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A B S T R A C T

Remote sensing of chlorophyll-a concentration, [Chl-a], has been difficult in coastal waters like the Chesapeake
Bay owing largely to terrestrial substances (such as minerals and humus) that are optically significant but do not
covary with phytoplankton. Here we revisit the semi-analytical pathway of deriving [Chl-a] based on the light
absorption coefficient of phytoplankton by introducing the generalized stacked-constraints model (GSCM) to
partition satellite-derived total light absorption coefficient of water (with pure-water contribution subtracted),
anw(λ), into phytoplankton, aph(λ), and non-phytoplankton components, where anw(λ) is derived from satellite
remote-sensing reflectance, Rrs(λ), using the Quasi-Analytical Algorithm. The GSCM-derived aph(λ) was com-
pared with field matchups of [Chl-a]. We show that semi-analytical approaches can provide superior [Chl-a]
product compared with reflectance-band-ratio algorithms when the accuracy of satellite-derived aph(λ) is suf-
ficiently improved, in this case with the GSCM. However, the improvement is at the cost of significantly reduced
data availability because the GSCM may provide no feasible solutions when input anw(λ) data are subject to large
errors. This in turn highlights the needs for improved atmospheric correction and upstream models capable of
preserving actual spectral shapes of Rrs(λ) and anw(λ), respectively.

1. Introduction

Phytoplankton constitute the base of aquatic food web and are a
primary driver of biogeochemical processes in the ocean. As such,
phytoplankton biomass is a key parameter for oceanographic and bio-
geochemical research and applied studies. In coastal waters, phyto-
plankton biomass serves as an important water quality parameter since
the abundance of algae can potentially indicate the degree of eu-
trophication in a specific water body. In practice, phytoplankton bio-
mass is typically quantified with a proxy, e.g., by measuring the con-
centration of chlorophyll-a, [Chl-a], which is a ubiquitous
photosynthetic pigment present in all algal species. Measurements of
[Chl-a] can be made in situ (e.g., chlorophyll fluorometers), remotely
(e.g., optical radiometers), as well as in the lab through discrete water
sample analyses (e.g., Dickey et al., 2006). Albeit generally less accu-
rate than other data methods, remote sensing (especially via satellite
platforms) is typically the most efficient and cost-effective measure for
users because it enables synoptic sampling at basin, regional, and local
scales with high revisit frequency (potentially up to several times per
day).

Currently, there are no universally accepted algorithms for

accurately deriving [Chl-a] in coastal waters from the remote-sensing
reflectance, Rrs(λ), where λ is light wavelength in vacuum. Unlike the
open oceans where phytoplankton drive the variation of inherent op-
tical properties of water, coastal waters are subject to influences from
terrestrially originated materials such as humus and iron-rich minerals
which contribute significantly to the light absorption and scattering in
water, but do not covary with phytoplankton. As a result, the standard
blue-to-green reflectance-band-ratio algorithms that are acceptable to
address the open oceans (e.g., O'Reilly et al., 1998) are inadequate for
coastal waters, as has been reported widely (e.g., Magnuson et al.,
2004; Tzortziou et al., 2007; Werdell et al., 2009). There have been
more advanced algorithms such as the neural network approach de-
veloped for coastal waters (e.g., Alimonte and Zibordi, 2003; González
Vilas et al., 2011; Tanaka et al., 2004), which essentially apply a greater
number of fixed coefficients to the input reflectance data. However, the
optical properties of coastal waters are highly dynamic and such algo-
rithms have not proven suitable for diverse water types. In addition to
the blue and green bands, the red and near-infrared (NIR) bands have
also been used as a basis to derive [Chl-a] from remote-sensing data. A
benefit of using longer wavelengths is the reduced influence from light
absorption of non-algal suspended particles and colored dissolved
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organic matter (CDOM) on the derived [Chl-a] product (e.g., Dall'Olmo
et al., 2005; Gitelson et al., 2007; Gons et al., 2002; Moses et al., 2009)
because their absorption coefficients drop exponentially with wave-
length. This type of algorithms appear to perform fairly well for intense
algal blooms ([Chl-a] > tens of mg m−3) but suffer from low signal-to-
noise ratio for lower-biomass scenarios.

Phytoplankton are efficient light absorbers at the blue and red bands
owing to presence of intracellular pigments, but not effective con-
tributors to total backscattering coefficient compared with minerals
which have higher density and lower water content, or colloidal par-
ticles which are more abundant and have larger backscattering-to-
scattering ratio (Aas, 1996; Stramski et al., 2004; Stramski and Kiefer,
1991). As a result, the remote sensing of phytoplankton generally relies
on the detection of its light absorption signal. However, non-phyto-
plankton materials often compete strongly with phytoplankton in con-
tribution to the total light absorption coefficient. Therefore, separation
of phytoplankton and non-phytoplankton light absorption signals, as is
addressed by more physics-based “semi-analytical” algorithms (e.g., Lee
et al., 2002; Maritorena et al., 2002; Smyth et al., 2006), are desirable
to obtain improved [Chl-a] products. One might expect that empirical
algorithms that associate [Chl-a] directly with some combinations of
Rrs(λ) and do not discriminate between phytoplankton and nonalgal
pigmenting agents are more likely than semi-analytical models to
mismatch [Chl-a] with the light absorption and backscattering signals
contributed by materials that may have nothing to do with phyto-
plankton. In this regard, the results of a round-robin test conducted by
Brewin et al. (2015) are somewhat counter-intuitive. Using field data
obtained in both open ocean and coastal waters, they found that a
group of 5 empirical algorithms consistently outperformed another
group of 11 semi-analytical ones with respect to the accuracy of derived
[Chl-a].

