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Chesapeake Bay is the largest and one of the most productive estuaries in the U.S., where long-term
monitoring and assessment of its water quality are necessary to understand trends and events in order to support management decisions. Signiﬁcant progress has been made during the past decade in
developing remote sensing algorithms for estimating two key water quality parameters, chlorophyll-a
concentration (Chla, mg m3) and diffuse light attenuation coefﬁcient at 490 nm (Kd (490), m1), from
satellite ocean color measurements in oceanic, coastal, and estuarine waters. Yet deriving a robust Chla
data product for Chesapeake Bay still remains a challenge because of its complex optical properties. Here,
a recently developed algorithm approach (RedeGreen Chlorophyll Index or RGCI, based on redegreen
remote-sensing reﬂectance (Rrs (l)) ratios) was tested, validated, and applied to Sea-viewing Wide Fieldof-view Sensor (SeaWiFS) and Moderate Resolution Imaging Spectroradiometer (MODIS) data to
establish a 14-year (September 1997 to December 2011) Chla Environmental Data Record (EDR). The new
approach showed signiﬁcant improvement over the traditional blueegreen Rrs (l) band-ratio algorithms
(e.g., OC4, OC3M), with consistent performance for MODIS (mean relative error ¼ 40.9%, mean
ratio ¼ 1.09) and SeaWiFS (MRE ¼ 45.8%, mean ratio ¼ 1.09) for Chla ranging between 1 and 50 mg m3.
Anomaly and EOF analyses revealed strong spatial gradients, seasonality, and climate-driven inter-annual
changes in the satellite-based Chla EDR. These changes were highly correlated with satellite-based Kd
(490) EDR, leading to the development of a Water Quality Decision Matrix (WQDM) and providing
support to on-going nutrient reduction management programs for this estuary.
Ó 2013 Elsevier Ltd. All rights reserved.
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1. Introduction
Effective monitoring and management of estuarine and coastal
water quality is an important task for local and state government
management agencies for protecting and restoring marine resources (e.g., seagrass beds and ﬁsheries) that are vital for local
ecology and economy. One important water quality parameter is
the water-column chlorophyll-a concentration (Chla in mg m3),
which is often used as a measure of phytoplankton biomass (base of
the food web) and serves as an indicator of an estuary’s eutrophic
state. Another important water quality parameter is water clarity,
which is often measured as secchi disk depth (SDD), but can more
accurately be determined using the diffuse light attenuation coefﬁcient at 490 nm (Kd (490), m1).
Traditionally, shipboard data has been used for estuarine water
quality assessment. For example, monthly shipboard surveys
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between 1984 and the present have served as the main data source
for water quality assessment in Chesapeake Bay (Chesapeake Bay
Program, 1993), the largest estuary in the U.S. Because estuarine
and coastal ecosystems are typically highly variable in both space
and time in terms of phytoplankton biomass (indicated as Chla) and
primary productivity (Cloern, 2001; Harding Jr. et al., 2005a),
shipboard measurements are often inadequate at capturing highfrequency changes. Satellite ocean color measurements may complement shipboard surveys through more synoptic and frequent
observations (Udy et al., 2005).
However, deriving robust water quality data products and in
particular chlorophyll-a concentration (Chla) for optically complex
estuarine waters from satellite measurements remain challenges
despite recent advancements. This is because that 1) the major
optically signiﬁcant constituents (OSCs) in estuaries, namely
phytoplankton pigments (e.g., Chla), detrital (non-algal) particles,
and colored dissolved organic matters (CDOM) often do not covary
and the latter two OSCs can dominate light absorption at blue
wavelengths (Babin et al., 2003; Harding Jr. et al., 2005a; Chang
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et al., 2006; Tzortziou et al., 2006, 2007; Gitelson et al., 2007; Le
et al., 2013a). This makes it difﬁcult to estimate Chla accurately
using blueegreen band-ratio algorithms that are tuned for waters
in which non-living OSCs co-vary with Chla (O’Reilly et al., 2000);
2) satellite-derived reﬂectance in the blue bands (e.g., 412 nm)
often contains large uncertainties due to imperfect atmospheric
correction (Ahmad et al., 2007; Tzortziou et al., 2007; Werdell et al.,
2009), making semi-analytical algorithms (e.g., Lee et al., 2002;
Maritorena et al., 2002) also subject to large errors because these
algorithms rely on the blue bands to estimate Chla.
Recently, a new Chla algorithm has been developed for the turbid
Tampa Bay estuary (Le et al., 2013c). The redegreen empirical bandratio algorithm has been validated for both Sea-viewing Wide Fieldof-view Sensor (SeaWiFS) and Moderate Resolution Imaging Spectroradiometer (MODIS) and was used to establish a 14-year Chla
Environmental Data Record (EDR) as well as a water quality decision
matrix (WQDM) for management decision support. However, as
with any empirical algorithm, the applicability of this new algorithm
to Chesapeake Bay has not been tested as yet. Here, using in situ data
from two independent sources, we evaluate the performance of this
new algorithm for the Chesapeake Bay with the following objectives: (1) test the algorithm applicability and ﬁne-tune algorithm
coefﬁcients for SeaWiFS and MODIS; (2) establish long-term Chla
and Kd (490) EDRs for the Chesapeake Bay; and (3) interpret spatial
and temporal patterns from the Chla and Kd (490) EDRs in relation to
climate variability and seagrass changes between 1998 and 2011.
2. Study area
The Chesapeake Bay is the largest estuary in the U.S with a
surface area of w11,601 km2 and average water depth of 7 m
(Chesapeake Bay Program, 1993). The mean tidal range at the
mouth is 0.78 m. The estuary can be divided into the following
three segments (Magnuson et al., 2004): Upper Chesapeake Bay
(UCB), Middle Chesapeake Bay (MCB) and Lower Chesapeake Bay
(LCB) (Fig. 1). An extensive watershed contributes an annual
average of 2.3  103 m3 s1 freshwater ﬂow, together with dissolved and particulate matter including nutrients and sediments, to
the estuary. Chesapeake Bay suffers from excessive nutrient loading
by freshwater ﬂow (Malone, 1992; Malone et al., 1996; Fisher et al.,
2006) and, consequently, has exhibited increasing eutrophication
in recent years (Hagy et al., 2004; Kemp et al., 2005).
The Chesapeake Bay Program (CBP) initiated a Water Quality
Monitoring Program, where 19 water quality parameters at 49 ﬁxed
stations were measured every month since 1984 (red in Fig. 1).
Several targeted studies have also documented the spatial and
temporal variability of bio-optical properties of the Chesapeake Bay
based on shipborne measurements (Johnson et al., 2001; Harding Jr.
and Magnuson, 2002; Magnuson et al., 2004; Harding Jr. et al.,
2005a; Tzortziou et al., 2006, 2007). Tzortziou et al. (2007) reported that, on average, absorption by CDOM and non-algal particles contributed 59% to the total non-water absorption coefﬁcient
at 488 nm. Harding Jr. et al. (2005a) showed that absorption coefﬁcients of phytoplankton pigments, CDOM, and non-algal particles at 440 nm were comparable to each other. The complex optical
properties make it a challenging task to develop reliable remote
sensing Chla algorithms for this estuary.
3. Data and method

Fig. 1. Station locations of the GEO-CAPE ﬁeld campaign during July 2011 (blue,
N ¼ 64) in MCB and UCB. Also overlaid are the station locations from the Chesapeake
Bay Program monthly visits (green, N ¼ 49). (For interpretation of the references to
color in this ﬁgure legend, the reader is referred to the web version of this article.)

