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Abstract As a part of a large scale hyperspectral remote sensing campaign, water bio-optical properties were measured
at 151 field stations from 2002 to 2008 at five U.S. estuaries: Apalachicola Bay, FL; ACE basin, SC; Grand Bay, MS;
Delaware Bay, DE; and Chesapeake Bay, MD. At each station, water irradiance reflectance R(λ) spectra were acquired by
ocean optic 2000 spectroradiometers. Simultaneously, concentrations of chlorophyll a and total suspended solids, as well as
absorption of colored dissolved organic matter (CDOM) were measured. This paper focused on the relationships between
reflectance R(λ) spectra and the in situ bio-optical constituents. A principal component analysis was conducted to
characterize the general variability of reflectance R(λ) spectra, and a Canonical Correspondence Analysis was further
performed to explore the relationships between spectral reflectance and water optically active constituents in coastal
environments. The results suggested that water reflectance spectra in estuarine waters are the results of complex interactions
among phytoplankton pigments, total suspended solids, and CDOM. The first principal component, which represents 72% of
total variance of R(λ), is affected by backscattering of total suspended solids, and the absorption of CDOM at blue-green
region of spectra; while the second principal component that representing 20% of variation of R(λ), is mainly driven by the
absorption of Chlorophyll a in red and near infrared spectral regions. Furthermore, the results of this study could provide
insights for using hyperspectral remote sensing as a cost effective approach for monitoring water quality in coastal waters.
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1. Introduction
Coastal waters are under increasing pressures from
developmental disturbances and subsequent impacts such as
land erosion, urban runoff, habitat alternation, and increases
of nutrient loading[1,2]. These anthropogenic activities
could affect various biological and chemical processes that
occur over multiple spatial and temporal scales.
Consequently, there is a need for effective tools to monitor
such biogeochemical processes at appropriate spatial and
temporal scales for better management decisions.
Remote sensing offers the most effective means for
frequent, synoptic water quality measurements over large
areas[3,4]. Over the last several decades, various empirical,
semi-analytical, and analytical ocean color models have been
developed to derive the water quality parameters of interest
(e.g. concentrations of Chla, total suspended solids (TSS),
and the absorption of colored dissolved organic matter
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(CDOM))[5-8]. Majority of these models have focused on
the case 1 waters where water optical properties are
determined primarily by phytoplankton and its related
CDOM and detritus degradation products[9]. However,
coastal and estuarine waters are optically deep and complex
and the signal that a remote detector collects is a mixed
signal influenced by various water optically active
constituents from different sources[10]. For these case 2
waters, attempts to apply case 1 models resulted in poor
predictive ability in retrieval of various optical proprieties
[7,8].
Thus, the optical complexity of estuarine waters has
limited the success of ocean color models in case 2
environments, creating a need for new algorithms applicable
to coastal waters. The first step toward the development of
such models is the better understanding of the coastal
bio-optical properties. Water irradiance reflectance R(λ) is
proportional to the backscattering coefficient bb(λ) and
inversely proportional to the absorption coefficient a(λ)
[11,12]. In turn, these water inherent optical properties (IOPs)
are determined by optically active constituents such as Chla,
CDOM, and TSS. Hence, a detailed understanding on how
different bio-optical constituents regulate water reflectance
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R(λ) in case 2 waters is crucial for accurate estimates of
water quality parameters from ocean color remote sensing.
The mechanisms which control the ocean color variability
(i.e. the spectral shape of R(λ)) and general applicable
algorithms for the retrieval of such water constituents from
case 2 waters still remain poorly known[13]. Over the past
several decades, considerable effects have been devoted to
this subject[10,14], and suggested that backscattering by
suspended particles is the dominant driver of ocean color
variability in coastal waters. However, most of these studies
only covered a single study area with a relative short
temporal scale, further study with larger geographic
coverage over a longer temporal scale is needed to generalize
the mechanisms which regulate R(λ) in estuarine waters.
A series of hyperspectral remote sensing missions were
conducted by NOAA supported Environmental Science
Cooperative Science Center (ECSC) at 5 estuaries on the east
and south coasts of US from 2002 to 2008. As an integrated
part of this research activity, water irradiance reflectance R(λ)
spectra, as well as the discrete water samples for optically
active constituents measurements, were collected at 151 field
stations. In this study, we examined the relationship between
the water optically active constituents and the variability of
water reflectance R(λ). The objectives for this study are first
to characterize the general variability of the in situ water
reflectance spectra R(λ) which represented a wide range of
bio-optical properties due to the various biogeochemical and
physical processes at different geographic regions. We then
explored the mechanisms of how optically active
constituents in coastal waters could influence the variability