Does it imply that semi-analytical approaches are merely con-
ceptually superior but practically less effective than empirical ones with
respect to the remote sensing of [Chl-a] in oceanic and coastal waters?
We note that the semi-analytical models evaluated by Brewin et al.
(2015) impose highly restrictive assumptions on the spectral shapes of
the light absorption coefficient of phytoplankton, aph(λ), and non-
phytoplankton materials. These assumptions are inadequate for resol-
ving bio-geo-optical variability in coastal waters and might have ad-
versely affected the accuracy of these models. Recently, Zheng et al.
(2015) developed a Generalized Stacked-Constraints Model (GSCM)
which relaxed these restrictive assumptions. The GSCM takes the input
of the total non-water absorption coefficient, anw(λ), either field-mea-
sured or remotely sensed, and partitions it into aph(λ) and nonalgal
components. Although the model was shown to be capable of parti-
tioning the field-measured anw(λ) with reasonable accuracy, it is un-
clear whether the GSCM can enable semi-analytical [Chl-a] models to
outperform empirical ones simply by improving the accuracy of sa-
tellite-derived aph(λ). This is because in the remote-sensing context the
GSCM must be combined with an “upstream” model that derives the
required anw(λ) from Rrs(λ), and additionally satellite-measured Rrs(λ)
is subject to many sources of uncertainties such as calibration and at-
mospheric-correction issues. Can GSCM help advance the remote sen-
sing of [Chl-a] beyond empirical reflectance-band-ratio algorithms?
This study explores answers to this question.

2. Data and methods

Field measurements of [Chl-a] were matched up with satellite-de-
rived Rrs(λ) data based on sampling time and location. A matchup was
considered valid when satellite and field observations were made
within 3 h and 1 km. The field-measured [Chl-a] data were obtained
from the Chesapeake Bay Program (CBP, http://www.chesapeakebay.
net/) which is a long-term field sampling network established since
1984. For the present study only data collected since September 1997
were used with a cutoff on December 2016, covering the current era of

sustained satellite ocean color observations. The satellite data used for
match-up were collected by four sensors including the Sea-Viewing
Wide Field-of-View Sensor (SeaWiFS), the Moderate Resolution
Imaging Spectroradiometer (MODIS) onboard Aqua, the MEdium
Resolution Imaging Spectrometer (MERIS), and the Visible Infrared
Imaging Radiometer Suite (VIIRS). Matchups from all four sensors
during the period of 1997–2015 were used to develop a new [Chl-a]
model based on the semi-analytical approach, hereafter referred to as
the development dataset. Matchups from VIIRS in the year 2016 were
used as independent data to evaluate performance of the new model,
hereafter referred to as the validation dataset. The majority of matchup
data were included in the development dataset to obtain more robust
regression coefficients for the new model. Below we describe the field
and satellite data in detail.

2.1. Field data of chlorophyll-a concentration

The Chesapeake Bay program provides regular field observations of
19 water quality parameters at 49 stations in the Chesapeake Bay
mainstem as well as hundreds of other stations in its tributaries.
Stations were generally sampled monthly except during summer when
sampling took place twice a month. Sometimes additional sampling was
conducted after significant weather events. Figure 1 shows the locations
of a total of 64 sampling stations that were used for satellite match-ups.
These stations were selected to maximize the availability of field data
while still maintaining reasonable distance from land to minimize the
adjacency effect in satellite imagery caused by light scattered from
brighter pixels (such as land) to the field of view of neighboring water
pixels. The selected stations include those named after CB2, CB3, CB4,
CB5, CB6, CB7, CB8, EE, ET, LE, TF, WE, and WT. At each station,
chlorophyll samples were collected at the surface and bottom, and at
two additional depths depending on the existence and location of a
pycnocline. For this study we used only surface chlorophyll data

Fig. 1. Sampling stations of the Chesapeake Bay Program selected for this study.
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(0–1 m), which were measured by Maryland Department of Health and
Mental Hygiene (DHMH), Chesapeake Biological Laboratory, Old Do-
minion University Applied Marine Research Laboratory, and Virginia
Division of Consolidated Laboratory Services (DCLS).

The protocol used to determine [Chl-a] is consistent across different
stations. It is a monochromatic method conforming to the American
Society for Testing and Materials (ASTM) and includes a correction for
pheophytin. Here we describe only the general procedures of this pro-
tocol. More details are provided in the report by Olson (2012) and
ASTM (2012). Specifically, each water sample was filtered through a
GF/F filter and then subjected to acetone extraction. The acetone ex-
tract was then centrifuged and the clear supernatant was measured
using a spectrophotometer to obtain the spectral optical density (OD)
associated with light absorption. Subsequently, the acetone solution is
acidified with HCl and re-measured for the OD. The final formula is:

=

−

Chl‐a OD OD OD OD l V

V

[ ] 26.7 [( – )–( – )]

mg m ,
B B A A extract

sample

664 750 665 750

3

where
OD664B and OD750B, OD of acetone extract before acidification at

664 and 750 nm, respectively;
OD665A and OD750A, OD of acetone extract after acidification at 665

and 750 nm, respectively;

l, light pathlength through acetone extract in cm;
Vextract, total volume of acetone extract in L;
Vsample, total volume of water sample filtered in m3.

Figure 2 gives an overview of all [Chl-a] measured at the selected
stations during the time period of the matchup analysis. It shows that
the most frequent [Chl-a] values encountered in the Chesapeake Bay
surface waters are within 6–8 mg m−3. More than 95% of the samples
have [Chl-a] lower than 30 mg m−3.