(blue in Fig. 1). These data were collected by the University of South
Florida (USF) as part of a comprehensive ﬁeld campaign in support
of NASA’s Geostationary Coastal and Air Pollution Events (GEOCAPE, Fishman et al., 2012) planning mission. Data measured during this study included Chla and spectral absorption coefﬁcients
due to phytoplankton pigments (aph (l)), non-algal detrital particles (ad (l)), and CDOM (ag (l)) measured at the surface, as well as
above-water spectral remote sensing reﬂectance (Rrs (l)). This
dataset was used to analyze the bio-optical properties of the water
column and to determine the applicable forms of Chla retrieval
algorithms. The data were collected and analyzed following
community-accepted protocols that are detailed in Le et al. (2013a).
Although no replicate samples were taken, analysis from the past
and from unpublished data collected in the early 2000s (replicates
analyzed by independent labs) showed that these data had uncertainties <10%. Further, ag (l) measured with a 10-cm cuvette in
the 200e800 nm range and referenced against Milli-Q water was
not normalized to 700 nm when ag (400) was >2 m1. This is
because that ag (700) is no longer negligible.
The second in situ dataset (N ¼ 5452) included ﬁeld-measured
Chla provided by the Chesapeake Bay Program (http://www.
chesapeakebay.net/data) collected every month covering the SeaWiFS and MODIS-Aqua data collection periods since September
1997 from the 49 ﬁxed stations shown in Fig. 1. Only near-surface
data (sample depth 1 m) were used in this study in order to
compare with satellite data. This dataset was used to tune the Chla
retrieval algorithm coefﬁcients for SeaWiFS and MODIS.

3.1. In situ data
3.2. Satellite data
Two independent in situ datasets (N ¼ 64) were used in this
study. The ﬁrst set contained data collected in July 2011 at 64 stations in the Middle Chesapeake Bay and Upper Chesapeake Bay

SeaWiFS (September 1997eDecember 2010) and MODIS (July
2002eDecember 2011) Level-0 data were obtained from the NASA
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Table 1
Summary of Chla and spectral absorption coefﬁcients (443 nm and 490 nm)
determined from surface water samples collected from 64 stations during a GEOCAPE ﬁeld campaign (ship: NOAA Vessel SRV R8501) during July 2011. The ﬁeld
measurements were conducted in the middle Chesapeake Bay (MCB) and upper
Chesapeake Bay (UCB) (Fig. 1).
Chla (mg m3)

443 nm
at-w (m1)
ad (m1)
aph (m1)
ag (m1)
ad/at-w
aph/at-w
ag/at-w
490 nm
at-w (m1)
ad (m1)
aph (m1)
ag (m1)
ad/at-w
aph/at-w
ag/at-w

Mean

SD

Min

Max

Medium

18.42

8.90

7.37

54.33

16.35

1.60
0.57
0.65
0.38
0.35
0.40
0.25

0.41
0.20
0.27
0.06
0.08
0.09
0.04

0.41
0.19
0.22
0.06
0.08
0.09
0.04

3.03
1.02
1.89
0.52
0.55
0.62
0.35

1.57
0.53
0.58
0.37
0.35
0.41
0.24

0.92
0.32
0.43
0.18
0.34
0.46
0.20

0.26
0.13
0.20
0.03
0.09
0.10
0.04

0.26
0.10
0.14
0.03
0.09
0.10
0.04

1.94
0.61
1.34
0.24
0.59
0.69
0.31

0.91
0.29
0.38
0.18
0.33
0.47
0.20

GSFC (http://oceancolor.gsfc.nasa.gov/), and processed with the
most updated calibration and algorithms using SeaWiFS Data
Analysis System (SeaDAS, Version 6.2) software. The 1-km resolution Level-2 data products included spectral Rrs (l), Chla determined from the default empirical algorithms (version 6, OC4 for
SeaWiFS and OC3 for MODIS), and the Level-2 quality control ﬂags
(e.g., atmospheric correction warning, stray light, etc.). Kd (490) was
calculated from satellite Rrs (l) using the Lee et al. (2005, 2007)
semi-analytical algorithm.
Several criteria were used to ﬁnd near-concurrent and colocated satellite and in situ data. The <3 h constraint on the
time difference recommended by Bailey and Werdell (2006) was
relaxed to 24 h in order to obtain a sufﬁcient number of valid
matchup pairs. Although in a turbid estuary water properties may
change within 24 h and one goal of the GEO-CAPE mission is to
capture the short-term changes, validations using 3 h and 24 h
did not lead to signiﬁcantly different statistics even though the
number of matchup pairs changed dramatically. This is also
consistent with previous ﬁndings using 8 h and 32 h for the
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southern Middle Atlantic Bight and Chesapeake Bay (Pan et al.,
2008). A spatial homogeneity test was used to avoid potentially
patchy waters. This consisted of a 3  3 pixel window being
centered at the in situ station. Only when the number of valid
pixels (i.e., after discarding pixels associated with the Level-2
quality control ﬂags) within this 3  3 box exceeded 4 and the
coefﬁcient of variation (CV) of valid pixels was <0.4 (Harding Jr.
et al., 2005b) was a match-up pair found. To remove potential
errors caused by the satellite sensor itself and atmospheric
correction algorithm noise, the median value from valid pixels
within the 3  3 box was used (Hu et al., 2001). These quality
control criteria resulted in 34 MODIS and 47 SeaWiFS scenes from
which satellite data were extracted and compared with the
Chesapeake Bay Program ﬁeld data.
3.3. Environmental data
Monthly mean ﬂow rates of rivers discharging into the three bay
segments were obtained from the U. S. Geological Survey National
Water Information System (USGS NWIS) for the period of January
1997eDecember 2011. Annual means and multi-year monthly
climatology were derived from the monthly means. Underwater
seagrass coverage data for the bay was obtained from the Chesapeake Bay Program (Chesapeake Bay Program, 1993; www.
chesapeakebay.net).
4. Results
4.1. Chla and bio-optical properties
Table 1 summarizes the variability observed in in situ Chla and
the spectral absorption coefﬁcients at 443 nm and 490 nm for
major OSCs determined during the GEO-CAPE ﬁeld campaign (July
2011). Chla varied seven-fold, ranging from 7.4 to 54.3 mg m3 with
a mean value of 18.4  8.9 mg m3. Absorption coefﬁcients for all
three major OSCs (phytoplankton, detritus, and CDOM) showed
w5e10 fold variability at both wavelengths. These absorption coefﬁcients and Chla showed similar spatial gradients, with
decreasing values from the UCB to MCB and from waters near the
shoreline to relatively offshore. On average, the mean absorption at
443 nm for detrital particles (0.57 m1) and CDOM (0.38 m1)
together exceeded the mean absorption for phytoplankton