of reflectance spectra, and further provide some insights for
hyperspectral remote sensing of water quality in optically
complex coastal environments.

2. Methods
2.1. Description of the Study Area
From October 2002 to July 2008, the NOAA supported
ECSC has conducted a series of hyperspectral remote
sensing missions at 5 estuaries on the east and south coasts of
US (Fig. 1): Apalachicola Bay, Florida on October 2002;
ACE Basin, South Carolina on June 2003; Grand Bay,
Mississippi on October 2003; Delaware Bay on June 2004;
and Maryland portion of Chesapeake Bay on the summer of
2005 to 2008. These five estuaries are different in size,
geographic location, freshwater input, tidal range, as well as
the land use within the watershed. These five sites provide a
diverse set of optical variables (namely ranges in Chla, TSS,
and CDOM) to adequately comprehend the variability of
bio-optical properties in coastal waters. Fig. 1 shows the
location of these 5 estuaries, as well as the field stations
occupied during the Chesapeake Bay remote sensing mission
from July 2005-2008. These stations were generally selected
along longitudinal river and estuary transects to capture a
salinity gradient from river to bay to offshore. The stations
reflected the diversity of estuarine habitats, from the low
salinity, high clay and CDOM concentration waters in the
upriver to the mesohaline, low clay concentration waters at
the open ocean area.