2.2. Satellite data of remote-sensing reflectance

Satellite-derived normalized water-leaving radiance, nLw(λ), data are
“Level-2” products generated after the application of instrument calibra-
tion, vicarious calibration, and atmospheric correction. As calibrations
update, raw data recorded as digital counts (“Level-0”) need to be re-
processed and the derived Level-2 products are subject to change. Satellite
data used in this study are as follows: NASA versions “R2014.0” for
SeaWiFS, “R2012.1” for MERIS, and “R2014.0.1” for MODIS-Aqua data,
and NOAA version “SCI_OC03_V1.10” (in development dataset,
1997–2015) and “SCI_OC04.0_V1.20” (in validation dataset, 2016) for
VIIRS data. With respect to schemes of atmospheric correction, data

obtained from NASA were generated using the NIR bands as a basis for
making the “black-pixel” assumption, hereafter referred to as NIR-cor-
rected data (see references cited in http://oceancolor.gsfc.nasa.gov/cms/
reprocessing/AtmoCor.html). Two streams of VIIRS ocean color data
produced by NOAAwere used in this study. One stream adopts the “BMW”
atmospheric correction algorithm (Jiang and Wang, 2014) which is es-
sentially a variant of the NIR-based scheme and combines the three al-
gorithms developed by Bailey et al. (2010), Ruddick et al. (2000), and
Wang et al. (2012). Another stream of VIIRS data were processed with an
atmospheric correction scheme that replaces the NIR bands with short-
wave infrared (SWIR) bands, hereafter referred to as SWIR-corrected data
(described by Wang et al., 2007). Using the same algorithm, SWIR-cor-
rected data were also produced for MODIS-Aqua over the period of
2002–2013 using the “Level-1b” data (version 5) obtained from the NASA
MODIS Adaptive Processing System (MODAPS) Services website (https://
ladsweb.nascom.nasa.gov/). The SWIR-corrected data have meaningful
values in the NIR, and are essential to evaluating the performance of al-
gorithms that utilize NIR bands.

The final spectral reflectance Rrs(λ) is calculated as the nLw(λ) di-
vided by the extraterrestrial solar irradiance, F0(λ).

2.3. Satellite data processing steps

The Rrs(λ) data for coastal waters like the Chesapeake Bay are often
significantly affected by terrestrial originated materials such as mi-
nerals and humus. To use the GSCM to distinguish the contribution of
phytoplankton to the overall optical signal, input of total absorption
coefficient anw(λ) is required. In this study, the Quasi-Analytical
Algorithm (QAA) (Lee et al., 2002) version 6 (http://www.ioccg.org/
groups/software.html) was chosen as the upstream model that derives
anw(λ) from Rrs(λ). The aph(λ) obtained by partitioning the QAA-de-
rived anw(λ) with the GSCM was compared with field-measured [Chl-a].
Figure 3 shows the three main steps of satellite data processing.

The objective of Step 1 is to remove questionable Rrs(λ) spectra and
minimize their impact on subsequent comparisons of algorithm per-
formance. Specifically, the satellite-derived Rrs(λ) used in this study
often drops quickly towards the short wavelengths (~410 and 440 nm),
sometimes even below zero, suggesting a possible over-estimation of
atmospheric contribution to the total top-of-atmosphere radiance
during the atmospheric correction process. For this purpose we used the
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Fig. 2. Histogram of surface chlorophyll concentration measured at the Chesapeake Bay
Program stations during 1997–2015. Bars refer to the left axis. The curve refers to the
right axis.
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Fig. 3. Flowchart of satellite data processing. Rounded text boxes highlight input and
output variables. Normal text boxes highlight intermediate variables.
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“quality assurance system” developed by Wei et al. (2016), which de-
fines 23 optical water types based on a cluster analysis of 958 quality-
verified Rrs(λ) spectra. For a given Rrs(λ) with unknown quality, in this
case a satellite-derived spectrum, this approach first identifies the clo-
sest water type based on the spectral shape of normalized spectra, and
then assign a score for each individual wavelength based on the degree
of departure of the given spectrum from the mean spectrum of that
water type. If the departure exceeds trusted ranges, a score of 0 is as-
signed at that wavelength, otherwise a score of 1 is assigned. In our
analysis, we included only wavelengths of ~410, 440, 490, 550, and
670 nm which are the required input bands of the GSCM, and accepted
only spectra that scored 1 across all 5 wavelengths.

Step 2 is to obtain anw(λ) from Rrs(λ). The QAA was chosen here
because it is conceptually consistent with the GSCM in terms of the
sequence of deriving total and component absorption coefficients, and
its accuracy is relatively well understood for moderately turbid shelf
waters (e.g., Mitchell et al., 2014; Zheng et al., 2014). In the im-
plementation of QAA we used the 670 nm as the only reference band
(see calculation formulas described in version 6, http://www.ioccg.
org/groups/Software_OCA/QAA_v6_2014209.pdf). We found this ap-
proach more suitable for the Chesapeake Bay waters than using 550 nm
as the reference band (results not shown) and it ensures smooth model
outputs when Rrs(670) changes across 0.0015 sr−1, where the original
QAA version 6 requires a band switch and introduces unwanted, abrupt
changes in outputs. With respect to the Raman scattering effect on
Rrs(λ) and the temperature/salinity effect on pure water optical prop-
erties, no corrections were applied because they are considered insig-
nificant for the spectral range and water properties addressed in this
study.