Fig. 2. Relationships between in situ Chla (mg m3) and absorption coefﬁcients from non-algal particles (ad (443), m1) and CDOM (ag (443), m1). Note that in general ag (443) is
smaller than ad (443); (b) Relative contributions of the three optically signiﬁcant constituents (phytoplankton pigments, non-algal particles, and CDOM) to non-water total absorption coefﬁcient. The data were collected during July 2011 in MCB and UCB (N ¼ 64) (Fig. 1).
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Table 2
Regressions between ﬁeld-measured Chla and Rrs band ratios. The Rrs data were derived from ﬁeld measurements (ﬁrst section) and satellite measurements (second section),
respectively.
Data source

Independent variable (x)

USF measured Rrs
(l) and Chla (N ¼ 32)
(Chla: 7.4e54.3 mg m3)

Log10
Log10
Log10
Log10
Log10
Log10
Log10
Log10
Log10

CBP measured Chla:
(1e50 mg m3)

MODIS Rrs (l) (N ¼ 1079)
SeaWiFS Rrs (l) (N ¼ 1132)

pigments (0.65 m1). No signiﬁcant correlation was found between
Chla and ad (443) or ag (443) (p > 0.3) (Fig. 2a). A similar pattern
was also observed at 490 nm (data not shown). The lack of
covariation between Chla and absorption coefﬁcients due to non-

(Rrs
(Rrs
(Rrs
(Rrs
(Rrs
(Rrs
(Rrs
(Rrs
(Rrs

(488)/Rrs
(667)/Rrs
(667)/Rrs
(510)/Rrs
(670)/Rrs
(670)/Rrs
(670)/Rrs
(667)/Rrs
(670)/Rrs

(547))
(531))
(547))
(555))
(490))
(510))
(555))
(531))
(510))

Regression relationships
Chla
Chla
Chla
Chla
Chla
Chla
Chla
Chla
Chla

¼
¼
¼
¼
¼
¼
¼
¼
¼

10^(2.15xþ0.59)
10^(3.25xþ2.09)
10^(3.57xþ2.41)
10^(3.21xþ0.61)
10^(2.45xþ1.2)
10^(2.96xþ1.59)
10^(4.38xþ2.83)
10^(1.76xþ1.61)
10^(1.76xþ1.43)

R2
0.16
0.77
0.70
0.14
0.67
0.71
0.69
0.43
0.43

living OSCs, in addition to the dominant blue-light absorption by
the non-living OSCs (Fig. 2b), suggests that empirical Chla algorithms that utilize blue wavelengths and are tuned to perform
optimally in phytoplankton-dominated waters will perform poorly

Fig. 3. (a) and (b) Comparison of the OC3 and RGCI algorithm performance for MODIS (N ¼ 1079); (c) and (d) Comparison of the OC4 and RGCI algorithm performance for SeaWiFS
(N ¼ 1132). RGCI refers to the speciﬁc redegreen band ratio algorithms
for MODIS and SeaWiFS. Note that satellite Chla >100 mg m3 was artiﬁcially set to 100 mg m3 in order to
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
present in the same ﬁgure. rRMS ¼ (10RMS  1)  100, RMS ¼ 1=Nðlog10 ðChlasat Þ  log10 ðChlaobs ÞÞ2 (Chlasat is satellite derived Chla, Chlaobs is in situ Chla, N is the number of the
samples). (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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in the Chesapeake Bay (Gower et al., 1984; Dall’Olmo et al., 2005;
Tzortziou et al., 2007).
4.2. Algorithm tuning and evaluation
Evidence in support of this hypothesis was provided by the poor
correlation (R2 < 0.16) observed between ﬁeld-measured bluee
green Rrs band-ratios and Chla (Table 2). Neither Rrs (488)/Rrs
(547) (used by MODIS) nor Rrs (510)/Rrs (555) (used by SeaWiFS)
showed a meaningful relationship with Chla.
Because Tzortziou et al. (2007) and Le et al. (2013b) demonstrated the potential for using redegreen Rrs band-ratio algorithms
for estimating Chla in the Chesapeake Bay, the match-up in situ Rrs
(l) and Chla data collected during the GEO-CAPE ﬁeld campaign
were used to ﬁne-tune the algorithm coefﬁcients for various
combinations of redegreen Rrs band ratios (Table 2). Compared to
the blueegreen band-ratio algorithms, signiﬁcant improvement
was observed for the redegreen band-ratio algorithms. For MODIS
wavebands, Rrs (667)/Rrs (531) showed the best performance
(R2 ¼ 0.77) (note that Rrs (678)/Rrs (531) also showed nearidentical performance). For SeaWiFS wavebands, Rrs (670)/Rrs
(510) showed the best performance (R2 ¼ 0.71). Thus, these two
algorithm forms showed the highest potential for application to the
satellite data.
Next, the algorithm coefﬁcients for these two redegreen band
ratio algorithms (Rrs (667)/Rrs (531) for MODIS and Rrs (670)/Rrs
(510) for SeaWiFS) were ﬁne tuned using the more extensive CBP
Chla data with near-concurrent satellite Rrs (l) data. 1079 matching
pairs were obtained for MODIS, and 1132 matching pairs were
obtained for SeaWiFS. Despite the difference in the measurement
size (1 km2 from satellite versus point measurements in the ﬁeld)
and time (up to 24 h), signiﬁcant correlation (R2 ¼ 0.43, p < 0.01)
was still found between the satellite redegreen band ratio and in
situ Chla (Table 2). The algorithm coefﬁcients determined for the
satellite data differ from those determined from in situ Rrs data
possibly due to the imperfect atmospheric correction (Son and
Wang, 2012), causing inconsistency between in situ and satellitebased Rrs. Also, while the ﬁeld-measured Rrs were collected in
the UCB and MCB during a single ﬁeld sampling campaign only, the
satellite data were collected in all three bay segments over a 14year period. The time-window (24 h) and sub-pixel variability
could be other reasons causing the differences in the algorithm
coefﬁcients. Nevertheless, the algorithm coefﬁcients were determined from the best statistical ﬁt between in situ Chla and MODIS
Rrs, thus minimizing the impact of all these potential artifacts.
Fig. 3 shows the performance of the newly developed so-called
RedeGreen-Chla-Index (RGCI) algorithms compared to the default
algorithms. Note that in order to ﬁt all data in the same graph, Chla
values greater than 100 mg m3 were artiﬁcially set to 100 m mg3.
Clearly, the RGCI algorithms showed signiﬁcant improvement over
the default OCx-type algorithms, as illustrated by the algorithm
performance statistics such as mean relative error (MRE), relative
root mean square uncertainty (rRMS), and mean ratio (annotated in
Fig. 2b and d). Note that if the CBP match-up dataset were randomly
split in two, with one set used for algorithm tuning and the other
used for validation, near-identical statistics were obtained.
In order to combine long-term Chla EDRs for the Chesapeake
Bay developed for both SeaWiFS and MODIS data, cross-sensor
consistency must be veriﬁed as each sensor uses different wavebands for the RGCI algorithm. Monthly mean RGCI Chla data
derived from SeaWiFS and MODIS measurements at three stations
(CB4.1, CB5.2, and CB7.3) located in UCB, MCB, and LCB, respectively,
showed good agreement between the two sensors (Fig. 4), with a
mean ratio of 1.02, and relative root mean square (RMS) difference
of 30.1%. These results indicate that a multi-sensor RGCI Chla time-

