% of land area in
this region was used for agriculture [27]. Soils and sediments in the region are sandy and permeable,
promoting the movement of nutrients from source to streams and tidal waters [27].

The accuracy of satellite estimation of Chl-a in the coastal region is associated with depth of
the water [29], which is correlated with distance to shore. Therefore, the availability of long-term in
situ Chl-a concentration data at varying distances from the coast with diverse bathymetry makes
Chesapeake Bay a suitable study area for the development of an ocean color algorithm. The complex
bio-optical property of Chesapeake Bay’s water is dominated by colored dissolved organic matter
(CDOM), total suspended sediments (TSS) and phytoplankton [30]. The Chesapeake Bay experiences
frequent algal blooms and hypoxic conditions [31]. The bay is a major economic resource for the
region, and associated economic activities (fishing, tourism etc.) are highly dependent on water quality.
Considering the economic importance of the bay and its deteriorating condition, a major restoration
project is underway [26].

The Sargasso Sea, located in the Atlantic Ocean (Figure 2), was selected as the study area for the
validation of OC3M algorithm in case 1 water. The study area is an oligotrophic ocean gyre, which is
bound by a clockwise flow of ocean currents [32]. The mean annual Chl-a concentration in Sargasso
Sea is reported to be less than 0.05 mg m−3 [33]. A spring bloom is a seasonal phenomenon in the
region that occurs from March to April due to warm surface water [34].

2.2. In Situ Data

The field-measured Chl-a data of Chesapeake Bay, along with sampling dates and coordinates
of the sampling locations, were downloaded from the Chesapeake Bay Program (CBP) website [35].
The CBP provides a long record of Chl-a concentration data of the bay water at spatially diverse
locations. In situ observations from 2012 to 2017 were used to obtain observed and remote sensing
matchup pairs (see details below). Data from 2012 to 2016 were used for the validation of OC3M
algorithm and development of the GROC4 algorithm; whereas 2017 data were used to validate the
GROC4 algorithm and analyze its seasonal performance.

In situ Chl-a data for Sargasso Sea were obtained from the National Centre for Environmental
Information (NCEI) database for validation of OC3M algorithm in case 1 water [36]. Chl-a samples
were collected by the National Science Foundation (NSF) owned research vessel, Oceanus, in 2004 and
2005. Figure 2 shows the sampling locations in Chesapeake Bay and Sargasso Sea. A summary of in
situ data used in this study is presented in Table 1.
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Table 1. Summary of in situ Chl-a data used in this study.

Location Purpose Sampling
Locations

Samples Period
Chl-a (mg m−3)

Max Min Mean

Chesapeake
Bay

Validation of the OC3M
and development of the

GROC4 algorithm
47 134 2012–16 71.782 2.674 16.462

Validation of the GROC4
algorithm 38 110 2017 38.021 1.736 10.698

Sargasso Sea Validation of the OC3M
Algorithm 25 25 2004–05 0.062 0.030 0.047

2.3. Satellite Data

Remote sensing reflectance data from the MODIS Aqua sensor were used for this study. MODIS
Aqua acquires remote sensing data in 36 spectral bands. The swath width of viewing is 2330 km
allowing MODIS cover to the entire Earth in 1–2 days. The spatial resolutions of MODIS bands are
250, 500 or 1000 m. Out of the 36 bands, 10 bands are useful for ocean color studies, with a spatial
resolution of 1000 m.

The Ocean Biology Processing Group (OBPG) located at NASA’s Goddard Space Flight Centre,
manages Ocean Color Web (OCW), and collects, validates, archives and distributes ocean-related
remote sensing data. The MODIS Aqua’s ocean color level-2 data were downloaded for Chesapeake Bay
(2012–2017) and Sargasso Sea (2004–2005) from OCW using the level-2 data browser [37]. The level-2
data contains atmospherically corrected raster images of reflectance values at available bands. Swaths
that contain the study area (Chesapeake Bay or Sargasso Sea), and dates for which in situ data is
available were the criteria for inclusion in our study.