In Step 3 we partitioned the QAA-derived anw(λ) using the GSCM to
obtain the contribution attributable to phytoplankton, aph(λ). This
model uses a set of 7 normalized spectra of nonalgal particulate ab-
sorption coefficient, ad(λ), and 5 CDOM absorption coefficient, ag(λ),
determined from cluster analysis of field-measured data collected in the
Chesapeake Bay, which is a significant improvement in terms of ac-
counting for the variability of their spectral shapes compared with the
typically adopted exponential function of λ. During implementation,
the GSCM first mix and match various combinations of ad(λ) and ag(λ)
spectra to derive a large number of speculative solutions, and then
constrain the solution space with a set of inequality constraints which

allow for adequate range of variability. The inequality constraints in the
GSCM essentially define the permitted range of variation in the spectral
shape of aph(λ) (ad(λ) as well), which were determined based on the 1st
and 99th percentiles of a set of aph(λ) band-ratios as observed in field
data (see Zheng et al., 2015 for details). Different from other inverse
models, the GSCM does not necessarily provide a final output, which
happens when no feasible solutions can be identified despite of the
flexibility allowed by the inequality constraints. However, when fea-
sible solutions of the aph(λ) are identified, it is guaranteed that they all
exhibit reasonable spectral shapes, at least at the 5 bands involved by
the in equality constraints.

3. Results and discussions

3.1. Evaluation of empirical [Chl-a] algorithms using the development
dataset

To compare with the results derived from the GSCM, we first eval-
uate the accuracy of satellite-derived [Chl-a] calculated with Rrs(λ)
band-ratio algorithms using the development dataset. In oceanic and
moderately turbid coastal waters it is typical to use the ratio between a
blue and a green band. Although this type of algorithms were shown to
outperform semi-analytical ones in deriving [Chl-a] in oceanic and
coastal waters (Brewin et al., 2015), they are known to be inadequate
for coastal waters like the Chesapeake Bay (e.g., Magnuson et al., 2004;
Tzortziou et al., 2007; Werdell et al., 2009). There are many variants of
[Chl-a] algorithms that use blue-to-green band-ratio but the results
from Brewin et al. (2015) show that their performances are fairly close.
For simplicity, here we demonstrate the results of only the “OC2S” al-
gorithm developed by O'Reilly et al. (2000),

=
+ +a[Chl‐ ] 10 ,X X X X0.2511–2.0853 1.5035 –3.1747 0.33832 3 4 (1)

where X= log10(Rrs(490)/Rrs(550)). Figure 4 shows the OC2S-de-
rived versus field-measured [Chl-a]. The correlation coefficient, R,
which represents the overall goodness of agreement between the
model-derived and measured data (original non-transformed, unless
noted otherwise) over their dynamic range, is between 0.34 and 0.59
(more statistical parameters to be presented below). Le et al. (2013)
found that red-to-green band ratios are better proxy of [Chl-a] over
blue-to-green band ratios for the Chesapeake Bay waters. An advantage
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of using the red band around 670 nm is to minimize the interference
caused by the light absorption of minerals and humus because at long
wavelengths their absorption coefficients are spectrally minimal
whereas phytoplankton still absorbs significantly. So we also compared
the results of their formulas using the same matchup datasets, which
include

=
+a[Chl‐ ] 10 ,X2.96 1.59 (2)

where X= log10(Rrs(670)/Rrs(510))

=
+a[Chl‐ ] 10 ,X3.25 2.09 (3)

where X= log10(Rrs(670)/Rrs(530)), and

=
+a[Chl‐ ] 10 ,X4.38 2.83 (4)

where X = log10(Rrs(670)/Rrs(550)). Here three different band ratios
were chosen with each addressing a different sensor based on bands
available to achieve the best possible performance as suggested by the
results of Le et al. (2013). Figure 5 shows the results of these formulas.
Compared with the blue-to-green band ratio algorithm, the R value is
slightly improved for SeaWiFS, MODIS, and MERIS matchup data. The
small improvement is in contrast with the significant improvement
shown by Le et al. (2013) using field-measured Rrs(λ) and [Chl-a] data
as well as SeaWiFS and MODIS matchup data, possibly owing to the
difference in testing datasets. For VIIRS data the R value actually de-
grades, suggesting that the performance of red-to-green band ratio al-
gorithms might be sensor specific.

Another commonly used approach for deriving [Chl-a] in coastal
waters is to contrast the Rrs(λ) magnitudes between a NIR band and the
red band. Here we used the two-band algorithm developed by Gitelson
et al. (2007) with hyperspectral Rrs(λ) data measured in the Chesapeake
Bay as an example, which is.

= −a R R[Chl‐ ] 147.0 (750) (670) 10.91.rs rs (5)

We applied this algorithm to MODIS-Aqua (Fig. 6a) and VIIRS
SWIR-corrected data (Fig. 6b), and found that the degree of correlation
between the satellite-derived and field-measured [Chl-a] does not im-
prove compared with using the visible band ratios. This is in contrast
with previous studies that have demonstrated promising results using
similar bands (e.g., Dall'Olmo et al., 2005; Gitelson et al., 2007; Gons
et al., 2002; Moses et al., 2009). A key difference between our dataset

and those used in previous studies is the dynamic range of [Chl-a]. Our
matchup data are limited to [Chl-a] < 30 mg m−3, which is the most
common range in the Chesapeake Bay surface waters (see Fig. 2),
whereas the regression statistics between [Chl-a] and reflectance band
ratios in other studies are largely driven by endmembers with much
higher [Chl-a] (> 100 mg m−3). For these cases, the signal-to-noise
ratio of the NIR-to-red reflectance band ratio is expected to be enhanced
by stronger light absorption of phytoplankton compared to waters with
lower algal biomass.