Fig. 4. Comparison between monthly mean Chla derived using the RGCI index algorithm from MODIS and SeaWiFS measurements between September 2002 and
December 2010 at three stations (CB4.1, CB5.2, and CB7.3) located in UCB, MCB, and
LCB, respectively (Fig. 1).

series can be constructed using both SeaWiFS and MODIS measurements between September 1997 and December 2011.
4.3. Long-term trends in Chla
Fig. 5 shows the climatological annual mean RGCI-derived satellite Chla for the entire satellite data collection period (September
1997eDecember 2011) and departure from the climatology during
each individual year. Signiﬁcant spatial and temporal variability
was observed. In general, Chla decreased from the UCB to the MCB
and LCB (Fig. 5a). UCB exhibited the highest Chla likely due to high
freshwater input from the Susquehanna River at the head of the
UCB, which accounts for nearly half of the total freshwater input
into the whole estuary (Schubel and Pritchard, 1986). LCB showed
the lowest Chla as it was under direct inﬂuence of the much clearer
waters from the Atlantic. In general, years with large positive
anomalies included 1998 and 2003e2006, while years with large
negative anomalies included 1999 and 2001e2002.
An EOF analysis was performed to examine the dominant spatial
and temporal modes, following the approach of Yoder et al. (2002).
The ﬁrst three eigenvalue modes contained >70% of the variability
of the spatial patterns, with the ﬁrst mode explaining 54% of the
variability (Fig. 6). The Mode 1 spatial function (Fig. 6a) shows that
the spatial variation is not signiﬁcant, while signiﬁcant variation is
present in the temporal amplitude coefﬁcients (Fig. 6b). These two
ﬁgures indicate that the dominant interannual variation is nearly
uniform for all bay segments. Mode 2, explaining 12% of the Chla
variability, showed signiﬁcant interannual variations with the
corresponding spatial pattern showing opposite signs from the UCB
to the MCB and LCB (Fig. 6c & d). This mode suggests that when
overlaid on the dominant mode (mode 1) there is modulation
where the UCB is out of phase from MCB and LCB on an interannual
basis. Interestingly, outside the bay (lower right corner of Fig. 6c),
the Mode 2 function is in phase with the UCB.
The spatial and temporal patterns in satellite-derived Chla variability were further analyzed and quantiﬁed by extracting the
annual mean Chla of the three bay segments (Fig. 7a). Chla in UCB
was consistently higher than in MCB and LCB, with mean of
25.7  1.77 mg m3 for the 14-year period, versus 11.5  1.64 mg m3
and 7.7  1.37 mg m3 in MCB and LCB, respectively. All three bay

98

C. Le et al. / Estuarine, Coastal and Shelf Science 128 (2013) 93e103

Fig. 5. Mean and anomaly RGCI Chla (mg m3) observed from SeaWiFS and MODIS from 1998 to 2011 (1998e2002: SeaWiFS; 2003e2010, SeaWiFS and MODIS; 2011: MODIS).

segments exhibited similar temporal patterns, consistent with
Mode 1 of the EOF analysis. Compared to the large variability
exhibited between individual bay segments, interannual variability
among each segment was relatively low. Using the long-term variance (based on 14 annual means) as a gauge, interannual variability
for the three bay segments (UCB, MCB, and LCB) was 1.77/
25.7 ¼ 6.9%, 1.64/11.5 ¼ 14.3%, and 1.37/7.7 ¼ 17.8%, respectively.
Thus, interannual variability showed an increasing pattern from the
UCB to LCB. Over the 14-year time-series, satellite Chla for each bay
segment decreased gradually from 1998 to 2002, exhibited a sharp
increase in 2003, and then decreased gradually, once again, until
2008 after which variable trends were observed.

The interannual Chla variability showed signiﬁcant correlations
with river discharge patterns (Fig. 7b) for all three bay segments
(p < 0.01, N ¼ 14), with Pearson’s correlation coefﬁcients of 0.71,
0.70, and 0.83 for the UCB, MCB, and LCB, respectively. Highest
mean annual discharge and mean annual Chla in all three bay
segments was observed in 1998 and 2003. Conversely, the lowest
mean annual discharges corresponded to the lowest mean annual
Chla in 2001 and 2002 for all three bay segments.
The strong relationship between river discharge and satellite
Chla also existed at monthly scale between September 1997 and
December 2011, where clear seasonality was observed during each
year in all three bay segments. Winter-spring blooms were

C. Le et al. / Estuarine, Coastal and Shelf Science 128 (2013) 93e103

99

Fig. 6. Spatial eigen-functions and time-varying amplitudes of the ﬁrst two EOF modes derived from the annual mean Chla time series (1998e2011).