Figure 1. Map of the five estuarine systems located on the east and south coasts of US where the bio-optical data were collected in this study. The locations
of field station in the Chesapeake Bay, USare also showed in the upper left map
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2.2. In Situ Optical Measurements
The in situ optical measurements were made on board a
research vessel within 3.5 h of solar noon. Hyperspectral
(approximately 2000 bands with sampling interval of ~0.3
nm and a spectral resolution of ~1.5nm) water irradiance
reflectance R(λ) was measured with a dual Ocean Optics
USB2000 radiometer system from 350 to 1000 nm range.
Light was brought to the radiometers by 200-micron
diameter, shielded fiber optic cables. The first radiometer
equipped with a cosine collector (yielding a hemispherical
180° field of view), and was pointed upward to measure
downwelling incident irradiance (Ed). The second
radiometer equipped with a 25° field-of-view simultaneously
measured the upwelling radiance of water (Lw) from just
below the water’s surface. The upwelling fiber was pointed
15-20° from nadir in the direction of 90° away from the sun
to minimize sun glint and sky radiance. Each reflectance
spectra was an average of 8-15 scans, and six separate
spectra were collected. Therefore, a single, average spectrum
may be an average of 50-80 scans. The water irradiance
reflectance R(λ) was computed as: R(λ) = π*(Lw/ Ed).
Furthermore, the reflectance R(λ) was calibrated by
measuring the upwelling radiance of a white Spectralon
reflectance panel (99% reflectance, Labsphere, Inc., North
Sutton, NH), and a custom software package called
“CALMIT Data Acquisition Program” or CDAP (University
of Nebraska, Lincoln, NE) compared the signals from the
two fibers and generated a normalized percentage of
reflectance as R(λ)*100. A smoothing and integrating macro
were used to resample the percentage of reflectance R(λ) at 1
nm intervals in the range of 400 to 800 nm for further
analysis. The smoothing process did not affect the shape or
magnitude of the spectral features of interest, but rather
reduced the number of spectral bands.
2.3. Discrete Water Sampling
At each field station, the following physical, chemical and
biological parameters were measured: GPS Coordinates,
secchi disk depth (m), salinity (psu), temperature C°, Chla
and TSS concentration, and CDOM absorbance at 440 nm.
The bulk water samples were collected near surface by
bucket and transferred to 20L polyethylene container and
placed in the shade. At the laboratory, samples were
refrigerated and usually processed within 6 h of collection.
All laboratory procedures are consistent with Standard
Methods for the Examination of Water and Wastewater[15].
Chla was extracted using 90% acetone and measured with a
SpectronicGenesys II spectrophotometer (Spectronics, Inc.).
Total suspended solids analysis was performed by filtering
water samples on pre-weighed filters, which were then
placed in a drying oven at 70°C for 24 hours and reweighed.
Any weight gain was considered to be the TSS dry weight.
The CDOM absorbance was measured using filtrate from the
glass fiber filtration procedure for Chla and TSS analysis.
The absorbance was measured in quartz cuvettes (10 cm path
length) at 40 nm intervals between 320 nm and 580 nm using
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the Genysis II Spectrophotometer. CDOM absorbance at 440
nm is reported here.
2.4. Statistical Methods
Principal component analysis (PCA) analysis is a common
statistical method that can be used to determine the inherent
dimensionality of the dataset and reduce the data redundancy.
The principal components determined by PCA can be further
related to the concurrently measured discrete water
properties to explore how optically active water constituents
affect the shape and variability of the observed water
reflectance R(λ). In the analysis, reflectance values from
400-800 nm derived from Ocean Optics USB2000 were
included. In order to simulate the airborne hyperspectral
bandwidths, in situ water reflectance spectra R(λ) were
further normalized to 10 nm interval by smoothing and
integrating using a macro in Microsoft excel. So each
spectrum in the PCA represented a vector, with 40 elements,
which can be treated as an observation of a 40 dimensional
stochastic variable at different wavelengths. The reflectance
R(λ) dataset thus can be treated as n observations, where n (n
= 151) is the number of the reflectance spectrum obtained
from field stations. This data matrix was further normalized
by subtracting the spectrum mean from each spectrum,
which means the PCA was run on a covariance matrix.
PCA gives uncorrelated variables as its result, e.g. the
principal components are strictly orthogonal to one another,
which can greatly complicate the interpretation of each
component or mode. However, in the natural environments,
measurements of variables are seldom uncorrelated, so the
correlation analysis was also applied to the various optically
active water constituents (Chla, CDOM, and TSS) to explore
the relationships among each optical constituent.
Furthermore, a Canonical Correspondence Analysis (CCA)
was performed to explore the relationships between spectral
reflectance information and water optical active constituents
e.g. Chla, TSS and CDOM. CCA further combines the
ordination and regression, and allows the two multivariate
dataset (OACs and reflectance) to be directly related where
ordination axes are constrained to be linear combinations of
the original variables. In this study, the CCA was performed
by a software package of XLSTAT (Addinsoft Inc.).