Water 2019, 11, 1621 6 of 17

2.4. Extraction of In Situ-Satellite Matchup Pairs

Level-2 MODIS Aqua data were searched to find data associated with each in situ sampling
points. An in situ observation and a single pixel of remote sensing data, covering the in situ sampling
location, were considered as a match-up pair. Pixels flagged for stray light, land, cloud, sun glint,
high top-of-atmosphere and atmospheric correction failure were excluded as in Bailey and Werdell [38].
A total of 269 match-up pairs were extracted of which 244 were for Chesapeake Bay and 25 for the
Sargasso Sea.

2.5. Validation of the Ocean Color 3M (OC3M) Algorithm

Ocean color algorithms derive Chl-a concentration of a water body using remote sensing data.
O’Reilly et al. (1998) developed an ocean color algorithm (i.e., OC4) for SeaWiFS that uses the ratio of
reflectance in blue to green bands [10]. The Ocean Color 3M (OC3M) algorithm currently operational
for MODIS is an extension of the OC4 algorithm that has been modified according to MODIS bands.
The OC3M algorithm is a polynomial relationship of the fourth order between Chl-a concentration and
reflectance ratio that takes reflectance at 443, 488 and 547 nm as input and gives Chl-a concentration in
mg m−3 as output (Equations (1) and (2)).

Chl-a = 10a0 + a1 × X + a2 × X2 + a3 × X3 + a4 × X4
(1)

X = log10
λb
λg

(2)

where, λb is the greater of remote sensing reflectance (Rrs) at 443 and 488, and λg is Rrs at 547. The a0, a1,
a2, a3 and a4 are constants whose values are 0.2424, −2.7423, 1.8017, 0.0015 and −1.2280, respectively.

The present study analyzed the performance of the OC3M algorithm in Sargasso Sea (case 1)
and Chesapeake Bay (case 2) water. The OC3M algorithm was applied to the remote sensing pixels
and algorithm-derived concentrations were compared with the corresponding in situ measurements.
The SeaDAS 7.4 software, a software package for analysis of remote sensing ocean color data, was used.
Finally, the overall performances of the algorithm in Sargasso Sea and Chesapeake Bay were compared.
Statistical parameters including Root Mean Square Error (RMSE), Mean Absolute Percent Error
(MAPE) and Mean Absolute Error (MAE) were derived to examine the accuracy of the OC3M
algorithm in Sargasso Sea and Chesapeake Bay. The following equations were used to calculate these
statistical parameters:

RMSE =

√∑n
i=1(X −Y)2

n
(3)

MAE =

∑n
i=1|X −Y|

n
(4)

MAPE =
100
n

n∑
i=1

∣∣∣∣∣∣∣X −Y
X

∣∣∣∣∣∣∣ (5)

where, X = In situ measurements, Y = Algorithm-derived values and n = Number of samples.

2.6. The Green-Red Ocean Color 4 (GROC4) Algorithm

An improved algorithm (GROC4) for case 2 water was developed using remote sensing reflectance
in green and red bands. To develop the algorithm, the ratio of maximum reflectance in the green band
and minimum reflectance in the red band was used, targeting the peak reflectance in green band and
the trough in the red band. Regression analysis was performed between logarithmic reflectance ratios
and logarithmic in situ Chl-a concentrations, employing the matchup pixels to generate coefficients for
a fourth-order polynomial used in the algorithm.
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2.7. Validation of the GROC4 Algorithm

The GROC4 algorithm developed in this study was validated by using an independent test sample
consisting of 110 pairs of match-up data. These match-up pairs were not used in the development
of the algorithm. The algorithm-derived concentrations were compared with the corresponding in
situ measurements.