3.2. Revisiting the semi-analytical pathway to derive [Chl-a] from aph(λ)

The correlation coefficients between field-measured and satellite-
derived [Chl-a] using reflectance band-ratio algorithms are low com-
pared with regressions made with field-measured Rrs(λ) data (e.g., Le
et al., 2013; Tzortziou et al., 2007). This suggests that to some extent
errors in satellite-measured Rrs(λ) data likely affected the performance
of these algorithms as shown in Figures 4–6. Additionally, another
potential contributor of errors presumably arose from the interference
by optically active nonalgal materials that vary independently with
phytoplankton, such as terrestrial minerals and humus. Next, we eval-
uate the effectiveness of two algorithms that attempt to tease out this
interference using the development dataset, namely the GSCM as well
as the absorption-partitioning component of the QAA, both with the
input of QAA-derived anw(λ) data.

Figure 7 shows the GSCM-derived aph(440) plotted versus field-
measured [Chl-a]. We run a linear regression between the log-trans-
formed data and the resultant correlation coefficient R ranges between
0.49 and 0.58, which is superior compared with the reflectance-band-
ratio algorithms (Equations 1–4), as well as the QAA-derived aph(440)
(Fig. 7). The regression was made on log-transformed data because the
relationship between log10(aph(440)) and log10([Chl-a]) were shown to
be approximately linear over a broad range of [Chl-a] (Bricaud et al.,
1995; Bricaud et al., 2004). The R values calculated for original non-
transformed aph(440) and [Chl-a] data are similar (0.44–0.57). How-
ever, for a large fraction of matchup data (~52–74%) the GSCM was
unable to identify feasible solutions. We believe the most likely reason
responsible for the null-solution scenario is associated with unrealistic
spectral shape of the input anw(λ), noticing that the satellite-derived
Rrs(λ) tends to be underestimated even after the quality screening
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Fig. 5. Same as Fig. 4 except for using the red-to-green re-
flectance band ratios (a and b) Rrs(670)/Rrs(510) (Eq. 2), (c)
Rrs(670)/Rrs(530) (Eq. 3), and (d) Rrs(670)/Rrs(550) (Eq. 4),
to obtain satellite-derived [Chl-a].
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process (Step 1 in Fig. 3) which leads to sudden jumps in the magnitude
of QAA-derived anw(λ) at the 410-nm band relative to the neighboring
440-nm band. Another potential reason may be because the built-in
spectral shapes of ad(λ) and ag(λ) and the allowed ranges of variation of
aph(λ) within the GSCM are not sufficiently exhaustive and not always
able to address the actual shapes of these absorption coefficients.
However, this is less likely the case because the GSCM was always able
to find feasible solutions when given the input of field-measured, i.e.
generally better quality, anw(λ) data (see Zheng et al., 2015).

Because the improvement in the R-value of GSCM-derived aph(440)
comes at the cost of significantly reduced data availability, one may
wonder how much improvement can be achieved if the same set of
inequality constraints as used in the GSCM are applied to QAA's outputs
to reject infeasible solutions? We tested this hypothetical model and
found that the resultant number of solutions was substantially (by
~90%, not shown) reduced, leading to much less number of outputs
even compared with the GSCM. What happened was that owing to the
fixed spectral shape (exponential function of λ) used by QAA to para-
meterize the sum of ad(λ) + ag(λ), other non-exponential but poten-
tially more realistic spectral shapes (such as those used in the GSCM) do
not even have a chance to be considered in the search for feasible so-
lutions from QAA's outputs. Thus, the capability to reject problematic
solutions is actually a unique feature of the GSCM.

Compared with the blue band, the GSCM-derived aph(λ) at the red
band (~670 nm) is correlated better with field-measured [Chl-a]
(Fig. 8), with correlation coefficient R between log-transformed data

ranging within 0.54–0.66. The QAA-derived aph(670) is also much im-
proved compared with the results at 440 nm, and outperforms the OC2S
algorithm in terms of the degree of correlation with field-measured
[Chl-a]. The stronger correlation at the red band is associated with the
lower variability of the pigment-packaging effect at the red band than
at the blue band. In addition, accessory pigments (contribute to aph(λ)
but not to [Chl-a]) absorb mainly in the blue and generally negligibly in
the red, which helps further constrain the relationship between
aph(670) and [Chl-a]. Therefore, the red band appears to be a better
option than the blue band to derive [Chl-a] from the GSCM-derived
aph(λ) for waters in the Chesapeake Bay. Note that in the round-robin
test conducted by Brewin et al. (2015) the aph(440) was used to derive
[Chl-a] owing to the low signal of phytoplankton absorption at
~670 nm in typical oceanic waters compared with pure water ab-
sorption.

Based on the analyses above, we revisit the pathway adopted by
semi-analytical models for deriving the [Chl-a] from Rrs(λ) via the
derivation of aph(λ), and propose to use the GSCM as the method for
obtaining aph(λ) from QAA-derived anw(λ). Our results suggest that
introducing the GSCM to this pathway effectively improved the corre-
lation between satellite-derived aph(λ) and field-measured [Chl-a], de-
spite of restrictive assumptions made by the QAA to derive anw(λ) from
Rrs(λ) as well as relatively large uncertainties in satellite-measured
Rrs(λ) data in coastal waters such as the Chesapeake Bay. In addition,
the use of the red band appears to be advantageous over the blue band
for moderate levels of [Chl-a] common to this estuary. If data quality
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rather than quantity is the priority, at the present stage we recommend
the following specific pathway for remote sensing of [Chl-a] in the
Chesapeake Bay and other coastal waters alike,