observed during most years, following river discharge maxima. The
Pearson correlation coefﬁcients between monthly Chla and river
discharge are 0.48 (p < 0.01, N ¼ 161), 0.38 (p < 0.01, N ¼ 165), and
0.30 (p < 0.01, N ¼ 165) for UCB, MCB and LCB, respectively (data
not shown).
4.4. Chla and light availability
We analyzed the relationship between Chla and Kd (490) to
understand how Chla might affect light availability in Chesapeake
Bay. Kd (490) was derived using the Lee et al. (2005, 2007) semianalytical algorithm from MODIS- and SeaWiFS-derived Rrs data.
Kd (490) exhibited similar spatial and temporal distribution patterns as with Chla, especially in MCB and UCB. Indeed, there was a
signiﬁcant correlation between mean annual Chla and Kd (490)

when data from all three bay segments were considered together
(ln (Kd (490)) ¼ 1.1022  ln (Chla)  1.204; p < 0.01, R2 ¼ 0.94,
N ¼ 42) (Fig. 8a). When monthly data were used, there was also a
strong correlation between Kd (490) and Chla (ln (Kd
(490)) ¼ 0.9846  ln (Chla)  0.949; p < 0.01, R2 ¼ 0.62, N ¼ 491)
(Fig. 8b). When the three bay segments were considered individually, though, the correlations between Chla and Kd (490) were
lower due to smaller dynamic ranges. However, these relationships
were still statistically signiﬁcant, with the lowest coefﬁcient of
determination observed in UCB (0.24 for annual means and 0.21 for
monthly means). This was likely due to the increased inﬂuence of
suspended sediments and CDOM in the UCB as compared to
the other two bay segments. These results indicate that most of the
variability in light availability can be explained by changes in
phytoplankton, especially in MCB and LCB. More than 90% of
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Fig. 7. (a) Annual mean Chla for the three bay segments derived from MODIS and SeaWiFS; (b) Annual mean discharge into the three bay segments from the
surrounding rivers.

the annual variability and more than 60% of the monthly variability
of light availability can be explained by phytoplankton variations
when all three bay segments are considered together.
The strong correlation between phytoplankton and light
availability was further supported by the negative correlation
between Chla and seagrass coverage in Chesapeake Bay (Fig. 9).
Both Chla and Kd (490) showed signiﬁcant, negative long-term
correlations with baywide seagrass coverage. The Pearson correlation coefﬁcient between seagrass coverage and Chla was 0.54
(p < 0.01, N ¼ 14), and between seagrass coverage and Kd (490) it
was 0.52 (p < 0.01, N ¼ 14). High seagrass coverage was
observed in 2001e2002 and 2008e2009 when Chla and Kd (490)
were relatively low. Conversely, low coverage was observed in
2003 and 2006 when Chla and Kd (490) were relatively high.
These results support the nutrient loading management policy
established for this estuary aimed at supporting seagrass recovery
efforts and restoration of a healthy estuarine ecosystem
(Chesapeake Bay Program, 1993).

5. Discussions
5.1. Chla algorithm performance
Developing robust Chla remote sensing algorithms for optically
complex coastal and estuarine waters is challenging (IOCCG, 2000).
CDOM and non-algal particles in estuaries such as Chesapeake Bay
often contribute signiﬁcantly to total light absorption at blue
wavelengths, making it difﬁcult to discriminate between Chla and
non-algal material. This, in addition to the difﬁculty in obtaining
accurate satellite-based Rrs data at blue wavelengths due to atmospheric correction uncertainties (Werdell et al., 2009; Son and
Wang, 2012), makes it difﬁcult to estimate Chla accurately using
traditional blueegreen empirical band-ratio algorithms (O’Reilly
et al., 2000). Previous studies have shown that the SOA semianalytical algorithm (Kuchinke et al., 2009) showed comparable
performance with that of the OC3 and OC4 algorithms for the
Chesapeake Bay, and while the GSM semi-analytical algorithm
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Fig. 9. Variations of seagrass coverage and annual mean Chla and Kd (490) in Chesapeake Bay from 1998 to 2011.

(Maritorena et al., 2002) outperformed the OC3 and OC4 algorithms, it showed higher variability in deriving Chla (Werdell et al.,
2009).
Tzortziou et al. (2007) ﬁrst reported a high correlation between
redegreen Rrs band ratios and Chla based on in situ data collected
in the Chesapeake Bay. Le et al. (2013b, 2013c) developed empirical
Chla algorithms based on redegreen Rrs band ratios for Tampa Bay,
and applied these algorithms to both MODIS and SeaWiFS data to
establish a 14-year Chla EDR for Tampa Bay. The work presented
here is a natural extension of the previous Tampa Bay work, but for
a much larger estuary that is also optical complex. Although the
green Rrs waveband used here is slightly different from that used in
Tampa Bay (Le et al., 2013c) due to the optical differences between
these two large water bodies, the principle remains the same and
algorithm performance is acceptable. Indeed, given the Chla
retrieval uncertainty of >80% (corresponding to 0.255 in logtransformed data) for the global open ocean (Depth > 200 m)
(Gregg and Casey, 2004), the much reduced uncertainties (58e69%)
for this turbid estuary using the newly developed RGCI algorithms
allows for the generation of consistent and accurate long-term Chla
EDRs for assessing long-term variability in water quality to meet
management needs.
It is noted that the optimal green bands were tuned for Chesapeake Bay (531 for MODIS and 510 for SeaWiFS) and therefore
different from those used for Tampa Bay (547 for MODIS and 555
for SeaWiFS). In Tampa Bay, CDOM absorption overwhelms other
OSCs in the blue wavelengths, while in Chesapeake Bay CDOM is
relative low and absorption is dominated by particles (phytoplankton and non-living particles) (Fig. 2b). Thus, the wavelengths
of the green bands for Tampa Bay are slightly longer than those for
Chesapeake Bay to avoid the CDOM effect. For the same reason, for
Chesapeake Bay the simply ratio of Rrs (667)/Rrs (531) yielded
similar performance as the 4-band ratio of (Rrs (667)þRrs (678))/
(Rrs (547)þRrs (531)) as proposed by Le et al. (2013b). Clearly, as
with any empirical approaches, the RGCI approach requires tuning
and testing for any speciﬁc estuaries.
5.2. Chla variations due to climate variability
The 14-year combined SeaWiFS and MODIS Chla EDR established using the new RGCI algorithms showed the dominant role
that river discharge plays in modulating the annual and monthly
Chla patterns for all bay segments. UCB showed the highest Chla
because it receives discharge from the Susquehanna River, which
contributes more than half of the total freshwater and inorganic
nutrients inputs into the estuary (Fisher et al., 1988). The weak
relationship between monthly mean Chla and river discharge may
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be attributed to the lag between nutrient loading and phytoplankton growth, or to relatively long water residence times in the
bay. For example, Shen and Wang (2007) found that it takes 120e
300 days to observe a marked change in pollutants near the bay
mouth in response to pollutants discharged from the Susquehanna
River into UCB.
River discharge is controlled primarily by precipitation, which is
strongly modulated by climate variability such as El NiñoeSouthern
Oscillation (ENSO) events. In this region, El Niño (La Niña) years are
typically wetter (dryer) than normal due to increased (decreased)
precipitation, thus leading to higher (lower) river discharge. The
14-year Chla EDR presented here encompassed four wet years
(1998, 2003, 2004, and 2011) and four dry years (1999, 2001, 2002
and 2008) (Fig. 7b) (U.S. Geological Survey, 2012). Whereas two of
the wet years (1998 and 2003) coincided with El Niño events, severe tropical storm activity was responsible for the increased
discharge during 2004 and 2011. Similarly, dryer than normal
conditions coincided with La Niña events (1999e2001, 2008). The
increased (decreased) Chla observed during wetter (dryer) years
(Fig. 7a), indicates that climate variability has a direct impact on the
long-term Chla patterns in Chesapeake Bay.
5.3. Implications for environmental management
Phytoplankton affect the water clarity and light availability in
estuaries (Morrison et al., 2006), and are a primary factor regulating
submerged aquatic vegetation (SAV) abundance and spatial distribution in the Chesapeake Bay (Kemp et al., 2004, 2005). Yet the
effect needs to be quantiﬁed. In this study, phytoplankton was
found to be a major factor in explaining light availability in most
bay waters (>90% annual variability, and >60% monthly variability
can be explained by phytoplankton variations when all bay segments are considered together), exhibiting signiﬁcant negative
correlations with seagrass areal coverage. This result supports the
nutrient loading management policy (Chesapeake Bay Program,
1993) to improve water clarity and to recover seagrass coverage.
It is also noted that the relatively low correlation between Chla and
Kd (490) in UCB suggests that water constituents other than
phytoplankton (e.g., suspended sediments, CDOM from river
discharge) may play dominant roles in affecting Kd (490) at times in
various portions of the bay (Son and Wang, 2012).
Previous efforts have shown the effectiveness of using a Water
Quality Decision Matrix (WQDM) for long-term water quality
monitoring and management (Janicki et al., 2000). Using SeaWiFS
and MODIS derived Chla and Kd (490), a WQDM for the Tampa Bay
estuary has been established (Le et al., 2013c). Using the same
approach and threshold values determined from each bay segment
(Table 3), a WQDM was developed for the three bay segments of
Chesapeake Bay (Table 4). In the WQDM, green is derived when