3. Results
3.1. Environmental Parameters
The biogeochemical parameters exhibited a great spatial
variability among the five estuarine systems in this study
(Table 1). Since all measurements were carried out during
summer and fall seasons, the water temperatures were
relatively high, average water temperature ranged from
9.7ºC at Chesapeake Bay to 31.3ºC at Grand Bay. The
salinity also has a large variability, with values ranging from
0 psu to more than 35 psu because of the diverse geographic
setting of the study areas. The secchi depth also exhibited a
similar large variability, ranged from the 10m at some
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oceanic stations in Grand Bay, MS to only 0.2 m at some
upriver stations in ACE basin in South Carolina where were
strongly influenced by the terrestrial input of sediments and
CDOM.
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The optically active water constituents also show a great
deal of variability among the different estuarine systems, as
well as the different field stations within a single estuarine
system. The Chla concentration presented a mean value of
15.6 µg L-1 with a standard deviation of 15.1 µg L-1. The
maximal Chla values were observed during a summer
dinoflagellate bloom in the Chesapeake Bay. The lowest
Chla values were observed along the coastal area of Grand
Bay, MS where the oligotrophic oceanic water dominates the
system. The TSS concentrations ranged from 3.2 mg L-1 to
more than 120 mg L-1 with a mean value of 25.6 mg L-1 and a
standard deviation of 21.3 mg L-1. The high TSS
concentrations were mainly distributed at the area or stations
which are generally influenced by terrestrial sources, and
corresponding with river runoff events. The absorption of
CDOM at 440 nm ranged from 0.2 m-1 to 21.1m-1 with an
average of 3.7 m-1, and a standard deviation of 4.72 m-1. The
CDOM absorbance maximum was often observed in the
upriver stations (such as Ashepoo River and upper Edisto
River in ACE basin, SC), or associated with phytoplankton
blooms (in Chesapeake Bay dinoflagellate blooms),
suggesting a complex origin of CDOM in the study areas.
Also, the correlation analysis suggests that in general, the
optically active water constituents are not related to each
other (Fig. 2) in this study. The determination coefficient (R2)
of linear relationship between Chla and TSS is less than 0.01,
suggesting that TSS and Chla did not co-vary together, and
phytoplankton biomass is not a major contributor to TSS in
the estuarine systems in this study. Similar relationships
were also observed for concentrations of TSS and Chla vs.
CDOM absorbance. Clearly, in these case 2 environments,
phytoplankton (e.g. Chla) are not the only driver controlling
the water optical properties. TSS and CDOM do not co-vary
with Chla, and exhibit a complex origin.
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3.2. Variability of in Situ Reflectance

Table 1. Statistics for environmental parameters of discrete water samples
(n=151)
Parameters

Minimum

Maximum

Mean

Salinity, psu
Temp, °C
Depth, m
Secchi depth, m
Chla, μg/L
TSS, mg/L
ABS440, m-1

0.0
9.7
0.9
0.2
0.2
1.3
0.2

32.0
31.3
25.0
2.2
77.4
113.2
21.1

12.4
26.0
5.5
0.8
15.6
25.6
3.7

Standard
deviation
9.34
5.04
4.24
0.45
15.12
21.26
4.72

120

R2=0.01
n=151

-1

TSS (mg L )

100
80
60
40
20
0
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Figure 2. The relationships of bio-optical properties (e. g. Chla
concentration, TSS concentration, and CDOM absorbance) of 151 field
stations

The measured spectral reflectance R(λ) was in the visible
and near infrared (NIR) range from 350 to 1000 nm, however,
the signal to noise ratio at the low and high ends of this
spectral region was high, so only the spectral range of 400 to
800 nm was presented here. Corresponding to the wide
ranges of optically active water constituents, the water
reflectance R(λ) measured at the five estuaries on the east
and south coasts of US also displayed a high degree of
variation both in magnitude and shape over the visible and
NIR spectral regions (Fig. 3A). This significant variability is
the direct result of largely uncorrelated optically active water
constituents with various concentrations.
Even in the presence of large variability, there is a
common spectral pattern as shown in Fig. 3B: Most of the
spectra show a reflectance peak around 570 nm, suggesting a
minimal absorption by phytoplankton pigments and an
important role of backscattering by particulates. Another
reflectance peak was observed at red/NIR spectral range
around 695 nm, this peak could be the result of Chla
absorption at 675 nm and the strong water absorption at
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wavelength longer than 700 nm. Also, as showed in Fig. 3B,
the standard deviation of reflectance had similar pattern as
the mean of reflectance, and it is wavelength dependent with
a larger variance at the green spectral region. In contrast to
most case 1 waters, the reflectance R(λ) at blue spectral
region was lower in this study, and with a small variability
compared to the green, red, and NIR spectral regions
(Fig. 3B)[14] suggesting a strong absorption by CDOM, as
well as phytoplankton pigment at this spectral region.
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observed in Fig. 3B. This rather general pattern of
reflectance across all spectral range suggests the
backscattering by suspended particles controlling the overall
water reflectance R(λ). Furthermore, this principal
component exhibited a distinctive peak from 560 to 600 nm,
suggesting the dominant backscattering at this green spectral
region.
0.4