→ → →R a a a(λ) QAA‐derived (λ) GSCM‐derived (670) [Chl‐ ].rs nw ph

A key formula in this pathway is the conversion of aph(670) to [Chl-
a]. Here we make an assumption that an average aph⁎(670) can be ap-
plied to most surface waters in the Chesapeake Bay. While this as-
sumption clearly has room for improvements to account for variations
in pigment-packaging effect, based on current quality of satellite data
we could not identify other independent information that may indicate
changes in aph⁎(670). For instance, the spectral shape of GSCM-derived
aph(λ) such as the ratio of aph(670):aph(440) may be used to tell the
pigment-packaging effect to a certain degree, but we checked and found
no meaningful relationship between this ratio and aph⁎(670).
Nonetheless, we consider pigment-packaging effect a secondary factor
at 670 nm for derivation of [Chl-a], and the main focus of this study is
not to solve all problems in remote sensing of [Chl-a], but to address the
question of whether satellite [Chl-a] product can be improved simply
by improving the derived aph(670), which should be the case in theory
since reflectance-band-ratio algorithms do not address the pigment-
packaging effect either.

So we conducted a linear regression between the two variables
combining the matchup data from all four sensors in the development
dataset (Fig. 9a). Several outliers were excluded in this regression
analysis, which were identified by dividing all data points into three
arbitrary groups based on the ratio of aph(670):aph(440), and then
picking out the ones that deviate by> 50% from the linear regression
curve of each group. We also forced the intercept to zero based on the
assumption that there should be no phytoplankton light absorption at
670 nm when [Chl-a] is zero. The final relationship is,

=a a[Chl‐ ] (670) 0.010ph (6)

The coefficient of 0.010 m2 mg−1 has a significant physical
meaning which is the average chlorophyll-specific phytoplankton ab-
sorption coefficient at the 670 nm, aph⁎(670), in the Chesapeake Bay
surface waters. The aph⁎(670) derived from satellite data using our
approach is only about half of the field-measured values reported by
Magnuson et al. (2004, see their Fig. 4), and on the lower end of a
global dataset reported by Bricaud et al. (1995) where aph⁎(675) varies

roughly within 0.01–0.03 m2 mg−1 for [Chl-a] > 1 mg m−3, as well
as values in European coastal waters reported by Babin et al. (2003).
Compared with a “theoretical” upper limit of aph⁎(675)
= 0.0207 mg m−3 for pure dissolved Chl-a (Bricaud et al., 1983),
which can only be approached by the smallest pico-phytoplankton
found in oligotrophic waters, the aph⁎(670) values reported by
Magnuson et al. (2004) may appear too high for phytoplankton in eu-
trophic waters like the Chesapeake Bay which is generally dominated
by diatoms known to have stronger pigment-packaging effect
(Magnuson et al., 2004; Sathyendranath et al., 2004; Stuart et al.,
2000). However, field-measured aph⁎(670) for natural phytoplankton
assemblages can be contributed by the light absorption of total chlor-
ophyll-b (Bricaud et al., 1995) and exceedance of 0.0207 mg m−3 is
likely reasonable, although field-measured aph(λ) and [Chl-a] data are
both subject to their own uncertainties. With respect to satellite-derived
aph(670), we note that our approach by partitioning the QAA-derived
anw(670) might have underestimated it because the QAA-derived
anw(670) is systematically underestimated (based on field-measured
data in the Chesapeake Bay, not shown here). This suggests that the use
of 670 nm as a reference band in the QAA may not be always adequate
for more turbid endmembers in the Chesapeake Bay, consistent with the
studies by Le et al. (2009) and Yang et al. (2013) that moving the re-
ference band to the NIR improves the performance of QAA in turbid
lake waters. In summary, the value of 0.010 m2 mg−1 in Eq. (6) may
not be the most robust estimation of aph⁎(670) for Chesapeake Bay
surface waters but more of a practical choice that compensates for bias
in satellite-derived aph(670) obtained with the data and methods we
used.

Although QAA itself does not provide a [Chl-a] formula, the Eq. (6)
obtained for GSCM-derived aph(670) can be used for QAA-derived
aph(670) as well. A regression analysis between QAA-derived aph(670)
and field-measured [Chl-a] yielded the same coefficient as Eq. (6) by
coincidence (not shown).

3.3. Evaluation of aph(λ)- and Rrs(λ)-based [Chl-a] algorithms for
Chesapeake Bay waters

To evaluate the accuracy of the [Chl-a] product derived with the
recommended pathway involving Eq. (6), we first examined a com-
prehensive set of statistical error parameters calculated using the
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development dataset in comparison with other models discussed above,
assuming that the differences between the satellite/model-derived and
field-measured [Chl-a] can be considered to represent errors of the
models. Note that development dataset is only dependent for the aph(λ)-
based models (i.e., QAA- and GSCM-derived). The parameters of all
Rrs(λ)-based [Chl-a] algorithms (Equations 1–5) were previously ob-
tained with other datasets and therefore these algorithms are in-
dependent from the development dataset of this study. The following
error parameters were calculated: The median of the ratio of model-
derived to measured values,MR, was calculated to provide a measure of
overall bias in the modeled data relative to measurements. The semi-
interquartile range, SIQR, calculated for the ratio of modeled-derived to
measured values indicates the spread of the modeled data from mea-
surements. The slope of a Model II linear regression (major axis) be-
tween model-derived and measured values indicates the proportional
systematic error of model-derived values. The overall degree of agree-
ment between the model and measurements is provided by the median
value of the absolute percent difference, MPD, between the model-de-
rived and measured data and also by the root mean square deviation