Performances of the GROC4, OC3M and two previous red-green algorithms developed for
Chesapeake Bay were also compared using this dataset. The two red-green algorithms used in
the comparison study were developed by Le, et al. [19] and Tzortziou, et al. [20] described in
Equations (6)–(10). The algorithm developed by Le, et al. is called Red-Green Chl-a Index (hereafter
RGCI) (Equations (6) and (7)), while the one developed by Tzortziou, et al. is termed the Red-Green
algorithm (hereafter RG) (Equations (8)–(10)).

The RGCI algorithm [19] is:
Chl-a = 101.76X+1.61 (6)

where,

X = log10
Rrs(667)
Rrs(531)

(7)

Similarly, the RG algorithm [20] is:

log10(Y) = 0.1725× log10(X) − 0.5117 (8)

where,
X = Chl-a (9)

Y =
Rrs(677)
Rrs(554)

(10)

To understand the seasonal performance of the GROC4 algorithm in coastal water, Chesapeake
Bay’s validation matchup pairs were categorized by season (Table 2): spring (March, April, May),
summer (June, July, August), autumn (September, October, November) and winter (December, January,
February). GROC4 derived concentrations were compared with in situ concentrations in each season.

Table 2. Summary of the matchup data used for the performance evaluation of the OC3M algorithm
and GROC4 algorithm across seasons in case 2 water.

Season Number of Samples
Chl-a (mg m−3)

Max Min Mean

Spring 34 29.477 1.736 10.392

Summer 29 38.021 4.410 13.109

Autumn 34 23.191 2.274 9.745

Winter 13 15.379 3.632 8.619

3. Results

Results of the performance of currently operational OC3M algorithm in deep and shallow
water bodies are presented. The performance of the improved algorithm (GROC4) is also presented
and compared with OC3M algorithm and that of two other existing algorithms for shallow water
bodies. The seasonality and spatial trends of Chl-a in Chesapeake Bay is also estimated using GROC4
and presented.
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3.1. Performance of the OC3M Algorithm in Sargasso Sea and Chesapeake Bay

When comparing the performance of the OC3M algorithm in the Sargasso Sea (case 1) and
Chesapeake Bay (case 2), large differences were observed (Figures 3 and 4). For case 1 water,
the coefficient of determination (r2) obtained was 0.518 (p < 0.001). The spread in the scatter plot of
case 1 water was low and points were mostly located along a 1:1 line whereas, the spread was quite
high in the scatter plot for case 2 water (Figure 3). In Figure 3b, a vertical spread is noticeable for Chl-a
concentration less than 25 mg m−3. A majority of the points were above the 1:1 line suggesting that the
OC3M derived concentration was overestimated in the range of 0–25 mg m−3. However, beyond 25
mg m−3, the OC3M model was underestimating the Chl-a concentration in case 2 water, as evident
from almost all points in this range being below the 1:1 line (Figure 3b). This lack of correlation and
thus accuracy in the performance of the OC3M algorithm were clearly visible in the cluster column
for case 2 water and indicate that performance was concentration-dependent (Figure 4b). The cluster
column for Sargasso Sea (Figure 4a) demonstrated that the OC3M derived concentrations were similar
to the in situ concentrations in case 1 water, as shown by a similarity in bar heights. The measures of
variation, RMSE, MAE, and MAPE show greater accuracy of the OC3M algorithm in case 1 versus case
2 water, as expected (Table 3).

Table 3. Statistics assessing accuracy of Ocean Color 3M (OC3M) derived Chl-a in Sargasso Sea (case 1)
and Chesapeake Bay (case 2) water.

Water Type Algorithm R2 p-Value Slope Intercept RMSE MAE MAPE

Case 1 OC3M 0.518 <0.001 0.97 0.00 0.007 0.005 12.171
Case 2 OC3M 0.009 0.356 0.10 21.05 23.217 16.527 162.251
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Figure 3. Scatter plots compare the OC3M derived Chl-a concentrations with in situ concentrations in
(a) Sargasso Sea (case 1) and (b) Chesapeake Bay (case 2). The dotted lines represent 1:1 line.
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Figure 4. Clustered columns compare the OC3M algorithm derived and in situ Chl-a concentrations in
(a) Sargasso Sea (case 1) and (b) Chesapeake Bay (case 2).