Percentage of Reflectance (%)

0.2

8

A

n=151
6

Loadings

Percentage of Reflectance (%)

0.3

0.1
0.0
-0.1

4

-0.3
400

2
0
400

1

0

400

500

600

700

800

Wavelength (nm)

500

600

700

800

Wavelength (nm)

3

2

PC1
PC2
PC3

-0.2

B

mean

standard devation

500

600

700

800

Wavelength (nm)
Figure 3. (A) Water reflectance R(λ) spectra measured at 151 field
stations from 5 estuarine systems on the east and south coasts of US. (B) The
mean and standard deviation of the spectra

3.3. Statistical Analysis
A PCA analysis of the reflectance dataset yield three
dominant principal components which represented more
than 97% of the total variance of the in situ water irradiance
reflectance R(λ) observed at five estuaries (Fig. 4). However,
the first two principal components accounted for more than
93% of the total variance in the dataset, so only these two
components are considered in the following discussion.
The first principal component accounts for 72.8% of the
total variance, and displays the positive loadings across all
wavelengths. Since this component consists primarily of the
variability of water reflectance R(λ), it is not surprising that
its spectral pattern is similar to the mean water reflectance

Figure 4. The loading weights of the first three principal components
resulting from Principal Component Analysis on the reflectance R(λ)
dataset

The second principal component accounts for 20.4% of
total variance in the dataset. Compared to first principal
component, its spectral shape was negative in blue and green
spectral regions, with the minimal loadings around 560 nm.
This feature could correspond the absorption minimum by
phytoplankton biomass (e .g Chla absorption) at this spectral
range. Similarly, the positive loadings in the red and NIR
region could be contributed to the Chla absorption trough at
675 nm as well as the water absorption at this spectral range.
So, the second principal component could be described as the
effects of absorption by phytoplankton populations on water
reflectance.
Correlations between principal components scores and
measurements of optically active constituents at each field
station were analyzed in this study. A significant (p < 0.01)
positive correlation was observed between TSS
concentrations and PC1, emphasizing the effects of
backscattering by suspended solids in regulating this spectral
component (Fig. 5A). However, a negative relationship
between CDOM absorbance and PC1 was also observed.
This indicates that, in addition to TSS, CDOM also
contributes to the PC1, but has an opposite effect on the
water reflectance R(λ) compared to TSS. Furthermore, the
ratio of TSS concentration to CDOM absorbance, a rough
indictor of the relative abundance of TSS and CDOM in the
water column, showed an even stronger positive correlation
with PC1 (R2=0.64, p < 0.01), further suggest that the both
TSS and CDOM should be considered in the interpretation of
PC1. In contrast, no significant correlation was observed
between PC1 scores and Chla concentrations.
For the second principal component, a positive
relationship was observed between Chla concentration and
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PC2, which further emphasizes the importance of
phytoplankton biomass in the interpretation of the second
component. A weak negative correlation was also observed
between TSS and PC2 scores. However, no significant
correlation was observed for CDOM absorbance and
TSS/CDOM ratio (Fig. 5B).