(RMSD) between these data.
Table 1 summarizes these error statistics for [Chl-a]. Compared with

the blue-to-green reflectance-band-ratio algorithm (Eq. 1), the [Chl-a]
derived from Eq. (6) using the GSCM-derived aph(670) provides gen-
erally improved results, particularly for error statistics driven more by
random errors. In addition to the improved R as discussed above, the
SIQR decreased from 0.34–0.44 to 0.32–0.37, the MPD decreased from
33 to 40% to 31–34%, and the RMSD decreased from 5.3–7.1 mg m−3

to 3.8–5.3 mg m−3. Error statistics represented by the MR and slope
parameters exhibited no improvements, which is because they are
driven mainly by systematic errors whereas the regression to obtain Eq.
(6) was not the best possible fit to data in an effort to force the intercept
to zero. When it comes to the comparison between the red-to-green
reflectance-band-ratio algorithms (Equations 2–4) and Eq. (6) using the
GSCM-derived aph(670), the SIQR values characterizing the spread of
data are quite close except for VIIRS data, and for other error statistics
the GSCM-derived results are generally better. Note that the [Chl-a]
obtained with QAA-derived aph(670) are not improved compared with
blue-to-green and red-to-green reflectance-band-ratio algorithms
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Table 1
Summary of error statistics for model-derived [Chl-a] for the development dataset (1997–2015). N is the number of observations used for calculating the error statistics. R is the
correlation coefficient calculated for original non-transformed data. The MR is the median ratio of model-derived to measured values, and SIQR is the semi-interquartile range for this
ratio calculated as SIQR = (QR3 − QR1) / 2, where QR1 is the first quartile and QR3 is the third quartile of this ratio. Slope is the linear slope obtained from Model II regression (Pearson's
Major Axis) between model-derived and measured values. The MPD is the median absolute percent difference calculated as the median of the individual absolute percent differences,
PDi = 100 |Yi − Xi| / Xi, where Yi is the model-derived and Xi is the measured value. The RMSD is the root mean square deviation between these data.

Model Equation Sensor N R MR SIQR Slope MPD
(%)

RMSD
(mg m−3)

OC2S (1) SeaWiFS 554 0.40 1.03 0.42 1.50 39 7.0
MERIS 345 0.48 1.09 0.44 0.76 40 7.1
MODIS-Aqua 555 0.34 1.02 0.42 0.63 38 7.0
VIIRS 231 0.59 1.12 0.34 0.93 33 5.3

By Le et al. (2013) (2) SeaWiFS 554 0.42 0.66 0.32 1.22 48 6.8
MERIS 344 0.60 0.77 0.29 0.86 39 6.5

(3) MODIS-Aqua 555 0.52 0.80 0.32 1.48 40 7.3
(4) VIIRS 231 0.36 0.96 0.58 7.65 54 17.5

By Gitelson et al. (2007) (5) MODIS-Aqua 634 0.42 3.80 1.82 7.48 280 43.8
VIIRS 181 0.32 3.31 1.89 12.05 290 35.2

Using QAA-derived aph(670) (6) SeaWiFS 416 0.44 1.43 0.45 0.45 48 5.9
MERIS 259 0.52 1.42 0.41 0.47 48 6.6
MODIS-Aqua 372 0.48 1.42 0.39 0.50 46 6.8
VIIRS 141 0.54 1.46 0.40 1.44 48 6.0

Using GSCM-derived aph(670) (6) SeaWiFS 143 0.59 0.96 0.32 0.61 31 3.8
MERIS 164 0.54 1.06 0.37 0.63 34 5.3
MODIS-Aqua 182 0.56 1.08 0.32 0.82 32 4.8
VIIRS 99 0.66 1.20 0.32 1.47 31 4.2
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(Equations 1–4). The NIR-to-red reflectance-band-ratio algorithm (Eq.
5) exhibits significantly larger errors than all other models.

To provide additional circumstantial evidence for evaluating the
performance of the recommended pathway, we also examined the
histogram of all satellite-derived [Chl-a] at the same locations where
CBP field data were collected. Figure 10a shows that for all four sensors
the GSCM-derived [Chl-a] using Eq. (6) provides quite close histograms
compared with field-measured [Chl-a] data, which is not the case for
with other models (Fig. 10b−d). This suggest that the proposed
pathway may also facilitate the construction of a merged [Chl-a] da-
taset using multiple sensors.

We further evaluated the performance of the proposed pathway
with the validation dataset comprising VIIRS Rrs(λ) data and CBP [Chl-
a] data obtained in 2016 which is independent from Eq. (6). A total of
130 matchups were identified for VIIRS BMW-corrected data, and 57
for SWIR-corrected data. Significantly less number of matchups were
obtained for SWIR-corrected data because more spectra were rejected
in the quality-screening process (Step 1 in Fig. 3). Figure 11 and Table 2
show the result in comparison with other algorithms. Compared with
the development dataset, the GSCM-derived results show consistent
performance when evaluated against the validation dataset. Compared
with the OC2S algorithm, the error statistics calculated for results of Eq.
(6) using GSCM-derived aph(670) are generally better or comparable
except the MR parameter which characterizes the systematic error. This
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Fig. 10. Comparisons of normalized histograms between field-measured and satellite-derived [Chl-a] data obtained at field-sampling stations (see Fig. 1) during 1997–2015. Satellite
histograms (color curves) are based on [Chl-a] calculated with (a) the GSCM-derived aph(670) (Eq. 6), (b) the OC2S blue-to-green reflectance band-ratio algorithm (Eq. 1), (c) the red-to-
green reflectance band-ratio algorithms (Eqs. 2–4), and (d) the QAA-derived aph(670) (Eq. 6). The field data histogram (gray curve with shade) is redrawn from Fig. 2 except with higher
bin resolution (every 1 mg m−3). Nmax, the maximum number of observations per bin among all bins. CBP, Chesapeake Bay Program. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Fig. 11. Comparison of different [Chl-a] algorithms using the validation dataset con-
sisting of 2016 data. Note that only VIIRS is included in satellite data, and that most VIIRS
data were BMW-corrected, except for the model by Gitelson et al. (2007) which was based
on SWIR-corrected. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

Table 2
Same as Table 1 but for the validation dataset obtained by matching up CBP field-measured with VIIRS observations in 2016 (the same data shown in Fig. 11).