3.2. The GROC4 Algorithm

Since the OC3M algorithm failed to estimate Chl-a in shallow water, an improved algorithm was
developed using alternative band combination. The best fit was obtained by using the reflectance
ratio that employs the maximum of reflectance in 531 and 547 nm band as numerator and minimum
of reflectance in 667 and 678 nm bands as the reference band. The GROC4 algorithm is described in
Equations (11) and (12).

Chl-a = ea0 + a1 × X + a2 × X2 + a3 × X3 + a4 × X4
(11)

X = loge
λg

λr
(12)

where λg is the greater of Rrs at 531 and 547, and λr is the smaller of Rrs at 667 and 678. There was
considerable difference in the coefficients of the OC3M algorithm compared to GROC4 algorithm
(Table 4).

Table 4. Coefficients of the OC3M and GROC4 algorithms.

Algorithm Band Ratio Log Base a0 a1 a2 a3 a4

OC3M Xbg 10 0.2424 −2.7423 1.8017 0.0015 −1.2280
GROC4 Xgr e 4.1579 −1.9875 −1.5994 2.1028 −0.6595
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The GROC4 algorithm is a 4th order polynomial relationship between logarithmic Chl-a and
green-red reflectance ratio. While the OC3M algorithm employs base-10 logarithm, the GROC4
algorithm uses the natural log. The coefficients of the GROC4 algorithm bears the same sign as OC3M
algorithm, except for the quadratic term.

3.3. Validation and Comparison Analysis of the GROC4 Algorithm

The improved algorithm (GROC4), the currently-operational algorithm (OC3M), and other two
prior algorithms (RGCI and RG) were compared by comparing relationships between predicted and
observed Chl-a values for shallow water bodies for all four algorithms (Figure 5, Table 5).
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Figure 5. Scatter plots show the performance of (a) GROC4 (b) OC3M (c) Red-Green Chl-a Index
(RGCI) and (d) Red-Green (RG) algorithms using the test data sample (2017). OC3M is the currently
operational algorithm. while GRCI and GR are previously developed algorithms for Chesapeake Bay
that use red and green bands of MODIS sensor. Dashed lines are 1:1 line. Values greater than 60 have
been forced at 60 to show in the plot.

Table 5. Statistics comparing the performance of GROC4 algorithm to that of the OC3M, RGCI and
RG algorithms.

Algorithm R2 p-Value Slope Intercept RMSE MAE MAPE

GROC4 0.444 <0.001 0.67 3.29 4.924 3.921 46.401
OC3M <0.001 0.780 −0.07 25.64 24.783 16.904 243.870
RGCI 0.405 <0.001 0.67 4.69 5.410 4.456 54.764

RG 0.495 <0.001 4.71 −30.79 37.413 17.181 132.306
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The GROC4 derived Chl-a values were significantly correlated with in situ concentrations, but no
relationship was observed for the OC3M-derived values (Table 5). The GROC4 algorithm also has
smaller RMSE, MAE and MAPE relative to the OC3M algorithm, indicating superior performance
(Table 5). For instance, the coefficient of determination for GROC4 algorithm was second highest
after the RG algorithm. It should be noted that, even though the coefficient of determination of RG
algorithm (0.495) was better than the GROC4 algorithm (0.444), the performance of RG algorithm was
far inferior in terms of other statistical measures. The slope and intercept of the GROC4 algorithm
were generally better than other algorithms except for the slope of the RGCI, which was slightly better
than the GROC4 algorithm. Other than slope the statistical parameters of the GROC4 algorithm was
consistently better than the RGCI algorithm whose performance was closest in comparison to the
GROC4 algorithm.