Correlation Coefficient

0.8

A

0.6
0.4
0.2

4. Discussion

0.0
-0.2
-0.4
-0.6
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CDOM TSS/CDOM

Correlation Coefficient

0.8

B

0.6
0.4
0.2
0.0
-0.2
-0.4

constituents (OACs) e.g. Chla, TSS, and CDOM. The
influences of OACs are indicated by vectors whose
directions describe the gradients and whose lengths are
proportional to their importance. While both TSS and
CDOM have significant (p < 0.01) effects on first spectral
axis, the Chla has significant correlation (p < 0.01) with
second spectral axis and nearly perpendicular to the
TSS-CDOM gradient. Furthermore, the cumulative
percentage variance of reflectance-OACs relation of the first
two axes was 96.3%, which suggests the first two spectral
axes can explain most of the variability in the reflectance
dataset.

Chla

TSS

CDOM TSS/CDOM

Figure 5. Correlation coefficient calculated between the principal
component loadings and the water bio-optical parameters for (A) PC1 and
(B) PC2

Figure 6. Biplotresulting fromCanonical Correspondence Analysis on the
reflectance R(λ) dataset. The influence of Chla, TSS and CDOM are
indicated by the vectors on this biplot

Figure. 6 is the biplot of the first two axes from Canonical
Correspondence Analysis (CCA), and it shows how the
variability in reflectance are influenced by water optical