Table 3
Annual mean Chla and Kd (490) targets and threshold values determined from
SeaWiFS and MODIS measurements (1998e2011) of Chesapeake Bay. For each bay
segment, the target was deﬁned as the climatological annual mean, small magnitude
was deﬁned as between annual mean þ annual standard deviation (SD) and annual
mean þ 2SD, and large magnitude was deﬁned as >annual mean þ 2SD. These
targets and threshold values were used to derive a water quality decision matrix
(WQDM) for each bay segment, shown in Table 4.
Light attenuation
threshold values (m1)

Bay
Chla threshold
segments values (mg m3)

Targets Small magnitude Large
Targets Small
Large
magnitude
magnitude magnitude
UCB
MCB
LCB

25.8
12.3
8.0

25.8e27.5
12.3e14.2
8.0e9.4

>29.2
>16.1
>10.9

2.3
1.7
1.0

2.3e2.5
1.7e1.9
1.0e1.2

>2.7
>2.0
>1.4
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Table 4
Chesapeake Bay WQDM derived from SeaWiFS and MODIS observations of Chla and
Kd (490). For a particular year, “Green” means ‘stay on course’ and no management
action is required, “Yellow” means caution and stay alert, and “Red” for two
consecutive years indicates the need for management actions. See text for more
details..

1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011

UCB
Green
Green
Green
Green
Green
Yellow
Green
Green
Yellow
Green
Yellow
Green
Yellow
Yellow

MCB
Yellow
Green
Green
Green
Green
Red
Yellow
Green
Green
Green
Green
Green
Green
Green

LCB
Green
Green
Green
Green
Green
Red
Yellow
Green
Green
Green
Green
Green
Green
Green

both water quality indexes (Chla and Kd (490)) are lower than the
target values in Table 3. Yellow is derived when one of the water
quality parameters is lower than the large-magnitude deviation,
but higher than the small-magnitude deviation. Red is derived
when both of the water quality parameters are higher than the
large-magnitude deviation, signifying poor water quality conditions. Red for two consecutive years indicates the need for management actions.
The WQDM shows that water quality in Chesapeake Bay has
been normal for most years between 1998 and 2011, with 2003
being exceptional for MCB and LCB, possibly driven by excessive
river discharges in 2003 for these two bay segments. If the same
management strategy for Tampa Bay Estuary is also valid here, the
WQDM in Table 4 suggests that no additional management action is
required to maintain water quality of Chesapeake Bay. However,
under a changing climate, the WQDM may provide a simple means
to monitor the water quality state of the bay and to alert the
management agencies in case of anomaly events. Such capacity will
be enhanced when ocean color data from other continuity missions
(e.g., Visible Infrared Imaging Radiometer Suite or VIIRS, 2011 e
present) are combined to produce non-interrupted Chla and Kd
(490) EDRs in the future.
6. Conclusion
A recently developed new Chla retrieval approach was tuned
and evaluated using both SeaWiFS and MODIS data for Chesapeake
Bay, with optimal bands selected. The results revealed that the rede
green band ratio algorithms signiﬁcantly outperformed the traditional blueegreen band-ratio algorithms, leading to satisfactory
results as measured by validation statistics. Using the regionally
tuned RGCI algorithms, a long-term Chla EDR was established by
combining SeaWiFS and MODIS data between late 1997 and 2011.
To our best knowledge, it is the ﬁrst time a 14-year long-term Chla
EDR with minimal uncertainties was established for Chesapeake
Bay. The Chla EDR showed speciﬁc spatial and temporal variations,
some of which were previously unknown. In general, Chla during
the 14-year period was mainly driven by river discharge. Based on