Model Equation N R MR SIQR Slope MPD (%) RMSD (mg m−3)

OC2S (1) 130 0.57 1.03 0.38 1.44 32 5.0
By Le et al. (2013) (4) 130 −0.18 1.37 0.77 −271.17 59 228.0
By Gitelson et al. (2007) (5) 57 0.26 2.85 1.60 56.02 229 44.3
Using QAA-derived aph(670) (6) 130 0.33 1.72 0.44 3.85 72 10.3
Using GSCM-derived aph(670) (6) 92 0.72 1.31 0.23 1.25 33 4.5
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again is because the regression to obtain Eq. (6) was not the best pos-
sible fit to the development dataset, and the fit was made for four sa-
tellite sensors and not optimized for VIIRS. The most significant im-
provement was the SIQR parameter which is nearly half of that for
OC2S retrievals, suggesting that the GSCM-derived [Chl-a] retrievals
are much “tighter”. The OC2S algorithm performs the best among all
Rrs(λ)-based models, although the models by Le et al. (2013) and
Gitelson et al. (2007) were parameterized specifically for the Chesa-
peake Bay whereas the OC2S model used a global parameterization. In
particular, the systematic error represented by MR for the globally
parameterized OC2S model is actually lower than other models which
are all “customized” for the Chesapeake Bay. These evidences suggest
that the main factor that affects the performance comparison here is not
model parameterization, but more likely the functional form.

It is worth to note an important feature of the GSCM-derived [Chl-
a]: It is essentially decoupled from non-phytoplankton absorption
components. We compared the VIIRS summer seasonal mean cli-
matologies (averaged for 2012–2015) of the GSCM-derived aph(440),
ad(440), ag(440), and the QAA-derived bbp(440), and calculated the
spatial correlation coefficient among them at small scales (± 5 km).
Figure 12 shows the aph(440) (and hence the derived [Chl-a]) exhibits
variable and generally low correlation with ad(440), ag(440), and
bbp(440) in summer in the Chesapeake Bay. This feature allows the
study of potentially independent variations of different biogeochem-
ical/water quality parameters, which would not be possible when these
parameters are derived from the same reflectance band ratios.

4. Conclusions

Although at the cost of heavily lost data availability, deriving [Chl-
a] based on GSCM-derived aph(670) can provide higher-quality results
over empirical reflectance-band-ratio algorithms for the Chesapeake
Bay waters. This is encouraging considering potential errors associated
with satellite-measured Rrs(λ) data (particularly those that distort its
spectral shape) and restrictive assumptions made by the upstream
model, QAA, which provided input anw(λ) data for the GSCM. The
success also highlights the significance of improving the attribution of
total light absorption coefficient to phytoplankton and nonalgal com-
ponents for bio-optical remote sensing in coastal waters. For typical
water conditions in the Chesapeake Bay and likely most coastal waters,
a robust absorption-partitioning algorithm is helpful for retrieving
phytoplankton information if data quality as opposed to quantity is
considered a priority. This type of algorithms is also critical for

conducting other advanced water quality applications such as assess-
ment of CDOM and suspended sediment loadings.

Application of the GSCM to satellite ocean color data reveals one
pertinent issue of null feasible solutions which makes it unsuitable for
operational use at the present stage and needs to be resolved in future
research. The GSCM works on the principle of interpreting the spectral
shape of anw(λ) in a wide variety of ways. In the remote-sensing con-
text, whether feasible solutions can be found ultimately boils down to
the spectral shape of Rrs(λ), the upstream model that derives the anw(λ),
and the generality of the GSCM itself. To enable GSCM to identify
feasible solutions for more satellite pixels, the key is to ensure that the
actual spectral shape of input anw(λ) is well preserved in the entire
visible spectrum. This we believe should be an important research di-
rection for the future. Specifically, we suggest addressing the following
three topics: 1) Improve the atmospheric correction to obtain high-
quality Rrs(λ) data in coastal waters, particularly for the blue bands. 2)
Develop a new model to derive anw(λ) from Rrs(λ) which does not in-
volve any restrictive assumptions, consistent with the stacked-con-
straints concept from end to end. 3) Improve the generality of the GSCM
in the Chesapeake Bay mainly by adding more types of representative
spectra of ad(λ) and ag(λ) to its library as needed. With respect to the
applicability of the current version of GSCM to other coastal waters, it
depends on the similarity in bio-geo-optical properties compared with
the Chesapeake Bay. The GSCM can always be applied to other regions
but the application is best made when backed by local field data to
ensure that the representative spectra of ad(λ) and ag(λ) and the defined
ranges of aph(λ) band ratios are truly representative to the region of
interest.
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Fig. 12. Small scale spatial correlation coefficient between (a) aph(440) and ad(440), (b) aph(440) and ag(440), and (c) aph(440) and bbp(440), calculated with VIIRS summer climatology
(2012–2015). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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