Development of ocean color models for retrieval of water
constituents based on optical signatures measured by sensors
aboard on satellite or aerial platforms is essential for remote
sensing of the water quality over large spatial areas. Due to
the widely variable and poorly correlated Chla, suspended
solids and CDOM, such attempts in case 2 waters are often
site-specific with poor predictive ability[16]. With the
availability of hyperspectral data, which can provide higher
spectral resolution for the specific features of water quality
parameters, recent hyperspectral remote sensing holds the
promise to accurately estimate water quality parameters[17].
However, a detailed analysis of the variability of such data in
various case 2 waters is the first step toward the band
selection
and
universally
applicable
algorithms
development.
R(λ) variability: The results of this study clearly
demonstrate that estuaries of US have complex mixtures of
biogeochemical materials and have high spatial and temporal
variability in optically active constituents (Chla, TSS, and
CDOM). Compared to few previous studies that have
attempted to explore the ocean color variability[10, 14, 18],
the dataset acquired in this study covered a much wider range
of bio-optical properties. Such as, in a three-year study
conducted by Toole and Siegel[14] within the Santa Barbara
Channel, California, the range of Chla concentration were
from 0.06 to 11.04 mg m-3 with a mean of 1.67 mg m-3, and
the range of CDOM absorption was 0.08 to 0.169 m-1,
respectively. However, the range of Chla concentration in
this study was from 0.2 to 77.4 µg L-1, and the CDOM
absorbance at 440 nm was from 0.1 to 21.1 m-1, all exhibited
a much higher variability. This represents an excellent
dataset to explore the optical variability in case 2 water.
The variations in bio-optical constituents had a substantial
influence on irradiance reflectance observed in this study.
Reflectance R(λ) varied dramatically about a mean state
across the all spectral regions, with the highest value at green
spectral range (550-600 nm). There is also a similarity in
shape between the mean and standard deviation of the
reflectance (Figure. 3), indicating the variability in the
dataset was closely related to the optical constituents that
impact R(λ) at different spectral regions, and majority of the
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variance in R(λ) could be identified by portion of the
visible/NIR spectrum that best describe the different optical
constituents in the water column. The mean observed R(λ) is
consistent with previous study performed by Lubac and
Loisel[10], who found the reflectance maximal peak at 570
nm, and then decreased to 750 nm, suggesting an universal
backscattering by suspended solids at this spectral region.
However, mean R(λ) in our study also has a peak at NIR
region, which can be contributed to stronger absorption by
higher Chla concentrations (15.6 µg L-1 in this study vs. 8.3
µg L-1 in Lubac and Loisel[10]) at 675 nm. This NIR peak is
also consistent with Flink et al.[19] who collected spectral
data from two lakes in Sweden. In the short wavelength
region (400 - 500 nm), the R(λ) were generally characterized
by low values and relative smaller variability both in the
current study and in the study of Lubac and Loisel[10].
However, this was controversial to Toole and Siegel[14]
who observed a higher mean value and variability of
reflectance R(λ) in the blue spectral region. This difference
should be attributed to the overall much lower concentrations
of bio-optical constituents, especially the low CDOM
absorption in their studies (average of 0.05 m-1 at 443 nm).
The optical properties in their study still exhibited some
characteristics of case 1 water, which have high reflectance
values in the blue region because of the lack of strong
suppression of CDOM, as well as the absorption by Chla in
blue spectral region.
Principal components of R(λ) variability: Principal
component analysis has been used to explain the variability
in the complex dataset, such as the reflectance spectra
collected in this study[10, 14, 18, 20]. The results of the PCA
analysis in this study showed that more than 97% of the total
variance of R(λ) can be explained by the first three principal
components. This is also consistent with the few previous
analysis conducted by Toole and Siegel[14] and Lubac and
Loisel[10] who found that the first three PCs account for
94% and 93% of the total variance, respectively. In the study
by Hunter et al.[20], total of 98.7% of the total spectral
variance of the original dataset was also explained by the
first two principal components.
Furthermore, the general spectral shape of first principal
component was similar to those previous studies. The
loadings of PC1 across all wavelength were positive, with a
peak at 550–600 nm green spectral range, suggested a
universal backscattering associated with this component.
This interpretation is further refined by a positive
relationship between component scores and TSS
concentrations at various field stations (Figure. 5). However,
the difference between the current study and previous studies
is that a negative correlation was also observed between PC1
and CDOM absorbance, which suggested that CDOM
absorption also plays an important role in regulating this
component and the overall variance of R(λ). The role of
CDOM in the regulation of ocean color variability is largely
neglected in the studies of Toole and Siegel[14] and Lubac
and Loisel[10]. This might be contributed to the much lower
CDOM absorbance in their studies, which were on the
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average 0.05 m-1 and 0.15 m-1, respectively. In our study, the
average CDOM absorption was 3.7 m-1 at 440 nm, which
was an order of magnitude higher than those observed in
previous studies. This further resulted in the low reflectance
and variance at the blue spectral range of this study,
indicating the strong effects of CDOM in this spectral range.
As the result, most of the CDOM retrieval band algorithms
has selected the bands in this spectral region, However, the
predictive ability was highly affected by the concentration of
CDOM, as well the interference from Chla absorption[9,22].
The spectral shape of the second principal component was
inversely related to PC1 below 600 nm, suggesting this
principal component was governed by a different process. In
contrast to the previous researches[10,14], where a
reflectance peak was observed near 570 nm for PC2, a trough
(minimal value) was observed in this study. The trough at
570 nm in the spectral shape of PC2 observed in this study
can be explained by the minimal Chla absorption at the green
region, suggesting that PC2 could be associated to
phytoplankton pigment absorption. The correlation analysis
of component score and Chla concentration further confirms
this association.
A scatter biplot (Figure. 6) of the first two axes of CCA
further demonstrates the influences of optical active
constituents on water reflectance R(λ). In this biplot, the field
stations with different bio-optical properties are clearly
separated based on their weighted mean spectral response
scores, and the distribution of the sample points within the
biplot reveals patterns of the association between reflectance
R(λ) and their bio-optical properties[22,23]. The first
spectral axis, which accounts for 72% of the total variance of
R(λ), were regulated by both the backscattering of TSS and
absorption of CDOM. The field station with high reflectance
features, such as high TSS concentration, has a more positive
position on this axis, while stations with high CDOM
absorption will have a more negative value on this axis.
Therefore, this spectral axis could be described as the
brightness (reflectance) axis. On the other hand, Chla has
significant correlation with second spectral axis. The stations
with high concentration of Chla tend to have a positive value
on this axis, and low Chla station tends to have a negative
value. A study[21] on a mesocosm experiment also showed
the similar pattern: as the Chla concentration increased in
their experiments, the spectral response score on second axis
also increased. Moreover, the influence of Chla is nearly
perpendicular to the TSS-CDOM gradient on the biplot. This
indicates that Chla and TSS/CDOM to be spectrally
independent variables and a simple way to describe the
variability of water reflectance is through the scattering
gradient of TSS/CDOM and absorption gradients of Chla.
Implication for hyperspectral remote sensing: Results
observed here could be further applied to the data acquired
by hyperspectral remote sensing sensors, such as the
Airborne Imaging Spectrometer Applications (ASIA).
Hyperspectral remote sensing inevitably has a large amount
of redundant data[24]. This study suggests that hyperspectral
imagery could be reduced from a large amount of
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wavelength channels to two or three axes on the spectral
space by ordination techniques. These limited numbers of
spectral axes can further be associated to the optically active
constituents that regulate the variability residing in the
hyperspectral data. As indicated by Figure. 6, the first
spectral axis is can be an indicator of the relative amount of
TSS and CDOM based on their scores on this axis. Similarly,
the second spectral axis was closely related to the absorption
by phytoplankton Chla, and the score on this axis could serve
as an indicator of phytoplankton biomass.
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Figure 7. The correlation between measured Chla concentration and
predicted Chla concentration based on stepwise multiple linear regression
by using three spectral bands (675 nm, 695 nm, and 735 nm) at the red/NIR
spectral region