strong correlations between Chla and Kd (490), Chla was found to
play an important role in controlling light availability, in turn
explaining observed variability in local seagrass coverage. These
results support current management efforts aimed at reducing
nutrient loadings and improving water clarity.
Based on results presented here as well as those published
earlier for another turbid estuary (Le et al., 2013b, 2013c), the rede
green band ratio algorithm approach for estimating Chla from
satellite Rrs (l) may be applicable to other estuaries in which nonliving dissolved and particulate material play a signiﬁcant role in
affecting water column optical properties (absorption and backscattering) at green and red wavelengths. The algorithm coefﬁcients as well as the exact band positions, however, may need to
be ﬁne-tuned for any given estuary. Likewise, long-term Chla and
Kd (490) EDRs as well as WQDMs for other estuaries may be derived
from satellite measurements using similar approaches outlined
here in order to quantify estuarine responses to climate changes
and human impacts, and to help make management decisions.
Acknowledgments
This study was supported by the U.S. NASA through its Ocean
Biology and Biogeochemistry (OBB) program, Gulf of Mexico (GOM)
program, and GEO-CAPE program. We would like to thank Ryan
Lloyd for help with ﬁeld sampling efforts and the crew of the NOAA
Vessel SRV R8501. We are indebted to the NASA GEO-CAPE team for
coordinating ﬁeld measurements, and to Chesapeake Bay Program
from which ﬁeld data were obtained for validating the remote
sensing algorithms. We also thank the two anonymous reviewers
for providing helpful comments.
References
Ahmad, Z., McClain, C.R., Herman, J.R., Franz, B., Kwiatkowska, E., Robinson, W.,
Bucsela, E.J., Tzortziou, M., 2007. Atmospheric correction for NO2 absorption in
retrieving water-leaving reﬂectances from the SeaWiFS and MODIS measurements. Applied Optics 46 (26), 6504e6512.
Babin, M., Stramski, D., Ferrari, G.M., Claustre, H., Bricaud, A., Obolensky, G.,
Hoepffner, N., 2003. Variations in the light absorption coefﬁcients of phytoplankton, nonalgal particles, and dissolved organic matter in coastal waters
around Europe. Journal of Geophysical Research 108 (C7), 3211. http://
dx.doi.org/10.1029/2001JC000882.
Bailey, S.W., Werdell, P.J., 2006. A multi-sensor approach for the on-orbit validation
of ocean color satellite data products. Remote Sensing of Environment 102 (1e
2), 12e23.
Chang, G.C., Barnard, A.H., McLean, S.P., Egli, J., Moore, C., Zaneveld, J.R.V.,
Dickey, T.D., Hanson, A., 2006. In situ optical variability and relationships in the
Santa Barbara channel: implications for remote sensing. Applied Optics 45 (15),
3593e3604.
Chesapeake Bay Program, 1993. Guide to Using Chesapeake Bay Program Water
Quality Monitoring Data. CBP/TRS 78/92. Chesapeake Bay Program, Annapolis.
Cloern, J.E., 2001. Our evolving conceptual model of the coastal eutrophication
problem. Marine Ecology Progress Series 210, 223e253.
Dall’Olmo, G., Gitelson, A.A., Rundquist, D.C., Leavitt, B., Barrow, T., Holz, J.C., 2005.
Assessing the potential of SeaWiFS and MODIS for estimating chlorophyll
concentration in turbid productive waters using red and near-infrared bands.
Remote Sensing of Environment 96 (2), 176e178.
Fisher, T.R., Harding Jr., L.W., Stanley, D.W., Ward, L.G., 1988. Phytoplankton, nutrients, and turbidity in the Chesapeake, Delaware, and Hudson estuaries. Estuarine, Coastal and Shelf Science 27, 61e93.
Fisher, T.R., Hagy, J.D., Boynton, W.R., Williams, M.R., 2006. Cultural eutrophication
in the Choptank and Patuxent estuaries of Chesapeake Bay. Limnology and
Oceanography 51, 435e447.
Fishman, J., Al-Saadi, J., Bontempi, P., et al., 2012. The United States’ next generation
of atmospheric composition and coastal ecosystem measurements: NASA’s
geostationary coastal and air pollution events (GEO-CAPE) mission. Bulletin of
the American Meteorological Society 93, 1547e1566.
Gitelson, A.A., Schalles, J.F., Hladik, C.M., 2007. Remote chlorophyll-a retrieval in
turbid, productive estuaries: Chesapeake Bay case study. Remote Sensing of
Environment 109, 464e472. http://dx.doi.org/10.1016/j.rse.2007.01.016.
Gower, J.F.R., Lin, S., Borstad, G.A., 1984. The information content of different optical
spectral ranges for remote chlorophyll estimation in coastal waters. International Journal of Remote Sensing 5, 349e364.
Gregg, W.W., Casey, N.W., 2004. Global and regional evaluation of the SeaWiFS
chlorophyll data set. Remote Sensing of Environment 93, 463e479.

C. Le et al. / Estuarine, Coastal and Shelf Science 128 (2013) 93e103
Hagy, J.D., Boynton, W.R., Keefe, C.W., Wood, K.V., 2004. Hypoxia in Chesapeake Bay,
1950e2001: long-term change in relation to nutrient loading and river ﬂow.
Estuaries 27, 634e658.
Harding Jr., L.W., Magnuson, A., 2002. SIMBIOS Project 2001 Annual Report. In:
Fargion, G.S., McClain, C.R. (Eds.), Bio-optical and Remote Sensing Observations
in Chesapeake Bay. NASA/TM, pp. 52e62.
Harding Jr., L.W., Magnuson, A., Mallonee, M.E., 2005a. Bio-optical and remote
sensing observations in Chesapeake Bay. Estuarine, Coastal and Shelf Science
62, 75e94.
Harding Jr., L.W., Magnuson, A., Mallonee, M.E., 2005b. SeaWiFS retrievals of
chlorophyll in Chesapeake Bay and the mid-Atlantic bight. Estuarine, Coastal
and Shelf Science 62, 75e94.
Hu, C., Carder, K.L., Muller-Karger, F.E., 2001. How precise are SeaWiFS ocean color
estimates? Implications of digitization-noise errors. Remote Sensing of Environment 76, 239e249.
IOCCG, 2000. In: Sathyendranath, S. (Ed.), Remote Sensing of Ocean Colour in
Coastal, and Other Optically-complex, Waters. IOCCG, Dartmouth, Canada. Reports of the International Ocean-Colour Coordinating Group, No. 3.
Janicki, A., Wade, D., Pribble, R.J., 2000. Developing & Establishing a Process to Track
the Status of Chlorophyll-a Concentrations and Light Attenuation to Support
Seagrass Restoration Goals in Tampa Bay. Tampa Bay Estuary Program. Technical Report # 04e00.
Johnson, D.R., Weidemann, A., Arnone, R., Davis, C.O., 2001. Chesapeake Bay outﬂow
plume and coastal upwelling events: physical and optical properties. Journal of
Geophysical Research 106 (C6), 11613e11622.
Kemp, W.M., Batiuk, R., Bartleson, R., Bergstrom, P., Carter, V., Gallegos, C.,
Hunley, W., Karrh, L., Koch, E., Landwehr, J., Moore, K., Murray, L., Naylor, M.,
Rybicki, N., Stevenson, J.C., Wilcox, D., 2004. Habitat requirements for submerged aquatic vegetation in Chesapeake Bay: water quality, light regime, and
physical-chemical factors. Estuaries 27, 363e377.
Kemp, W.M., Boynton, W.R., Adolf, J.E., Boesch, D.F., Boicourt, W.C., Brush, G.,
Cornwell, J.C., Fisher, T.R., Gilbert, P.M., Hagy, J.D., Harding, L.W., Houde, E.D.,
Kimmel, D.G., Miller, W.D., Newell, R.I.E., Roman, M.R., Smith, E.M.,
Stevenson, J.C., 2005. Eutrophication of Chesapeake Bay: historical trends and
ecological interactions. Marine Ecology Progress Series 303 (21), 1e29.
Kuchinke, C.P., Gordon, H.R., Harding Jr., L.W., Voss, K.J., 2009. Spectral optimization
for constituent retrieval in case 2 waters II: validation study in the Chesapeake
Bay. Remote Sensing of Environment 113, 610e621.
Le, C., Hu, C., English, D., Cannizzaro, J., Chen, Z., Kovach, C., Anastasiou, C.J., Zhao, J.,
Carder, K.L., 2013a. Inherent and apparent optical properties of the complex
estuarine waters of Tampa Bay: what controls light? Estuarine, Coastal and
Shelf Science 117, 54e69.
Le, C., Hu, C., English, D., Cannizzaro, J., 2013b. Towards a long-term chlorophyll-a
data record in a turbid estuary using MODIS observation. Progress in Oceanography 109, 90e103.
Le, C., Hu, C., English, D., Cannizzaro, J., Kovach, C., 2013c. Climate driven chlorophyll-a changes in a turbid estuary: observations from satellites and implications for management. Remote Sensing of Environment 130, 11e24.
Lee, Z., Carder, K.L., Arnone, R.A., 2002. Deriving inherent optical properties from
water color: a multiband quasi-analytical algorithm for optically deep waters.
Applied Optics 41 (27), 5755e5772.
Lee, Z.P., Du, K., Arnone, R., 2005. A model for the diffuse attenuation coefﬁcient of
downwelling irradiance. Journal of Geophysical Research 110, C02016. http://
dx.doi.org/10.1029/2004JC002275.