3.4. Seasonal Performance of the GROC4 Algorithm

The algorithm derived and in situ concentrations for each season were analyzed to understand
the seasonal performance of the GROC4 algorithm (Figure 6, Table 6). The algorithm yielded best
agreement with in situ Chl-a for the summer season (r2 = 0.637, p < 0.001), followed by the spring season
(r2 = 0.578, p < 0.001). The correlation was weak for autumn (r2 = 0.176, p = 0.014), and statistically
insignificant for winter (r2 = 0.067, p = 0.392). Comparing other statistical measures of summer and
spring, the algorithm yielded a better slope and intercept for spring whereas MAPE for summer
was better than spring (Table 6). RMSE (spring = 4.685, summer = 4.644) and MAE (spring = 3.873,
summer = 3.603) for the two seasons were similar. The RMSE and MAE obtained for winter were
comparable to spring and summer, however the performance of the algorithm during autumn and
winter appeared to be poor in terms of other statistical measures, particularly MAPE (autumn = 61.511,
winter = 51.897).Water 2018, 10, x FOR PEER REVIEW  12 of 18 
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Table 6. Statistics showing the seasonal performance of the GROC4 algorithm in Chesapeake Bay.

Season R2 p-Value Slope Intercept RMSE MAE MAPE

Spring 0.578 <0.001 0.85 −0.12 4.685 3.873 44.751
Summer 0.637 <0.001 0.72 2.49 4.644 3.603 28.163
Autumn 0.176 0.014 0.42 6.57 5.546 4.424 61.511
Winter 0.067 0.392 0.32 7.93 4.387 3.439 51.897

3.5. Chl-a Map of Chesapeake Bay

A Chl-a map of Chesapeake Bay was generated by applying the GROC4 algorithm on an image
acquired by MODIS Aqua, in order to analyze the spatial distribution of Chl-a in Bay waters (Figure 7).
Concentrations above 25 mg m−3 were forced at 25 mg m−3 to clearly present the Chl-a pattern in the
Bay water. It can be observed the spatial variability of Chl-a was significantly high in Chesapeake
Bay. The concentration in the upper part of Chesapeake Bay was higher than the middle and lower
part, and concentrations in tributaries were higher than those of the main channel. The concentration
in a major portion of upper bay was >12.5 mg m−3. The concentration in the middle and lower part
was distributed more or less between 5–8 mg m−3 with exception of few patches. Tributaries show
high concentration (~25 mg m−3) at their tip, away from the main channel. Concentrations gradually
dropped downstream of tributaries and became uniform with the main channel.Water 2018, 10, x FOR PEER REVIEW  13 of 18 
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4. Discussion

4.1. OC3M Algorithm Performance

As in previous studies [36,37], when comparing the accuracy of OC3M algorithm in case 1 and case
2 water, we found superior performance for case 1 water. The correlation between algorithm-derived
and in situ concentrations was strong for case 1 water, but non-significant for case 2 water and statistical
parameters showed a better fit in case 1. The OC3M algorithm has been previously tested in other
studies, including with Chesapeake Bay water [19]. The algorithm was again tested to analyze its
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performance using default MODIS Aqua’s level-2 data without further processing. The validation of the
algorithm in Sargasso Sea provided results for comparison of the performance in case 1 and case 2 water.
Our result supports the findings of previous studies that point towards good relative performance
of the OC3M algorithm in deep ocean (case 1) water, and poor performance in shallow coastal water
(case 2) [39,40]. Le, et al. has demonstrated a poor correlation (r2 < 0.16) between blue-green band
ratio and Chl-a concentration in Chesapeake Bay [19]. Zheng, et al. obtained a correlation coefficient
(R) of 0.34 between MODIS Aqua derived and in situ Chl-a in Chesapeake Bay while using OC2S
algorithm, a variant of OC3M algorithm [41]. While these two studies in Chesapeake Bay considered
water samples collected up to a depth of 1 meter as a surface water [19,41], in the current study, samples
collected at a depth of less than or equal to 0.5 meter were considered as surface water.