This study also provides the insight for bands selection in
the algorithms development for case 2 waters. The loadings
for each principal component are different across the spectral
range, so the wavelength regions most sensitive to explain
the reflectance variance can be identified. This component
can further be related to certain or a combination of water
bio-optical constituents. Thus, the band selection or model
development should focus on these wavelength regions for
retrieval of such optical constituents. For example, in this
study, the second spectral component is most sensitive at red
and NIR (670-750 nm), and is associated with Chla
absorption process. Thus, the algorithm for Chla retrieval
should focus on this spectral range. A simple forward
stepwise multiple linear regression model (SPSS, IBM Inc.)
was performed on the all wavelength channels in this
spectral region for Chla estimation. This stepwise regression
model reached to best prediction by using only three spectral
channels at 675 nm, 695 nm and 735 nm, and explained
about 77% of the total variance of Chla concentrations in our
dataset (Figure. 7). The results of current study is consistent
with the previous studies[7,16], and suggest that Chla
retrieval in case 2 water should be focused more on the red
and NIR region. Such as in a study[12] who used a 3
component model that confirmed the importance of red/NIR
spectral region in Chla prediction in estuarine waters.
However, since the TSS and CDOM both associate with the

first spectral axis, and their influences are in the opposed
direction, the simple band arithmetic algorithm is not
applicable to retrieve such bio-optical constituents in our
dataset. Nevertheless, considering dataset presented here
covers a large geographic area with large variability, it is not
surprising for having the poor predictive ability for TSS and
CDOM by using simple bands arithmetic algorithm.

5. Conclusions
Overall, this study presents an extensive and unique
dataset of water reflectance R(λ) spectra with the large
spatial and temporal scales that was not found in the previous
studies. It further explored the ocean color variability and the
mechanisms that regulate such variability by water
bio-optical constituents. Our results suggest that TSS and
CDOM will mainly influence the backscattering of water,
especially at the blue and green spectral regions. The
variability of water reflectance R(λ) at the red/NIR regions
are mainly influenced by the phytoplankton biomass (e.g.
Chla concentration). These general features of water
reflectance observed from in situ measurements could
further provide insights regarding wavelength bands
selection likely to be used for retrieval models to predict the
water quality parameters. However, Future study of the direct
measurements of in situ inherent optical properties (IOPs),
such as backscattering and absorption coefficients over
different estuarine systems are needed for further
development of algorithms for water quality retrievals,
especially for TSS and CDOM by remote sensing in
estuarine waters.
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