103

Lee, Z.P., Weideman, A., Kindle, J., Arnone, R., Carder, K., Davis, C., 2007. Euphotic
zone depth: its derivation and implication to ocean-color remote sensing.
Journal of Geophysical Research 112, C03009. http://dx.doi.org/10.1029/
2006JC003802.
Magnuson, A., Harding Jr., L.W., Mallonee, M.E., Adolf, J.E., 2004. Bio-optical model
for Chesapeake bay and the middle Atlantic bight. Estuarine, Coastal and Shelf
Science 61, 403e424.
Malone, T.C., 1992. Effects of water column processes on dissolved oxygen: nutrients, phytoplankton, and zooplankton. In: Smith, D., Lefﬂer, M., Mackiernan, G.
(Eds.), Oxygen Dynamics in the Chesapeake Bay: a Synthesis of Research. University of Maryland Sea Grant College Publications, College Park, pp. 61e112.
Malone, T.C., Conley, D.J., Fisher, T.R., Glibert, P.M., Harding Jr., L.W., Sellner, K.G.,
1996. Scales of nutrient-limited phytoplankton productivity in Chesapeake Bay.
Estuaries 19, 371e385.
Maritorena, S., Siegel, D.A., Peterson, A.R., 2002. Optimization of a semianalytical
ocean color model for global-scale applications. Applied Optics 41, 2705e2714.
Morrison, G., Sherwood, E., Boler, R., Barron, J., 2006. Variations in water clarity and
chlorophyll a in Tampa Bay, Florida, in response to annual rainfall, 1985e2004.
Estuaries and Coasts 29, 926e931.
O’Reilly, J.E., Maritorena, S., O’Brien, M.C., Siegel, D.A., Toole, D., Menzies, D., et al.,
2000. SeaWiFS Postlaunch Calibration and Validation Analyses: Part 3, NASA
Tech. Memo, vol. 206892. National Aeronautics and Space Administration,
Goddard Space Flight Center.
Pan, X., Mannino, A., Russ, M.E., Hooker, S.B., 2008. Remote sensing of the absorption coefﬁcients and chlorophyll a concentration in the United States
southern Middle Atlantic Bight from SeaWiFS and MODIS-Aqua. Journal
Geophysical Research 113, C11022. http://dx.doi.org/10.1029/2008JC004852.
Schubel, J., Pritchard, W., 1986. Responses of upper Chesapeake Bay to variations in
discharge of Susquehanna River. Estuaries 9, 236e249.
Shen, J., Wang, H.V., 2007. Determining the age of water and long-term transport
timescale of the Chesapeake Bay. Estuarine, Coastal and Shelf Science 74,
585e598.
Son, S., Wang, M., 2012. Water properties in Chesapeake Bay from MODIS-Aqua
measurements. Remote Sensing of Environment 123, 163e174.
Tzortziou, M., Herman, J.R., Gallegos, C.L., Neale, P.J., Subramanian, A., Harding, L.W.,
et al., 2006. Bio-optics of the Chesapeake Bay from measurements and radiative
transfer closure. Estuarine, Coastal and Shelf Science 68, 348e362.
Tzortziou, M., Subramanian, A., Herman, J.R., Gallegos, C.L., Neale, P.J., Harding, L.W.,
2007. Remote sensing reﬂectance and inherent optical properties in the mid
Chesapeake Bay. Estuarine, Coastal and Shelf Science 72, 16e32.
Udy, J., Gall, M., Longstaff, B., Moore, K., Roelfsema, C., Spooner, D.R., Albert, S.,
2005. Water quality monitoring: a combined approach to investigate gradients of change in the Great Barrier Reef, Australia. Marine Pollution Bulletin
51, 224e238.
U.S. Geological Survey, 2012. Estimated Streamﬂow Entering Chesapeake Bay.
http://md.water.usgs.gov/monthly/bay.html.
Werdell, P.J., Bailey, S.W., Franz, B.A., Harding Jr., L.W., Feldman, G.C., McClain, C.R.,
2009. Regional and seasonal variability of chlorophyll-a in Chesapeake Bay as
observed by SeaWiFS and MODIS-Aqua. Remote Sensing of Environment 113,
1319e1330.
Yoder, J.A., Schollaert, S.E., O’Reilly, J.E., 2002. Climatological phytoplankton
chlorophyll and sea surface temperature patterns in continental shelf and
slope waters off the Northeast U.S. Coast. Limnology & Oceanography 47,
672e682.