4.2. Performance Evaluation of the GROC4 Algorithm in Chesapeake Bay

The performance of the GROC4 algorithm is superior among the four algorithms compared in our
study, although the RGCI algorithm presents a comparable result. The GROC4 algorithm performed
slightly better than the RGCI algorithm for almost the whole range of Chl-a concentration, but the
improvement was more evident at >20 mg m−3 of concentrations (Figure 5). This improvement was
possibly associated with the maximum band ratio formulation of the GROC4 algorithm. Applying
the observation from the mesocosm tank experiment of Schalles, et al.—i.e., with increasing Chl-a
concentration the reflectance peak in the green band and trough in red band shifts towards the higher
wavelength—the GROC4 algorithm was possibly able to more efficiently target the peak reflectance in
the green band and trough in red band than the RGCI algorithm [14,18]. The fact that the improvement
was more evident at higher concentrations further supports this hypothesis. Both GROC4 and RGCI
underestimated the Chl-a concentration for most of the matchup pairs in the range of 10–20 mg m−3.
For the other two algorithms, OC3M overestimated for concentrations <20 mg m−3 and underestimated
for concentrations >20 mg m−3. In contrast, the RG algorithm did not show any consistent pattern,
and. RG algorithm-derived concentrations were deviated from the in situ concentrations for the whole
range. Even though the r-square of RG algorithm was highest among the three red-green algorithms,
other statistical measures, as well as the scatter plot, showed that the algorithm was not performing
well for the data set. This illustrates that a good r-square may not necessarily mean an algorithm is
performing well and instead a number of statistical parameters should be considered when comparing
algorithm performance.

In sum, the red-green band ratio algorithms were strongly correlated to in situ Chl-a concentrations,
relative to the OC3M algorithm as depicted by coefficients of determination. This result is consistent
with the finding of previous studies that have shown red band-based algorithms are less affected by
noise associated with CDOM and bottom reflectance, and result in improve satellite estimation of
Chl-a in coastal waters [18,42].

The GROC4 algorithm showed an improved performance over other red-NIR algorithms developed
for the turbid water [23,24]. Gitelson, et al. obtained RMSE of approx. 7.9 mg m−3 and 8.4 mg m−3 using
two-band model and three-band model, respectively [23]. Le, et al. obtained a RMSE of 8.68 mg m−3

(r2 = 0.48, p < 0.01) for MODIS Aqua [24]. The improvement is noteworthy given the fact the GROC4
algorithm is applicable on MODIS level-2 data obtained using the standard atmospheric correction
without further processing, which is required for NIR-based algorithms.

4.3. Seasonality of Chl-a

The Chl-a concentrations during spring (max = 29.477 mg m−3, mean = 10.392 ± 1.012 mg m−3)
and summer (max = 38.021 mg m−3, mean = 13.109 ± 1.366 mg m−3) were higher than autumn
(max = 23.191 mg m−3, mean = 9.745 ± 0.869 mg m−3) and winter (max = 15.379 mg m−3,
mean = 8.619 ± 0.785) (Table 2). Even though mean concentrations are comparable across seasons,
samples with high Chl-a concentration were present in spring and summer data set as evident
from the maximum Chl-a concentration for each season. The better estimation by the algorithm at
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higher concentration than at lower concentration might explain the better seasonal performance of
the GROC4 algorithm during spring and summer. The strong correlation for summer (Figure 6b) is
a function of the contribution of two observations with high Chl-a concentrations (>30 mg m−3) where
the algorithm appears to perform well. It should be noted that spring and summer are important
seasons in Chesapeake Bay in terms of Chl-a monitoring. Spring phytoplankton blooms are a seasonal
phenomenon in Chesapeake Bay that results in high Chl-a concentrations across Bay waters [43].
Generally, the Chl-a concentrations during summer are less than in spring [43]. The organic materials
deposited during spring decompose during summer which renders the bottom water anoxic or
hypoxic [43]. An extended duration of bloom condition during spring then has implications for water
quality during summer. Therefore, monitoring Chl-a during spring and summer, and in the transitional
period is an important aspect of Chesapeake Bay ecological management. Therefore, even with the
poor performance during autumn and winter, a strong correlation during spring and summer bolsters
the potential benefits of this algorithm.

4.4. Spatial Map of Chl-a

The Susquehanna river drains a large amount of nutrients in the upper bay [28,44]. The excess
availability of nutrient in the upper bay could explain the high concentration of Chl-a in this region.
Other rivers, such as Potomac, Rappahannock etc. drain in mid and lower bay, but it should be noted
Susquehanna river alone drains about 50% of the fresh water of the whole estuary, contributing 66%
of nitrogen and 40% of the phosphorus input [28,45]. The Chl-a concentration in the mid bay and
lower bay might not be influenced by nutrient loading from the Susquehanna River due to long travel
distance and the tidal mixing of water.

The enhanced performance depicted by the GROC4 algorithm over other algorithms tested in this
study, especially OC3M algorithm, encourages its application for Chl-a monitoring in Chesapeake
Bay. Together with MODIS Aqua data, it can be used to track Chl-a variability in the Bay water,
especially in those sections where Chl-a concentrations remain high and therefore need more attention.
A limitation of MODIS Aqua sensor is that due to its low spatial resolution (1 km), it does not capture
data close to land boundaries (white patches along land-water boundaries). Thus, Chl-a concentration
near the coastline and in the narrow tributaries could not be determined using remote sensing data
from the sensor.

5. Conclusions

In this study, the performance of the OC3M algorithm was assessed across the deep ocean and
a coastal water body. An improved algorithm was developed based on reflectance data from the green
and red bands and its performance in the coastal water system of Chesapeake Bay was tested using
an independent dataset. The OC3M algorithm worked well for case 1 water. However, the error
of estimation was very high in case 2 waters. The result of this analysis demonstrates that OC3M
algorithm is useful for synoptic mapping of Chl a in the deep ocean region. However, the high error of
estimation in Chesapeake Bay shows that the algorithm is unsuitable for satellite estimation of Chl-a in
coastal waters.

The present study also demonstrated the usefulness of maximum-green-red band ratio formulation
for Chl a estimation in complex coastal water. The GROC4 algorithm performed significantly better
than the OC3M algorithm in the coastal water of Chesapeake Bay. The RMSE was reduced from of
24.783 mg m−3 to 4.924 mg m−3 when the GROC4 algorithm was used instead of the OC3M algorithm
for the same validation dataset. The evaluation of seasonal performance of the algorithm demonstrated
that the GROC4 algorithm is significantly correlated with Chl-a during spring and summer.

The implementation of the algorithm developed in this study is simple and requires only reflectance
data in wavebands that are available from MODIS Aqua sensor. It could be used to understand the
dynamics of Chl-a in coastal water by using the long record of publicly available MODIS Aqua ocean
color data. Although, GROC4 algorithm reduced the error in deriving Chl-a by a significant margin,
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the following limitations remain. The matchup dataset used for the development of the algorithm is
small (134 pairs). For most of the pixels in the MODIS imagery of the study area, reflectance data is
not available, and frequency of in situ observations is low. It would be better to utilize a larger set of
matchup pixels in order to develop an algorithm with a greater accuracy. Furthermore, the satellite
estimation of Chl-a in coastal water is severely affected by the operational atmospheric correction
procedures that are known to be inefficient [46]. Therefore, an encouraging prospect for enhancement
in satellite estimation of Chl-a in coastal water is improvement in atmospheric correction procedure
and development of an algorithm using the maximum green-red band ratio with a larger set of
matchup pixels.

This study addresses the important issue of coastal water algal bloom mapping [47] using satellite
data with reasonable accuracy, and showed an improvement over the existing operational algorithm.
The results of this study can be applicable to water bodies and can lead to further improvements in as
algorithm performance.
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